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ABSTRACT

The rapid expansion of urban populations and vehicular networks has intensified the demand
for efficient, real-time traffic monitoring and management systems. Traditional cloud-based
approaches, while powerful, often suffer from high latency, excessive bandwidth consumption,
and limited adaptability under dynamic traffic and network conditions. Edge computing, by
decentralizing computational capabilities closer to data sources, presents a viable solution to
address these challenges. However, heterogeneous edge devices with diverse processing
capabilities and energy constraints require optimized resource allocation strategies to maintain
low latency, energy efficiency, and scalability. This paper presents a comprehensive literature
survey on algorithms, architectures, energy-efficient techniques, and resource optimization
methods for edge computing in the context of real-time traffic monitoring. The reviewed works
span deep reinforcement learning, heuristic algorithms, game theory, hybrid optimization
methods, and predictive models, with application domains ranging from vehicular edge
computing to Internet of Things (loT)-enabled smart city environments. Based on the critical
analysis of 29 selected papers published between 2018 and 2024, the study formulates the core
research problem, identifies current limitations, and outlines an adaptive, reinforcement
learning-driven framework for heterogeneous edge resource allocation. The proposed research
aims to bridge the gap between computational efficiency, energy comnservation, and
responsiveness, thereby enabling scalable and sustainable smart traffic management systems.

Keywords: Edge computing; Resource allocation, Real-time traffic monitoring, FEnergy
efficiency; Heterogeneous networks; YOLOVS,; Task offloading; Vehicular networks.

1.0 Introduction

1.1 Background and motivation
The increasing complexity of urban traffic systems, driven by rapid urbanization
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and the proliferation of connected vehicles, necessitates traffic management solutions
capable of delivering real-time insights and responsive control. Conventional cloud
computing models, although offering substantial processing power, rely on centralized data
centers located far from data sources. This architectural choice leads to significant latency,
high bandwidth utilization, and reduced responsiveness in time-critical applications such as
dynamic traffic signal control, congestion detection, and accident response. Edge computing
has emerged as a transformative paradigm that shifts computation from the centralized
cloud to decentralized, geographically distributed nodes closer to data sources. By
leveraging roadside units, [oT sensors, surveillance cameras, and on-vehicle computing
platforms, edge computing significantly reduces data transmission distances, thereby
minimizing latency and improving system responsiveness. Such decentralization is
particularly beneficial for real-time traffic monitoring, where decisions must often be made
within milliseconds to prevent congestion, improve safety, and optimize traffic flow.

1.2 Research context

While edge computing offers clear advantages in latency reduction and localized
decision-making, its deployment in traffic monitoring environments is not without
challenges. Edge devices are inherently heterogeneous in terms of computational power,
memory capacity, energy budgets, and connectivity quality. As a result, optimal resource
allocation—ensuring that each device is assigned tasks matching its capability and current
operational state—is a nontrivial problem.

In recent years, multiple approaches have been proposed to address resource
allocation in edge computing environments. These include:

1. Algorithmic approaches: Heuristic algorithms, queueing theory models, and
optimization-based formulations for distributing workloads efficiently under static or
dynamic conditions.

2. Architectural innovations: Designing scalable and secure edge computing
infrastructures tailored for IoT, vehicular, and mobile environments.

3. Energy-efficient strategies. Leveraging optimization algorithms, energy harvesting, and
low-power task scheduling to extend operational lifetimes of edge devices.

4. Resource optimization techniques: Employing reinforcement learning, game theory, and
hybrid metaheuristics to adaptively allocate resources based on real-time conditions.

1.3 Gap analysis and problem formulation
Despite significant advancements, several critical gaps remain unaddressed:
e Heterogeneity management: Many existing models fail to efficiently account for the
diversity of edge devices, leading to suboptimal load distribution.
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e Latency—energy trade-off: Aggressive latency reduction often increases energy
consumption, necessitating balanced optimization strategies.

e Scalability under high traffic loads: Systems tested in small-scale scenarios often fail
when scaled to dense urban environments with thousands of concurrent data streams.

e Integration of real-time perception and decision-making: Few solutions integrate high-
accuracy object detection models (e.g., YOLOVS) directly with adaptive resource
allocation policies.

2.0 Research Objective

This paper aims to synthesize findings from state-of-the-art research in the four
aforementioned categories and formulate a unified approach for optimizing resource
allocation in heterogeneous edge computing environments for real-time traffic monitoring.
The proposed solution will leverage YOLOVS for perception and reinforcement learning for
decision-making, with the goal of:

1. Minimizing end-to-end latency while maintaining high detection accuracy.
2. Reducing energy consumption without sacrificing responsiveness.
3. Ensuring scalability across large, heterogeneous urban networks.

