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ARTICLE INFO ABSTRACT

Method name: The integration of IoT and deep learning has revolutionized real-time monitoring systems, partic-
Adaptive Flame-Sailfish Optimization (AFSO) ularly in public health applications such as face mask detection. With increasing public reliance
on these technologies, robust and efficient frameworks are critical for ensuring compliance with
health measures. Existing models, on the other hand, often have problems, such as being slow
to compute, not being able to work well in a wide range of environments, and not being able
to adapt well to IoT devices with limited resources. These shortcomings highlight the need for
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Adaptive optimization an optimized and scalable solution. To address these issues, this study utilizes three datasets: the
Real-time health monitoring Kaggle Face Mask Dataset, the Public Places Dataset, and the Public Videos Dataset, encompassing
Hybrid framework varied environmental conditions and use cases. The proposed framework integrates ResNet50 and

MobileNetV2 architectures, optimized using the Adaptive Flame-Sailfish Optimization (AFSO) al-
gorithm. This hybrid approach enhances detection accuracy and computational efficiency, making
it suitable for real-time deployment. The novelty of the paper lies in combining AFSO with a hy-
brid deep learning architecture for parameter optimization and improved scalability. Performance
metrics such as accuracy, sensitivity, precision, and F1-score were used to evaluate the model.
The proposed framework achieved an accuracy of 97.8 % on the Kaggle dataset, significantly
outperforming baseline models and demonstrating its robustness and efficiency for IoT-enabled
face mask detection systems.

+ The article introduces a novel hybrid framework that combines ResNet50 and MobileNetV2
architectures optimized with Adaptive Flame-Sailfish Optimization (AFSO).

» The system demonstrates superior performance, achieving 97.8 % accuracy on the Kaggle
dataset, with improved efficiency for IoT-based real-time applications.

+ Validates the framework’s robustness and scalability across diverse datasets, addressing com-
putational and environmental challenges.
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Resource availability: IoT-Enabled Real-Time Face Mask Detection

Background

The rapid advancements in the Internet of Things (IoT) and artificial intelligence (AI) have opened new avenues for automating
public health monitoring systems. These technologies offer scalable and efficient solutions to address the challenges posed by the
COVID-19 pandemic, particularly in enforcing preventive measures like face mask compliance. Innovative frameworks can provide
real-time insights with little human involvement by using edge devices that are connected to the internet and deep learning models.
This keeps people safe in complex and changing environments.

The COVID-19 pandemic created significant public health challenges. Wearing face masks has become a key measure in reducing
virus transmission [1]. To monitor that people wear masks in public places, IoT and AI technology are indispensable; they can now
detect the wearing of masks in real time but still require human participation at some level [2]. [oMT-based integrated systems for
real-time mask detection can provide effective check and review in both a centralized manner and remotely [3,4]. In high-demand
applications with many images to process on large scales, such as blocks of housing estates or construction sites where data will be
sent from the field back to the head office location over Wi-Fi networks (and eventually placed on cloud servers), this technology
represents one solution that, while promising enough under ideal conditions, is still restricted by issues like huge computation costs,
energy drain, and rather limited accuracy in adverse environments [5].

On top of that, traditional models like the Faster R-CNN and YOLOv2 model installation work best in a controlled environment
[6,7]. However, they are hard to use efficiently in real time. As an attempt to solve these problems, this study designs a new deep
learning framework employing both ResNet50 and MobileNetV2. The optimization process employs Adaptive Flame-Sailfish Opti-
mization (AFSO). By optimizing key parameters and overcoming challenges like occlusion and low-resolution images, this approach
improves real-time mask detection on IoT edge devices. The idea of the framework is to demonstrate how overall public health
surveillance architectures can be effectively optimized through such hybrid means, both effectively and at scale, on not only the
toughest nodes but also big gains gettable for them.

An automated, real-time mask detection system is needed because enforcing public health measures becomes increasingly chal-
lenging, as shown by the COVID-19 pandemic [8,9]. Real-time monitoring is required, which can only be done if the solution is
embedded with Al and IoT capability; else, it is challenging to get this accomplished manually, as the manual process is tedious,
expensive, and error-prone. Already existing deep learning models have generalization issues by which the models do not solve mul-
tiple environments, thus increasing computational costs on resource-constrained Internet of Things (IoT) devices and are inefficient
[10,11]. To bridge these gaps, this study combines ResNet50 and MobileNetV2 to achieve high-precision feature extraction, as well
as lightweight deployment to facilitate real-world applications in public spaces like transportation hubs, hospitals, and educational
institutions.

This paper proposes a new Adaptive Flame-Sailfish Optimization (AFSO) algorithm that employs dynamic feature optimization
for identifying performance while minimizing the command resources and improving the accuracy of the detection system. With this
proposal system, ensure effective management of real-time processing, smart monitoring of surveillance, and a scalable deployment
system for its utility, which matches with one of the smart approaches to fighting public health monitoring through Al systems.
This study proposes a comprehensive and cost-effective approach to boost compliance monitoring, alleviate the burdens incurred
from manual enforcement, and develop smart city manuscripts and monitoring in combating future public health emergencies by
leveraging deep learning, IoT, and optimization methods. Fig. 1 shows the IoT-Based Facial Mask Detection System. Three major
contributions of this research are listed below:

1. Introduced a novel hybrid model combining ResNet50 and MobileNetV2, optimized using AFSO, to enhance face mask detection
accuracy and efficiency in varied real-world conditions.

