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Abstract

Data centers are the core of any organization. They house its data, host its services,
ensure business continuity, and serve as the bedrock of decision-making. Therefore, round-
the-clock operation is essential to maintaining the continuity of services provided by an
organization. This requires robust, standardized security systems to restrict exposure to threats
to infrastructure and data. Yet, existing data center alarm systems do not have robust
monitoring and reporting capabilities that generate premature action on high-priority alerts.
In this research paper, we propose a data-driven automated method to optimize fire detection
in data centers through the use of machine learning algorithms and sensor networks to inspect
large amounts of data and detect patterns of fires. The installation of the proposed system
includes the employment of an ESP32 development board to handle real-time data and
wireless communication with different sensors, such as smoke detectors, temperature, gas,
and motion sensors, in order to facilitate end-to-end monitoring. We have achieved an
intelligent monitoring system through the employment of machine learning for handling
sensor data, adaptively setting thresholds, and initiating corresponding actions ranging from
sending alerts to alarm sounds. The system is highly accurate (=97-98%) with strong
confidence-based filtering and minimal computational cost, which renders it ideally suited for
real-time indoor use. The method provides consistent detection through diversified materials
(carton, cloth, electrical), filling the gap in situations where visual information is not

necessarily accurate or reliable. Experimental results demonstrate the efficiency of the system
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in the timely notification of fire cases, bearing witness to its practical application over vision-

based or simulation-based approaches.

Keywords: Ubiquitous, Early Fire Detection, Data Center, Logistic Regression, Machine

Learning, Fire Detection Systems.

1. Introduction

Unlike open flames, smoldering fires progress slowly and release less heat, making
them harder for conventional alarms to detect in time. For this reason, it has become crucial
to develop fire extinguishing systems that can provide reliable early detection of fires [1].
Because of their critical role, data centers demand specialized protection strategies that go
beyond traditional fire alarms. Therefore, these centers are designed with the highest levels
of protection and ensure continuity of service, in accordance with agreed-upon security
systems and standards, including continuous monitoring and strong encryption to protect

sensitive data from falling into unauthorized hands [1][2].

Due to the vital importance of data centers, it is crucial to emphasize safeguarding
against hazards like fires, floods, and extreme temperatures. Consequently, data centers
employ sophisticated systems to identify these hazards, such as smoke detectors, heat sensors,
and energy monitors. Protection systems are created to provide early alerts and implement the
required actions to control and extinguish fires. This entails establishing efficient fire

prevention protocols and adequately prepared emergency response strategies [3][4].

Data centers use fire alarm systems that utilize a network of various sensors designed
to monitor different aspects of a fire and enable continuous monitoring and data collection
related to environmental conditions or specific phenomena in the area. This system is typically
used to monitor temperature levels and trigger an immediate alarm in the event of a sudden

or abnormal rise, indicating a potential fire.

Recent advances in IoT and ubiquitous computing have made it possible to embed
sensors directly into infrastructure, enabling continuous monitoring and smarter fire detection.
When context awareness is built into a data centers fire alarm system, operators and
responders can better understand the exact conditions inside the facility. This leads to

improvement in overall safety.
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Fire alarm systems in data centers are typically integrated with server and equipment
monitoring systems, enabling the performance and health of servers, power distribution units,
and other critical equipment to be monitored. This integration enables appropriate safety
measures to be taken immediately upon detection of abnormalities, such as overheating or

electrical faults, that could lead to a fire.

This research focuses on developing effective fire detection systems that can provide
early and accurate detection while minimizing false alarms. Different approaches, including
chemical gas sensors, machine learning, fuzzy logic, and multi-sensor systems, are being

explored to improve the reliability and performance of fire detection technologies.

The subsequent sections of this paper are structured as follows: The following section
focuses on the literature review, starting with a discussion of the problem statement, then
proceeding to an examination of related studies. Next, we explore the methodology, beginning
with the suggested concept and subsequently introducing the proposed algorithm. The section
on experiments and results displays the findings of our study. In conclusion, we summarize
the main findings and contributions of our research, while also emphasizing possible avenues

for future investigation.

2. Background

Applying machine learning to sensor grids leads to smart systems that enhance fire
and smoke detection. Algorithms analyze data, recognize patterns, and differentiate incidents
from normal variations by allowing dynamic threshold adjustments for an efficient and

effective alarm system. This improves alarm triggering, detection accuracy, and reliability.