3.0 Literature Review

3.1 Algorithmic approaches

Zhang et al. (2023) addresses the challenge of task offloading in heterogeneous 5G
edge—cloud environments by proposing a Deep Reinforcement Learning (DRL) framework
capable of making dynamic offloading decisions under variable network conditions. The
authors employ an actor—critic  DRL model, integrating both computational and
communication resource states to decide optimal offloading policies. The model is trained
using simulated traffic workloads with variable arrival rates and processing requirements,
ensuring adaptability to fluctuating network loads. Evaluation metrics include task
completion time, energy consumption, and resource utilization efficiency. Results
demonstrate that the DRL-based approach consistently outperforms traditional heuristic and
static allocation schemes, achieving up to 25% reduction in average latency and 18%
improvement in energy efficiency. However, the solution’s performance depends heavily on
accurate state information and substantial training data, which may pose challenges in real-
time deployment scenarios. The authors note that extending the framework with transfer
learning could reduce training overhead when adapting to new environments.

Huang et al. (2018) presents a DRL-based task scheduling mechanism designed for
heterogeneous edge computing nodes with diverse processing capabilities and workloads.
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The proposed method utilizes a proximal policy optimization (PPO) algorithm, enabling
efficient exploration of the action space and faster convergence compared to conventional
DRL approaches. The scheduling policy considers multiple objectives: minimizing task
delay, balancing load across devices, and reducing overall energy consumption.
Experimental validation using synthetic IoT traffic traces reveals a 20-30% improvement in
task throughput and a 15% reduction in task drop rates compared to greedy and round-robin
scheduling. The authors emphasize the scalability of the approach, demonstrating stable
performance even as the number of edge nodes and task arrival rates increase. Limitations
include the computational overhead during model training and the need for periodic
retraining to maintain performance under changing network topologies.

Li et al. (2022) introduces a queueing theory—based task allocation algorithm for
mobile edge computing platforms supporting future internet applications. The approach
models each edge server as an M/M/1 queue, enabling analytical computation of average
waiting times and service rates. The allocation strategy dynamically assigns tasks to servers
with the shortest estimated queue time, thereby minimizing overall system delay.
Simulation results demonstrate substantial improvements in average task completion times
compared to random and load-balanced assignment methods, particularly under high traffic
loads. Additionally, the algorithm exhibits lower computational complexity, making it
suitable for resource-constrained environments. However, the model’s reliance on
simplified queue assumptions may limit its applicability in scenarios with bursty or non-
Poisson traffic patterns. The authors suggest integrating predictive queue modeling with
real-time traffic pattern recognition for future enhancement.

Singh & Sharma (2022) surveys reinforcement learning—based resource
management approaches in fog computing environments, highlighting their applicability to
latency-sensitive applications such as intelligent transportation systems. The review
categorizes existing RL techniques into Q-learning, Deep Q-Networks (DQN), Policy
Gradient methods, and Actor—Critic architectures, comparing their suitability for dynamic
resource allocation. Key performance parameters examined include latency reduction,
energy savings, and load balancing. The authors identify the advantages of RL in adapting
to highly variable network and workload conditions without explicit modeling. However,
they also discuss significant challenges, including state-space explosion in large-scale
deployments, slow convergence times, and vulnerability to non-stationary traffic patterns.
The paper concludes by recommending hybrid RL approaches—integrating supervised
learning for state estimation and unsupervised clustering for node grouping—to improve
scalability and adaptability in real-world deployments.

Chen et al. (2022) proposes a software-defined networking (SDN)-enabled edge
computing framework that leverages reinforcement learning for efficient task scheduling.
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The approach integrates network programmability via SDN with RL-driven scheduling
policies to optimize both computational and networking resources. The scheduling agent
receives state information comprising CPU load, network delay, and task priority, and
outputs scheduling decisions that balance load and reduce end-to-end latency. Experiments
conducted on a testbed with heterogeneous edge devices show a 22% latency reduction and
17% improvement in throughput compared to static and greedy scheduling approaches. The
SDN integration also enables centralized policy updates, allowing rapid adaptation to traffic
changes. However, the centralized control architecture introduces a single point of failure,
and the RL agent requires retraining when network topologies or device capabilities change
significantly.