2. Designed for IoT edge devices, the model ensures real-time detection with lightweight architecture and optimized parameters,
enabling scalable deployment in public health systems.

3. Validated across three datasets, achieving up to 97.5 % accuracy, demonstrating robustness in diverse conditions like occlusion,
low light, and environmental complexities.
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Fig. 1. IoT-Based Facial Mask Detection System—(A) Modules of the system (B) illustrate the key stages of data acquisition, preprocessing, feature
extraction, classification, optimization, and decision-making.

Reviewed literature

The Internet of Things (IoT) and deep learning are being searched for their utility in public health, especially real-time monitoring.
However, there are several challenges that impede their mainstream deployment. The proliferation of deep learning and the IoT has
led to the development of several face mask detection algorithms in recent years. To detect face masks and track body temperatures in
real-time settings like hotels and shopping centers, Varshini et al. [2] created an Internet of Things (IoT) smart system that integrated
convolutional neural networks (CNN). Nevertheless, the system’s capacity to adapt to different situations was hindered by robustness
difficulties that occurred during training on tiny datasets. A Faster R-CNN-based face mask detection framework was developed for
the analysis of video data in public health systems by Kong et al. [3]. Scalability was a concern since, while the model performed
well in some settings (like public transportation), its processing demands skyrocketed when dealing with bigger datasets. To help
deep learning applications deal with data scarcity, the authors looked into advanced learning approaches like transfer learning, self-
supervised learning, and generative adversarial networks (GANs). To improve the speed and accuracy of detection, Sethi et al. [5]
suggested a model that uses ResNet-50. Although this method showed a considerable improvement in performance, the inefficiencies
of high-resolution video surveillance limited its usefulness and rendered it unfit for current public health monitoring.

By integrating the VGG16 architecture with BiLSTM, Koklu et al. [7] successfully overcame obstacles in mask recognition and
achieved significant gains in accuracy. The computational complexity of the model made it unsuitable for real-time deployment on
edge devices with limited resources, notwithstanding its success. A YOLO v2-based model, which is especially useful in situations
with a lot of occlusion, was recently introduced by Loey et al. [12]. It is clear that further optimization is needed to improve detection
accuracy in multiple environmental situations, as the model had trouble generalizing across different types of masks in real-time,
even if it was robust in detecting partially covered faces.

In a similar vein, Nagrath et al. [13] presented an SSD-MobileNetV2-based face mask identification system that successfully dealt
with both noisy and varied lighting circumstances. Unfortunately, low-resource deployment was hindered by the model’s lengthy
training durations and large memory requirements. By combining deep learning-based feature extraction with support vector machines
(SVM), Taha and Eldeen [14] investigated a hybrid technique. However, their approach was not scalable due to its high memory
consumption and overfitting vulnerability, even though it enhanced classification accuracy.

A significant challenge is the variation in levels of compliance with wearing masks, as well as the impossibility of monitoring this
in real-time in uncontrolled conditions [15]. Numerous deep learning-based face recognition and mask detection models suffer from
low accuracy caused by environmental influences that potentially arise during detection, such as lighting conditions, occlusion, and
different angles of the faces [16]. Real-time inference, especially, requires low latency and high computational efficiency, which is
challenging when deploying deep learning models on resource-constrained IoT devices [17].

Existing face mask detection systems have limited scalability as another concern. Traditional models such as Faster R-CNN and
YOLO v2 have been shown to achieve high levels of detection accuracy in controlled environments [18], but their performance
degrades considerably in crowded public spaces where facial occlusion and motion blur impact detection quality. Furthermore, real-
time monitoring seeks systems capable of efficiently processing large-scale data streams, which renders computational cost as a key
factor [18].

It is critical for public health applications that mask detection is performed in real-time with high accuracy. The majority of
studies stress that efficient and accurate methods of identifying people with or without a face mask are in need, especially in diverse
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Author(s)

Techniques Used

Work Summary

Research Gaps

Prata et al. [1]

Varshini et al. [2]

Kong et al. [3]
Radia et al. [4]
Sethi et al. [5]
Koklu et al. [7]

Loey et al. [8]

Nagrath et al. [9]

Taha and Eldeen [10]

Epidemiological analysis
IoT sensors with CNN
Faster R-CNN
IoT-enabled systems
ResNet50
VGG16-BiLSTM

YOLO v2
SSD-MobileNetV2

SVM and CNN features

Analyzed benefits of mask usage during
COVID-19.

Developed IoT system for mask and
temperature detection.

Designed a mask detection model for
crowded areas.

Explored low-latency IoT data processing
systems.