The ESP32 enhances fire alarm systems by overcoming connectivity challenges and
enabling effective real-time detection. It supports wireless communication, integrates with
various sensors, and performs on-board data processing. With its versatile GPIO pins and
ADC, the ESP32 seamlessly interfaces with different sensor types. It can analyze sensor data
using machine learning algorithms, promptly detecting fire or smoke incidents and triggering
appropriate response actions such as activating alarms or notifying authorities. This context-

aware system improves the overall reliability and responsiveness of fire alarm systems.

To overcome the communication management of the overall system, ESP-NOW is

initialized as the main protocol. It offers a lightweight, low-power, and efficient
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communication solution for local area network applications involving ESP32 devices. It
enables direct peer-to-peer communication between ESP32 devices without the need for a
traditional Wi-Fi network infrastructure. This is particularly useful in scenarios where sensors

need to communicate quickly and efficiently within a limited range.

To ensure that data center supervisors are fully aware of any unusual events, a
redundant alerting mechanism has been activated. This can include a combination of audible
alarms, visual indicators (such as flashing lights), and electronic notifications sent to
designated personnel via email, SMS, or push notifications on their mobile devices.
Redundant alerting mechanisms help ensure that fire incidents are communicated promptly to

the necessary individuals.

As a first step, data preprocessing of the collected data performs necessary operations
and transformations on the raw sensor data to prepare it for further analysis and interpretation.
Data cleaning involves handling missing values, outliers, and erroneous data. Missing values
can be imputed or removed depending on the context, outliers can be identified and dealt with
appropriately, and any erroneous data can be corrected or discarded. The temperature sensor
(LM35 & DHTI11) operates based on the fundamental principle of voltage measurement
across its terminals. As the temperature increases, the voltage across the sensor also increases
accordingly. Specifically, for every one-degree change in temperature while the sensor is in
operation, there is a corresponding voltage change of approximately 10 millivolts. This
relationship between temperature and voltage variation forms the basis of the temperature
sensor's functionality, formula (1) converts the raw analog value from the temperature sensor

into a temperature value in Celsius degrees considering the reference voltage used.
Temreture Value= Sensor Value*1100/ (1024*10) (1)

Logistic regression is used to classify data points; the model learns the coefficients or
parameters that best fit the training data using a maximum likelihood estimation method.
These coefficients are then used to make predictions on new, unseen data by calculating the
log-odds of the outcome and transforming them into probabilities using the logistic function.
Each sensor reading is represented as a feature vector or input data point. Let's denote the
feature vector as x, where x = [Xx1, X2, X3, ..., Xn] represents n sensor readings (e.g., smoke,
temperature, flame intensity). Each xi corresponds to a specific sensor measurement. A

labeled dataset is needed to train the machine learning model. The dataset consists of pairs (X,
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y), where x is the input feature vector, and y is the corresponding label indicating whether it

represents a fire (y = 1) or a non-fire (y = 0) condition.

The logistic regression equation models the relationship between predictor variables

(x1, X2, X3, ..., Xn) and the log-odds (logit) of the binary outcome (y).

ZOglf(p) = ﬁO + ﬂ]X] + BZXZ +..+ ﬂan (2)

where logit(p) represents the log-odds of the probability (p) of the outcome, and Po,
B1, B2, ..., Pn are the coefficients or weights associated with each predictor variable, and xi, X2,

..., Xn are the corresponding values of the predictor variables.

To obtain the probability (p) of the binary outcome based on the logit, the logistic

function (sigmoid function) is applied:

p =1/(1 + exp(-logit(p))) 3)

In binary classification, a decision threshold is used to determine the boundary
between the two classes. If the predicted probability (p) exceeds the threshold, the outcome is
classified as the positive class (fire incident); otherwise, it is classified as the negative class

(non-fire incident).
2.1 Problem Statement

Data centers face serious threats from fires, which can result in infrastructure damage
and data loss. Traditional alarm systems in data centers lack comprehensive monitoring and
suffer from manual calibration issues, leading to delayed responses and false alarms. We
propose an automated, data-driven approach to calibrate alarm systems and monitor
environmental conditions in data centers. Our goal is to enhance fire detection, provide early

alerts, and minimize damage.