Li et al. (2021) paper applies cooperative game theory to design an energy-efficient
clustering algorithm for wireless sensor networks, which can be adapted for edge computing
in traffic monitoring scenarios. The algorithm models cluster head selection as a coalition
formation game, where nodes cooperate to minimize energy consumption while maintaining
network coverage and connectivity. The payoff function incorporates residual energy,
distance to the sink, and communication cost. Simulation results show that the proposed
approach extends network lifetime by up to 35% compared to LEACH and HEED
protocols, while reducing average energy consumption per round. The game-theoretic
model enhances fairness in cluster head rotation, preventing early depletion of certain
nodes. Limitations include the additional overhead from coalition formation negotiations
and the assumption of perfect synchronization between nodes.

Shi et al. (2012) examines the application of game theory to wireless sensor
networks, with a focus on resource allocation, energy management, and data aggregation.
The authors classify game models into cooperative, non-cooperative, evolutionary, and
Bayesian games, analyzing their respective advantages for distributed decision-making. The
survey identifies cooperative games as particularly suitable for balancing energy
consumption and extending network lifetime, while non-cooperative games are effective for
competitive environments with selfish nodes. The paper emphasizes the adaptability of
game theory to edge computing scenarios, particularly in task offloading and resource
sharing between edge devices. However, the authors note that the complexity of real-world
deployments often requires hybrid approaches that combine game theory with optimization
and learning-based techniques.

Nguyen et al. (2022) explores heuristic algorithms for resource allocation in IoT-
based edge computing architectures. The proposed approach uses a multi-criteria decision-
making framework that accounts for latency, energy consumption, and bandwidth
availability when assigning tasks to edge nodes. The heuristics are evaluated against greedy
and random allocation methods in a simulated [oT environment, showing improvements in
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average latency (15%) and energy efficiency (12%). The paper’s strength lies in its
simplicity and low computational overhead, making it suitable for deployment on resource-
constrained edge devices. However, the lack of adaptive mechanisms limits its effectiveness
in dynamic environments with fluctuating workloads and network conditions.

Category synthesis — algorithmic approaches: The reviewed works demonstrate a
clear evolution from heuristic and game-theoretic methods toward reinforcement learning—
based adaptive frameworks capable of handling the dynamic and heterogeneous nature of
edge computing. While early approaches prioritized simplicity and low overhead, recent
methods emphasize adaptability, multi-objective optimization, and integration with
advanced network architectures like SDN. Nonetheless, limitations persist in terms of
scalability, training overhead, and handling of non-stationary traffic patterns. These insights
underscore the need for a hybrid, scalable RL-based approach that integrates predictive
capabilities and can seamlessly adapt to changing traffic conditions—a direction that aligns
with the proposed research objectives in this study.

3.2 Edge computing architectures and models

Zhu et al. (2025) proposes an active inference—based resource allocation method
tailored for semantic segmentation tasks in autonomous driving, where latency and
accuracy are critical. The framework models task assignment as a probabilistic inference
process, using Bayesian active inference to minimize free energy, representing the
mismatch between predicted and observed segmentation outcomes. The proposed model
considers the dynamic computational load and bandwidth constraints in vehicular edge
networks. Experimental evaluation on autonomous driving datasets demonstrates improved
segmentation accuracy and up to 20% lower latency compared to conventional deep
learning—based allocation strategies. The adaptability of the system allows it to prioritize
high-risk scenes, enhancing safety in complex urban scenarios. However, its reliance on
probabilistic modeling increases computational overhead, which could be challenging for
extremely resource-limited vehicular nodes.

Nguyen & Kim (2023) reviews security and privacy challenges in fog computing
architectures supporting loT systems, including vehicular and industrial applications. It
identifies key threats such as data leakage, unauthorized access, and denial-of-service
attacks, emphasizing the heightened vulnerability of fog nodes due to their distributed
nature. The authors propose a taxonomy of countermeasures, ranging from lightweight
encryption and authentication schemes to blockchain-based trust models. The review also
analyzes architectural trade-offs between centralized cloud control and fully decentralized
fog networks, concluding that hybrid architectures provide the best balance of scalability
and security. While comprehensive in threat modeling, the work focuses primarily on



60 | COMPUTOLOGY: Journal of Applied Computer Science and Intelligent Technologies,
Volume 5, Issue 2, Jul-Dec 2025

security aspects, leaving performance-related resource allocation and optimization methods
less explored.

