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Abstract. Industrial fire incidents pose serious risks to human safety and cause significant economic losses.
In contrast, traditional fire detection systems often suffer from high latency, false alarms, and limited monitor-
ing of emergency exit doors. To address these issues, this paper proposes a low-cost Edge AI system on an
ESP32 microcontroller for real-time fire detection and emergency exit door state recognition without modify-
ing existing infrastructure. The system integrates real-time image processing and environmental sensing using
a lightweight MobileNetV1 model optimized for edge deployment, with all inference performed locally to en-
sure low latency and autonomous operation. Reliability is improved through temporal decision stabilization and
multi-sensor consistency checking based on temperature and smoke data. Experimental results show 97.32%
accuracy with 128 ms latency, while the fire class achieves 100% detection accuracy with no misclassification,
demonstrating strong suitability for real-time industrial applications.

1 Introduction

Fires in high-risk industrial environments, such as man-
ufacturing plants and chemical facilities, pose signifi-
cant threats to both human safety and operational conti-
nuity [1]. Although less frequent than residential fires,
they typically involve higher temperatures and result in
disproportionately severe economic losses [2]. For in-
stance, industrial facilities in the United States report tens
of thousands of fire incidents annually, causing approxi-
mately $1.2 billion in property damage [2]. Similarly, non-
residential fires in South Korea accounted for 37.2% of
total incidents in 2022, highlighting their substantial im-
pact [3]. Given the rapid escalation of such fires, timely
detection is essential to minimize damage and ensure oc-
cupant safety [4].

However, conventional fire detection systems often
suffer from delayed response times because they rely on
smoke propagation or manual monitoring [5]. These de-
lays allow fires to spread rapidly, significantly increasing
the risk of catastrophic consequences [6]. This issue be-
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comes even more critical during emergency evacuation,
where dense smoke reduces visibility and induces panic,
leading to inefficient crowd movement. More importantly,
obstructed or locked emergency exits are a major cause of
fire-related fatalities. In practice, exits are often blocked
by equipment or poorly maintained, preventing effective
evacuation and substantially increasing the likelihood of
casualties [3].

Despite their importance, existing fire detection sys-
tems exhibit several critical limitations. Most solutions
rely on simple physical sensors, such as smoke, temper-
ature, or gas detectors, without incorporating artificial in-
telligence (AI), resulting in high false alarm rates and lim-
ited contextual awareness [7]. Furthermore, many systems
rely on centralized or cloud-based processing, which in-
troduces latency and limits real-time responsiveness [8, 9].
In addition, high deployment costs and poor compatibility
with legacy infrastructures, such as RS485 or dry-contact
interfaces, create significant barriers to the adoption of ad-
vanced intelligent fire detection systems in industrial envi-
ronments [10, 11].

To address these limitations, several machine learn-
ing and deep learning approaches have been proposed
for early fire detection. Udurume et al. [10] devel-
oped a YOLOv5-based system, while Khan introduced an
SSD-Inception-V2 framework. Although these methods
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achieve high detection accuracy, they rely on computa-
tionally intensive, power-hungry platforms such as Rasp-
berry Pi 4 and NVIDIA Jetson Nano, which limit scalabil-
ity. Similarly, Sharobiddinov et al. [12] proposed an edge-
based system using MobileNetV2, but it still targets rela-
tively high-performance hardware such as Raspberry Pi 5.
In contrast, Lestariningati et al. [13] presented a low-cost
ESP32-based solution; however, it relies on conventional
threshold-based sensors rather than AI-driven visual intel-
ligence. More importantly, none of these studies address
the integrated problem of simultaneous fire detection and
emergency exit monitoring using AI-based visual analysis
on a single ultra-low-cost microcontroller platform.

Motivated by this gap, this paper introduces an Edge
AI-based system on an ESP32 platform that enables real-
time visual fire detection and exit status monitoring with
low cost and seamless integration with existing industrial
infrastructure without hardware replacement. This ap-
proach aligns with the recent growing interest in deploy-
ing on-device machine learning on resource-constrained
ESP32 microcontrollers to achieve real-time object detec-
tion at the edge [9].

The remainder of this paper is organized as fol-
lows. Section 2 presents the Methodology, including
the edge–cloud architecture, data collection and prepro-
cessing procedures, the design and implementation of the
MobileNetV1 model on the ESP32 platform, as well as
the training configuration and evaluation methodology.
Section 3 presents the Results and Discussion, focusing
on classification performance, confusion matrix analysis,
comparisons with lightweight models, and real-time edge
deployment performance. Finally, Section 4 provides fur-
ther discussion and concludes the paper by summarizing
the main contributions and findings of this study.