3. Literature Review

Lately, there has been increasing interest in offering fire systems capable of delivering
dependable early fire detection [1]. Nevertheless, the majority of traditional fire science
research relies on numerical experiments like CFD simulations [2][3][4] rather than on real

experimentation.
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Numerous studies regarding early fire detection have been published in the literature.
Solorazano et al. suggested employing chemical gas sensors for fire detection rather than
smoke-based systems to enable early fire identification [6][7]. This method primarily relies

on the observation that certain fire types emit volatiles prior to smoke [8].

Moreover, there has been a growing interest in creating machine learning solutions
utilizing actual fire datasets [9][10]. Nonetheless, the overwhelming majority of publicly
accessible datasets concerning early fire detection research rely entirely on image data
[11][12][13][14]. L. Wu et al. utilized temperature, smoke levels, and carbon dioxide data to
create an early warning algorithm based on a back-propagation neural network that predicts
the likelihood of fire occurrence, employing the National Institute of Standards and

Technology (NIST) dataset for their research [10].

A fire detection algorithm utilizing fuzzy logic has been developed, applying
temperature sensors to assess the direction of a fire emergency [15]. Although the utilized
sensor nodes can regularly gather ambient temperature, interact with neighboring sensors, and
retain information about neighbors such as Node ID and coordinates, the temperature sensor
alone is insufficient for detecting fire outbreaks [16]. A smart Fire Monitoring and Warning
System (FMWS) utilizing Fuzzy Logic is introduced to detect the actual presence of
hazardous fire and notify the Fire Management System (FMS). The research explores the
creation and implementation of a fuzzy logic fire monitoring system that transmits a
notification message, a fascinating phenomenon that can be observed by WSN is fire

occurring indoors or outdoors [16].

A study examines two fuzzy logic methods, incorporating temporal aspects, for
overseeing and assessing fire confidence to enhance and decrease the quantity of rules
necessary for making accurate decisions [17]. The research posits that this decrease might
diminish sensor operations without significantly affecting operational quality and enhance
battery longevity, thereby improving the efficiency, resilience, and cost-effectiveness of the
sensing network. It utilizes fuzzy logic on the data gathered from sensors by transmitting it to
the cluster head through an event detection mechanism. Several sensors are employed to
identify the likelihood of fire and its direction. Every sensor node comprises several sensors
that detect temperature, humidity, light, and CO levels to assess fire probability and the
azimuth angle to determine the fire's direction [17][18][19].
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An experiment is conducted utilizing the prototype fire detection equipment integrated
with an IoT link to enhance the monitoring of fire hotspots. Employing fuzzy logic reduces
the occurrence of false alarms from fire detection systems. The prototype serves as a learning
tool for high school students specializing in computer engineering and networking [21]. It

creates a WiFi ESP8266 board that is compatible with Arduino IDE [22].

Currently, the primary fire alarm systems depend on smoke detection, which entails
recognizing airborne solid and liquid particles as well as gases emitted during pyrolysis or
combustion [23]. Smoke detectors primarily utilize two methods: ionization sensors and
photoelectric sensors. Ionization detectors utilize a radioactive material that emits alpha
particles to ionize air molecules. When smoke is detected, the ions engage with smoke
particles, diminishing the intensity of the electric circuit and activating the alarm.
Photoelectric sensors, conversely, employ a light source and receiver to gauge light scattering
triggered by smoke particles within the chamber. No matter the detection principle, the alarm

triggers when the signals surpass set thresholds

Research analyzing photoelectric and ionization fire alarms under controlled settings
has shown variations in sensitivity, response time, and dependability [24]. lonization alarms
usually react more quickly to open flame fires, whereas photoelectric alarms show quicker
responses and greater sensitivity to smoldering fires. Different elements, like particle size,
affect how well the detectors’ function. For instance, photoelectric sensors quickly capture
larger particles from smoldering fires, whereas ionization sensors detect smaller particles
from flaming fires more rapidly. The tests further showed that smoldering fires produce more
smoke particles compared to flame fires, and photoelectric alarms are capable of sensing

certain smoldering fires that ionization alarms miss.