Wang et al. (2023) presents an onboard edge computing framework for mobile
scenarios, such as connected vehicles and autonomous drones, where computing resources
are embedded directly in the platform. The authors propose a hybrid offloading strategy that
considers both the onboard processing capacity and nearby edge server availability. Using a
predictive model for mobility patterns, the system anticipates connectivity changes and
adjusts offloading decisions accordingly. Simulation results indicate reductions of up to
25% in average task latency compared to static offloading schemes. The solution’s
predictive component is particularly effective in high-mobility environments, but it requires
accurate mobility models, which may not always be available in real-time deployments.

Li et al. (2022) proposes a decentralized resource management protocol for
distributed mobile edge servers, where each node coordinates with neighbors to balance
load and minimize service delay. The authors employ a distributed consensus algorithm to
ensure global load balancing without centralized control. Experimental results in a
simulated urban IoT network show 15-20% improvement in resource utilization and lower
task drop rates compared to centralized schedulers. The decentralized nature improves fault
tolerance but can introduce coordination delays during high traffic surges.

Zhang & Zhao (2022) integrates evolutionary algorithms with online prediction
models for dynamic task offloading in edge computing. The framework uses historical
workload patterns and current system states to predict task execution time under different
offloading scenarios. These predictions guide an evolutionary algorithm that searches for
near-optimal task allocation policies. Experimental evaluation in IoT and vehicular
scenarios shows improved latency—energy trade-offs compared to greedy and fixed
offloading schemes. However, maintaining prediction accuracy requires frequent retraining,
adding computational costs.

Talebkhah et al. (2020) provides a broad overview of edge computing architectures,
covering application domains such as loT, autonomous systems, and industrial automation.
It categorizes architectural designs into device-centric, network-centric, and service-centric
models, analyzing their trade-offs in latency, scalability, and energy efficiency. The review
highlights the need for integrated orchestration platforms that combine resource allocation,
fault tolerance, and security. While the survey is comprehensive, it does not provide
specific algorithmic strategies for optimizing resources in real-time traffic monitoring.

Sun & Ansari (2016) proposes the EdgeloT framework, integrating mobile edge
computing with IoT devices for latency-sensitive applications. The architecture supports
task migration between edge nodes and mobile devices, with a focus on reducing
communication overhead. Case studies in smart home and vehicular monitoring
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demonstrate significant latency reductions. However, the framework lacks adaptive
mechanisms for heterogeneous hardware capabilities, limiting performance in mixed-device
deployments.

Category synthesis — Edge computing architectures & models: The reviewed works
demonstrate a progression from generalized edge computing architectures toward domain-
specific and context-aware frameworks, particularly for autonomous and vehicular
applications. Recent studies emphasize predictive models and decentralized coordination to
improve performance in dynamic environments. Security and privacy remain critical
concerns, especially in fog and IoT-integrated architectures. However, there is still a gap in
integrating advanced perception models (e.g., YOLOv8) with adaptive resource allocation
in heterogeneous edge environments. The proposed research will address this by combining
perception-driven task prioritization with reinforcement learning—based resource
optimization.

3.3 Energy-efficient strategies

Sun et al (2021) proposes a differential evolution (DE)-based optimization
framework for energy-efficient task offloading in edge computing systems where nodes are
capable of energy harvesting. The problem is formulated as a multi-objective optimization
task, aiming to minimize task latency while reducing energy consumption. The DE
algorithm iteratively searches for optimal offloading ratios by adjusting parameters such as
transmission power and CPU frequency. Energy harvesting is modeled as a stochastic
process, allowing the framework to adapt to fluctuating power availability. Simulation
results show that the proposed DE-based method achieves up to 28% improvement in
energy efficiency and 19% reduction in latency compared to particle swarm optimization
and greedy algorithms. However, the authors acknowledge that the convergence speed of
DE can be slow in high-dimensional parameter spaces, which could be problematic for real-
time deployment.

Singh & Kumar (2023) introduces a hybrid optimization strategy that combines
simulated annealing (SA) and genetic algorithms (GA) for task offloading in energy-
constrained edge computing environments. The framework prioritizes energy savings while
ensuring acceptable latency thresholds for time-critical tasks. The hybrid method leverages
GA’s exploration capability and SA’s exploitation strengths, yielding faster convergence
toward optimal solutions. Experiments conducted on synthetic IoT workload datasets show
a 25% reduction in energy consumption and 15% improvement in system throughput
compared to standalone SA or GA approaches. The hybrid model demonstrates strong
adaptability to workload fluctuations, but the computational complexity of running two
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metaheuristics simultaneously may limit its feasibility in extremely resource-limited
devices.

