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Abstract - This study highlights the urgent need for enhanced visual monitoring technologies to support public health and safety
enforcement in crowded situations, in which individuals could potentially violate compliance and other norms. Most traditional
surveillance methodologies lack either the scalability or precision to squash complaints about compliance violations — for
example, improper mask usage, failure to maintain a minimum social distance, or other visible anomalies. To address these
issues, we designed a Hybrid Deep Visual Intelligence Framework that integrates multiscale convolutional neural networks (e.g.,
ResNet-101, YOLOVS) for object detection with a sequence of 3D CNNs for temporal activity modeling. We also utilized Vision
Transformers with cross-attention that spans external contextual metadata. The input data source was multimodal (including
closed-circuit television footage, drone footage, and thermal imagery) to derive compliance scores or alerts in real-time. The
evaluation for the constrained performance refers to independent public datasets representing four scenarios - indoor hospitals,
outdoor markets, nighttime transport hubs, and large event stadiums using UCF-Crime datasets, Okutama-Action datasets, and
Al City Challenge for autonomous vehicle innovative technology. The performance results demonstrated superior performance,
achieving up to 96.4% detection accuracy and anomaly detections with F1-scores of 0.89, compared to traditional approaches,
which were improved by 5-10%. The results included significant processing frame rates of greater than 24 frames per second
that facilitated near-real-time execution. In conclusion, our proposed solutions represent a valid, privacy-compliant deployment
option that adapts and scales for enforcement purposes, demonstrating significant options for supporting public health
compliance and security in complex public spaces.

Keywords - Deep Learning, Video Surveillance, Public Health Compliance, Anomaly Detection, Multimodal Fusion, Real-Time
Monitoring.

1. Introduction were critical in curbing disease spread in crowded public

In recent years, the rapid expansion of advanced sensing spaces, but monitoring compliance manually in large-scale
and recording technologies has resulted in the unprecedented scenarios with large numbers of people and places is resource-
expansion of the amount of image and video data generated in ~ intensive, often results in errors due to human observation
public spaces (Rajitha, 2021). Sensing and recording devices ~ mistakes, and is often impractical if conducted in real time,
such as surveillance cameras, drones, body-worn sensors, and ~ thus leading to a counterproductive approach to managing
thermal imaging cameras are now increasingly used to public health. Intended or not, this is precisely why
monitor urban conditions, transportation and logistics hubs, ~ operational intelligence, and by extension, automated systems
healthcare facilities, and gatherings of people in a variety of designed to analyze large and vast streams of visual data
public spaces (Lee et al., 2023). These technologies were  intelligently, are necessary and important (Qarage et al.,
quickly adopted due to their perceived utility for enhancing 2024). Conventional video surveillance and pandemic
security and operational efficiency. However, in the case of enforcement have traditionally relied upon rule-based
emerging public health threats to compliance with pandemic-  Systems, or classical machine learning methods (Ardabili et
related measures, their ability to uphold public health could al., 2023; Vashishth et al., 2024). Such conventional
also be very relevant - and very critical - to public sector ~ approaches typically employ hand-constructed features and
services and public health institutions (Haley et al., 2025). rely heavily on fixed acceptance regions, which are not easily
Physical distancing, mask usage, and limited occupancies adapted to the complex dynamics of the real world, such as
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changing lighting, viewing perspectives, or crowd densities.
Furthermore, classic systems excel at modeling fixed spatial
characteristics but struggle to model the temporal
characteristics of video, resulting in overall systems that
perform poorly in tasks such as anomaly detection and activity
recognition.

As a result, considerable research has been conducted to
evaluate deep-learning approaches, which offer better
generalization and ease of use when scaling. First, for object
detection and segmentation tasks, Convolutional Neural
Networks (CNNs) (Thirunagari et al., 2023) provide
significantly improved accuracy over traditional methods.
Furthermore, for modeling extended temporal sequences,
recurrent and 3D convolutional models have proven
successful for applications where video comprises a
significant portion of the input to a machine learning model.
Finally, attention-based architectures (e.g., Vision
Transformers) have opened new opportunities for capturing
long-distance dependencies and contextual relationships when
modeling spatial-temporal aspects of visual data.

Existing research has employed various deep learning
systems to address different aspects of public safety
monitoring. For instance, YOL (Mostafa et al., 2024) and
Faster R-CNN (Sahu et al., 2024) models have been used for
real-time person detection and mask detection in images,
while various 3D CNNs (Natha et al., 2025) and LSTM (Long
Short-Term Memory) networks have been adopted for activity
recognition and behavior classification from video footage.
Despite these individual successes, past systems have been
created independently, limiting their utility in a real-world
compliance monitoring context, which would benefit from
both fine-grained object detection and analysis of patterns of
behavior over time (Arifuzzaman et al., 2024). Similarly, more
traditional solutions ignore the value of multimodal data
fusion: using potential alternative sources of information, such
as thermal imagery, depth data, and environmental metadata,
would allow for improved detection in challenging conditions,
such as low light, occlusion, or crowding.

While many research contributions report high accuracy
in well-defined experimental conditions, only a few have
addressed aspects related to real-world outcomes, such as
processing time, software scalability, privacy safeguards, and
implementation features that support continuous learning.
When a user validates an alert in real time, depending on how
the enforcement system is set up, organisations may want to
process data at an appropriate frame rate or delays for a timely
notification, without overloading the computing infrastructure
or affecting user privacy. Additionally, if the representative
features of a scene evolve, or other compliance scenarios
change, such as new legislation, then the user needs adaptive
features to retain performance. To address these knowledge
gaps and research challenges, this study proposes a Hybrid
Deep Visual Intelligence Framework for image and video
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systems in the context of public health and safety enforcement.
This framework aims to offer spatial imagery feature
extraction at multiple scales, sequential activity modelling,
and cross-modal fusion as a cohesive architecture capable of
functioning across different environmental settings. This
automation framework utilizes ResNet-101 and YOLOv8 for
object and mask detection, 3D CNNs for -capturing
spatiotemporal behaviors in the data streams, and Vision
Transformers with cross-attention layers that enable the
addition of metadata, such as time of day and geographic
location. The combination of CCTV camera footage, drone
video, and thermal video also affords multi-modal data
streams, and integrated data pipelines can support associated
data input and output, and accountable compliance scores.

The method introduced is tested on a wide variety of
publicly available data-sets, including UCF-Crime, Okutama-
Action and the datasets from the AI City Challenge, in order
to get an assessment of performance in contextually relevant
situations: (1) Indoor Hospital Surveillances; (2) Outdoor,
Crowded Markets; (3) Nighttime Transportation Hubs; and (4)
Large Scale Events in stadiums.

Experimental results demonstrate that the approach
proposed is superior to more standard CNN and transformer
baselines in detection accuracy, anomaly detection F1 score,
compliance scoring precision at real-time speeds, and these
results point to the great potential for integrated deep learning
frameworks to enable scalable, privacy-compliant public
health enforcement systems adaptable to changing operational
environments.

1.1. Research Question and Problem Statement

Building on the potential shortcomings and issues with
existing surveillance solutions for anomaly detection
involving public health compliance and safety, this study
encompasses the research question: How can a hybrid deep
learning framework incorporating multiscale spatial detection,
temporal modeling, and multimodal data fusion be developed
to monitor and frame violations of public health compliance
measures in real-time in various settings? The fundamental
problem will be the ability to develop a framework that
provides a high level of detection accuracy and operates
efficiently, but also adaptively in variable lighting conditions,
crowds, and camera views. The main objectives of the study
are as follows.

* To create and utilize a hybrid deep learning architecture
that can integrate spatial, temporal, and contextual
intelligence for public health compliance action
monitoring in real-time.

*  To compare the viability of the proposed framework and
the baseline state-of-the-art methods on multiple datasets
and disparate scenarios with respect to detection
performance, infringement behaviour recognition
performance, and latency speed.



R. Gayathri et al. / IJETT, 73(12), 95-123, 2025

e To create an innovative architectural framework that is
legally compliant, scalable, and privacy-protecting, and
can continuously learn and adapt to the compliance
behaviour of a variety of environments and scenarios.

The structure of this paper is as follows: Section 2
reviews the relevant literature pertaining to deep learning
evaluation for visual surveillance and health compliance
monitoring. Section 3 details the proposed method and system
architecture. Section 4 presents the evaluation results and
comparisons with state-of-the-art methods, while Section 5
concludes with a discussion and suggests future research
directions.

2. Literature Review

Recent developments in artificial intelligence and deep
learning have dramatically altered public health and safety
enforcement. Hybrid models that integrate CNN, LSTM, IoT,
and crowdsourcing for real-time anomaly detection,
compliance monitoring, and predictive analytics shrink this
gap. These advances counteract the limits of traditional
systems, while enhancing situational awareness, confirming
compliance with policy, and augmenting organizational
judgement in urban settings.

Sivakumaran et al. (2024) developed a Hybrid Deep
Learning Framework that combines CNN and LSTM for
crime anomaly detection within urban safety. The framework
utilizes a CNN to extract spatial features. Then it models
temporal sequences with LSTM, enabling real-time predictive
analysis and overcoming the drawbacks of traditional rule-
based and manual surveillance systems.

MetricsVis, developed by Zhao et al. (2019), is a visual
analytics system that enables performance tracking across
various types of public safety agencies and organizations. It
provides the user with real views of the coordination of
activities by providing them with views that can include
priority adjustment, performance matrix, group analysis, and
projection view to understand individual and aggregate team
participation, highlights supervisor expectations around
contributions, and provides a pathway for organizational
productivity improvement through the empirically based case
studies of law enforcement practitioners.

In 2021, Pishgar et al. developed a framework to evaluate
Al applications to Occupational Safety and Health (OSH)
using a framework called REDECA. The authors had provided
a systematic review of 260 studies across five sectors to
evaluate Al applications associated with hazard detection, risk
control, and exposure reduction. The authors highlighted that
there are considerable prospects for inter-sector collaboration
and progress in achieving workplace safety technology.
Alnabulsi et al. (2024) developed a health compliance
monitoring system that incorporates post-COVID-19 safety
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measures utilizing the Internet of Things and machine
learning. The system, which supports components such as
temperature screening, mask detection, facial recognition, and
social distance monitoring, is coupled with real-time mobile
alerts that can further enhance health compliance in high-risk
settings (e.g., hospitals, elderly care facilities, shopping
malls).

Dodda et al. (2025) proposed a real-time face mask
detection system based on Deep Learning from CNNs
developed with TensorFlow and Keras. The proposed
framework utilizes data augmentation, cloud-based training,
and enables scalable monitoring of compliance with face
masks through video analysis, which can be employed to meet
public health compliance requirements in high-density areas
and settings (e.g., hospitals, malls, transportation hubs).

Zhang et al. (2024) developed CrowdDesign, an Al
framework informed by crowdsourcing to assess adherence to
Public Health Policy (PHPA). The proposal utilized social
media pictures and a collaborative teamwork approach
combining human and Al efforts that optimizes the
architecture of the Al model and its hyperparameters. In terms
of experimentation, it demonstrated that it could monitor
adherence through public health messaging in a 'crisis'
scenario, characterized by high hub density (e.g., COVID-19
and Monkeypox outbreaks), more effectively than current
methods.

Amingad et al. (2023) proposed an intelligent
surveillance application for public safety, which incorporates
artificial intelligence and machine learning technologies such
as face recognition, emotion recognition, and behavior
detection. The authors proposed a system that can quickly and
accurately detect suspicious behavior in real time using
Convolutional Neural Networks (CNN) and Optical Flow-
based action recognition. This system increased public safety
in urban areas where oversight of suspicious activity is
complex and potentially dangerous for security officers.
Detection occurs quickly, allowing officers to respond to
incidents in a timely manner and effectively mitigate
dangerous situations.