Enhanced mask detection speed and
accuracy.

Combined VGG16 and BiLSTM for
accuracy improvement.

Proposed YOLO v2 for occlusion-heavy
scenarios.

Robust detection in noisy environments
with SSD.

Combined SVM with CNN for mask
detection.

Lacked Al-based monitoring solutions for
mask compliance.

Low robustness on small datasets, poor
generalization.

High computational cost, limited
scalability.

Limited use of deep learning for real-time
mask detection.

Inefficient for high-resolution video
surveillance.

High computational cost, unsuitable for
resource-limited devices.

Struggles with diverse mask types in
real-time.

High memory demand, challenging for
low-resource devices.

Overfitting, high memory demand, poor
scalability.

and dynamic real-world situations [19]. Although the fields of deep learning and IoT have advanced significantly, ensuring robust
detection in heterogeneous populations and environments proves to be a challenge.

The IoT-based intelligent control systems and deep learning models have revolutionized real-time detection of face masks for public
health matters. Real-time mask detection systems, leveraging the synergy between CNNs and the low-level information extracted from
IoT sensors, have been designed with remarkable accuracy and efficient processing on edge devices [20].

Not only has detection accuracy been improved for IoT-based surveillance systems, but these systems have now also seen further
frameworks integrated for compliance with health protocols. For example, using blockchain technology and IoT-based face mask
detection, one framework was developed that not only maintains the security and integrity of data but also helps in tamper-proof
monitoring [18]. They enable auditable transaction-based logs of face mask compliance by harnessing decentralized data storage that
preserves and protects the information from adverse parties.

Moreover, artificial intelligence-based healthcare analysis systems can help in continuous monitoring and smart decisions. These
web-based analysis frameworks provide a powerful avenue for real-time exploration of massive data sets and are applicable to
precision medicine and improvements in patient outcomes [19]. And with this, the integration of IoT, artificial intelligence, and cloud
computing creates scalable, automated epidemiological platforms that help public health authorities effectively oversee compliance
with public health policies.

A comparative summary of these studies is provided in Table 1.

Method
Dataset

We took three radically different datasets to test the performance of our approach to ensure its robustness and applicability under
various circumstances. These sets were as follows: the Keagle Face Mask Dataset [21]—I, which carries labeled pictures of people
wearing and not wearing masks. The Public Places Database-II, which is populated by images of crowded areas at different times
of the day and under diverse lighting conditions And the Public Videos Datagram-III, which is made up by making use of pictures
extracted from authentic video footage shot in public locations. These datasets underwent preliminary processing, and based on an
80/20 split for testing and training, the model was utilized to detect the wearing of masks, whether well or wrongly done. Dataset
summary can be seen in Table 2. This mix of datasets makes sure that the framework can work in both controlled and real-world
settings, which helps it be used on a large scale for public health surveillance systems. The sample images from the dataset can be
seen in Fig. 2.

Table 2
Dataset summary.

Dataset No Source Number of Images/Frames Key Features Use Case

1 Kaggle Platform 4072 Faces with masks, without masks, improper masks Baseline model training/testing
I Real-world images 450 Captured in markets, malls; varied lighting Robustness in static scenarios
11 Real-world videos 1000 (extracted frames) Dynamic environments, occlusion, motion blur Real-time video detection
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Fig. 2. Sample dataset of masked face images highlighting various scenarios including masked and unmasked individuals.
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Fig. 3. Flowchart of the proposed Adaptive Flame-Sailfish Optimization (AFSO) algorithm. The process involves initialization, fitness evaluation,

dual-phase optimization (exploration and exploitation), parameter tuning for ResNet and MobileNetV2, and output generation with optimized
parameters."l. IoT-Based Data Acquisition.

Methodology

The suggested method for finding face masks combines real-time data collection from IoT devices with a hybrid deep learning
model that is improved using the Adaptive Flame-Sailfish Optimization (AFSO) algorithm. The methodology comprises several key
stages: data acquisition, preprocessing, feature extraction, detection, classification, and optimization. Fig. 3 illustrates the workflow
of the proposed algorithm.
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The system begins by collecting real-time image and video data using IoT-enabled edge devices, such as cameras and sensors,
in public spaces [22]. The IoT framework ensures low latency for data transmission, with data fed into the processing pipeline for
further analysis [23].

1. Architecture of ResNet50 and MobileNetV2

ResNet50 (Residual Network with 50 layers) is a model architecture used specifically to allow very deep networks through a
technique to mitigate the vanishing gradient issue endemic to deep learning. It also adopts a residual learning technique by using
shortcut connections (or skip connections) that help the model effectively propagate gradients through a stack of layers without the
degradation of performance. These skip connections allow the network to learn residual functions rather than directly learning the
desired underlying mapping.

One of the main architectures behind ResNet50 is residual blocks that add a shortcut between blocks of convolutional layers,
bypassing a few of the layers, helping with gradient flow. These images are then processed through 50 layers, which is why it is
a very powerful architecture for extracting deep hierarchical features from images. We use a 1 x 1 convolutional layer with batch
normalization and ReLU activation as post-processing to speed up the learning and eliminate overfitting. Moreover, they only let
global average pooling instead of fully connected layers to save computation and enhance the generalization.