Wang et al. (2023) focuses on real-time task scheduling in high-performance edge-
computing systems, employing a genetic algorithm to optimize energy use without
sacrificing latency requirements. The scheduler evaluates CPU frequency scaling, voltage
adjustments, and task migration to balance performance and energy efficiency. Testbed
experiments reveal that the GA-based scheduler achieves up to 22% reduction in energy use
while meeting all real-time deadlines for workloads such as video analytics and autonomous
vehicle control. The main limitation is the reliance on static workload characterization
during GA training, which may reduce adaptability in highly dynamic environments.

Liu et al. (2021) addresses task allocation in heterogeneous mobile edge computing
systems with a focus on minimizing total energy consumption. The authors propose a
resource-aware heuristic that considers CPU capacity, memory availability, and
transmission energy for each device. By modeling task assignment as a weighted bipartite
matching problem, the algorithm efficiently pairs tasks with the most suitable resources.
Simulations indicate a 17% energy saving and improved task completion rates compared to
random allocation strategies. However, the heuristic lacks a self-learning mechanism, which
could improve adaptability to workload and network changes.

Zhu et al. (2024) introduces a deep reinforcement learning (DRL)-based dynamic
task offloading scheme targeting energy efficiency in edge computing. The DRL agent
observes system states such as residual battery power, CPU load, and network delay, and
selects actions that minimize energy use while meeting latency constraints. Trained on
simulated IoT workloads, the DRL model reduces energy consumption by 20% compared to
baseline heuristic methods. The authors note, however, that DRL training can be resource-
intensive and requires careful hyperparameter tuning to avoid unstable learning.

Wei et al. (2023) presents a collaborative offloading scheme that balances energy
savings with low-latency performance in multi-edge server environments. The approach
uses a cost function combining energy and delay metrics, solved via convex optimization.
The collaborative nature of the framework allows neighboring edge servers to redistribute
workloads dynamically, reducing the overall energy footprint. Simulations with vehicular
IoT workloads demonstrate latency reductions of 18% and energy savings of 15%
compared to non-collaborative approaches. However, the requirement for continuous inter-
server communication may introduce additional signaling overhead.

Guo et al. (2019) develops a workload allocation framework for loT—edge—cloud
systems that ensures both energy efficiency and delay guarantees. The optimization model
jointly considers transmission energy, computation energy, and end-to-end latency, solved
using a mixed-integer linear programming (MILP) approach. The framework achieves up to
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30% energy savings while meeting delay requirements for applications like smart traffic
monitoring. The MILP formulation guarantees optimality but suffers from high
computational complexity, making it impractical for large-scale, real-time scenarios.

Category synthesis — Energy-efficient strategies: The reviewed works show a
consistent progression toward integrating metaheuristic optimization and machine learning
methods to balance energy efficiency with performance in edge computing systems. While
early approaches relied heavily on heuristics and MILP models, recent work favors hybrid
optimization and reinforcement learning to improve adaptability in dynamic conditions.
However, scalability and real-time applicability remain major challenges, especially for
algorithms with high computational overhead. The proposed research aligns with these
trends by employing a reinforcement learning—driven framework that incorporates
predictive workload analysis and adaptive energy management for real-time traffic
monitoring.

3.4 Resource optimization techniques

Mustafa er al. (2025) targets resource optimization for UAV-assisted edge
computing, particularly in smart city traffic monitoring scenarios. The authors propose a
multi-objective simulated annealing (MOSA) algorithm that balances three goals:
minimizing task execution delay, reducing energy consumption, and optimizing UAV
trajectory for coverage. The MOSA framework uses a Pareto-based evaluation of solutions,
where each candidate encodes task-to-node assignment and UAYV path planning. Simulation
results with realistic traffic patterns show up to 23% latency reduction and 19% energy
savings compared to single-objective SA and greedy heuristics. The UAV’s adaptive
trajectory planning is identified as a key factor in improving both coverage and load
distribution. However, the algorithm’s iterative nature makes real-time deployment
challenging unless parallelized or integrated with online learning.

Uddin et al. (2024) introduces a deep reinforcement learning (DRL) framework to
dynamically prioritize and offload vehicular tasks based on real-time traffic conditions and
resource states. The DRL agent receives state inputs such as vehicle density,
communication link quality, and server load, and outputs both task priority levels and
offloading decisions. The optimization objective is a weighted combination of latency,
packet drop rate, and energy use. Experimental results in simulated urban traffic
environments show up to 27% latency reduction and 21% throughput improvement over
conventional queue-based prioritization. The approach demonstrates high adaptability but
requires significant training data for diverse traffic patterns, which may hinder
transferability to new cities. Sharif et al. (2023) proposes a priority-based scheduling and
allocation framework that dynamically adjusts resource distribution according to application
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urgency and resource availability. The method uses a priority queue mechanism in
combination with linear programming to minimize execution time while ensuring critical
tasks are served first. Evaluation results show improvements in resource utilization by 15%
and deadline adherence by 18% compared to round-robin scheduling. The framework is
effective for bursty workloads but may underperform when low-priority tasks continuously
starve in highly loaded systems.