Nonetheless, smoke detectors encounter difficulties in differentiating between
combustion particles and non-combustion particles, including water vapor, dust, and specific
actions like cooking or cigarette smoke [25][26]. As a result, both photoelectric and ionization
alarms can produce false alarms, causing occupants to disregard or deactivate the alarm alerts.
To improve the accuracy of fire detection, extra sensors can be added. For example, detecting
carbon monoxide (CO) can assist in eliminating false alarms triggered by common nuisance
situations where CO is not produced [27]. Gas-based systems, in contrast to smoke-based
alarms, necessitate several sensors or multi-criteria methods, as well as advanced data

processing algorithms, to reduce false alarms and effectively identify fires.
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4. Methodology

The goal of this paper is to identify signs of fire at an initial stage before they become
critical or dangerous. This is done by simulating early fire detection using logistic regression.
Logistic regression was selected for its simplicity, interpretability, and low computational
overhead, enabling real-time processing on low-cost embedded platforms like the ESP32.
Despite its linear nature, careful multi-sensor feature fusion allows it to achieve high accuracy
across multiple materials, while its probabilistic outputs support robust confidence-based
alerting. Compared to complex models like CNNs or LSTMs, logistic regression provides
comparable performance on structured sensor data without requiring large datasets, high-end
hardware, or extensive hyperparameter tuning, making it well-suited for practical deployment

in indoor data center fire detection.

The study utilizes a real Indoor Laboratory dataset [28] which is composed of 8 CSV
files, each corresponding to different experimental scenarios and materials such as carton,
clothing, and electrical components. To build a unified dataset, all individual files were
merged into a single structured DataFrame. This ensured that the model was trained and
evaluated on the complete distribution of fire and non-fire conditions across different
materials. The selected features for analysis included humidity, temperature, the MQ135 gas
sensor, TVOC, and eCO2 level (see figure 1), while the target variable was the binary fire
class (0 =no fire, 1 = fire). Prior to model training, the feature values were standardized using
the StandardScaler technique to normalize variations in scale across different sensors. This
preprocessing step ensured that no single feature dominated the learning process and

improved the stability of the logistic regression model.

Our algorithm involves loading and preprocessing the data, splitting it into training
and testing sets, creating a logistic regression model, fitting the model to the training data,
predicting the target variable for the test set, and evaluating the model's performance using
appropriate metrics. The logistic regression model is trained on the provided datasets to detect
and predict fire incidents. The paper emphasizes the importance of early fire detection in
preventing the spread of fire and minimizing damage, highlighting the role of advanced
sensors, intelligent algorithms, and real-time monitoring in early fire detection systems. A
practical system is developed after constructing the model, showcasing its effectiveness in
real-world scenarios and validating its performance for accurate early fire detection. The

methodology handled multicollinearity by normalizing all sensor features with
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StandardScaler to prevent any single correlated sensor from dominating, by leveraging
multiple sensor inputs rather than depending on one predictor, and by applying confidence-
based filtering to minimize the impact of uncertain predictions caused by overlapping or

correlated sensor data.

This system utilizes the same components as the dataset and leverages the model's
insights to provide timely warnings and interventions, effectively preventing fire escalation
and minimizing damage. This system works by setting up two levels of fire alerts. The first
level is triggered when the model detects unusual conditions in the data center. At this stage,
the system immediately sends a warning to the supervisor via mobile and email. If the
situation worsens and crosses to the second level, a loud alarm is activated inside the data
center, prompting quick action to reduce fire risks. By using this dual threshold approach, the
system provides early warnings as well as critical alerts, making fire detection and response
faster and more effective. The following pseudocode illustrates the process procedures. This
pseudocode assumes that we have already imported the required libraries, loaded the training
data into variables X and Y, and performed any necessary preprocessing steps. In this work,
the dataset was divided into training and testing subsets using scikit-learn’s built-in
train_test_split function, ensuring proper evaluation of the model. It then creates an instance

of the logistic regression model using LogisticRegression().

Pseudocode

1. Import the necessary libraries:

sklearn.linear model, LogisticRegression, sklearn.model selection, train_test split,
sklearn.metrics, accuracy_score, recision_score, confusion_matrix, and numpy.

2. Load the training data (features and target variables) into variables X and Y
X = # load the feature data

Y = # load the target variable

3. Preprocess the data:

Perform feature scaling and handle missing values

4. Split the data into training and testing sets:

X trn, X tst, Y trn, Y_tst = train_test split(X, Y, test _size=0.2, random_state=42)
5. Create an instance of the logistic regression model:

model = LogisticRegression()
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6.