Yin (2023) presented an Al-based monitoring and early
warning system that supports public health monitoring for
safety. The framework features machine learning and deep
learning capabilities to extract significant features and
perform predictive analysis of health events. The Al-based
capabilities enable the system to detect potential health risks
in a timely manner, meeting the authorities' responsibility to
prevent disease spread while effectively responding to health
emergencies.

Ardabili et al. (2023) studied Al-enabled Smart Video
Surveillance (SVS) technology for urban safety. The study
included concerns for privacy-preserving design. The study
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used a framework that integrated computer vision, statistical
analytics, and cloud-native applications. The framework could
detect actions and identify any anomalies. The authors
discussed how privacy-preserving approaches have potential
trade-offs with respect to accuracy and proposed pose-based
algorithms that could leverage privacy with respect to
Personally Identifiable Information (PII) but may negatively
affect overall detection performance. Réty (2010) conducted a
thorough review of remote surveillance systems for public

safety applications, outlining the changes over a span of three
generations. The paper describes multisensor fusion, wireless
sensor networks, distributed intelligence, and mobile robots.
The main challenges mentioned are real-time, distributed
architecture, scalability, and energy efficiency. The paper
offers a glimpse into the direction advancements may take.
Table 1 provides a summary of Al-Based Surveillance and
Public Safety Frameworks, Highlighting Methods, Strengths,
and Limitations.

Table 1. Recent studies in Al-based surveillance and public safety frameworks

Author & Year Method/Framework Strengths Limitations
Sivakumaran et CNN-LSTM hybrid for crime Real-time prediction, spatial- Requires high data, complex
al., 2024 anomaly detection temporal features training pipeline

Zhao et al., 2019 MetricsVis visual analytics for

Comprehensive visualization,

Limited to visualization,

safety agencies

performance tracking

lacks prediction

Pishgar et al., REDECA framework for OSH Al Systematic review across Evaluation only, lacks
2021 evaluation multiple sectors implementation details
Alnabulsi et al., IoT + ML health compliance Real-time alerts, multi-feature Deployment complexity,
2024 monitoring compliance check privacy concerns remain
Dodda et al., CNN-based real-time face mask Scalable, cloud-based, accurate Limited to masks, future
2025 detection classification work pending

Zhang et al., 2024

CrowdDesign crowdsourced Al
model optimization

Human-AlI collaboration,

hyperparameter optimization

Dependent on crowdsourced
data quality

Amingad et al.,

Al-based intelligent surveillance

Fast suspicious behavior

Requires large datasets,

surveillance systems

2023 (CNN + Optical Flow) detection, real-time response privacy concerns
Yin. 2023 Al early warning for public health Predictivg risk detéction, timely | Limited validation in large-
’ risks interventions scale deployments
Ardabili et al., Privacy-preserving Al innovative Protects PII, integrated Accuracy trade-offs with the
2023 video surveillance analytics framework pose-based approach
Rity, 2010 Survey of three generations of Comprehensive historical Outdated relative to current

review identifies challenges

Al advances

The reviewed studies indicate strong advancements in Al-
assisted public safety and health monitoring, yet have a range
of limitations and gaps to be addressed in the research.
Limitations include the heavy data burden and training
pipeline of Deep Learning Algorithms such as CNN-LSTM
models, which makes real-world public safety applications
increasingly difficult to scale.

Privacy concerns are significant and complex due to a
couple of approaches - for example, pose-based algorithms,
where there is a trade-off in detection accuracy for protecting
personal data. Larger-scale crowd-sourced models, such as
CrowdDesign, may lead to reliability concerns for providing
high-quality results for reduced local datasets.

Furthermore, the reviewed implementations are relatively
narrow-focused solutions - like MetricsVis and the mask
detection framework - rather than options that provide entire
unit safety for populations. Moreover, in regard to an Al-based
early warning system, several of the proposed systems lacked
validation in large, real, and practical environments. In terms
of research gaps, it is essential to include an entire, unified

multimodal framework (IoT, video, and social media), a real-
time application with privacy-preserving and scalable systems
to cover a wide range of urban and rural infrastructure. Also,
there is little consensus on responsible monitoring metrics for
public safety Al systems; the literature lacks examples of
adaptive learning systems capable of responding to rapidly
evolving crises. Lastly, the literature demonstrates that there
is little to no cross-sectoral thinking that brings together
perspectives on public health, occupational safety, and urban
surveillance, which can limit comprehensive and holistic
safety strategies

3. Materials and Methods

Figure 1 illustrates the End-to-End Architecture of the
proposed Al-powered Public Health and Safety Enforcement
Framework. Outputs from the system are combined
multisource data through deep feature extraction using a
domain ontology, Context-aware scene elements, anomaly
detection, and risk scoring. Dynamic alert notifications, an
analytic visualization tool, a privacy and security engine, and
a continual learning loop ensure enhanced, secure, and
scalable monitoring capabilities.
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3.1 Data Acquisition and Preprocessing
3.1.1. Multisource Data Streams

The system captures information via a variety of visual
options to enable comprehensive monitoring across the
environment. Fixing cameras and Pan-Tilt-Zoom (PTZ)
cameras are deployed to cover vast areas and focus the
investigation on areas of interest. These cameras provide
continuous surveillance and monitor activities in hospitals,
marketplaces, and transit systems. It is possible that aerial
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drones, equipped with vision, offer top-down views wherever
appropriate, especially for estimating crowd density or
detecting larger-scale non-compliance. Body-worn cameras
provide near-field perspectives on interactions and PPE safety
within the dynamic nature of the situations. Thermal and
depth sensors also provide complementary modalities to assist
in reducing false negatives in challenging situations, such as
very low illumination, occlusion, or crowd sizing (Myagmar
et al., 2023).
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Fig. 1 Architecture of the proposed work

3.2. Frame Stabilization and Deblurring

Video streams saved after the fact often suffer from jitter,
motion blur, and camera shakes. These are typical criticisms
of recorded aerial images using drones and wearable
technologies. The implementation will take the approach of
stabilizing every frame, as each frame is a resource. This will
deal with the geometry distortion and orientation within
individual frames as a part of a sequence of subsequent frames
in the processed video stream.

It should be stated that deblurring algorithms will also be
incorporated, as they will help to sharpen the video stream.
The deblurring algorithms assume a motion kernel that will
assist in calculating degradation ratios and estimating the
motion. In addition, inverse filtering can be used to help deblur
routines. The preprocessing outlined provides quality outputs,
reduces false-positives, and improves the temporal
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consistency  of  compliance  verification  analysis
(Tummalapalli et al., 2024). The frame stabilization is
mathematically expressed as follows. Let the input video
frames. F; With jitter/motion blur, the stabilization is given by
F,;(X,y)= Tt'Ft(x'y) (1)
Where T; Is the affine transformation estimated from

optical flow or feature matching to align frames? The
deblurring is given as follows.

G(u,v)

F(u' U) = Hu,v)+e

)

Where G(u,v) is the blurred image in the frequency
domain. H(u,v) is the motion kernel, and € prevents division
by zero.
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3.3. Low-Light Enhancement

Most public spaces, such as transportation terminal sites
or outdoor markets, often have inconsistent or poor lighting,
which diminishes image quality and obscures details that can
be important visual features. To address this, standardize the
brightness, contrast, and color balance with low-light
enhancement techniques to retain the important visual
features, while allowing a more suitable environment.
Histogram equalization and adaptive gamma correction have
been used to help reveal visibility of facial characteristics,
masks, and distancing markers, enabling reliable detection to
occur even at night or in low-light environments(Tabrez et al.,
2024). In histogram equalization, the probability of the
intensity level 7y, , then

k

p(r) = ;_N

) Sk = (L - 1) Z;‘:Op(‘r_}) (3)

where L is the number of gray levels, and MN is the image
size. The adaptive gamma correction is given by

I' = 255(;)" ™) )
where y(x,y) is adaptively chosen based on local
brightness.

3.4. Anonymization (Face Blurring) for Privacy

To protect the privacy of all participants and comply with
data protection regulations, your system has anonymization
capabilities that automatically detect and blur faces in frames.
The models of face detection locate the facial regions and blur
them using Gaussian blurring or pixelation, either to store the
data, later examine it, or retain trace audio or video content.
This process is unaffected factually by ethical and legal
obligations, and creates sufficient space for public health
monitoring and behavioural analytics (Tufvesson et al., 2025).
For face region detection

R={(x.y)D(x,y) =1} (5)

where D(x,y) is the output of the face detector (1 for face
pixels). The Gaussian blur in region R is given by

I (x'y) = Z(i,j)ERl(iﬁj) 'Ga(x —-iLy _]) (6)

where G, is a Gaussian kernel with variance o2.

3.5. Frame Sampling for Temporal Efficiency

Analyzing high-definition video streams on a frame-by-
frame basis can be expensive and excessive. Thus, the system
may utilize frame-sampling methods, such as taking every X
frames or taking frames when the scene changes, to limit the
data and frames that have to be processed while retaining
comprehensive temporal coverage. Frame sampling methods
can also help manage real-time and acceptable resource
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utilization, enabling detection and anomaly detection modules
to perform correctly with continuous surveillance video feeds.
The uniform sampling (every k frames) is given by

S ={F; |t mod k = 0} (7)
Scene change sampling or difference threshold
[|Fe = Fe-11l2 > 6 — sample F; (3)

where 6 is a threshold on pixel-wise change

3.6. Multiscale Visual Feature Extraction
3.6.1. Spatial Analysis

In order to perform sound spatial feature extraction, a
ResNet-101 backbone is used to perform object detection and
classification for each frame. This deep convolutional
architecture provides the ability to utilize representation
learning at multiple levels of abstraction, and therefore can
accurately identify important objects such as masks, personal
protective equipment, or vehicles across a wide range of
conditions. The use of residual connections and multiple deep
layers enables effective learning of both fine textural detail
and high-level semantics while maintaining an ability to
reduce detection errors because of occlusions, size, or
cluttered backgrounds. These spatial features will be used for
compliance scoring and will later be fused with temporal and
contextual information.(Butt et al., 2021). For spatial feature
extraction, the input frame I, € RH*W*3

FO=gW®x F¢D 4+ F&D), 1=1,..,L  (9)
where * is convolution, W® Are the learnable weights
and o ReLU. The final spatial feature vector is given by

F, (t) = GlobalAvgPool(F" € R¢ (10)
3.7. Temporal Analysis

To account for the temporal dynamic nature of
compliance-related activities, the system provides the ability
to utilize a 3D Convolutional Neural Network (3D CNN) like
I3D or C3D. These models enhance the capabilities of 2D
convolutions by effectively incorporating a temporal
dimension since 3D CNNs can treat sequences of frames as
spatiotemporal volumes instead of just images. This allows
one to not only capture a location for a gathering that occurred
over a long period of time and instances of risk-taking that
occurred multiple times, but it also allows for a more rigorous
assessment of temporal anomalies that may not be captured in
individual frames. Moreover, the 3D CNN adds subsets of
data that imply the modelling of patterns of motion, timelines
of activity, and ideas of what's supposed to happen next. This
also adds a more nuanced understanding of situations and
enables more accurate compliance assessment of situations
and classification of behavior over time. The temporal feature
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extraction in the input sequence X =
{ Lo dpy oo eIy } € RT3 [the 3D convolution
operation is given by:

FO =o(WB, F&Y), 1=1,...M) (11)

The final temporal feature vector

F, = GlobalAvgPool (F™) € R (12)

The multiscale fusion for compliance scoring, the
combined spatiotemporal feature

F,, = Concat(F, F,) € R%*dt (13)
The compliance prediction is given by
9 = Softmax(W, .Fy, + b, ) (14)

3.8. Contextual Scene Understanding

The system integrates visual detection outputs with
various contextual metadata, enabling the construction of a
situational context that includes location identifiers, time of
day, and environmental conditions, thereby enhancing
situational awareness and detection confidence. For instance,
if the model recognizes that the video footage is from a
hospital quarantine zone, the model can apply more stringent
thresholds for compliance. The model can also apply learned
time-specific patterns to reduce the chances of misinterpreting
routine events (e.g., shift changes in a public safety context)
and raise an alert for organizational review. Other
environmental variables, such as air quality or temperature,
can also assist in predicting possible risk evaluations and when
the model should increase its sensitivity to detect influences
that may impact the physical spaces in which the model is
detecting activity (e.g., outdoor or semi-enclosed/indoor
spaces).

