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Abstract

Rapid urbanization has created significant challenges for transportation systems, particularly in
densely populated cities where increasing numbers of vehicles compete for limited road capacity.
Traffic congestion causes longer travel times, increased fuel consumption, air pollution, and reduced
productivity. Conventional traffic management systems generally rely on fixed signal schedules,
centralized monitoring, and manually configured control strategies. These approaches are often
unable to respond effectively to rapidly changing traffic conditions. Artificial Intelligence (Al), Internet
of Things (loT) devices, computer vision, and edge computing provide opportunities for developing
more responsive traffic-management systems.

This paper proposes an Edge Artificial Intelligence framework for intelligent traffic management in
smart cities. The proposed framework combines roadside cameras, traffic sensors, connected
vehicles, edge computing nodes, and machine-learning models to detect traffic conditions and
support adaptive signal control. Unlike fully centralized architectures, the proposed approach
performs time-sensitive analysis close to the point where traffic data are generated. This can reduce
communication delays and limit the amount of raw video and sensor information transmitted to
centralized servers. The framework considers vehicle detection, traffic-density estimation, congestion
prediction, incident identification, adaptive signal management, pedestrian protection, and system
monitoring as interconnected components. Different machine-learning approaches, including
decision trees, ensemble models, convolutional neural networks, and recurrent neural networks, are
discussed according to their potential applications. The research also examines challenges related
to camera conditions, privacy, computational limitations, model drift, cybersecurity, and
interoperability. A practical evaluation methodology is proposed using traffic delay, queue length,
throughput, prediction accuracy, response time, and computational efficiency. The paper concludes
that edge-based Al can provide a scalable foundation for responsive urban traffic management when
combined with appropriate infrastructure, reliable sensing, privacy safeguards, and human oversight.
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1. Introduction

Urban transportation networks have become increasingly complex as cities expand and vehicle
ownership increases. Roads that were originally designed for substantially lower traffic volumes are
now required to accommodate cars, buses, motorcycles, commercial vehicles, emergency vehicles,
bicycles, and pedestrians.

Traffic conditions can change rapidly because of accidents, weather, road construction, public events,
school schedules, business hours, and unexpected changes in travel demand. A traffic signal plan
that works effectively during one period may become inefficient when traffic patterns change.

Traditional traffic signals commonly use fixed schedules or predefined timing plans. Although such
systems are relatively simple to operate, they have limited ability to respond to real-time conditions.

Intelligent Transportation Systems (ITS) attempt to address this limitation by combining sensing,
communication, computation, and automated decision support.

Artificial Intelligence adds another layer of capability by allowing systems to identify patterns from
historical and real-time traffic data.

A conventional traffic-management architecture can be represented conceptually as:

Sensors — Central Server — Analysis — Traffic Control

An edge-based architecture instead moves selected processing closer to the road:

Sensors — Edge Device — Al Analysis — Local Traffic Control

The second architecture can be particularly useful for applications where rapid response is important.

For example, if an edge camera identifies an unusually long queue at an intersection, the local system
can immediately provide information to the traffic controller without transmitting the complete video
stream to a distant server.

Recent research on intelligent transportation and edge-based Al highlights the potential of combining
machine learning with distributed computing, while also identifying challenges involving deployment,
privacy, computational resources, and reliability. These challenges indicate that practical smart-city
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systems require more than high-performing machine-learning models; they require an integrated
architecture that connects Al predictions with real transportation operations.

2. Background

Traffic management involves controlling and coordinating movement across transportation
infrastructure.

Important objectives include:
¢ Reducing congestion
e Improving road safety
¢ Reducing unnecessary delays
e |[ncreasing road capacity
e Supporting public transportation
¢ Providing priority to emergency vehicles
¢ Reducing fuel consumption
e Improving pedestrian safety
Historically, traffic signals have been controlled using predetermined timing plans.
For example, an intersection might allocate:
e 60 seconds to north-south traffic
e 40 seconds to east-west traffic
¢ 10 seconds for pedestrian clearance

Such fixed timing can be effective under predictable conditions but may perform poorly when traffic
demand changes significantly.