Fit the model to the training data:

model.fit(X trn, Y _ trn)

7.

Predict the target variable for the test set:

Y pred = model.predict(X _tst)

8.

Evaluate the model's performance using appropriate metrics:

accuracy = accuracy score(Y tst, Y pred)

precision = precision_score(Y tst, Y pred)

confusion _mat = confusion_matrix(Y _tst, Y pred)

The model is trained on the training data using the fit method, and the target variable

is predicted for the test set using the predict method. Finally, the model's performance is

evaluated using a metric such as accuracy. A confidence threshold of 0.7 was applied,

meaning that model predictions were only considered reliable when the highestclass

probability exceeded 70%. Predictions below this threshold were treated as uncertain,

ensuring that the system minimizes false alarms and prioritizes high-confidence fire detection.

We can tune hyperparameters and save the trained model for future use.

An algorithm that outlines the steps involved in communication between a transmitter

and a receiver using the ESP-NOW protocol:

ISSN: 2582-337X

Initialize the required libraries for the ESP-NOW protocol and Wi-Fi.

Specify the MAC address of the receiver device.

Define a structure that represents the data to be sent. Include fields for the
necessary data types.

Implement a callback function that is triggered when data is sent. This function
can handle the status of packet delivery.

Set up the ESP-NOW protocol by initializing it and registering the callback
function for data sent events.

Add the receiver device as a peer using its MAC address.

Read the analog value from the temperature sensor or any other relevant
sensor.

Prepare the data structure with the necessary data to be sent.

Send the data to the receiver device using the ESP-NOW protocol.
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10. Handle the result of the data sending process. Print a success or failure message
based on the result.

11. Introduce a delay before sending the next set of data.

5. Experimental and Results

To validate our concept, we developed a prototype of the system. Our efforts were

divided into three phases: hardware implementation, software coding, and integration.
5.1 Indoor Laboratory Fire Dataset

The Real Indoor Laboratory Fire Dataset by [28] includes time-series data recorded in
8 controlled fire tests conducted under laboratory settings. All the experiments utilised various
fire sources, i.e., 4 runs with electric fire, 2 runs with cardboard boxes, and 2 runs with clothes.
The temperature, humidity, MQ139, TVOC, and eCO2 readings for every experiment were
recorded from the start of the fires until the alarms started or rang for the fire. Hardware and

software requirement

The experiments were conducted using a Windows 10 Education OS with an Intel
Core 15-10500H processor speed of 2.50GHz and 16 GB of RAM, along with Python version
3.8. The datasets used for testing were synthetic, two-dimensional in nature and of varying

sizes according to real clusters.
The following parameters were employed to generate the dataset:

e Two ESP32 Development Boards: These were the main microcontrollers of the
system and established a communication channel with an ESP-NOW-based Wi-Fi
module.

e DHT11 Sensor: This was used to detect temperature and humidity.

e LM35 Sensor: It provided the analog output proportional to the temperature.

e MQI139 Gas Sensor: This was utilized to detect specific gases in the air through
changes in electrical conductivity. It is commonly used in air quality monitoring
and gas detection in various applications.

e TVOC: This refers to the total concentration of volatile organic compounds in the
air. Volatile organic compounds can originate from various sources and may affect

indoor air quality.
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e eCO2: This is an equivalent air concentration of carbon dioxide. It provides a

general overview of the air quality and may be used to investigate indoor levels of

contamination.

ESP NOW Protocol

\
s

Temperature Sensor

Humidity Sensor

\ - -3

MQ139 Sensor

TVOC Sensor

¢CO2 Gas Sensor
B 8 -]
Calling Message Audio Alarm

Gathering Data
Data Sets
Prepressing
Data Analysis
Threshold Decision

-]V

Lighting Alarm

Figure 1. Implementation of System Prototype

e Audible Alarm Buzzer: The fire alarm controller generated audible alarm buzzers

to create a loud signal, which notified the occupants of a fire and prompted them to

undertake remedial actions, such as evacuation.

e Visual Signals: Strobe lights or flashing lights were used as visual signals to

complement the sound alarms and achieve maximum visibility, particularly in cases

with noisy conditions or for hearing-impaired persons.

o Text Messages: Text messages were utilized to alert those not on the premises but

who were required to be notified of the activation of fire alarms. Off-site facility

managers, remote monitoring systems, or emergency response teams may be

among them.