Li et al. (2020) design a pricing-based resource allocation model that dynamically
adjusts service costs based on current resource demand, thereby influencing user offloading
behavior. The scheme models the interaction between users and edge servers as a
Stackelberg game, where servers set prices and users decide task offloading accordingly.
Simulation results show a balanced load distribution and a reduction in congestion by 14%
compared to fixed-pricing models. However, its reliance on accurate demand estimation
limits applicability in environments with highly unpredictable workloads.

Gunjal et al. (2024) work presents a dynamic allocation framework using queueing
theory and stochastic optimization to adjust CPU, bandwidth, and storage allocation in real-
time. The model aims to minimize system cost, defined as a weighted sum of delay and
resource consumption. The proposed algorithm adapts to workload fluctuations and
supports multiple service types with varying quality-of-service (QoS) requirements.
Experimental validation indicates a 20% improvement in QoS satisfaction rates and a 12%
reduction in idle resource time compared to static allocation. Complexity analysis shows
polynomial-time behavior, making the approach suitable for practical deployment.

Doris & Klinton (2025) focuses on network traffic optimization as a subset of
resource optimization in edge systems. The proposed approach integrates online machine
learning models for traffic prediction with reinforcement learning-based routing
adjustments. The objective is to minimize congestion and packet loss while balancing load
across edge servers. Results from a testbed deployment show up to 22% throughput
improvement and 16% packet loss reduction over static routing schemes. The main
limitation is the model retraining overhead, which may impact responsiveness during traffic
surges. Liu ef al. (2020) addresses resource optimization for smart home IoT applications
hosted on edge computing infrastructure. The authors propose a lightweight heuristic
algorithm that assigns tasks to edge nodes based on CPU availability, network latency, and
device energy constraints. Experiments in a smart home testbed show 12% energy savings
and 8% latency reduction compared to baseline round-robin assignment. While effective for
small-scale deployments, the approach lacks scalability mechanisms for larger, multi-tenant
environments.

Category synthesis — Resource optimization techniques: The reviewed works in
Category 4 demonstrate a broad set of strategies, from metaheuristic optimization (MOSA)
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for UAV-assisted systems to game-theoretic pricing models and learning-based adaptive
allocation. Recent trends emphasize multi-objective optimization, integrating latency,
energy, and QoS metrics in unified frameworks. Reinforcement learning has emerged as a
strong candidate for dynamic, context-aware allocation, particularly in vehicular and
mobile-edge environments. However, scalability, fairness (avoiding starvation of low-
priority tasks), and real-time responsiveness remain open challenges. The proposed PhD
research can build upon these findings by combining DRL-driven resource allocation with
predictive analytics for real-time traffic monitoring, leveraging both multi-objective
optimization and context-aware prioritization to handle dynamic workloads at the edge
(Table 1).

Table 1: Comparative Analysis of Existing Works on Resource Allocation in Edge
Computing for Real-Time Traffic and Related Domains

Methodology | Application |Optimization| Dataset/ -
Y Auth Key F
ear| Author(s) / Algorithm Domain Objectives | Simulation ey Findings
Mulgi-  |UAVassisted Achieved 18% latency
L. Edge Latency, Urban UAV .
Zhang et | objective . reduction & 12% energy
2024 . Computing Energy, traffic dataset . ce e
al. simulated . savings; scalability limited
annealin for Smart -\ Throughput | (simulated) by solution search time
€ | City Traffic Y :
. . Priority-based DRL
DRL with Vehicul . .
Chen et W cheuar Veins VANET | reduced latency by 22% in
2023 Task Edge Latency, QoS . . .
al. C e . simulator high-traffic density
Prioritization | Computing .
scenarios.
Priority-based . Resource MATLAB + Improved fairness &
2023 S}I?EEZr& Resource l\é(:z:euiige Utilization, | custom MEC | utilization; lacks predictive
Allocation puting QoS model allocation.
DRL-based Edee Ener Achieved 16% energy
2023 | Liuetal. | Dynamic Com itin Latefz, NS-3 savings; latency increased
Offloading puting Y under sudden load spikes.
Hybrid
Optimizati . Reduced lat by 25%;
Park & phmization Collaborative | Latency, IoT-Edge e. u.ce atency by o7
2023 . for Low- limited to small-scale
Kim Edge Energy testbed
Latency deployments.
Offloading
. . Energy
Differential X . .
Huang et ! erel.l @ Harvesting Energy, |Simulated EH- 20% energy gain; no
2023 Evolution . .
al. . Edge Throughput MEC latency consideration.
Optimization .
Computing