An intelligent system can instead estimate current traffic conditions and adjust signal timing
dynamically.
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3. Motivation

The primary motivation for this research is the need for traffic systems that can react to changing road
conditions.

Consider an intersection where the northbound lane suddenly experiences a large increase in traffic
while the eastbound lane remains relatively empty.

A fixed signal plan may continue allocating equal or predetermined green time to both directions.

An adaptive Al-based system can identify the imbalance and potentially allocate additional green time
to the direction experiencing greater demand, subject to safety constraints and traffic-control policies.

This creates the following principle:
Observed Traffic Conditions — Predicted Demand — Adaptive Control

However, traffic optimization must not focus only on reducing vehicle waiting time. A practical system
must also consider pedestrians, public transportation, emergency vehicles, road safety, and fairness
among different approaches to an intersection.

4. Problem Statement

The central problem addressed by this research is:
How can edge-based artificial intelligence be used to analyze real-time traffic conditions
and support responsive, scalable, and privacy-aware traffic management in smart cities?

Several difficulties must be addressed.

First, traffic information is generated continuously and at high volume.

Second, video-based systems can require significant computational resources.

Third, traffic conditions vary across locations and time periods.

Fourth, Al models may become less accurate when road environments change.

Fifth, centralized architectures can introduce communication delays.

Finally, traffic decisions affect public infrastructure and therefore require strong safety and
governance mechanisms.
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5. Research Objectives

The objectives of this research are:
1. To examine the role of Al in intelligent traffic management.
To investigate edge computing for real-time traffic analysis.
To develop a conceptual edge Al architecture for urban intersections.
To examine machine-learning approaches for vehicle detection and traffic prediction.
To design an adaptive signal-control mechanism.
To investigate privacy and security considerations.
To identify methods for evaluating traffic-management performance.

To examine challenges associated with real-world deployment.

© ® N o g bk~ w0 D

To propose a scalable architecture suitable for multiple intersections.

10. To identify future research opportunities.

6. Research Questions

The research addresses the following questions:

RQ1: How can edge Al improve real-time traffic monitoring?

RQ2: Which machine-learning approaches are appropriate for different traffic-management tasks?
RQ3: How can traffic predictions be transformed into effective signal-control decisions?

RQ4: What are the major privacy, security, and reliability challenges?

RQ5: How should an edge-based intelligent traffic system be evaluated?

7. Intelligent Transportation Systems

An Intelligent Transportation System combines transportation infrastructure with information and
communication technologies.
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A modern ITS can include:
o Traffic cameras
¢ Vehicle detectors
e Roadside units
e GPS information
e Connected vehicles
e Weather sensors
o Traffic signals
e Variable message signs
¢ Central management platforms

The purpose is to provide transportation operators with better information and improve the efficiency
and safety of road networks.

Al can enhance ITS by transforming large quantities of sensor information into predictions and
recommendations.

8. Role of loT Sensors

loT devices provide the data required by intelligent traffic systems.

Potential data sources include:

Cameras

Cameras can provide information about vehicle counts, lane occupancy, pedestrian movement, and
incidents.

Inductive Sensors

These sensors can detect vehicles passing through specific locations.
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Radar

Radar can estimate vehicle speed, distance, and movement under conditions where cameras may
experience limitations.

GPS Data

Aggregated location information can provide insights into traffic speed and travel patterns.

Environmental Sensors

Weather and environmental measurements can help explain changes in traffic behavior.

Combining multiple sources can provide a more robust view of traffic conditions than relying on one
sensor type.

9. Edge Computing

Edge computing places computational resources closer to data sources.
In a traffic environment, an edge device may be installed near a traffic signal or roadside cabinet.

Instead of transmitting all raw video data to a central server, the edge device can perform initial
processing.

For example:
Camera — Edge Al — Vehicle Count
Only the derived information may then be transmitted to the central platform.

This approach can reduce network traffic and potentially improve response time.

10. Cloud and Edge Collaboration

Edge computing does not eliminate the need for centralized infrastructure.