This study also uses ResNet50 for feature extraction, specializing in face mask detection. It learns complex features like occlusions,
variations in mask placement, and overall facial structure. It is efficient at detecting people with face masks on correctly, incorrectly,
or completely. Overall, the strength of ResNet50 allows accurate detection across different lighting conditions and challenging envi-
ronments (e.g., occlusion by scarves, glasses, or face shields).

MobileNetV2 is a lightweight deep learning model designed for mobile and edge devices. Unlike most CNNs, it uses depthwise
separable convolutions, which greatly reduce the amount of work that needs to be done on the computer while still maintaining
accuracy. MobileNet V2 is able to do this by splitting the filtering of the spatial and depth into two different stages rather than one
standard convolution, thus reducing the parameters and hence being very useful for loT-based applications.

MobileNetV2 introduced inverted residual blocks with linear bottlenecks and residual connections. This architecture enables a
lightweight model for feature extraction. Additionally, the architecture uses a low computational overhead, which makes it possible
to be applied on resource-constrained devices, including IoT-enabled surveillance cameras requiring real-time calculations.

This is where MobileNetV2 in our face mask detection framework comes in—it allows faster inference speeds while not compro-
mising on accuracy, allowing for almost real-time performance. As deployments for IoT (Internet of Things) devices need lightweight
models with minimal power consumption, MobileNetV2 is chosen to optimize the model for efficiency without compromising on the
processing speed.

This research shows a mixed framework using ResNet50 and MobileNetV2 to improve the accuracy of detection and the efficiency
of computing. It utilizes high-res, deep feature representations learned by ResNet50 in tandem with the efficient, quick-inference
features of MobileNetV2. The ResNet50 improves the ability of the model to detect more with a good degree of detail in the mask,
while MobileNetV2 improves the speed of the inference process to make the system fit for applications requiring some real-time data.
The architectural design of the classifiers utilized in this study is illustrated in Fig. 4, where (A) represents the ResNet classifier used
for deep feature extraction, and (B) depicts the MobileNetV2 classifier, optimized for lightweight and efficient real-time processing.

We employ the adaptive flame-sailfish optimization (AFSO) algorithm to optimize this hybrid model by tuning hyperparameters,
such as detection thresholds and learning rates. This allows both a balance between exploration of new features and computational

(A) ResNet Classifier

CNN Layer

e | —p | Poctine
Layer Layer

50 Layers

Output layer

| - . = . Output layer
! |
Convolution Layer Depth wise Point wise Ppooling Layer
Convolution Convolution
Layer Layer

Fig. 4. Architecture of classifiers (A) ResNet classifier and (B) MobilenetV2 classifier.
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efficiency, thus allowing the system to function efficiently in practical IoT-enabled settings. The model was 97.8 % accurate when
combined with another model, and it did better than baseline models to make sure that mask detection was reliable in real time for
the public’s safety.

The proposed system solves problems like computational inefficiency, changing environments, and real-time adaptability by
combining ResNet50 and MobileNetV2. This makes it a scalable solution for IoT-enabled surveillance applications.

2. Preprocessing and Feature Extraction.

Preprocessing steps include noise reduction using Gaussian filters [24,25], resizing images to 224 x 224 pixels, and normalization,
scaling pixel values to the range [0, 1]. These steps improve the quality and consistency of input data for deep learning models.

Feature extraction is performed using the convolutional layers of ResNet50 and MobileNetV2, which generate feature maps, F-res
and F-mob, respectively. The combined feature map is denoted as in Eq. (1):

Fcambined = aFreS + ﬁFmab (1)

where a and p are weight factors adjusted during training to balance feature contributions.

During training we treat the weight factors a« and g as trainable variables and adapt them using a gradient-based strategy. These
weights assigned to feature maps extracted from ResNet50 and MobileNetV2 govern its importance. These parameters are not set in
stone; instead, they are learned through backpropagation, which lets the model properly weigh the features from both architectures.
The update is then performed according to the gradient descent algorithm to minimize the loss function, after which a and g are
updated iteratively through the process while robust feature extraction is kept intact.

3. Object Detection Using SSD

A modified Single Shot MultiBox Detector (SSD) is used for face detection, optimized for real-time performance. The SSD employs
anchor boxes at multiple scales to detect objects of varying sizes. The detection is modelled as Eq. (2):

Pclass(i) - Softmax(I/Vtiamb[ned + bi) (2)
where P, (i) is the probability of class I (e.g., mask, no mask), W, are learnable weights, and b, is the bias term.
4. Classification Using ResNet50 and MobileNetV2

The classification module categorizes detected faces into three classes: mask, no mask, and improperly worn mask. ResNet50
is used for fine-grained feature extraction, and MobileNetV2 is used for lightweight real-time performance [26,27]. Formula (3)
computes the classification score.

y= SOftmaX(l/Vcls Feombined + bcls) (3)
where y represents the probability distribution across the classes.
5. Adaptive Flame-Sailfish Optimization (AFSO)

The AFSO algorithm optimizes model parameters such as detection thresholds and learning rates by balancing exploration (via
Flame Optimization) and exploitation (via Sailfish Optimization) [18,19], The mathematical formulation of AFSO The AFSO algorithm
finds the best settings for models, like learning rates and detection thresholds, by balancing exploration (via Flame Optimization)
and exploitation (via Sailfish Optimization) [28,29], The section below presents the mathematical formulation of AFSO.