5.2 Training System

We utilize supervised datasets as training data to construct a logistic regression model.

The dataset is divided into a training set (90% of the data) and a test set (10% of the data).

The training set is used to train the logistic regression model by adjusting its parameters

ISSN: 2582-337X

283




Belal K. ELFarra, Mamoun A. A. Salha

through iterative optimization. This process aims to minimize the error between the predicted
outputs and the actual target values. After training, the model is evaluated using the test set,
which contains unseen data. Predictions are made using the trained model, and the accuracy
metric is commonly used to assess its performance. The results may vary based on factors
such as the quality and size of the specific experiment in the dataset, problem complexity,
choice of hyperparameters, and evaluation metrics employed. The performance of the logistic

regression model on the Indoor Laboratory Fire dataset is presented in Table 1.

Table 1. Logistic Regression Indoor Laboratory Fire Dataset

Data set (Experiment) | #of records | Accuracy
Carton_1 330 93.94%
Carton_2 456 98.91%

Clothing_1 918 97.28%
Clothing_2 2299 97.39%
Electrical 1 1140 96.77%
Electrical 2 991 97.99%
Electrical 3 2689 99.26%
Electrical 4 2974 99.22%

The accuracy of the logistic regression model is evaluated by comparing the predicted
outputs to the actual target values in the test set. We evaluated performance using accuracy,
which reflects the percentage of correct classifications made by the model on unseen test data.
It provides an indication of how well the model performs in accurately classifying the data.
The results indicate that the model achieved high accuracy rates for most categories, ranging
from 93.94% to 99.26%, demonstrating its effectiveness in accurately classifying instances

within each category.

The heatmap in Figure 2 shows a consolidated view of the model’s performance using
key evaluation metrics accuracy, precision, recall, and Fl-score across different material
types. The heatmap clearly shows that the model maintains consistently high performance
across all material categories. Carton achieves the highest overall metrics (accuracy = 98.1%),
followed closely by cloth (accuracy = 97.5%) and electrical fires (accuracy = 97.4%). The
minimal variation between the categories indicates that the model generalizes well to different

materials without significant bias.
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While the heatmap provides a high-level overview, Figure 3 presents the confusion
matrices for the carton, electrical, and cloth datasets to give a more detailed breakdown of
predictions. For the carton dataset, the model achieved an accuracy of 98.1%, with most
samples correctly classified and only a small number of false negatives in Class 1. The
electrical dataset showed slightly lower performance with an accuracy of 97.4%, particularly
strong in Classes 0 and 2, but with a relatively higher number of false negatives in Class 1,
where some cases were misclassified as Class 0. This suggests the need for fine-tuning to
improve sensitivity for Class 1. The cloth dataset also performed very well, reaching an
accuracy of 97.5%, with large numbers of correct predictions across all classes and only a few
misclassifications in Classes 0 and 1. Overall, these results highlight the strong effectiveness
of the model, while pointing to Class 1 in the electrical dataset as the primary area requiring

further improvement.
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Figure 2. Performance Metrics Heatmap Across Materials

Regarding the eCO2 sensor, it did not detect significant amounts of particles in the air
during the electrical-based fire incident. This can be attributed to the fact that the eCO2 sensor
may not be specifically designed to detect particles or gases associated with electrical fires.
It's important to consider that the lack of detection by the eCO2 sensor in this context does

not necessarily indicate a fault or limitation of the sensor itself.

The dataset provided contains approximately 1.5% indication of early fire, suggesting
that there are certain features or patterns within the data that can be associated with the early
stages of a fire. The correlation analysis shown in Figure 6 confirms that temperature alone is

not the dominant indicator of fire incidents. As shown in the correlation matrix, the strongest
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relationship with fire status was observed for the MQ139 gas sensor (r = 0.75), followed by
eCO2 (r=0.64) and TVOC (r = 0.59). While temperature showed a moderate correlation (r =
0.58), it was not the sole predictor of fire. Interestingly, humidity exhibited a negative
correlation with fire status (r = -0.39), indicating a reduction in humidity during fire events.
These findings demonstrate that the proposed model effectively leverages multiple sensor
inputs rather than relying exclusively on temperature, which enhances its robustness and

reliability in early fire detection.