A practical architecture can combine both approaches.
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Edge Layer

Responsible for:
e Real-time detection
e Local inference
¢ |Immediate alerts

¢ Signal-control support

Central Layer

Responsible for:
e Long-term data storage
e Model training
¢ City-wide analysis
¢ Model management
e Historical reporting
e Strategic planning
This creates a hybrid architecture:

Edge for immediate decisions + Cloud for large-scale intelligence

11. Proposed Architecture

The proposed architecture consists of six layers:
1. Sensing Layer
2. Edge Processing Layer
3. Al Analytics Layer

4. Traffic Decision Layer

LJSRTD Journal of Scientific Research & Technology Development
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5. Central Management Layer
6. Monitoring and Governance Layer
The overall workflow is:

Traffic Environment

!

Sensors and Cameras
!

Edge Processing

!

Al Models

!

Traffic State Estimation
!

Signal and Routing Recommendations
1

Central Monitoring

12. Sensing Layer

The sensing layer collects information about road conditions.
A single intersection may have:

e Multiple cameras

¢ Vehicle detectors

e Pedestrian sensors

e Traffic signal status information

e Environmental sensors

LJSRTD Journal of Scientific Research & Technology Development 9
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The system should associate observations with:
¢ Intersection ID
e LanelD
e Sensor ID
o Timestamp
¢ Direction
o Vehicle category

This metadata allows observations from multiple sources to be combined correctly.

13. Video-Based Vehicle Detection

Computer vision can be used to identify vehicles in camera feeds.
A detection system may identify:
e Cars
e Buses
e Trucks
o Motorcycles
e Bicycles
Depending on the application, vehicle classification can support more detailed traffic analysis.

For example, a bus may receive priority under a public-transport strategy, while emergency vehicles
may receive a higher priority.

The quality of vehicle detection depends on:
e Camera resolution
e Lighting
o Weather

o Camera position
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e Occlusion

¢ Vehicle density

14. Vehicle Counting

Vehicle count is one of the most basic traffic indicators.
For a selected time interval, the system can determine:
o Number of vehicles entering an intersection
o Number leaving
e Number waiting
¢ Number of vehicles per lane
Counts can be calculated continuously and used to estimate traffic demand.

However, vehicle counting becomes difficult when vehicles overlap heavily or when camera visibility
is poor.

15. Traffic Density Estimation

Traffic density represents the concentration of vehicles within a particular road segment.
A practical system can estimate density using:

¢ Vehicle count

¢ Lane occupancy

o Average vehicle spacing

o Camera-based segmentation

Density can be categorized into states such as:

e Low
e Moderate
LISRTD Journal of Scientific Research & Technology Development 1
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e High
e Severe

The thresholds should be calibrated for the specific road environment.

16. Queue-Length Estimation

Queue length is particularly important for signal management.

A long queue indicates that traffic demand may exceed the current service capacity.
The system can estimate queue length using camera observations or other sensors.
For example:

Lane A: 8 vehicles

Lane B: 31 vehicles

Lane C: 12 vehicles

The controller can use this information when determining future green-time allocation.

17. Traffic Speed Estimation

Average speed provides another useful traffic indicator.
A sudden reduction in speed may indicate:

o Congestion

e An accident

¢ Road obstruction

o Heavy pedestrian activity

e Poor weather

e Temporary traffic control

Speed should therefore be considered alongside density and queue length rather than treated as an
isolated measure.
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(www.ijsrtd.com) 12




E| I Journal of Scientific Research & Technology Development
]

E-ISSN: 3107-5371 www.ijsrtd.com info.ijsrtd@gmail.com

Volume 2, Issue 5, September - October 2026

18. Traffic State Representation

The system can represent an intersection using a traffic-state vector containing:
¢ Vehicle count
¢ Queue length
o Average speed
e Lane occupancy
e Pedestrian demand
¢ Signal phase
e Time of day
This representation becomes the input to prediction and control algorithms.

The objective is to transform raw observations into a structured description of current traffic
conditions.

19. Traffic Prediction

Real-time traffic information is useful, but prediction can provide additional value.
Instead of asking:

How much traffic exists now?

the system can ask:

How much traffic is likely to arrive during the next few minutes?

This allows signal controllers to prepare for approaching demand.

For example, if a rapidly increasing queue is predicted on one approach, the controller can consider
adjusting upcoming signal phases.
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20. Machine Learning for Traffic Prediction

Several machine-learning methods can be applied.