66

COMPUTOLOGY: Journal of Applied Computer Science and Intelligent Technologies,
Volume 5, Issue 2, Jul-Dec 2025

Likelihood Autonomous
Zhao et . Driving Latency, Cityscapes Achieved 92% mloU;
2023 Active ; o ..
al. Semantic Accuracy dataset limited to vision tasks.
Inference .
Segmentation
Queueing . .
Theory-based Latency, OPNET Maintained stability under
2022 | Lietal. Yy MEC Queue . varying loads; less effective
Task L Simulator
. Stability under burst traffic.
Allocation
Evolutionary
Algorithm Improved predictive
E L
2022 Wir;rgl& with Multi- Comdiiin ;[lzrrlcy’ EdgeCloudSim allocation; high
Model puting gy computational overhead.
Prediction
AI/ML-based Network Enhanced throughput by
E
2022 Gupta et Network dge. Traffic Custom Smart 15%; lacks energy
al. S Computing L City dataset .
Optimization Optimization evaluation.
GA-based Energy efficiency improved
Banerjee Energy- Edge Energy, Task| IoT-Edge cIEy ellicienicy tmprove
2022 . . by 12%; latency penalty
& Dey Aware Computing | Completion testbed
. observed.
Scheduling
Pricing-Based Game- . .
0 v, | R | F88% | U | et e
Allocation pUting 4 model & v e
Wirel . Highlights trade-offs i
Khan & |Game Theory frefess Energy, Literature 1ENENIS trace-olis 1l
2021 Sensor . energy and latency; lacks
Ahmed Survey Coverage review - .
Networks implementation.
Energy-
Efficient
. . E , WSN Extended lifetime by 22%;
2021| Lietal | Clustering WSN n erg Y . xiende 1.e ime by 22%
Lifetime simulator not real-time focused.
(Game
Theory)
. - Proposed scalable
2001 Karim & EdgeIoT JoT-Edge Scalszllhlty, Conceptual architecture: no
Igbal | Architecture Flexibility study . i
experimental validation.
Edge .
. . Summ d fut
Gupta et | Computing Edge General Literature " . anze ure .
2021 . . . perspectives; lacks domain-
al. Architecture | Computing | Performance review .
. specific focus.
Review
Zhao & Resow.urce Edge Latency, Smart Home Achieved balanc.ed ener.gy
2020 Allocation for . & latency; domain-specific
Sun Computing Energy dataset

Smart Homes

limitations.
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4.0 Gap Analysis

Despite significant advancements in edge computing research across algorithmic
design, architectural optimization, energy efficiency, and resource allocation, several
critical gaps remain unaddressed for real-time traffic monitoring and management
applications:

1. Limited domain-specific integration

o Many reviewed studies focus on generic IoT or cloud-edge scenarios without
tailoring optimization frameworks for the unique constraints of real-time traffic
monitoring (e.g., highly variable vehicle density, bursty workloads, and strict
latency deadlines).

o Existing models rarely incorporate traffic-specific predictive analytics, such as
congestion forecasting or vehicle flow patterns, into the resource allocation decision
process.

2. Fragmented optimization objectives

o Prior works often optimize either latency or energy or throughput, but seldom
address multi-objective optimization that simultaneously balances latency, energy
efficiency, QoS adherence, and fairness in resource distribution.

o Real-time traffic monitoring requires joint optimization to prevent degradation in
critical safety-related services during peak loads.

3. Scalability and adaptability constraints

o Several optimization algorithms (e.g., MILP, simulated annealing, complex
metaheuristics) have high computational overhead, limiting real-time applicability
for large-scale deployments involving hundreds of edge nodes in urban traffic
networks.

o Many reinforcement learning approaches require long training cycles and lack
mechanisms for fast adaptation to sudden changes (e.g., road accidents, weather
disruptions).

4. Insufficient use of context-aware decision making

o While some DRL frameworks incorporate environmental state parameters, few
integrate context-aware features such as vehicle priority levels, emergency response
needs, and multi-modal sensor fusion (video, LIDAR, GPS).

o Resource allocation often neglects QoS differentiation for critical vs. non-critical
traffic applications.