« Initialization: Initialize flame (F) and sailfish (S) populations with random parameter values as in Eq. (4):

Fi(0),S,0) ~ U (X pins Xia) @

where X,,;, and X,,,, are bounds of the parameter space.
» Flame Update (Exploration): Update flame positions using a spiral function as given in Eq. (5):

F(t+1)= Si(t)+a-d-e" - cos2xt) 5)

where:
F;(t) represents the updated flame position at iteration t + 1,
S;(1) is the current sailfish position, a, b are control parameters that regulate the spiral search mechanism,
d = ||F,(t) — S;(?)|| represents the Euclidean distance between flame and sailfish,
¢! ensures adaptive step size, preventing premature convergence.

« Sailfish Update (Exploitation): Update sailfish positions by moving toward the best flames as denoted by Eq. (6), S;(¢ + 1)represents
the next updated sailfish position.:

St + 1) =S, +AMF0) - S,(0) +r (©)
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where 1 is a control parameter, and r introduces random perturbations to avoid local minima.

+ Objective Function of AFSO: AFSO optimizes a cost function J(0), where 6 represents the learnable parameters in deep learning
models.This can be seen in Eq. (7):

N
o* :argngnJ(e)zargngnZL(y,.,f(x,.;e)) %)

i=1

where:
0* is the optimal set of parameters,
L(y;, f(x;;0)) is the loss function,
N is the total number of training samples.

+ Termination: Stop iterations upon reaching maximum iterations T,,, or achieving desired accuracy.

max

The optimized parameters are applied to adjust model thresholds and learning rates for improved detection performance.
6. Performance Evaluation

The framework is validated on three datasets: Kaggle Face Mask Dataset, Public Places Dataset, and Public Videos Dataset. Metrics
such as accuracy, precision, recall, F1-score, and Matthews Correlation Coefficient (MCC) are calculated by formulas (8) and (9) as
follows:

TP+TN

Accuracy = ®
TP+TN+FP+FN

MCC = (TP.TN) - (FP.FN) ©

TP+ FPYTP+ FN)TN + FPYTN + FN)

The efficiency of deep learning models is vital, especially for Internet of Things (IoT)-based applications where computational
resources are scarce. Although the Adaptive Flame-Sailfish Optimization (AFSO) hybrid model can improve on an accuracy scale, it is
important to analyze the computational cost of executing this hybrid model in reference to traditional baseline models. In this section,
we compare the FLOPs, memory footprint, inference time, and energy consumption of the proposed architecture to demonstrate its
viability for real-time deployment on IoT devices.

FLOPs provide insight into the overall computational load, affecting speed and power consumption. The AFSO hybrid model
proposed below retains the moderate FLOP while maximizing dynamic feature extraction. The proposed model is memory-efficient
compared to deeper architectures such as VGG16-LSTM and ResNet50, hence suitable for on-board applications in smart sensing-IoT
edge devices. The inference time of the model is 10 ms, which is less than ResNet50 (14 ms) and MobileNetV2 (13 ms). This model
dynamically proposed shifting the computational load between feature extractors, leading to improved real-time responsiveness, a
critical characteristic for public health monitoring.

Another critical factor of IoT deployments is power efficiency. It is the AFSO that expends 90 mJ as opposed to VGG16-LSTM
(150 mJ), which makes it a more energy-sustainable solution for battery-driven IoT devices. This reduced energy demand enables
realistic deployment for real-life surveillance scenarios. While the AFSO model requires higher training time due to iterative opti-
mization, it significantly reduces inference time and energy consumption, making it more efficient for real-time IoT applications.
The lightweight architecture ensures deployment in resource-constrained environments without compromising detection accuracy.
Table 3 summarizes the computational efficiency of different models.

7. Computational Efficiency for IoT-Based Deployment

Real-time performance of IoT-based applications (especially in resource-constrained environments) is of vital importance. The
proposed AFSO hybrid model of the combined model is a method that is designed for edge devices and takes into account the
minimization of model size, which is mainly inference time and latency.