The probability analysis in Figure 7 revealed that most predictions were made with
high confidence. For electrical and cloth samples, over 95% of test cases exceeded the 0.7
confidence threshold, with average confidence values above 0.95 for correct predictions.
Carton samples achieved lower stability (86.7% above the threshold), mainly due to the
smaller dataset size. Importantly, misclassified samples consistently exhibited lower
confidence levels (around 0.6), suggesting that confidence-based filtering can be applied in
practice to reject uncertain predictions and further reduce errors. This demonstrates not only
the accuracy but also the reliability of the logistic regression model in real-world fire detection
scenarios. In the dataset, each sensor produces readings in very different ranges—for example,
humidity is measured in percentages, temperature in degrees Celsius, gas concentrations in
ppm, and eCOs2 in parts per million. If these raw values were fed directly into the logistic
regression model, the features with larger numerical ranges (such as gas concentrations) could
dominate the model coefficients, leading to biased weight assignments and reduced accuracy.
By applying Standard Scalar, each feature was standardized to have a mean of zero and a
standard deviation of one. This transformation placed all sensor readings on a comparable
scale, ensuring that no single feature disproportionately influenced the learning process. In
addition, it helped stabilize the training process, improved the numerical efficiency of logistic

regression, and reduced issues related to multicollinearity among correlated sensor variables.
5.3 Performance of Model Training

Accuracy and loss during training and validation were measured to assess the
performance of material-specific models, with each model trained and evaluated on distinct
material types. The results demonstrate exceptional performance across all materials, with
carton achieving 98.10% accuracy, electrical 97.42% accuracy, and cloth 97.52% accuracy

mentioned in figure 6. This specialized approach yielded superior performance compared to
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the unified model, with an average improvement of 2-3% in classification accuracy across

material types.

The loss curves shown in Figure 7 shows excellent generalization capabilities, with
carton exhibiting the remarkable characteristic of validation loss (0.1275) being lower than
training loss (0.1434), indicating perfect generalization. Similarly, electrical and cloth models
maintained minimal gaps between training and validation losses (0.0618 vs 0.0717 and 0.0736

vs 0.0721 respectively), confirming effective learning without overfitting.

These comprehensive results validate the effectiveness of the material-specific
approach, demonstrating that specialized models can capture material-specific patterns more
effectively while maintaining robust generalization capabilities. The consistent high
performance across diverse materials confirms the methodology’s suitability for real-world

deployment where material type can be predetermined.
5.4 Practical System Validation

To validate the effectiveness of our trained model, a practical experiment was conducted
using the same sensors employed in the dataset collection. In this setup, the output value of

Class = 0 indicates no fire detected, whereas Class = 1 represents fire detected.

As shown in Table 2, all temperature values remained within a normal operating range,
confirming that the environment was stable during the test. Despite this stability, the system
was still able to identify potential fire risks based on abnormal readings from the gas
(MQ139), TVOC, and eCO2 sensors. This demonstrates the added value of a multi-sensor
approach, where detection does not rely solely on temperature but instead integrates multiple

indicators of fire conditions.

Specifically, rows 3—6, 8, and 14 of Table 2 were correctly classified as fire events (Class
= 1), while all other rows were identified as no-fire conditions (Class = 0). Out of the 14
collected samples, the system accurately detected every case, resulting in 100% detection

accuracy in this small-scale validation experiment.

Furthermore, the alarm system was successfully triggered in response to detected fire
events, providing clear evidence of the system’s reliability and real-world functionality. These
findings reinforce both the validity of the trained logistic regression model and the robustness

of the integrated sensing framework. Future work will focus on extending these tests to larger-
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scale and more diverse environments to further validate the system’s performance under real

operational conditions.
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Figure 3. Confusion Matrix Heatmaps for the Three Material Categories (Carton,
Clothing, Electrical)
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Figure 4. The Correlation Heatmap of Features vs Fire Status
5.5 Comparative Overview

Table 3 presents a comparative overview of our multi-sensor fusion and logistic
regression approach against selected state-of-the-art fire detection methods. The comparison
highlights methodology, dataset type, key results, and practical relevance. Unlike most prior
studies, which rely on image- or simulation-based data, our approach uses real sensor signals
across multiple materials (carton, cloth, electrical), achieving high accuracy (=97-98%) with
robust confidence filtering and low computational complexity, making it suitable for real-

time indoor fire monitoring.