2 Methodology

2.1 System Architecture

The proposed system adopts a two-layer architecture con-
sisting of the Edge Layer and the Cloud Layer for real-time
processing and remote monitoring, as shown in Figure 1.
The Edge Layer integrates an ESP32-S3 with an OV5640
camera to capture images and environmental data (tem-
perature and smoke), where images are resized to 96 × 96
(RGB) and processed using a MobileNetV1 model for fire
detection and emergency exit door state recognition. Infer-
ence results are transmitted via MQTT over Wi-Fi. To en-
sure reliable operation, each Edge device is deployed with
a task-specific field of view, with door-monitoring mod-
ules oriented toward exit regions and fire-detection mod-
ules covering broader areas.

The second block, the Decision Fusion and Control
Unit, enhances system reliability through temporal and
multi-source fusion. Instead of relying on single-frame
predictions, the system aggregates consecutive inference
results within a short time window using a majority-
consensus strategy to suppress transient errors. Further-
more, sensor fusion is explicitly implemented at the post-
processing stage, where visual predictions are logically

combined with environmental measurements. The alarm
condition is defined as:

where Pfire is the visual confidence score, τ1 > τ2 are
predefined thresholds, T is the measured temperature, and
S is a binary variable representing the smoke sensor state
(with S = 1 indicating the presence of smoke and S = 0
otherwise). This formulation allows high-confidence de-
tections to trigger alarms directly, while lower-confidence
cases require confirmation from sensor data, thereby im-
proving robustness and interpretability.

The unit also supports industrial interfaces, such as
RS485 and dry-contact ports, as well as human-in-the-
loop controls for manual validation. The final block, the
alarm actuation unit, activates sirens or warning lights
upon confirmed alerts. The Edge Layer operates indepen-
dently of the Cloud Layer, ensuring continuous operation
even under network disruptions.

2.2 Data Collection

The dataset used in this study was collected to reflect
real-world deployment scenarios in industrial facilities and
building environments. To ensure practical applicability,
data acquisition was conducted under diverse conditions,
including indoor and outdoor settings and variations in
lighting, background, and object distance. Data collection
was performed using an ESP32-CAM module with an im-
age resolution of 1600×1200×3, as illustrated in Figure 2.
The dataset consists of three classes, including fire, open
and closed. A total of 769 images were collected for the
fire class, 812 images for the open class, and 842 images
for the closed class. The images were captured from multi-
ple viewpoints, under various lighting conditions (natural,
artificial), and across different scene backgrounds to im-
prove model generalization.

In the next stage, object annotation was performed
using the AI Labeling tool on the Edge Impulse plat-
form [14], ensuring consistent and accurate labeling for
all collected samples.

2.3 Data Pre-Processing

In the preprocessing stage, input images with an original
resolution of 1600 × 1200 × 3 were resized to 96 × 96 × 3
while preserving the RGB color channels, thereby main-
taining spatial structure and color information. Subse-
quently, pixel values were normalized to the range [0, 1].
The processed data was retained as a 3D tensor (96×96×3)
to ensure compatibility with the convolutional layers of the
MobileNetV1 architecture.

This operation reduces the total number of input el-
ements from approximately 5.76 million to 27,648 per
image, significantly decreasing computational complexity
and memory consumption. Such a reduction is essential
for deployment on resource-constrained edge devices, en-
abling efficient real-time inference while preserving key
visual features required for accurate fire detection.
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Alarm = (Pfire > τ1) ∨ ((Pfire > τ2) ∧ (T > Tth ∨ S = 1)) (1)

Figure 1: Overall Architecture of the Proposed Distributed Edge AI-Based Fire Detection and Emergency Exit
Monitoring System.

Figure 2: Data collection and AI labeling process.

2.4 Machine Learning Analysis

This study employs a MobileNetV1 architecture adapted
to accept input images of size 96×96×3. MobileNetV1 is a
lightweight convolutional neural network based on Depth-
wise Separable Convolution, which reduces computational
cost and model complexity.

The proposed model consists of three main compo-
nents. The input layer processes RGB images of size
96 × 96 × 3 (27,648 features). The MobileNetV1 back-
bone includes an initial convolutional layer followed by 13
Depthwise Separable Convolution blocks, each composed
of depthwise and pointwise convolutions, batch normal-
ization, and ReLU activation.