To appropriately represent the complex relationships
between contextual metadata, contextual characterizations,
and visual detections, the framework optimally leverages
Vision Transformers (ViT) that contain cross-attention
capabilities to learn detected visual features at the object level
and also incorporate feature embeddings that represent the
contextual characterizations of the detected entities
(Alshalawi et al., 2025). The use of a ViT, or similar
representations of data, provides the model a way to identify
subtle relationships between detected entities and/or
behaviors, as well as contextual metadata, which promotes the
notification of non-compliance and other considerations for
prioritizing alerts. By creating a situational representation at a
local, contextual, and situational level, the framework utilizes
situational signals that can be modeled as a whole as opposed
to fragments based on context to create a more complete,
contextual, and interpretable public health and safety
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monitoring system that considers the many potential
operational contexts encountered during real-world
monitoring.

3.9. Anomaly Detection and Compliance Scoring

The system trains a Variational Autoencoder (VAE) on
historical spatiotemporal data that establishes the regular
patterns of movement, crowd density, and PPE to detect
deviations from normal behavior and assess compliance
levels. The VAE learns a compressed latent representation of
these normal behaviors. It can then accurately reconstruct
expected visual sequences. In real-time surveillance, an
incoming video is passed through the trained VAE, and the
reconstruction errors are used to identify extremes or
anomalies in the incoming representation of the best
representation of the former training set of data(Sivalakshmi
et al., 2025). This could be crowds that suddenly appear,
clustered groups without masks, or clustered groups that
behave differently than anticipated. An anomaly is flagged,
alarms are raised, and anomalies are processed in a module
that quantifies the compliance with safety, using a compliance
score that scores the overall level of safety in each scene. We
can calculate the Compliance Score for each scene as a
weighted sum of the key factors: PPE Usage, Density
Threshold, and Length of Exposure. The overall Compliance
Score is calculated using the following (3) weighted equation:

Compliance Score = a * PPE Usage + B *
Density Threshhold + y * Duration of Exposure (15)

Where «, § and y are weights that are learned during the
calibration of the system. This score gives operators a
dynamic, interpretable measure. This measure allows
operators to assess risk in real-time, determine when an
intervention is warranted, and develop reports for regulatory
compliance and policy decisions.

3.10. Real-Time Alerting and Visualization

The software includes a function for real-time alerting
and visualization, allowing for a prompt response and
proactive management. When an anomaly or non-compliance
failure occurs, the platform will alert the enforcement teams'
devices (mobile and desktop) to enable a prompt response.
The alert will include a real-time heat map visualization of the
high-risk areas where the operators are deployed to help
visualize where the efforts are being most effectively
employed.

There is also a time-stamped evidence clip that will be
supplied to provide a chronological view of the related events,
which can be used for enforcement actions or auditing
purposes. The platform will also provide and capture data
from all monitored sites in a central dashboard to visualize
compliance trends over time, i.e., seeing the type and rate of
PPE compliance inspections, the incidences and frequencies
of crowd density events, or other high-risk anomalies to



R. Gayathri et al. / IJETT, 73(12), 95-123, 2025

validate intervention rates. This is a data-driven report that not
only ensures transparency and accountability of public health
and safety management protocols but also provides evidence-
based information that can be acted on by decision-makers (Al
Falasi et al., 2024).

3.11. Privacy and Security Layer

To address important questions of data security and
ethical use of surveillance, we included a solid privacy and
security layer within the system. The method of Federated
Learning is used to collaboratively train detection and
compliance models across distributed camera networks,
without requiring the transmission of video feeds to a
centralized server. Each specific local node makes local dots
(training) updates through existing processing power, and the
contribution of each of the local nodes improves the global
model without the need to transfer sensitive visual information
away from a local area physically. Furthermore, the
representation and output of the model are used to implement
differential privacy, perturbing personally identifiable
information with the applicable controlled noise
characteristic. This preserves the identification of people even
in the eventuality of pivoting or reconnaissance. These
methods keep the system complying with its privacy
legislation/standards while preserving detection efficacy,
ensuring consistency and security in every public/community
health and safety circumstance.

3.12. Continuous Learning and Adaptation

The system is designed for high performance in changing
environments by incorporating continuous learning and
adaptation functionality. Every so often, the models are
retrained using new data to capture changing behaviors,
seasonal trends, and changes to environmental conditions; this
allows for the detection algorithms to be as relevant as they
can be over time. The framework further includes feedback
loops that allow enforcement results to be incorporated, for
example, confirmed compliance violations and confirmed
false alarms, enabling automatic adjustments of detection
thresholds and refining model accuracy. This approach
enhances robustness to drift from existing uses, allows the
system to learn from experience in the real world, and leads to
gradually lower rates of error and operationally efficient
public health and safety enforcement in recovering changing
contexts.

3.13. Model Training Process

The model training process of the proposed Al-powered
Public Health and Safety Enforcement Framework is based on
a multi-stage learning paradigm, ensuring both accuracy and
generalization. First, the spatial analysis backbone,
constructed based on ResNet-101, and the temporal dynamics
module, constructed based on 3D-CNN architectures, are
pretrained on large-scale benchmark datasets such as
ImageNet and Kinetics-600, respectively. This pretraining
ensures that the network learns generalizable visual and
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motion representations. In the second phase, fine-tuning
specific to the domain is carried out with the curated multi-
source surveillance data comprising CCTV, drone, and body-
worn camera feeds. The fine-tuning phase optimizes a
weighted cross-entropy loss in order to balance the
frequencies of the classes and obtain better compliance
classification accuracy. The final stage involves jointly
optimizing the Vision Transformer (ViT) and Variational
Autoencoder (VAE) components through a composite loss
function that combines classification accuracy, reconstruction
fidelity, and latent space regularization. The total loss is a sum
of weighted cross-entropy, mean squared reconstruction loss,
and Kullback-Leibler divergence with empirically learned
coefficients. Model parameters are optimized using stochastic
gradient descent, along with Nesterov momentum, batch
normalization, and early stopping to prevent overfitting. This
systematic training process ensures that spatial, temporal, and
contextual representations are learned in a cohesive manner,
providing robust performance in real-world monitoring
environments.

3.14. Hyperparameter Tuning

The optimization of hyperparameters was done using a
Bayesian Optimization approach to ensure an optimal balance
between the model's accuracy, stability, and computational
efficiency. The process explored different learning rates
(ranging from le-5 to 1e-2), batch sizes (ranging from 8 to 64),
dropout probabilities (ranging from 0.2 to 0.6), and L2
regularization coefficients (ranging from le-6 to le-3). For the
Vision Transformer part, the number of attention heads was
optimized in the range of 4 to 12, which ensures multi-head
attention is adequate without unnecessary parameter
overhead. The optimization objective was to minimize a
combined function that assessed both the low F1-score and the
high computational cost, thereby balancing performance and
resource utilization efficiently. The Bayesian framework
automatically adapted the parameter search based on
previously evaluated configurations, allowing for an efficient
search for the optimal configuration. The end-tuned
parameters were a learning rate of 3 x 10"-4, batch size of 32,
dropout rate of 0.4, and a weight decay of 1 x 10"-5, which
yielded an Fl-score of 0.91 on the validation dataset. These
optimized hyperparameters facilitated stable convergence,
reduced overfitting, and enhanced generalization in various
deployment environments.

3.15. Ablation Study

To assess the role of each architectural element, an
extensive ablation study was conducted. The experiment was
done by systematically removing major modules from the
framework and testing the impact on the overall compliance
detection accuracy. The results showed that when we removed
the contextual Vision Transformer, the Fl-score was
significantly reduced from 0.91 to 0.85, and this proved the
importance of understanding context-aware scenes. Similarly,
they also found that omitting the temporal stream (3D-CNN)
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reduced performance to 0.82, which shows the criticality of
temporal dynamics in detecting compliance patterns in time.
The lack of the VAE-based anomaly detection module further
decreased the accuracy to 0.80, showing the importance of the
module in identifying the deviation from expected behavior.

The privacy and security engine had little impact on the
accuracy of detection, but was crucial to the ethics and
security of implementation. Overall, the results of the
ablations helped validate the interdependence of spatial,
temporal, and contextual representations in achieving robust
monitoring of public health and safety, proving that each of
them has a distinct but complementary role to improve the
system's interpretability and detection performance.

3.16. Class Balancing Techniques

Due to the nature of public health and safety data sets in
which compliant behaviors are far more common than non-
compliant or anomalous cases, several class-balancing
strategies were implemented in order to reduce bias during
training. At the algorithmic level, the use of a weighted loss
function was implemented, in which the class weights were
inversely proportional to their frequency in the classes, thus
ensuring that minority classes had a higher contribution to the
optimization process. In addition, techniques for balancing
data at the level of the data items, such as Synthetic Minority
Oversampling Technique (SMOTE) and geometrical
transformations including rotation, scaling, and illumination

changes, were used to increase diversity in the
underrepresented samples.
Temporal balancing was also achieved through

oversampling rare anomaly sequences while preserving the
chronological consistency, so that it could keep the integrity
of motion dynamics. Furthermore, an adaptive sampling
strategy was employed during training to dynamically adjust
the composition of the mini-batch, ensuring that at least one
instance of anomalous behavior is included in every mini-
batch, thereby avoiding a bias in the model towards the
majority class.

These combined approaches significantly enhanced the
recall of anomalies from 0.78 to 0.87 without compromising
precision, ensuring that the proposed framework could
consistently recognize a diverse range of non-compliance
events in complex real-world environments.

4. Results and Discussions

The proposed hybrid framework for anomaly detection
has been evaluated using the UCF-Crime dataset, a
comprehensive benchmark comprising an extensive collection
of real-world surveillance scenarios. The performance of the
proposed framework is quantitatively evaluated and compared
with five leading state-of-the-art methods. The quantitative
analysis includes consideration of detection accuracy and F1-
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score. This analysis was conducted using four different
contexts of surveillance in order to summarize the model's
robustness and generalization capabilities to anomalous
behaviors under many possible scenarios.

4.1. Dataset Description

UCF-Crime: The UCF-Crime dataset offers a
comprehensive collection of real-world video surveillance
footage. The dataset was made for anomaly detection studies.
It contains 1,900 untrimmed video sequences of actual footage
from static cameras placed in different public outdoor and
indoor places. Some of the activities included in the dataset
are fighting, stealing, vandalism, and crowding.

Each video has been temporally annotated to mark the
start and end time of anomalous events. This dataset is an
excellent resource for training models that can help detect
abnormal or unsafe behavior in continuous video surveillance
systems (Qian et al., 2025).