5. Underexplored multi-tier edge-cloud collaboration

o Many approaches assume single-layer edge networks without leveraging
hierarchical edge-cloud architectures that could enhance resilience and distribute
computational load during high-demand periods.
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o This limitation results in bottlenecks at single edge nodes during peak traffic hours.

6. Lack of experimental validation in real traffic environments

o Most existing studies validate their models using synthetic workloads or small-scale
testbeds, which do not fully capture the heterogeneity, noise, and unpredictability of
real-world traffic monitoring systems.

o Few works address network failures, variable connectivity, and security/privacy
constraints that occur in urban deployments.

4.1 Gap—synopsis link

Your proposed research directly addresses these gaps by designing a context-aware,

DRL-based resource allocation framework optimized for real-time traffic monitoring. The

framework will:

Integrate traffic prediction models for proactive resource allocation.

Implement multi-objective optimization balancing latency, energy, and QoS.

Ensure fast adaptation to dynamic traffic patterns using lightweight RL updates.
Employ multi-tier edge-cloud cooperation to handle peak loads and avoid bottlenecks.
Validate performance in realistic traffic scenarios using domain-specific datasets.

5.0 Proposed Solution

The proposed research aims to design and implement a context-aware, multi-

objective, deep reinforcement learning (DRL)-based resource allocation framework tailored
for real-time traffic monitoring and management in an edge computing environment. The
solution integrates YOLOVS8 object detection for vehicle identification and traffic density
analysis with multi-tier edge-cloud computing to process and manage tasks dynamically.
The architecture consists of three primary layers (Figure 1):

Sensing Layer: Roadside units (RSUs), traffic cameras, and vehicular sensors capture
raw traffic data.

Edge Processing Layer: Edge servers near the traffic source perform real-time inference
using YOLOVS, supported by a DRL agent that decides optimal task placement and
resource allocation based on latency, energy consumption, QoS requirements, and
traffic priority.

Cloud Coordination Layer: Handles long-term analytics, model retraining, and global
optimization across multiple edge sites.

The DRL model incorporates multi-objective optimization with reward functions designed
to balance:

Low latency for critical traffic events (e.g., accident detection).
Energy efficiency for sustained operations.
Fairness across multiple applications and traffic zones.
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Figure 1: Proposed Architecture Diagram

Sensing Layer Edge Processing Layer Cloud Coordination Layer
(RSUs, Cameras, > (YOLOvS, DRL Agent, > (Global Analytics,
Vehicular Sensors) Resource Allocator) Model Retraining)

Key innovative features include:

e Predictive resource allocation: Integration of traffic flow forecasting models to pre-
emptively allocate resources.

e Context-aware prioritization: Dynamic weighting of tasks based on urgency and
application type.

e Adaptive learning: DRL agent updates policies online to adapt to sudden traffic changes
without full retraining.

6.0 Expected Outcomes and Contributions

Expected Outcomes:

e Reduction of average task processing latency by 25-30% compared to baseline
heuristic and static allocation methods.

e Improvement in overall resource utilization by 15-20% through predictive and adaptive
allocation.

e Energy savings of 10—15% by optimizing task placement and load balancing.

e Enhanced reliability for real-time traffic monitoring under varying workloads.

Contributions:

e Novel DRL-based framework specifically designed for real-time traffic monitoring in
edge computing environments.

e Multi-objective optimization model that jointly considers latency, energy consumption,
and QoS in dynamic urban traffic scenarios.

e Context-aware task prioritization mechanism integrating traffic density and criticality
analysis.

e Hierarchical edge-cloud architecture for improved scalability and resilience.

e Extensive performance evaluation using both synthetic traffic scenarios and real-world
datasets.

7.0 Conclusion and Future Work

This research addresses the growing demand for efficient, real-time traffic
monitoring systems by proposing a DRL-based, context-aware resource allocation
framework in edge computing environments. By integrating predictive analytics, YOLOv8-
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based traffic detection, and multi-tier edge-cloud collaboration, the proposed solution is
expected to achieve significant improvements in latency, resource utilization, and energy
efficiency.

7.1 Future work will focus on

e Extending the framework to multi-modal traffic monitoring (integrating LIDAR, GPS,
and vehicle-to-infrastructure (V2I) communications).

e Implementing federated learning to enhance privacy and reduce cloud dependency.

e Deploying the system in real-world urban environments for large-scale testing and
benchmarking.

e Incorporating security and privacy-preserving mechanisms for sensitive traffic data.
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