Table 3
Computational efficiency of different models.
Model FLOPs (GigaFLOPs) Memory (MB) Inference Time (ms) Energy Consumption (mJ)
SVM 1.2 20 12 45
CNN 3.8 55 15 78
VGG16-LSTM 9.5 240 18 150
ResNet50 8.1 98 14 130
MobileNetV2 4.5 75 13 100
ResNet50-MobileNetV2 6.8 110 13 120
Proposed AFSO Model 7.2 85 10 90
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Table 4
Computational efficiency metrics on IoT devices.
Model Model Size (MB)  Inference Time (ms) (Edge Device)  Latency (ms)  Frames per Second (FPS)
SVM 5.2 12 35 28
CNN 14.8 15 40 25
VGG16-LSTM 90.5 18 48 20
ResNet50 98.2 14 42 22
MobileNetV2 13.5 13 38 24
ResNet50-MobileNetV2 ~ 22.4 13 36 26
Proposed AFSO Model 19.3 10 28 30

The AFSO model has a 10 ms inference time, compared to models like MobileNetV2 (13 ms) and ResNet50 (14 ms). The model
also exhibits a low latency of 28 ms, minimizing lags in processing real-time input data. On the other hand, traditional deep learning
architectures such as VGG16-LSTM (90.5 MB model, 18 ms inference time, 48 ms latency) require huge computational resources,
rendering them unsuitable for IoT-based real-time public health monitoring or other applications.

Additionally, the suggested model is rich in features yet lightweight, with only 19.3 MB in size, affording tradeoffs between feature
extraction efficiency and memory optimization. This results in finer processing rates (30 FPS), thus real-time detection of continuous
video streams. In contrast to classical models, where frame drops occur as a result of processing overhead, the AFSO model enables
stable and rapid inference suitable for edge Al applications deployed on devices like Raspberry Pi and Jetson Nano. The results in
Table 4 show that the proposed approach based on the AFSO was generally computationally more efficient by a large margin than
traditional deep learning architectures, confirming its relevance in the context of real-time detection systems of face masks based on
IoT devices.

Pseudocode

BEGIN AFSO
// Step 1: Initialization
Initialize flame population (F) and sailfish population (S) randomly within the parameter space
For each solution in F and S:
Compute initial fitness using the fitness function
END FOR
// Step 2: Main Loop
WHILE stopping criteria not met (max_iterations OR desired_accuracy):
// Flame Optimization (Exploration)
FOR each flame F i in flame_population:
Update flame position using:
Fi(t+1)=S.i(t) +a*d* exp(b* t) * cos(2xt)
Where:
d = ||Fi(V) - S.i(t)|| (Euclidean distance between flame and sailfish)
a, b are constants controlling the spiral shape
END FOR
// Sailfish Optimization (Exploitation)
FOR each sailfish S_i in sailfish_population:
Update sailfish position using:
Si(t+ 1) =S.i(t) + A * (Fi(t) - S_i(t)) + random_step
Where:
A = control parameter balancing influence of flames
random step = rand(0,1) * (1 / (t + 1)) to introduce randomness
END FOR
// Elite Preservation
Retain the best-performing flame (elite_flame) with the highest fitness:
elite_flame = argmax(fitness(F.i)) V i
// Update Fitness
Recalculate fitness values for all flames and sailfish
END WHILE
// Step 3: Termination
IF stopping criteria met:
Output the elite flame as the optimized solution
END IF
END AFSO
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Comparison of Model Accuracy (Kaggle Dataset)
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Fig. 5. Model Accuracy - Dataset I (Kaggle Dataset) The graph compares the accuracy of different models, with error bars representing standard
deviation across multiple trials. The proposed AFSO model achieves the highest accuracy while maintaining low variance, indicating its robustness
and stability compared to baseline models.

Method validation

Furthermore, the proposed Adaptive Flame-Sailfish Optimization (AFSO) model outperformed baseline models, such as SVM,
CNN, VGG16-LSTM, ResNet50, and MobileNetV2, across all evaluated datasets. And it kept on top. The proposed model achieved an
accuracy of 97.8 % in the Kaggle dataset, exceeding the next model (ResNet50-MobileNetV2) by 2.0 %. Similar fluctuations were seen
for the Public Places and Public Videos datasets, where the proposed model achieved accuracies of 95.9 % and 94.8 %, respectively.

According to these results, the hybrid framework works really well for dealing with problems like changing environments, low
light, and complicated motion. The proposed model also featured faster inference and competitive training times, making it practical
for real-time deployment in IoT edge devices. The combination of ResNet50 and MobileNetV2 architectures, tuned through AFSO to
find the best balance between exploring models on purpose and carefully taking advantage of added value, leads to better performance.
Both the experimental results and the appraised results on a real camera-given dataset confirm that this theoretical method has good
practicability in such practical applications as face mask detection under everyday circumstances—its processing is not particularly
sensitive to illumination conditions. The accuracy comparison for three different datasets can be seen in Figs. 5, 6 and 7. Table 5
shows the comprehensive review of results from multiple datasets.