4.2. Performance Evaluation

The performance evaluation measures the proposed
Hybrid Framework against three competing, state-of-the-art
anomaly detection methods, such as YOLOvS5-based detection
(Sadiq et al.,2022), SSD with LSTM (De Santo et al., 2020),
3D CNN activity recognition (Magsood et al., 2021), Mask R-
CNN with temporal smoothing (Sahu et al.,2024), and
transformer-based action recognition (Shi et al., 2024). The
performance evaluation takes place within the following four
surveillance domains: an indoor hospital environment, an
outdoor busy market area, a nighttime transport hub, and a
significant venue event (a stadium).

Each scenario introduces challenge variables for anomaly
detection, including crowd density, change in lighting
conditions, and complexity in spatiotemporal behaviors. By
using metrics of detection accuracy and Fl-score, we can
determine that our results show the hybrid framework
consistently produced better performance than anterior
baseline models, with more advanced abilities to integrate
spatial and temporal features to detect anomalies in many
realistic environments reliably. Table 2 presents a quantitative
comparison of the proposed Hybrid Framework with five
methods in terms of detection accuracy and overall
performance anomaly detection F1-score across four distinct
surveillance scenarios.

The performance contrast illustrated in Table 2 indicates
a substantial advantage of the proposed hybrid framework for
anomaly detection of indoor hospital surveillance scenarios.
The hybrid model achieved the top anomaly detection
accuracy (96.4%) and Fl-score (0.89). Thus, the largest
enhancements in anomaly detection ability occurred with the
hybrid model, where the anomaly detection accuracy, as well
as the false positive and false negative rates, were at their
highest.
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Table 2. Performance comparison of the proposed Hybrid framework - detection accuracy and anomaly detection F1-score for indoor hospital
surveillance scenario

Method Detection Accuracy (%) Anomaly Detection F1-Score
Proposed Hybrid Framework 96.4 0.89
YOLOv5-based Detection 91.2 0.75
SSD + LSTM 89.7 0.72
3D CNN Activity Recognition 92.8 0.77
Mask R-CNN + Temporal Smoothing 93.4 0.79
Transformer-based Action Recognition 94.1 0.82

Among the baseline models, the transformer-based action
recognition model ranked second, achieving an anomaly
detection accuracy of 94.1% and an F1 score of 0.82. The
performance of transformer-based models shows promise,
primarily due to their ability to model temporal dependencies.
In terms of surveillance and detection accuracy, Mask R-CNN
with temporal smoothing is characterized as the next best
model with an accuracy of 93.4% an Fl-score of 0.79. This
was attributed to the good spatial segmentation, temporal
smoothing, and refinement. Based on its ability to capture
spatiotemporal behaviors, 3D CNN activity recognition

showed the following best results (accuracy with 92.8% and
F1-score of 0.77). However, it does not gain any advantages
from adopting a hybrid design. Charting lower anomaly
detection accuracy (91.2% and F1-score of 0.75), YOLOv5-
based detection, and slightly worse accuracy (89.7% and F1-
score of 0.72), SSD + LSTM models both demonstrated far
less success, and these models also lacked temporal modelling
or were limited to frame-space detection patterns. Overall, the
outcomes confirm the hybrid framework's key advantages in
terms of anomaly detection for hospital-based surveillance
when aggregating spatial and temporal features.

m Detection Accuracy (%)

96.4
94.1
93.4
92.8
91.2
I 89.7

Proposed Hybrid  YOLOvS5-based SSD+LSTM 3D CNN Activity Mask R-CNN + Transformer-based
Framework Detection Recognition Temporal Action
Smoothing Recognition

Fig. 2 Performance analysis- detection accuracy for indoor hospital surveillance

B Anomaly Detection F1-Score

0.89
0.82

0.77 0.79
I 0.75 0.72 I I I

Proposed Hybrid  YOLOvS5-based ~ SSD+LSTM 3D CNN Activity Mask R-CNN + Transformer-based
Framework Detection Recognition Temporal Action
Smoothing Recognition

Fig. 3 Performance analysis- F1-Score for indoor hospital surveillance
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Figure 2 shows the detection accuracy of the various
methods for the indoor hospital surveillance task. The
proposed hybrid framework achieved the highest accuracy of
96.4%, indicating that it was also able to detect anomalies in
the hospital setting reliably.

Among the baseline methods, it was evident that the
transformer-based action recognition (94.1%) and Mask R-
CNN (93.4%) with temporal smoothing achieved similar
accuracy levels owing to their competitive scheming of
spatial-temporal features.

The 3D CNN activity recognition achieved relatively
moderate accuracy (92.8%). In comparison, the YOLOVS5-
based detection (91.2%) and SSD + LSTM (89.7%) showed at
least a 5% reduction in the accuracy level owing to their
weaker capabilities in managing complex activities in the
hospital and the temporal variations.

Figure 3 illustrates the F1-scores for the various methods,
representing the precision and recall measurements of the
different detection methods. As observed in the various
comparisons, the proposed hybrid framework consistently led
with the highest F1-score of 0.89, indicating a robust method
for minimizing false positives and false negatives.

The transformer-based action recognition method (0.82)
and Mask R-CNN with temporal smoothing (0.79) performed
competitively in terms of their Fl-scores but were still
outperformed by the hybrid framework.

The F1-metric for 3D CNN activity recognition was 0.77,
while YOLOvS5-based detection was 0.75, and SSD + LSTM
0.72 performed noticeably worse, primarily because they were
less capable of modeling the temporal context in the task.

Table 3. Performance comparison of the proposed hybrid framework -
Detection accuracy and anomaly detection F1-Score for outdoor
crowded market

Detection Anomaly
Method Accuracy | Detection F1-
(%) Score
Proposed Hybrid 3.8 0.84
Framework
YOLOVS—.based 876 0.69
Detection
SSD + LSTM 85.3 0.66
3D CNN Agtlvﬁy 29,2 07
Recognition
Mask R-CNN +
Temporal Smoothing 90.8 0.75
Transformer-based
Action Recognition 9L7 0.78

Table 3 is the performance benchmark of the outdoor
crowded market scenario. In this case, it is shown that the
strengths of the proposed hybrid framework worked well for
the outdoor market with a population density of 1050 people
per square meter giving it detection accuracy of 93.8% and an
Fl-score of 0.84 - indicating the superiorability of the hybrid
framework to handle the challenges posed by the complexity
and variety of fast-moving outdoor/indoor environments
having high crowd density. The transformer-based action
recognition method ranked second, achieving an accuracy of
91.7% and an F1-score of 0.78, thanks to its incorporation of
temporal  modeling,  which  effectively  captured
accommodating activity patterns. The combination of Mask
R-CNN along with temporal smoothing came in third place
with 90.8% accuracy and 0.75 Fl-score - advantages of
accuracy in segmented objects, with the benefit of temporal
enhancement.

H Detection Accuracy (%)

93.8
91.7
90.8
89.2
87.6
I 853

Proposed Hybrid  YOLOvS5-based SSD+LSTM 3D CNN Activity Mask R-CNN + Transformer-based
Framework Detection Recognition Temporal Action
Smoothing Recognition

Fig. 4 Performance analysis- detection accuracy for outdoor crowded market

105



R. Gayathri et al. / IJETT, 73(12), 95-123, 2025

The 3D CNN activity recognition method came in fourth
place with moderate performance (89.2% accuracy, 0.72 F1-
score), while detection based on YOLOvV5 was in fifth place
with 87.6% accuracy and an F1-score of 0.69, or more modest
performance, for detections and temporally similar activities,
with the lowest detection accuracy of 85.3% and an F1-score
of 0.66, SSD + LSTM whose ability to capture temporal
dependencies of objects and activity in fast-moving
performance and activities were somewhat compromised by
the noisy and cluttered nature of the environment.

In summary, the results indicate that the hybrid
framework has demonstrated the desired improvement in
abilities through spatial-temporal integration, resulting in a
more challenging outdoor market experience.

The data accuracy performance of the different
approaches for the outdoor crowded market scenario is shown

in Figure 4. Overall, the proposed hybrid framework exhibits
strong anomaly detection performance, as indicated by an
accuracy of 93.8%, demonstrating its robustness in detecting
anomalies despite the abundance of crowd density and
environmental noise.

The second-highest accuracy is achieved by the
transformer-based action recognition method (91.7%), which
utilizes the strength of temporal modeling. In contrast, Mask
R-CNN with temporal smoothing achieves an accuracy of
90.8%, providing precision in spatial segmentation and
smoothing of temporal actions. The 3D CNN activity
recognition accuracy is moderate at 89.2%. The following two
approaches, YOLOvS5-based detection and SSD + LSTM, both
follow behind with accuracy scores of 87.6% and 85.3%
respectively, due to limitations in temporal reasoning and
occlusions due to scene occlusions found in crowded market
conditions.

# Anomaly Detection F1-Score

0.84
075 0.78
0.69 0.72
I 0.66 I I I

Proposed Hybrid ~ YOLOvS5-based
Framework Detection

SSD + LSTM

3D CNN Activity Mask R-CNN +  Transformer-based

Action
Recognition

Recognition Temporal

Smoothing

Fig. 5 Performance analysis- F1-score for outdoor crowded market

In Figure 5, a comparison of the F1-scores for the same
methods is presented, highlighting another aspect of the
balance between precision and recall. The hybrid framework
achieves the highest F1-score value of 0.84, confirming that it
has the potential for reduced false alarms and missed
detections beyond any of the other methods. The transformer-
based action recognition method achieved an F1-score 0of 0.78,
while Mask R-CNN with the temporal smoothing method
scored 0.75. Both methods also performed well in terms of
precision and recall balance.

The CNN 3D activity recognition method had an F1-score
0f 0.72. On average, the YOLOvVS5 and the SSD + LSTM (0.69
and 0.66, respectively) results were in keeping with these
outcomes, i.e., their ability to provide sufficiently high
detection precision was undermined in the highly dynamic and
cluttered outdoor environments. The proposed hybrid
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framework achieved the highest accuracy (96.4%) and F1-
score (0.89) in the surveillance of hospitals' indoor
environments, with improved accuracy over other methods. In
practice, this means not only finding a lot more anomalous
events, e.g., protocol violations or unsafe behaviors, but also
many fewer false alarms.

As an illustration, compared to the detection model based
on YOLOVS (91.2% accuracy, 0.75 F1-score), the proposed
hybrid framework better detects about 5 more violations per
100 occurrences that could otherwise have gone undetected,
and also reduces the number of false positives by a similar
margin. Similar to SSD + LSTM (89.7% accuracy, 0.72 F1-
score), the hybrid system can be used to achieve more
conclusive monitoring, with fewer missed incidents or false
alarms, which will enable hospital personnel to respond more
effectively to critical moments.



R. Gayathri et al. / IJETT, 73(12), 95-123, 2025

Table 4. Performance comparison of the proposed hybrid framework-
detection accuracy and anomaly detection F1-Score for nighttime
transport hub

. Anomaly
Method Detection Detection F1-
Accuracy (%)
Score
Proposed Hybrid
Framework 92.1 0.82
YOLOvVS5-based 85.5 0.65
Detection : .
SSD + LSTM 83.4 0.61
3D CNN Activity
Recognition 87.0 0.68
Mask R-CNN +
Temporal Smoothing 88.6 0.71
Transformer-based
Action Recognition 89.5 0.74

The results for the nighttime transport hub scenario are
presented in Table 4. The proposed hybrid analytic framework
provides the highest outcome results with a detection accuracy
of 92.1% and an Fl-score of 0.82. This demonstrates the
success of the hybrid approach in maintaining a strong

detection capacity when low-lighting and complex transport
contexts are present. The second result is from the
transformer-based action recognition method, achieving
89.5% detection accuracy and an F1-score of 0.74. It selected
to leverage temporal modeling but includes an additional step,
as it noted subsequently behind the hybrid analytic
framework.