The classification block applies a flatten layer and
dropout (0.1), followed by a fully connected softmax layer

to classify three categories: fire, closed, and open. The
model is trained using an 80% training and 20% testing
split, with a portion of the training set further used as a
validation set during training to monitor performance and
reduce overfitting. Evaluation is performed on both valida-
tion and test sets to ensure reliable generalization. Overall,
the architecture achieves a balance between accuracy and
efficiency, enabling deployment on resource-constrained
edge devices.

2.5 Model Deployment and Hardware
Implementation

The proposed system is implemented on an ESP32 plat-
form using ESP-IDF, where the MobileNetV1 model is
deployed for on-device inference. The model is opti-
mized for embedded execution by applying INT8 post-
training quantization and converting it to the TensorFlow
Lite Micro format, enabling efficient inference under lim-
ited memory and computational resources. During the
Post-Training Quantization (PTQ) process, model weights
and activations are converted from 32-bit floating-point
(float32) to 8-bit integers (int8), significantly reducing
computational complexity and memory footprint while
maintaining acceptable accuracy for edge deployment.

The ESP32-S3 microcontroller integrates an OV5640
camera for RGB image acquisition, while temperature and
smoke sensors provide additional environmental context.
Image preprocessing is performed directly on the embed-
ded system using the OpenCV library, primarily to resize
and convert input images from the original resolution of
1600 × 1200 to 96 × 96, ensuring compatibility with the
neural network input requirements [15]. The inference
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Figure 3: Architecture of the proposed MobileNetV1 model.

pipeline runs entirely at the edge, enabling low-latency
processing and minimizing dependency on cloud comput-
ing. MQTT is used to transmit detection results to a re-
mote monitoring system for visualization and logging.

3 Results and Discussion

3.1 Classification Result

Figure 4: Confusion matrix of classification results.

The classification model demonstrates strong perfor-
mance on both validation and test datasets, achieving an
overall accuracy of 98.1% with a corresponding loss of
0.14. The model achieves high precision, recall, and F1-
scores of approximately 0.98 across all classes, while the
ROC-AUC score reaches 1.00, indicating excellent separa-
bility among the fire, closed, and open classes. The train-
ing process is conducted over 50 epochs, which is suffi-
cient to ensure convergence without signs of overfitting, as
confirmed by consistent performance between training and
validation sets. From an implementation perspective, the
model is trained using the Adam optimizer with a learn-
ing rate of 0.0005, a batch size of 32, and the categorical

cross-entropy loss function. These hyperparameters fol-
low the Edge Impulse training configuration, ensuring full
reproducibility and consistency of the experimental setup.
This strict definition of the training pipeline is essential
for deep learning reproducibility in embedded AI systems
[14].

As shown in Figure 4, the confusion matrix provides
a detailed breakdown of classification performance. The
fire class achieves perfect detection with 100% precision
and recall. The closed class reaches 95.8% recall, with
4.2% misclassified as open, while the open class achieves
98.9% recall with 1.1% misclassified as closed. Most mis-
classifications occur between the closed and open classes
due to high visual similarity. Furthermore, the float32
model slightly outperforms the int8-quantized model in
terms of ROC-AUC and loss, while both maintain compa-
rable overall accuracy (∼98%). On the test set, the float32
model achieves 98.08% accuracy compared to 97.32% for
the int8 model. However, the int8 model offers signifi-
cantly improved computational efficiency, making it more
suitable for deployment on resource-constrained edge de-
vices.

3.2 Comparison with Lightweight Models

Table 1 compares MobileNetV1 with other lightweight
models in terms of performance and computational ef-
ficiency. The deployed quantized MobileNetV1 (INT8)
achieves an accuracy of 97.32% maintaining a highly com-
petitive performance compared to EfficientNet (98.3%)
while offering significantly lower computational complex-
ity, as reflected in its reduced DSP and classification re-
quirements. This makes MobileNetV1 highly suitable for
real-time embedded applications with limited computa-
tional resources.

In contrast, EfficientNet, although achieving slightly
higher accuracy, requires substantially more computa-
tional and processing resources, reducing its suitabil-
ity for resource-constrained edge devices. MobileNetV2
achieves lower accuracy (96.7%) and higher computa-
tional cost than MobileNetV1. Overall, MobileNetV1 pro-
vides the best balance between accuracy and computa-
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Table 1: Performance Comparison of Lightweight Models

Model DSP (ms) Inference (ms) Accuracy (%) Recall F1
MobileNetV1 5 123 97.3 0.98 0.98
MobileNetV2 21 200 96.7 0.97 0.97
EfficientNet 15 13109 98.3 0.98 0.98

tional efficiency, making it the most appropriate choice for
low-power embedded fire detection systems.