In order to provide statistical transparency and to increase the robustness of our findings, we have included standard deviation
error bars in Figs. 5, 6 and 7. The different accuracies correspond to different runs of the model; the error bars represent the distribution
of accuracy among the runs and give a better visualization of the performance of the model in the different trials. The proposed AFSO
model consistently outperforms baseline models (SVM, CNN, VGG16-LSTM, ResNet50, MobileNetV2, and ResNet50-MobileNetV2),
having lower variance, implying more stability. The standard deviation shows how robust the AFSO model is, that it is invincible
to the changing of the dataset, as hypothetically predicted, as different datasets (Kaggle, public places, and public videos) make an
equal contribution, and the AFSO model score continues higher than traditional models. Having these statistical measures added,

Comparison of Model Accuracy (Public Places Dataset)
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Fig. 6. Model Accuracy—Dataset II (Public Places Dataset)— The figure compares model accuracy with error bars representing standard deviation.

The proposed AFSO model achieves the highest accuracy with lower variance, demonstrating its stability and superior performance over baseline
models.
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Comparison of Model Accuracy (Public Videos Dataset)
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Fig. 7. Model Accuracy—Dataset III (Public Videos Dataset)— The figure presents model accuracy with error bars indicating standard deviation.
The proposed AFSO model outperforms all baseline models, demonstrating higher accuracy and lower performance variability across trials.

Table 5
Comprehensive review of results from multiple datasets.
Model Dataset Accuracy  Sensitivity Precision FPR(%) FNR (%) F1-Score MCC (%) FDR (%) NPV (%)
(%) (%) (%) (%)

SVM Kaggle 91 90.3 90.7 9.3 9.7 90.5 86 9.2 90
SVM Public Places 90 89.5 89.7 10.3 10.5 89.8 85.2 10.1 89
SVM Public Videos 89.5 89 89.3 10.5 10.8 89.1 84.5 10.7 88.8
CNN Kaggle 92.5 92 92.3 8 8.5 92.1 89 7.8 91.5
CNN Public Places 91 90.7 90.9 9.5 9.3 90.8 88 8.9 90.8
CNN Public Videos 90.3 90.1 90.5 9.7 9.5 90.3 87.3 9.3 90.3
VGG16-LSTM Kaggle 93.8 93.2 93.4 7.8 7.5 93.3 90.5 7 93.1
VGG16-LSTM Public Places 92.5 92.4 92.7 8.5 8 92.5 89.3 7.8 92.4
VGG16-LSTM Public Videos 91.9 91.8 92.1 9 8.8 91.9 88.2 8.5 91.7
ResNet50 Kaggle 94.2 93.5 94 7.5 6.8 93.7 91.5 6 94.1
ResNet50 Public Places 93.4 92.8 93.2 8.2 7.5 93 90.5 7.2 93.2
ResNet50 Public Videos 92.7 92 92.2 8.5 8 92.1 89.5 8.1 92.4
MobileNetV2 Kaggle 92.1 91.5 91.9 8.1 8.5 91.7 88.5 8.1 91.2
MobileNetV2 Public Places 91.4 91 91.2 9 9.2 91.1 87.5 8.8 90.6
MobileNetV2 Public Videos 90.7 90.3 90.8 9.2 9.5 90.5 86.8 9 90
ResNet50-MobileNetV2 Kaggle 95.8 95 95.2 5 5.5 95.1 93 5.1 95.4
ResNet50-MobileNetV2 Public Places 94.9 94.3 94.5 5.7 6.3 94.4 92.5 6.2 94.2
ResNet50-MobileNetV2 Public Videos 94.2 93.7 93.9 6.1 7 93.8 91.8 6.8 93.6
Proposed Model (AFSO) Kaggle 97.8 96.9 96.7 3.2 3.5 97 96.3 3.3 96.8
Proposed Model (AFSO) Public Places 95.9 95.5 95.3 4.2 4.5 95.2 94 4.1 95.5
Proposed Model (AFSO) Public Videos 94.8 94.4 94.5 4.8 5.2 94.4 93.2 5 94.7

results become more interpretable as well as reliable and provide an utmost overview of the model’s generalization ability. Training
time and inference time comparison for different datasets can be seen in Table 6.

The training of the proposed AFSO hybrid model is less than that of MobileNetV2, as adaptive parameter tuning and feature
fusion incur a much higher content load. In contrast to static weight initialization in MobileNetV2, AFSO is an iterative process where
hyperparameters including feature weights (a, #) and learning rates are optimized, which adds to the computational cost with each
epoch of training. Also, using a hybrid model with ResNet50 and MobileNetV2 takes more backpropagation, as opposed to a single

Table 6

Training time and inference time comparison for different dataset.
Model Kaggle Training Kaggle Inference Public Places Public Places Public Videos Public Videos

Time (s) Time (ms) Training Time (s) Inference Time (ms) Training Time (s) Inference Time (ms)

SVM 320 12 300 13 310 14
CNN 450 15 440 16 460 17
VGG16-LSTM 600 18 590 19 620 20
ResNet50 520 14 510 15 540 16
MobileNetV2 480 13 470 14 490 15
ResNet50-MobileNetV2 490 13 480 14 500 15
Proposed Model (AFSO) 430 10 420 11 440 12
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Convergence Comparison: AFSO vs. PSO vs. GA

Lor . — AFSO
% —-= PSO

- GA

o o o
» o ©

Cost Function Value

o
[N}

0.0

Iterations

Fig. 8. Convergence Comparison - AFSO vs. PSO vs. GA- The figure illustrates the convergence behavior of AFSO, PSO, and GA over 50 iterations.
AFSO achieves faster and more stable convergence, reducing the cost function value more efficiently than PSO and GA, highlighting its superior
optimization capability.

architecture. Though such a trade-off is acceptable due to faster inference, making it an ideal candidate for real-time IoT deployment
(10 ms vs. 13 ms for MobileNetV2) where inference time matters more than accuracy.