Mask R-CNN with temporal smoothing came in a close
third with competitive results (88.6% detection accuracy, 0.71
Fl-score), as it noted that it also incorporates measures of
spatial segmentation together with a described temporal
refinement. The 3D CNN activity recognition showed
moderate performance (87.0% detection accuracy, 0.68 F1-
score), while YOLOVS detection (85.5% accuracy, 0.65 F1-
score), as well as SSD + LSTM (83.4% accuracy, 0.61 F1-
score), performed to a lesser degree in comparison, primarily
as they faced night-time conditions and faced challenges from
variable motion characteristics of transport. Overall, the
results outlined here offer precise and accurate evidence of the
hybrid framework's ability to accurately develop targeting
analysis in complex and challenging low-visibility transport
settings.

m Detection Accuracy (%)
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89.5
88.6
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Proposed Hybrid ' YOLOvS5-based
Framework Detection

SSD + LSTM

3D CNN Activity Mask R-CNN + Transformer-based

Action
Recognition

Recognition Temporal

Smoothing

Fig. 6 Performance analysis-detection accuracy for nighttime transport hub

In Figure 6, the detection accuracy performance of the
different methods in a transportation hub at night, under low
lighting conditions with pedestrian and vehicle motion, is
presented. The hybrid framework method had the highest
detection accuracy performance of 92.1% which shows a
perfect adjustment for detection in challenging night-time
detection scenarios. The Action Recognition Transformer
(89.5%) and Mask R-CNN with temporal smoothing (88.6%)
achieved the second and third highest detection accuracy,
respectively, due to their improved temporal and spatial
modeling. The 3D CNN activity recognition had a reasonable
accuracy of 87.0, and the YOLOvS5-based detection (85.5) and
SSD + LSTM (83.4) had the lowest detection accuracy
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performance scores. This may be due to the feature extraction
and temporal reasoning in limited/poor lighting conditions.
Figure 7 presents the F1 scores that show the trade-off
between precision and recall (remember, F1 Score is used for
evaluating precision vs. recall) as well as performance during
anomaly detection under the same conditions. The hybrid
framework presented was the best overall performer with an
F1-score (0.82) and showed that it could account well for not
just false positives, but also false negatives. In our study,
action recognition was also high through all variants of the
transformer model (0.74) and Mask R-CNN with temporal
smoothing (0.71) because of their better spatial-temporal
fusion.
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Fig. 7 Performance analysis- F1-Score for nighttime transport hub

The F1 scores for 3D CNN (0.68), YOLOv5-based
detection (0.65), and SSD + LSTM (0.61) were lower than the
hybrid framework; mainly because those models struggled to
detect and label the anomalies in motion blur and low-light
conditions. The hybrid proposed model showed the best
detection accuracy (92.1 %) and Fl-score (0.82), to detect
transport hub anomalies at night, proving a significant
increase in correctly identifying anomalies and a substantial
decrease in false alarms in low-light conditions.

Operationally, it would imply that in a sample size of 100
anomalous events, the hybrid framework would identify an
additional 7-8 violations than another approach that could
identify the most, Transformer-based Action Recognition
(89.5% accuracy, 0.74 Fl-score). Likewise, detection
conducted using the hybrid system (accuracy, 85.2%; F1-
score, 0.68) could avoid approximately 15 to 17 false alarms
for each 100 detected events on average, enabling security
officers to use available resources more effectively by
dedicating their efforts to actual incidents. Such increases are
essential in ensuring safety and operational performance in
dimly lit and high-motion areas such as transport hubs at night.

The results for the large event stadium scenario can be
seen in Table 5 and exhibit that the proposed hybrid
framework has the highest overall performance (detection
accuracy of 95.2% and F1-Score of 0.86).

This indicates the hybrid framework's ability to handle
dense and highly dynamic settings (standard in significant
events) very well. The transformer action recognition model
follows up in second place (92.3% accuracy and F1-Score of
0.79), and likely benefited from its ability to model temporal
parameters well.
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Table 5. Performance comparison of the proposed hybrid framework-
detection accuracy and anomaly detection F1-Score for large event

stadium
. Anomaly
Method DetecthI(l) Detection F1-
Accuracy (%)
Score
Proposed Hybrid 957 0.86
Framework
YOLOVS—.based 383 071
Detection
SSD + LSTM 86.7 0.68
3D CNN Activity 90.4 0.73
Recognition
Mask R-CNN +
Temporal Smoothing 12 0.76
Transformer-based
Action Recognition 923 0.79

Mask R-CNN with temporal smoothing (91.2% accuracy
and F1-Score of 0.76) also performed well (while using spatial
segmentation with adjusted forms of temporal consistency).
The 3D CNN activity recognition model (90.4% accuracy and
F1-Score of 0.73) provided a reasonable performance as well
by effectively modeling features in space and time, though its
integration aspects were not as strong as the hybrid model. The
YOLOv5-based detection (88.3% accuracy and F1-Score of
0.71) and SSD and LSTM (86.7% accuracy and F1-Score of
0.68) models perform the worst, as previously mentioned,
mainly because YOLO and SSD are restricted in how they
perform temporal cognitive reasoning with fast-changing
dynamics in crowds. Overall, these results reinforce that the
hybrid framework can integrate important spatial and
temporal information, leading to better anomaly detection
capabilities in a dynamically complex environment of large-
scale events.
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Fig. 8 Performance analysis- detection accuracy for large event stadium
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Fig. 9 Performance analysis- detection accuracy for large event stadium

Figure 8 compares the detection accuracies of the
proposed method with five other methods. It is clear that the
Proposed Hybrid Framework has the best accuracy of 95.2%
by a wide margin, and the performances of the others were
significantly less accurate.

The second best was the transformer-based Action
Recognition method with an accuracy of 92.3%. The YOLOVS
and SSD+LSTM methods achieved lower accuracies than the
previously mentioned, with accuracies of 88.3% and 86.7%
respectively. This emphasizes the benefit of using the hybrid
approach for detection tasks.

Figure 9 compares the F1-scores for anomaly detection of
the hybrid framework with the contrasted methods. It is found
that the Proposed Hybrid Framework F1 outperforms with a
score of 0.86, which indicates very strong performance with
regard to anomaly detection. The following closest methods
were the transformer-based Action Recognition method and
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Mask R-CNN, with F1-scores of 0.79 and 0.76, respectively.
The poorer performing model was the SSD+LSTM, which had
an Fl-score of 0.68, indicating this method had minimal
anomalous behavioural recognition performance when
compared to the hybrid and transformer models.

The proposed hybrid framework had the highest detection
accuracy (95.2%) and score F1 (0.86) in the large event
stadium setting, demonstrating that its use in such settings can
lead to a significant increase in correctly detecting abnormal
behavior as well as a reduction in false alarms in very dense
and dynamic crowds.

In practice, the hybrid framework would tend to identify
an extra 6 to 7 violations in 100 anomalous events as
compared to the second-best model, Transformer-based
Action Recognition (92.3% accuracy, 0.79 Fl-score). By
tradeoff, the hybrid framework can decrease the number of
false alarms by about 15 per 100 events compared to
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YOLOv5-based detection (88.3% accuracy and 0.71 F1-
score), freeing up security personnel's time so they can focus
their efforts on actual incidents and address them more
efficiently. Such performance advancements are vital,

especially in stadium settings, where large crowds of people
and their quick movement and altering behaviors compound
the chances of failing to detect a target or triggering a false
alarm.

Table 6. Performance analysis of the proposed method-indoor hospital surveillance

(Indoor Hospital Surveillance)
Method Precision Recall FPR AUC Latency (ms)

Proposed Hybrid Framework 0.91 0.87 0.05 0.95 42

Transformer-based Action 0.86 0.79 0.07 0.91 48
Recognition

Mask R-CNN - Temporal 0.83 0.77 0.08 0.89 50
Smoothing

3D CNN Activity 0.81 0.74 0.09 0.87 44
Recognition

YOLOvS5-based Detection 0.78 0.72 0.11 0.85 36

SSD + LSTM 0.76 0.69 0.13 0.82 39

Table 6 shows the performance results of the indoor
hospital surveillance evaluation, which reveal parallel results
for the Proposed Hybrid Framework, which yielded the best
overall performance with an accuracy of 0.91, 0.87 recall, 0.05
false positive rate, and 0.95 AUC score. The Proposed Hybrid
Framework had an acceptable low latency of 42ms, which is
appropriate for real-time monitoring.

The Transformer-based Action Recognition came in
second with reasonable accuracy (AUC 0.91) when using the
last 10 frames, with a little higher latency (48ms) and false
positive rate (0.07).

Similar moderate levels of performance were observed
with Mask R-CNN with Temporal Smoothing and 3D CNN
Activity Recognition methods using AUC 0.89 and AUC 0.87,
respectively, with considerably higher latencies. Meanwhile,
the YOLOvS5-based Detection and SSD + LSTM approaches
had lower levels of precision and recall (< 0.78 and < 0.72)
but were only a little faster, which makes them less appealing
for critical environments such as a hospital setting, since
detection accuracy should take precedence over detection
speed, often referred to as ‘"potentially harmful if
discrepancies are incorrectly evaluated.
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Transformer-based Mask R-CNN +

Action Recognition

Proposed Hybrid
Framework

Performance Analysis-Indoor hospital surveillance scenario
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0.87

YOLOvV5-based
Detection

SSD + LSTM

3D CNN Activity
Recognition

Fig. 10 Performance analysis of the proposed method- precision, recall, and AUC in Indoor hospital surveillance scenario
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Figure 10 illustrates the precision, recall, and AUC
metrics for the proposed hybrid method alongside those of five
other methods for indoor hospital surveillance. The Proposed
Hybrid Framework achieved the best-performing results, with
precision (0.91), recall (0.87), and AUC (0.95), yielding the
best balanced metrics. Transformer-based Action Recognition
and Mask R-CNN with temporal smoothing achieved
comparable AUC values (0.91 and 0.89); however, they
obtained lower recall.

3D CNN Activity Recognition and YOLOvS-based
Detection achieved relatively better AUC scores of 0.87 and
0.85, respectively. The SSD+LSTM approach lagged behind
all other methods in terms of both recall (0.69) and AUC.
Overall, the hybrid framework proved advantageous, enabling
more reliable and consistent detection in the indoor hospital
surveillance context. Figure 11 demonstrates the FPR for the
proposed hybrid method with five other methods for indoor
hospital surveillance.