3.3 Real-Time Model Deployment on Edge

Figure 5: Hardware implementation of the Edge AI
system.

Figure 6: Real-world deployment and web server
monitoring interface.

The proposed system is deployed and evaluated in real-
world conditions using an ESP32-CAM edge platform. As

Table 2: Execution Time and Resource Utilization of the
Proposed MobileNetV1 System

Performance Metric Value
Data Preprocessing 5 ms
Model Inference 123 ms
Total Latency 128 ms
RAM Usage 27260 (8.3%)
Flash Usage 820997 (12.5%)

shown in Figure 5, the hardware integrates an AI camera,
gas and temperature sensors, a decision-and-control unit,
and an alarm module into a compact embedded device.
This design enables on-site data acquisition, processing,
and response, with all computations performed locally on
the edge device, ensuring autonomous operation without
relying on external servers. Figure 6 illustrates the sys-
tem’s performance in practical scenarios. The model oper-
ates reliably across tasks such as fire detection (up to 5 me-
ters) or door state recognition (open/closed). Both door-
closed and door-open conditions are accurately identified,
demonstrating stable performance across different states.
The inference results are presented in real time with high
confidence levels, achieving up to 98% accuracy in fire
detection. The system is also connected to a web-based
interface for remote monitoring and alert management.

As reported in Table 2, the total latency is approxi-
mately 128 ms, consisting of 5 ms for data preprocess-
ing and 123 ms for model inference. The proposed model
is optimized for embedded deployment, requiring only
8.3% of RAM and 12.5% of Flash memory. These re-
sults demonstrate that the system achieves a good balance
between computational efficiency and resource utilization,
making it suitable for real-time edge AI applications.

3.4 Discussion

The results demonstrate that the proposed Edge AI system
can effectively deploy an INT8-quantized MobileNetV1
on a resource-constrained ESP32-S3, achieving 97.32%
accuracy with approximately 100 ms latency, while pro-
viding a cost-efficient alternative to computation-intensive
platforms such as Raspberry Pi [10, 12]. The two-level
decision-fusion mechanism plays a key role in improv-
ing system reliability by combining high-confidence vi-
sual predictions with sensor-based validation in uncertain
cases, thereby reducing false positives compared to ap-
proaches relying solely on visual AI or threshold-based
sensing [10, 12, 13]. In addition, integrating fire detection
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and emergency exit monitoring enhances system function-
ality and practical applicability.

However, several limitations remain. The current
model is not optimized for simultaneous multi-condition
recognition, such as detecting fire while assessing door
states within the same scene, and its detection range is
still limited in larger environments. In addition, the sys-
tem has been evaluated on a relatively small dataset un-
der controlled conditions, and its generalization to diverse
real-world scenarios has not been fully validated.

Future work will focus on developing a multi-task
learning framework for simultaneous detection of multi-
ple objects and states. Expanding the dataset to include
more challenging conditions, such as long-distance, low-
light, and dense-smoke scenarios, is expected to improve
robustness. Hardware improvements, including higher-
resolution imaging and enhanced preprocessing, will also
be explored alongside large-scale deployment and long-
term evaluation.

4 Conclusions

This paper presents an edge AI-based fire detection and
emergency exit monitoring system implemented on a low-
cost ESP32 platform, integrating real-time image pro-
cessing, environmental sensing, and a lightweight Mo-
bileNetV1 model for reliable operation under resource-
constrained conditions. Experimental results show that
the system achieves 97.32% accuracy with a total latency
of 128 ms, confirming its suitability for real-time em-
bedded deployment. The confusion matrix further high-
lights strong class separability, with the fire class achiev-
ing 100% recall and no misclassifications. In contrast, the
closed and open classes achieve F1 scores of 0.98 and
0.96, respectively, with most errors occurring only be-
tween visually similar states. Compared to conventional
approaches, the proposed solution offers a compact, fully
edge-deployable system that relies on no cloud computing,
making it suitable for practical industrial applications. Fu-
ture work will focus on expanding dataset diversity and
validating the system in large-scale real-world environ-
ments to improve robustness under challenging conditions
and long-term operation.
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