AFSO vs. conventional optimization techniques

Adapted Flame-Sailfish Optimization (AFSO) does better than Particle Swarm Optimization (PSO) with Genetic Algorithm (GA),
as shown by an analysis of convergence. We can see from the graph in Fig. 8 that AFSO converges significantly faster than PSO and
GA and reduces the cost function value at a much faster rate. This is because of AFSO’s adaptive exploration-exploitation mechanism.
Flame Optimization makes sure that the search space is explored across a wide range of topics, and Sailfish Optimization makes sure
that the best solutions are refined, which prevents premature convergence.

On the other hand, PSO suffers from a slower convergence rate as it considers global and personal best solutions (which may stay
constant), and in high dimensions, it risks becoming stuck. GA performs worse because its random crossover and mutation operations
add significant computational overhead, slowing down the optimization process. AFSO primarily decreases computational time com-
pared to the traditional input algorithm since it attains better hyperparameters in fewer iterations due to superior convergency of
the AFSO method and thus increases the accuracy of the deep learning models. The results herein establish AFSO as a more efficient
optimization technique amongst the competitors and thus are of great significance for real-time IoT-based deep learning applications,
where convergence of the model to a new task is very crucial.

Limitations

Despite its promising performance, the proposed model has certain limitations that warrant further investigation:

1. Dataset Diversity: In addition to the three tests, we want to know if models can keep working on datasets that are just as strange
as one with a variety of mask designs and, of course, that show different cultures [30].

2. Computational overhead: While the architecture has been optimized for IoT edge devices, that hybrid architecture also has a
moderate computational overhead as a result of its less efficient training usage, which will limit how widely this method can be
implemented in trunking systems [31].

3. Dynamic Environments: In dynamic environments such as swaying crowds or ever-changing lighting settings, the model’s perfor-
mance has usually not been studied.

4. Real-Time Adaptability: With only batch learning abilities, this model cannot challenge its performance in changing scenarios
without retraining.

Future work

To address these limitations and further enhance the applicability of the model, the following directions are suggested:

1. Expanding Dataset Diversity: Diversify the datasets by adding more data from diverse geographical areas, cultural backgrounds,
and environmental factors. Thus, to increase its degree of generality

2. Lightweight Optimization Techniques: Research into more advanced lightweight optimization algorithms aimed at shortening the
training time and inference.

3. Integration with Adaptive Learning: Come up with methods that the model can learn from its mistakes in situations and adapt as
they happen.
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4. Robustness in Complex Scenarios: The model is designed to handle very complex and dynamic scenarios; this includes huge crowds
of people, weather with moment-to-moment variation, and also no wind just blowing around. It is also low-resolution input.

5. Application to Broader Use Cases: To give readers a broader range of uses for this template, one could employ it in any public
health monitoring job. Such undertakings might include keeping track of the distances between people or detecting fevers by
inference from temporary contact with an individual.

6. Energy Efficiency: For an environment consistent with sustainable development, especially systems of resource scarcity, what
matters is the economical use of IoT edge devices.

If these issues are resolved and other avenues are investigated, the suggested framework has the potential to develop into an
all-encompassing and flexible system for public health monitoring and compliance enforcement in real-time.

Conclusion

The proposed Adaptive Flame-Sailfish Optimization (AFSO) framework effectively solves the significant challenge of real-time face
mask detection in IoT-enabled environments. This framework combines the ResNet50 and MobileNetV2 architectures to make a good
solution for finding face masks in real time in IoT environments. We have comprehensively tested it on three sets of data—Kaggle,
Public Places, and Public Videos—to demonstrate its accuracy, sensitivity, and efficiency. Results of these tests suggest considering
AFSO as an upgrade from the ground up for mask detection in an Internet-of-Things environment. Efforts were rewarded handsomely,
with the highest dataset accuracy hitting 97.8 %. In particular, we observed its robustness under severe conditions like occlusion and
a variable light field, or its stability in dynamic environments. Hence, the proposed model guarantees real-time processing speeds
within reason from constrained devices located at the periphery of IoT edge networks currently under construction. Its lightweight
design is helping in overcoming the edge computing bottleneck. The work has demonstrated that the framework is effective. However,
it also points out shortcomings, such as the need for a more diverse dataset and greater adaptability to dynamic environments. On
the whole, the model proposed here is a significant leap for automated public health monitoring systems and provides a basis for true
efficiency at scale.
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