Performance Analysis of the proposed method —FPR(Indoor hospital surveillance scenario)

Framework Temporal

Smoothing

Action Recognition

Proposed Hybrid ~ Transformer-based ~Mask R-CNN +

3D CNN Activity

YOLOvS5-based
Detection

SSD + LSTM
Recognition

Fig. 11 Performance analysis of the proposed method —FPR (Indoor Hospital Surveillance scenario)

Performance Analysis of the proposed method —Latency(Indoor hospital surveillance
scenario)

39

Temporal
Smoothing

Framework Action Recognition

Proposed Hybrid Transformer-based Mask R-CNN +

YOLOvS5-based
Detection

3D CNN Activity SSD + LSTM

Recognition

Fig. 12 Performance analysis of the Proposed Method —Latency (Indoor Hospital Surveillance Scenario)
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The Proposed Hybrid Framework (Hybrid Framework)
has the lowest FPR at 0.05 and is therefore the most effective
at minimizing false positives. The Transformer-based action
recognition and Mask R-CNN + temporal smoothing
approaches have slightly higher FPRs of 0.07 and 0.08,
respectively. 3D CNN Activity Recognition has an FPR of
0.09. The YOLOv5-based Detection has the highest FPR of
0.11, demonstrating that wrong detection occurred more
frequently than the other methods tested. Overall, the hybrid
framework demonstrates significantly better precision in
minimizing false verification instances than all other methods.
Therefore, the hybrid framework is characterized as the
preferred and acceptable method for monitoring critical
surveillance in healthcare settings. As shown in Figure 12, the
latency plot represents response times of individual methods
for hospital surveillance tasks. The fastest latency was
achieved by YOLOv5-based Detection, with a reported lowest
latency of 36 ms of processing. SSD + LSTM was the next
detected latency, at 39 ms. Mask R-CNN with temporal
smoothing had the highest latency in the sensing tasks (50 ms).
The Proposed Hybrid Framework sweeps between the fastest

and slowest detected latencies, with the next best detection
latency of 42 ms. The suggested hybrid framework scored the
best in precision (0.91), recall (0.87), false positive rate (0.05),
and AUC (0.95) for indoor hospital surveillance, thus
demonstrating a high score in identifying actual anomalies and
minimizing false alarms. In practice, this implies that the
hybrid framework can minimize the number of missed
genuine violations by identifying around eight more such
violations per 100 events than compared to the next best
approach (Transformer-based Action Recognition, precision
0.86, recall 0.79, FPR 0.07) and minimize false alarms by
means of avoiding 2 per 100 events as opposed to the next best
approach. In comparison with the detection based on YOLOv5
(precision 0.78, recall 0.72, FPR 0.11), the improvements are
even more significant: the hybrid framework could detect 15
additional violations in 100 events and lower the number of 6
false positives in the other 100 declarations. In a hospital
environment, such advances are essential, as failures to detect
a patient on time may jeopardize patient safety, and an
excessive number of false alarms may strain the staff
members.

Table 7. Performance analysis of the proposed method-outdoor crowded market scenario

Outdoor Crowded Market
Method Precision Recall FPR AUC Latency (ms)
Proposed Hybrid Framework 0.88 0.80 0.06 0.93 43
Transformer-based Action 0.84 0.75 0.08 0.89 49
Recognition
Mask R-CNN + Temporal 0.81 0.71 0.09 0.87 50
Smoothing
3D CNN Activity 0.79 0.68 0.10 0.85 45
Recognition
YOLOv5-based Detection 0.76 0.64 0.12 0.82 37
SSD + LSTM 0.73 0.61 0.14 0.80 40
Performance Analysis of the proposed method- Precision, Recall and AUC in outdoor crowded market
® Precision mRecall mAUC
0.93
0.88 0.87
0.8
Proposed Hybrid Transformer-based Mask R-CNN + 3D CNN Activity YOLOvVS5-based SSD + LSTM
Framework Action Recognition Temporal Smoothing Recognition Detection

Fig. 13 Performance analysis of the proposed method- precision, recall, and AUC in an outdoor crowded market
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Surveillance performance analysis for outdoor crowded
markets form Table 7 indicate that the Proposed Hybrid
Framework has better detection performance than all other
methods and achieved the best precision (0.88), recall (0.80),
and AUC (0.93) with a low false positive rate (0.06) and
overall latency of 43 ms, indicating it is also beneficial in
dynamic and dense environments. Reasonably close behind is
transformer-based Action Recognition that had slightly lower
precision (0.84) and AUC (0.89), but a longer latency (49 ms).
The moderate performance of Mask R-CNN with Temporal
Smoothing and 3D CNN Activity Recognition is comparable
in AUC (0.87 and 0.85) but consequently has higher false
positive rates. The latency of YOLOVS and more original SSD
+ LSTM models, although acceptable (37-40 ms), was
accompanied by very low precision and recall (<0.76 and
<0.64), rendering them ineffective in accurately detecting
anomalies in crowded circumstances. In all, the hybrid

framework approach offers the best trade-off between
accuracy and speed for complex outdoor market conditions.
Figure 13 shows the performance analysis in the outdoor
crowded market setting. The Proposed Hybrid Framework
achieved the highest overall results with a precision of 0.88, a
recall of 0.80, and an AUC of 0.93. The Proposed Hybrid
Framework provided the best overall outcome because it
achieved the most balanced detection of people, with a
significantly enhanced AUC statistic and recall, even though
recall was not the primary intended measure: the Transformer-
based Action Recognition and Mask R-CNN. Temporal
Smoothing was similar, with AUC scores of 0.89 and 0.87,
respectively, but lower recall (0.75 and 0.71). The 3D CNN
Activity Recognition had a competitive AUC of 0.85 but a
lower recall (0.68). Finally, YOLOv5-based Detection and
SSD + LSTM had some of the lowest recall (0.64 and 0.61)
and lower overall compared to the hybrid framework.

Performance Analysis of the proposed method- FPR in outdoor crowded market

Framework  Action Recognition Temporal

Smoothing

Proposed Hybrid Transformer-based Mask R-CNN + 3D CNN Activity YOLOvS5-based

SSD + LSTM

Recognition Detection

Fig. 14 Performance analysis of the proposed method- FPR in an outdoor crowded market
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Performance Analysis of the proposed method- Latency in outdoor crowded market
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3D CNN Activity  YOLOvS5-based
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Fig. 15 Performance analysis of the proposed method-latency in an outdoor crowded market
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From Figure 14, it is evident that the Proposed Hybrid
Framework outperformed others in detecting people in
crowded markets, achieving high precision (0.88), high recall
(0.80), and high AUC (0.93), while maintaining the lowest
FPR (0.06).

Competing techniques, including the Transformer-based
and Mask R-CNN methods, exhibited moderate differences,
while the YOLOVS and SSD+LSTM techniques achieved the
lowest detection performance, albeit with higher false
positives.

Analysis of latency for the outdoor crowded market
scenario in Figure 15 revealed that the YOLOvS5-based
detection technique has the lowest latency of 37 ms, making it
the fastest method of detection, followed closely by the
SSD+LSTM technique at 40 ms. The Proposed Hybrid
Framework achieved a moderate latency of 43 ms and strikes
a balance between speed and accuracy.

The 3D CNN Activity Recognition technique recorded a
latency of 45 ms. In comparison, the Transformer-based
Action Recognition and Mask R-CNN with Temporal
Smoothing techniques recorded the slowest latencies at 49 ms
and 50 ms, respectively, indicating that those techniques could
not operate in real-time. Therefore, although YOLOVS is the

fastest technique, the proposed hybrid method provides
competitive latency while achieving the most accurate and
reliable results across detection measures.

The chosen hybrid framework yielded the highest
precision (0.88), recall (0.80), and the lowest false positive
rate (0.06), as well as the highest AUC (0.93), indicating a
high ability to identify genuine anomalies at the expense of
false alarms in dynamic and densely populated areas.

Operationally, the hybrid framework could identify an
additional 5 actual violations per 100 events and reduce false
alarms by 2 per 100 events, relative to the best method,
Transformer-based Action Recognition (precision 0.84, recall
0.75, FPR 0.08). The hybrid system produced similar
performance (precision 0.75, recall 0.62, FPR 0.11) compared
to the whole system based on YOLOvS5-based detection
(precision 0.76, recall 0.64, FPR 0.12).

However, it was able to detect around 16 more violation
instances per 100 events and was, on average, less than 6 false
positives per 100 events. These advances are paramount in
busy open spaces where precise anomaly detection and their
subsequent response by security guards can divert their
attention and result in unnecessary detriments due to false
alarms.

Table 8. Performance analysis of the proposed method-Nighttime transport hub scenario

Nighttime Transport Hub

Method Precision Recall FPR AUC Latency (ms)
Proposed Hybrid Framework 0.86 0.78 0.07 0.91 45
Transformer-based Action Recognition 0.82 0.70 0.09 0.88 50
Mask R-CNN + Temporal Smoothing 0.80 0.67 0.10 0.86 52
3D CNN Activity Recognition 0.77 0.64 0.11 0.84 46
YOLOVS5-based Detection 0.74 0.61 0.13 0.81 38
SSD + LSTM 0.71 0.58 0.15 0.79 41

0.91 0.88

0.86 0.86

0.82

Transformer-based Mask R-CNN +

Proposed Hybrid
Framework

Performance Analysis of the proposed method- Precision, Recall and AUC in Nighttime transport hub
H Precision MRecall ®AUC

Action Recognition Temporal Smoothing

0.84 0.81

YOLOvVS5-based
Detection

3D CNN Activity SSD + LSTM

Recognition

Fig. 16 Performance analysis of the proposed method-precision, recall, and AUC in nighttime transport hub
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In the Nighttime Transport Hub scenario, the Proposed
Hybrid Framework peaked, yielding the best performance
overall on precision (0.86), recall (0.78), lowest false positive
rate (0.07), and AUC (0.91), yielding *a latency of 45 ms,
capable of real-time deployment as shown in Table 8.
Transformer-based Action Recognition ranked second,
yielding reasonable precision (0.82) and AUC (0.88), but poor
latency (50 ms) and false positives (0.09). Mask R-CNN +
Temporal Smoothing and 3D CNN Activity Recognition
yielded moderate results (AUC 0.86 and 0.84), but because of
their latencies and errors, they made them ideal for a nighttime
monitoring context where everything is critical. Also,
YOLOvS5-based Detection and SSD + LSTM yielded the
lowest precision and recall (<0.74 and <0.61) yet rated slightly
better latency (38—41 ms), limiting their capability to detect
anomalies in a complex nighttime transport situation where
high precision is paramount. Figure 16 provides a comparison

of the performances of the proposed method on nighttime
transport hub scenarios by three metrics: Precision, Recall,
and AUC. The proposed hybrid framework offers competitive
but balanced and superior performance, achieving Precision
0.86, Recall 0.78, and AUC 0.91. The other method, based on
transformer-based action recognition methods, also achieves
high AUC (0.88) and good precision (0.82) but slightly lower
Recall (0.70). Mask R-CNN with temporal smoothing and 3D
CNN activity recognition shows similar performance on AUC
(0.86-0.84) but lower Recall (0.67-0.64). YOLOvS5-based
detection and SSD + LSTM performance outperformed the
previous models, especially on Recall (0.61 and 0.58,
respectively), but reasonably scaled scores (.81 and .79) for
AUC. It is clear that the hybrid methods and transformer
methods excel for nighttime activity recognition tasks, as they
performed more reliably for these tasks in challenging
conditions.

Performance Analysis of the proposed method FPR in Nighttime transport hub

Proposed Hybrid =~ Transformer-based =~ Mask R-CNN +
Framework Action Recognition Temporal
Smoothing

3D CNN Activity

YOLOvVS5-based
Detection

SSD + LSTM
Recognition

Fig. 17 Performance analysis of the proposed method FPR in nighttime transport hub

Performance Analysis of the proposed method- Latency in Nighttime transport hub
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Fig. 18 Performance analysis of the proposed method-Latency in nighttime transport hub
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Figure 17 indicates the False Positive Rate (FPR) of the
hybrid framework in nighttime transport hub cases in the real
environment. The proposed hybrid framework rates the lowest
FPR (0.07), demonstrating high reliability and low false alarm
count.

The hybrid framework is followed by transformer-based
action recognition, with an FPR of 0.09, while Mask R-CNN
with temporal smoothing and 3D CNN activity recognition
managed a moderate FPR of 0.10 and 0.09, respectively.
YOLOv5-based detection created the next level of FPR at
0.13, and SSD + LSTM achieved the lowest aspects of
reliability and the highest FPR at 0.15. The hybrid method had
better overall performance with respect to precision and a
reduction in false positives, particularly in adverse failing
lighting conditions or nighttime.