While the studies employ diverse datasets (from images and videos to simulations),
the comparison remains meaningful, emphasizing methodological advances, accuracy
benchmarks, and real-time applicability. Our work focuses on sensor-based data and logistic
regression for early-stage indoor fire detection, addressing scenarios where visual data may
be unavailable or impractical. This complements vision-based (e.g., CNN and segmentation)
and simulation-based (e.g., LSTM-Kriging) approaches, illustrating that integrating multiple

modalities can enhance fire safety and emergency response.
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Carton: Accuracy vs Confidence Threshold

Carton: Number of Samples Above Thresholds
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Table 2. Fire Detection Outputs
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Humidity% | Temp. MQ139 TVOC eCO2 Class
69 249 342 1134 5260 0
71 243 159 14 401 0
68 24.9 362 1665 7566 1
74 21.6 184 1478 4956 1
73 21.6 200 2124 7956 1
76 24.7 274 2168 6356 1
68 22.7 78 244 489 0
70 22.3 128 7144 6100 1
66 22.1 86 959 841 0
74 22.9 94 974 983 0
66 22.9 121 3785 3468 0
70 21.8 68 11 423 0
66 22.2 78 286 524 0
75 22.3 131 5130 4572 1

Table 3. Comparison of our Multi-Sensor Fire Detection Approach with Existing

selection

Methods
Paper Method Dataset Key Results Comparison to
Proposed Work
Proposed | Multi-sensor Real sensor Accuracy ~ 97— Operates on low-
Work fusion + Logistic | data (carton, 98%:; robust cost sensors rather
Regression cloth, confidence than images; high
electrical) filtering; low accuracy across
computational multiple materials;
complexity; real- suitable for indoor
time indoor fire deployment
detection
[29] Fine-tuned CNN | Fire image High accuracy in | Vision-based
with adaptive datasets from | fire detection; approach; sensor-
prioritization and | surveillance | validated for real- | free; highlights
dynamic channel | cameras world disaster advantage of using

management

multi-sensor data in
indoor scenarios
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[30]

LeNet5 CNN
with L2
regularization

Fire/non-fire
images

Train accuracy =
87%, validation =
71%, test = 70%

Lower accuracy
compared to our
method; image-
based CNN
approach;
demonstrates the
benefit of sensor
fusion for multi-
material indoor fires

[31]

Hybrid Adaboost
+ MLP + CNN

Image/video
fire datasets

=~ 99% accuracy
with low false
alarm rate

High-performing
hybrid model;
image/video data vs.
real sensors;
emphasizes
computational
efficiency advantage
of logistic
regression

[32]

Fire-Net
(Landsat-8,
optical + thermal
modalities)

Satellite
imagery of
active fires

97.35% accuracy,
including small
fires

Remote sensing and
large-scale
detection; contrasts
with indoor, multi-
material sensor-
based detection

[33]

Lightweight
MobileNetV3,
anchor-free
structure

Self-built +
public fire
datasets

90.2% accuracy;
29.5 /s real-time
inference

Lightweight, real-
time image-based
model; allows direct
comparison of
efficiency vs.
sensor-based multi-
material approach

6. Conclusion

Data centers play an important role in data collection, processing, and decision-
making. A variety of security measures have been implemented, including early warning
systems, considering the need for their continuous functioning. This proposed work uses
machine learning to interact with the sensor network and demonstrates the effectiveness of
early fire detection using the logistic regression model and sensor data integration. In real-
time monitoring, using innovative algorithms enables and improves fire detection by
providing timely warnings that can reduce fire spread and damage. The research should be

further developed to improve the parameter model by detecting modification techniques and
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optimizing the performance of the logistic regression model. These results lead to improved

efficiency and dependability in fire detection. When logistic regression is suitable for current

indoor fire detection using structured sensor data, future work could examine advanced

models such as DNNs to improve detection in challenging conditions or with more

complicated implementations. Future research should focus on improving these models,

testing them using modern technologies, and performing major evaluations to verify their

durability and dependability in real-world fire detection cases. This system is continuously

improving to reduce fire accidents, safeguard people and properties, and contribute to overall

safety and security.
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