Figure 18 shows a comparison of the latency (in
milliseconds) of the proposed method with the contrasted
methods for the recognition of hub turn activity for nighttime
purposes. The proposed hybrid framework model provides
relatively low latency at 45 ms, balancing time and accuracy.
We see slightly higher latencies with the Transformer-based
action recognition (50 ms) and Mask R-CNN model with
temporal smoothing (52 ms), as we had anticipated before,
likely due to their more complex computations. Latency is

improved with 3D CNN activity recognition (46 ms).
Interestingly, the YOLOv5-based detection method had the
lowest latency of 38 ms, showing its capability for future real-
time applications; meanwhile, SSD + LSTM had moderate
latency (41 ms). Overall, we see that YOLOVS is the fastest
model with low latency among all models, followed by the
SSD + LSTM method. The Mask R-CNN has the slowest
latency among the models we have evaluated.

The hybrid structure demonstrated the best precision
(0.86), recall (0.78), the minimum false positive rate (0.07),
and AUC (0.91) on nighttime transport hub surveillance,
demonstrating a superior ability to both detect true anomalies
and avoid false alarms in low-light, highly patterned scenes.
Operationally, the hybrid framework would identify about 8
more target violations in 100 events and two fewer false
alarms in 100 events as compared to Transformer-based
Action Recognition (precision 0.82, recall 0.70, FPR 0.09).
The gains are even more significant when compared to the
YOLOv5-based detection (precision 0.74, recall 0.61, FPR
0.13): the hybrid framework was able to detect about 17 more
violations per 100 events, only to reduce the false alarms by 6
per 100 events. These enhancements are of special importance
in night-time transport hubs in which missed detections may
jeopardize the safety of the passengers, and fast false alarms
may saturate the security personnel.

Table 9. Performance analysis of the proposed method-large event stadium

Large Event Stadium

Method Precision Recall FPR AUC Latency (ms)
Proposed Hybrid Framework 0.90 0.82 0.05 0.94 44
Transformer-based Action Recognition 0.85 0.76 0.07 0.90 49
Mask R-CNN + Temporal Smoothing 0.82 0.73 0.08 0.88 51
3D CNN Activity Recognition 0.80 0.70 0.09 0.86 46
YOLOvS5-based Detection 0.77 0.66 0.11 0.83 37
SSD + LSTM 0.74 0.63 0.13 0.81 40

Table 9 describes the results of the hybrid framework and
other activity recognition models applied to large event
stadium settings, and the performance results are reported
using five metrics: Precision, Recall, False Positive Rate
(FPR), AUC, and Latency. The hybrid framework performed
the best out of the evaluated methods because it was able to
achieve the highest precision (0.90), recall (0.82), and AUC
(0.94) values while producing the lowest FPR value (0.05) and
lowest latency (44 ms).

Therefore, the hybrid method had the best performance in
terms of accuracy and reliability with the least number of false
positives. The transformer-based action recognition method
and the Mask R-CNN + temporal smoothing methods each
had the following highest AUC values (0.90 and 0.88,
respectively). They had slightly lower FPR and latency
performance metrics. The 3D CNN model for activity
recognition had a balanced yet moderate set of performance
metrics. The detection based on YOLOVS had a great speed,
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but although it had the lowest latency (37 ms), it had a higher
FPR and low recall. Therefore, this model is less useful given
that extremely high-speed scenarios require good accuracy to
be reliable. The SSD + LSTM model was by far the weakest,
with the lowest accuracy metrics and the FPR value (0.13)
even surpassed that of the basic YOLO (0.11) value. Overall,
this lends support for using the hybrid framework as it is the
most robust framework for use in large high-density settings
like stadiums.

Figure 19 presents the performance metrics of the
proposed framework in large event stadium settings. The
hybrid model performed strongest overall: Precision 0.90,
Recall 0.82, AUC 0.94 (strong overall accuracy).

The Transformer-based activity recognition and Mask R-
CNN with temporal smoothing closely followed by an AUC
0f 0.90 and 0.88, but their Recall was slightly lower (0.76 and
0.73, respectively).
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Performance Analysis of the proposed method-in Large Event Stadium

m Precision ®Recall = AUC

0.94

0.83 0.81

Proposed Hybrid Transformer-based Mask R-CNN + 3D CNN Activity YOLOV5-based SSD + LSTM
Framework Action Recognition ~ Temporal Smoothing Recognition Detection

Fig. 19 Performance analysis of the proposed method-precision, recall, and AUC in large event stadium

The 3D CNN model's activity recognition offered metrics crowd and therefore less reliable. Overall, Hybrid and
that were balanced (Precision: 0.80, Recall: 0.70, AUC: 0.86). Transformer-based models provided a consistent advantage
The YOLOvVS5-based detection and SSD + LSTM both offered over the remaining models in terms of higher precision and
lower Recall (0.66 and 0.63, respectively) and moderate AUC overall detection performance in more complex environments,
(0.83 and 0.81, respectively), making them usable for a large sustaining events in stadiums.

Performance Analysis of the proposed method- FPR in Large Event Stadium

Proposed Hybrid Transformer-based Mask R-CNN + 3D CNN Activity YOLOvS-based ~ SSD + LSTM
Framework Action Temporal Recognition Detection
Recognition Smoothing

Fig. 20 Performance analysis of the proposed method- FPR in large event stadium
Figure 20 shows a comparison of the False Positive Rate reducing false alarms. The transformer-based action

(FPR) in big event stadiums. The proposed hybrid framework  recognition model with 0.07 closely follows the second best,
has the lowest FPR of 0.05, demonstrating its effectiveness in ~ with the next highest being the Mask R-CNN with temporal
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smoothing at a FPR of 0.08 and 3D CNN action recognition at
a FPR of 0.09, next is YOLOvS5-based detection at 0.11, and
the last on the list is SSD + LSTM with a FPR of 0.13. Even

with this breakdown, it is found that the hybrid framework is
the best at reducing mistakes or errant detections in complex,
chaotic stadium environments.

Performance Analysis of the proposed method- Latency in Large Event Stadium
6
40
Proposed Hybrid ~Transformer-based ~Mask R-CNN+ 3D CNN Activity ~ YOLOvS5-based SSD + LSTM
Framework Action Recognition Temporal Recognition Detection
Smoothing

Fig. 21 Performance analysis of the proposed method-Latency in large event stadium

Figure 21 shows the latency (in ms) in large event stadium
contexts. The hybrid framework we proposed exhibits low
latency, at 44 ms, while balancing speed with accuracy. At
slightly  higher latencies, Transformer-based action
recognition and Mask R-CNN with temporal smoothing have
latencies of 49 ms and 51 ms, respectively, due to their
complex processing architectures. The 3D CNN activity
recognition latency is slightly worse than that of our proposed
hybrid framework, with a latency of 46 ms. YOLOv5-based
detection achieved the lowest latency of 37 ms, indicating high
potential for real-time applications, while SSD + LSTM is
moderate at 40 ms. Overall, YOLOvS has the advantage in
speed, while our hybrid framework gives a solid compromise
in speed and accuracy.

The proposed hybrid model yielded the best precision
(0.90), recall (0.82), lowest false positive rate (0.05), and
highest AUC (0.94) in extensive event stadium surveillance,
proving to be the best at detecting genuine anomalies and
making fewer false alarms in a high-density dynamic crowd.
Operationally, the hybrid framework identified around 6 more
true events as violations in 100 events and eliminated about 2
false alarms in 100 events in comparison to the second-best
approach Transformer-based Action Recognition (precision
0.85, recall 0.76, FPR 0.07), meaning that the proposed
framework could have been used to identify additional actual
violations, reducing false violations in comparison to the
second-best approach. In comparison with YOLOvS5-based
detection (precision 0.77, recall 0.66, FPR 0.11), the
combination framework detected about 16 and 6 more
violations per 100 events with fewer false alarms per 100
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events (1.12 compared to 0.07). These operational advantages
are essential in stadia environments, where the potential for
large-scale crowd flows and massive crowds creates spaces
that can be severely disruptive, leading to missed events and
false alarms that can distract security staff ineffectively when
responding to a physical event.

4.3. Post-Hoc Analysis

A Tukey Honestly Significant Difference (HSD) post-hoc
test was conducted, and specific pairwise differences amongst
models were detected. The pairwise comparisons of the Tukey
HSD test following the one-way ANOVA are shown in Table
10.

Table 10. Tukey HSD Post-Hoc test results for model performance

comparison
Model Mean p- Significance
Comparison Diff. (A) | value g
Proposed vs +0.07 | <0.01 | Significant
Transformer
Proposed vs Mask .
R-CNN +0.09 <0.01 Significant
Proposed vs SSD Highly
+LSTM F012) <0.001 1 g cant
Proposed vs Highly
YOLOvS 0.13 <0.001 Significant

Table 10 offers the Tukey HSD post-hoc comparison that
proves the fact that the proposed hybrid framework
demonstrates statistically superior results as compared to all
other baseline models. The average positive difference in the
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Fl-score in the proposed model and the Transformer-based
model is +0.07 (p <0.01), which is very significant. Similarly,
the superiorities of +0.09, +0.12, and +0.13 over Mask R-
CNN, SSD + LSTM, and YOLOVS, respectively, are
extremely important (p < 0.001), which testifies to the great
potential for enhancing the capabilities of detecting
abnormalities.

These differences exceed the calculated Tukey critical
value (HSD = 0.064), indicating that the improvements are not
merely due to random variance but are statistically significant.
The average high superiority in all comparisons demonstrates
the strength and generalization capability of the suggested
framework in complicated surveillance situations.

On the contrary, the differences in inter-baselines that
were smaller (e.g., Transformer vs. Mask R-CNN) were non-
significant, which suggests that the significant enhancement
can be attributed to the fact that the proposed model introduces
a new set of spatial-temporal and contextual learning
processes-Table 10 Tukey HSD Pairwise Comparison Results
for Mean F1-Scores Across Models.

4.4. Failure Analysis and Robustness Test

A thorough analysis of the failure was performed to
identify the system's limitations under challenging real-world
conditions. Qualitative inspection revealed that the primary

causes of misclassification were low-light conditions, heavy
occlusions, and overlapping motion patterns. Quantitatively,
the performance was significantly reduced by 6.3% in F1-
score in poor illumination and 4.8% under multiple dynamic
objects.

Robustness testing was performed by adding Gaussian
noise, occlusions, and frame-rate variations, and the proposed
model achieved over 90% detection accuracy in these
conditions, which is significantly higher than that of the
baseline models. These results demonstrate the high resilience
and adaptability of the system, with future improvements
planned to enhance illumination normalization and model
multi-object context.

4.5. Computational Efficiency & Scalability

Table 11 presents a comparative evaluation of the
computational efficiency, memory consumption, and
scalability performance of the proposed hybrid model and four
baseline architectures: Transformer, Mask R-CNN, SSD +
LSTM, and YOLOvVS5. Some of the metrics evaluated are
inference time per frame (in milliseconds), GPU memory
usage (in gigabytes), training time per epoch (in minutes),
accuracy degradation when scaling up the dataset by a factor
of 10, and the overall scalability rating. All experiments were
conducted on a standardized hardware setup and dataset to
ensure fairness and reproducibility.

Table 11. Comparative analysis of computational efficiency and scalability

Model Inference Time GPU Memory Training Time per Accuracy Drop Scalability
(ms/frame) Usage (GB) Epoch (min) (10x Data Scale) Rating
Proposed Hybrid 4 5.8 9.6 1.3% Excellent
Model
Transformer 60 6.9 11.5 3.8% Good
Mask R-CNN 71 7.4 13.2 4.1% Moderate
SSD + LSTM 64 7.1 12.8 3.5% Good
YOLOvS 58 6.6 10.9 3.2% Good

The results in Table 11 clearly show that the proposed
hybrid model outperforms all baseline models in both terms of
computational efficiency and scalability. It has the quickest
inference time (42 ms/frame), minimum GPU memory
consumption (5.8 GB), and training time (9.6 min/epoch)
while still having a mere 1.3% accuracy loss when upscaling
to 10 times the data volume, which gives it an "Excellent"
rating for scalability.

In contrast, the models like Transformer, SSD + LSTM,
and YOLOvVS show moderate performance with inference
times ranging between 58-64 ms/frame and accuracy drops
around 3-4%. The slowest and the worst degradation (4.1%)
is shown for Mask R-CNN due to the hefty feature extraction
pipeline. Overall, the proposed framework shows better
computational efficiency, low architecture, and high
scalability, which are ideal for developing real-time large
applications used for public health and safety applications.

5. Discussions

The proposed Hybrid Deep Visual Intelligence
Framework solves challenges in automated public health and
safety monitoring through convolutional, temporal, and
transformer-based architectures. Instead of traditional rule-
based or single-model methods on the characteristics of a
person and compliance (mask status), this framework takes
advantage of multiscale spatial detection with ResNet-101 and
YOLOVS, even when enabled with multiple obscurations and
lighting environments. The 3D CNNs supplied robust
temporal modeling capabilities to recognize complex
behaviors such as crowd formation, non-compliance
incidents, and abnormal behavior reliably. Accordingly,
Vision Transformers support contextualized features using
scaled vectors between the compliance person and features of
metadata, for example, the time of day, location, and other
environmental conditions, to help reduce ambiguity when
detecting compliance status.
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The evaluations conducted in various settings (hospitals,
crowded markets, transportation hubs, and sporting venues)
have consistently shown that our framework outperformed
traditional baselines in accuracy, anomaly detection, and
compliance scoring with real-time processing rates between
24 and 29 frames per second.

These results support the case for considering the
combination of multimodal data and time-based reasoning
when designing scalable surveillance solutions. In addition,
the adaptive learning capability of the system, which allows
the system to adapt as operational conditions change, is
important in actual deployments, where unexpected changes
or compliance measures and emerging threats can occur.

But there are still obstacles to overcome. First, the
annotated data has plenty to report, exceptionally uncommon
compliance contexts. Second, already a large computing
footprint, when you think about getting the video images from
multiple high definition cameras at once, things become more
onerous. Third, there may be some ethical concerns related to
privacy and data governance, which may be addressed by
either federated learning or differential privacy. Overall, this
research provides some positive confirmation of the potential
of integrated deep learning frameworks for enhancing public
health enforcement, but also suggests that we really must
continue to investigate data efficiencies, privacy governance,
and implementation modalities if we wish to scale out Deep
Learning and Al more generally in problem spaces in the wild.

This study presents several novel contributions that
further the field of image and video processing for public
health and safety enforcement. First, the framework combines
hybrid 2D- 3D deep networks for rich spatial-temporal
understanding, allowing accurate detection of multiple objects
and evolving behaviors of those objects in continuous video
streams. Second, it uses transformer-based cross-modal fusion
strategies with environmental context like location metadata,
time of day, and superior air quality, which may all improve
the reliability of detection models in complex environments.
Third, the system applies federated learning with privacy-
preserving strategies to train models cooperatively at
surveillance nodes, and without the sharing of raw video to
protect individual privacy while achieving high-resolution
performance. Lastly, it incorporates a compliance scoring
component that directs automatic risk reduction, and its
adaptive learning capabilities automatically retrain and
develop detection models for operational developments
through best practices learning. Together, these contributions
define an open, scalable framework for efficient and ethical
intelligent public health monitoring.

The design and architecture of the hybrid framework
inherently provide robustness to unseen environmental
variations, such as changes in lighting conditions, camera
angles, and scene perspectives.

120

5.1. Robustness to Lighting Conditions

The hybrid framework is the combination of spatial and
temporal feature extraction with a fusion of Deep Learning
Models (CNNs, transformers, and temporal smoothing
mechanisms). This enables the system to adjust to difficult
lighting situations, e.g., dark places in a transport hub at night
or the shadows of a stadium. The testing in the Nighttime
Transport Hub scenario confirms that the model ensures the
high detection accuracy (92.1) and F1-score (0.82), and hence,
has a small false positive rate (0.07) even in conditions of a
low light setting. Such results indicate that the generation of
the hybrid framework through this survey could be adopted in
new conditions of a similar low-light character outside the
original data, correctly.

5.2. Adaptation to Different Camera Angles and Perspectives

The multi-view spatial feature extraction and temporal
modelling provide the ability of the hybrid system to identify
actions and anomalies over different perspectives. In contrast
to frame-based detectors, e.g., YOLOvVS or SSD, which fail in
cases of occlusions or a shift in perspective, the hybrid method
models the spatial relationships over a series of frames and is
therefore able to still correctly flag exceptions despite either
being partially occluded or the camera perspective being
shifted. In the example of the crowded outdoor market, the
system can track a large number of camera positions and a
wide-angle view to achieve a precision of 0.88 and a recall of
0.80.

5.3. Generalization to Unseen Environments

This characteristic, as well as the hybrid architecture,
allows the framework to aggregate spatiotemporal patterns
and representations of context, which creates flexibility for
new environments without requiring massive retraining. The
reliability of this performance in such different environments,
both stable (indoor controlled environment (hospital)) and
dynamic and highly variable (large-scale music events),
indicates its potential ability to be applied in other high-traffic
crowds or public places, such as airports, transit stations, or an
urban square, where behaviors and light can widely vary. The
minimal latency (4245 ms) and the AUC scores (0.910.95)
also evidence that the system is capable of delivering real-time
anomaly detection performance with high certainty of
detection even when situated in new destinations.

5.4. Implications for Real-World Deployment

The stability towards changes in the environment makes
the hybrid framework an effective operational surveillance
tool. The combination of spatial-temporal features, temporal
smoothing, and transformer-action recognition helps address
the prevalent problem, including motion blur, occlusion, and
light change. This guarantees that differentiation does not
deteriorate much even when a new scenario is encountered,
which was not included in the training sets. Therefore, the
framework has the potential for significant deployment in real-
world surveillance with little to no false positives, which is
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crucial in the respect of hospitals, transport hubs, or significant
public events.

5.5. Ethical and Social Implication

The framework offered up here emphasizes ethical use of
Al by ensuring privacy of data, transparency, and fairness in
decision-making. All video streams are anonymized with the
help of automated face blurring and differential privacy
techniques for the privacy of individual identities. Federated
learning thus removes the requirement of transferring data
centrally, hence reducing the risks of privacy issues. Ethical
principles of Al are ensured through the avoidance of
algorithmic bias by continuous representation of the datasets
and validation. The system is compliant with legal
requirements such as GDPR and local data protection laws,
hence the responsible use of data is ensured. Furthermore,
local community engagement and human supervision are part
and parcel of social trust and accountability in the real world.

5.6. Limitations and Practical Implications

Although the Hybrid Deep Visual Intelligence
Framework that we are proposing produces reliable outputs
for detecting public health violations and safety outliers, it
does have limitations. Since this approach includes such a
wide range of annotated image and video data, it involves a
laborious and at times costly data collection and labeling
process. There are also costs associated with the increased
computational demands of the models’ multiscale CNNs, 3D
temporal, and Vision Transformer, and other components that
require dedicated hardware and computing power in real-time,
which may not be applicable at all times or scenarios. Making
general distinctions across domains may also produce
decoupled accuracy to the degree generalization of the model
might be feasible based on differences in camera location and
configuration, light sources and lighting conditions, or
differences in cultural and behavioral practices, and thus the
different measures of domain adaptations may only be
marginally useful in this effort at best. Privacy and ethical
issues are also intrinsic, given that continuous surveillance and
personal trait identification can contradict regulations and
public acceptance. However, within this context, this
framework has substantive operational benefits: an automated,
scalable capacity for health authorities to monitor compliance
behaviours in hospitals, transport hubs, and entertainment
venues; alleviation from the demands of human operators to
ensure consistent detection; and aggregated information to
inform policy. By identifying selective implementation
approaches and integrating additional sensing modalities,
there is an opportunity for great potential in improving public
health and safety management in complex and dynamic
contexts.

6. User Interaction & Deployment Challenges
The use of the proposed Al-powered Public Health and

Safety Enforcement Framework in the real world includes

careful considerations of user interaction design, scalability,
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and usability from an operational perspective. The framework
has been architected for integration with existing surveillance
infrastructures, but there are some practical challenges
involved in making the transition from controlled experiments
to the field. One of the issues ahead is usability by non-
technical operators such as public health officials and safety
inspectors. To solve this, the dashboard aspect of the system
has been built with intuitive visualizations such as a heat map,
risk score, and compliance timeline. These visual tools are
interpretively immediate and do not require much technical
expertise. Interactive elements allow the exploration of event
history, replay of non-compliance events, and report export for
administrative documentation. However, keeping such
visualizations clear and responsive in the event of heavy data
loads is a constant design problem, especially in heavily
monitored environments.

From a deployment point of view, the system needs to
cope with heterogeneous hardware setups and different
network circumstances in different places, like hospitals,
transport centres, and public markets. Edge-based
computation is implemented to process data at the local level,
which reduces latency and maintains privacy. Nonetheless,
because of the distributed architecture of this data, there are
synchronization issues between the edge nodes and the central
servers. Intermittent connectivity/bandwidth problems could
affect the delivery of alerts in real time and updates to models
in the cloud. To deal with these problems, the system uses
asynchronous message queuing and federated learning
updates, by which each node can be independent, but the
model is consistent over time. Hardware Scalability is another
important factor. The more cameras and sensors are added, the
efficient the balance of computations for GPU or TPUs has to
be achieved. This is done through using modular deployment
strategies and policies for resource allocation based on the
actual hardware capacity available at each moment.

Scalability and interoperability are other challenges in
deploying the system, especially if integrating the system
across multiple jurisdictions or agencies that may be using
different data standards and surveillance protocols. The
architecture supports the containerisation with Docker and
orchestration by Kubernetes, which supports distributed
deployment and continuous monitoring. However, the
heterogeneity of visual inputs, e.g., thermal and RGB cameras,
drones, and wearable devices, requires the use of adaptive
calibration pipelines in order to have consistent detection
accuracy. This adaptability means that the model will be able
to generalize in various conditions, such as lighting variation,
crowd density, and environmental noise.

Another important dimension is that of user trust and
ethical acceptance. While there are anonymization techniques
that come with the framework (which include face blurring
and differential privacy), the public perception of Al-powered
surveillance remains sensitive. Some of the most important
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considerations to gain acceptance by society are transparency
in the decisions the system makes, Auditability of the alerts,
and strict compliance with local data protection laws.
Moreover, constant feedback from field operators is also part
of the adaptive learning loop, so that the model can become
better using it in the real world with accountability.

Although the proposed system has shown great technical
ability and scalability, the application in the real world will
need continuous optimization for the management of diversity
in infrastructure, variability in bandwidth, accessibility for
users, and ethical issues. Tackling these challenges ensures
that the framework not only works in the laboratory setting but
is also operationally viable in a social and adaptable way to
the dynamic context of public health and safety enforcement.

7. Conclusion

This study outlined a Hybrid Deep Visual Intelligence
Framework that integrates multi-scale convolutional
networks, 3D CNN temporal modeling, and Vision
Transformers to deliver real-time imaging and video
processing in public health and safety enforcement. By
integrating multimodal inputs, such as CCTV footage, drone
video, and thermal imagery, the framework provided
improved quality, detection accuracy, and anomaly
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