Linear Models

Useful for simple relationships and baseline comparison.

Decision Trees

Useful when traffic conditions depend on interpretable combinations of variables.

Random Forest

Useful for nonlinear relationships and mixed features.

Gradient Boosting

Useful for complex structured data.

Recurrent Neural Networks

Useful for sequential traffic observations.

Convolutional Neural Networks

Useful for image-based traffic analysis.

The appropriate model depends on data volume, response-time requirements, and deployment
hardware.

21. Time-Series Prediction

Traffic changes over time.
Morning traffic may differ substantially from afternoon traffic.

Similarly, weekday patterns may differ from weekend patterns.
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A predictive system should therefore incorporate temporal information.
Historical traffic sequences can help the model recognize recurring patterns.

However, unusual events such as accidents or festivals can invalidate historical assumptions.

22. Recurrent Models

Recurrent neural networks and related sequence models can process temporal information.

They can learn relationships between previous and current traffic observations.

For example:

Previous 5 minutes — Current State — Next 5-minute Prediction

Long Short-Term Memory networks can be used where longer temporal relationships are important.

However, sequence models can require more computational resources than simpler approaches.

23. Computer Vision Models

Modern computer-vision systems can process traffic-camera images.
A vision model can perform:

1. Image acquisition

2. Object detection

3. Object tracking

4. Vehicle classification

5. Lane assignment

6. Traffic estimation

The edge device can run the model locally to reduce dependence on continuous cloud connectivity.

LISRTD Journal of Scientific Research & Technology Development

(www.ijsrtd.com) 15




E| I Journal of Scientific Research & Technology Development
]

U‘SR_TD E-ISSN: 3107-5371 www.ijsrtd.com info.ijsrtd@gmail.com

Volume 2, Issue 5, September - October 2026

24. Object Tracking

Vehicle detection identifies objects in individual frames.
Tracking attempts to maintain the identity of an object across multiple frames.
This enables the system to estimate:

¢ Vehicle speed

e Direction

e Lane movement

e Turning behavior

e Travel time

Tracking can also reduce double-counting when a vehicle appears in multiple frames.

25. Adaptive Traffic Signals

Traditional traffic signals follow predefined timing schedules.
An adaptive system modifies signal timing according to observed or predicted traffic conditions.

For example, if the queue on one approach becomes significantly longer, the system may consider
allocating additional green time to that approach.

However, adaptive control must respect:
e Minimum green time
o Maximum green time
e Yellow intervals
e Pedestrian clearance
o Safety interlocks
e Coordination with neighboring signals

Al should operate within these predefined safety constraints.
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26. Signal-Control Strategy

The proposed controller evaluates:
e Current queue length
e Predicted arrivals
o Current signal phase
e Waiting time
e Pedestrian requests
e Public transport requests
e Emergency priority
e Neighboring intersection conditions
The controller then selects an appropriate signal action from the permitted set.

This is preferable to allowing an unconstrained Al model to control traffic signals directly.

27. Reinforcement Learning

Reinforcement learning provides another approach to traffic control.
An agent observes a traffic state and selects an action.
The system then receives feedback based on traffic performance.
Possible actions include:

e Extend green

e End green

¢ Change phase

e Maintain current phase

The reward can consider:

LISRTD Journal of Scientific Research & Technology Development
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e Reduced waiting time

e Reduced queue length

e Improved throughput

e Fairness between approaches

Safety constraints should remain outside the learned policy where necessary.

28. Reward Design

Reward design is critical in reinforcement-learning-based traffic control.

If the model is rewarded only for minimizing vehicle delay, it may produce undesirable behavior such
as repeatedly prioritizing one direction while neglecting another.

Therefore, the objective should balance multiple requirements.
A conceptual reward can combine:

o Delay reduction

¢ Queue reduction

e Throughput improvement

e Pedestrian service

o Public transport priority

e Fairness

The weighting must be determined experimentally and according to transportation policy.

29. Emergency Venhicle Priority

Emergency vehicles such as ambulances, fire engines, and police vehicles may require priority.
An intelligent traffic system can detect authorized emergency-vehicle requests through:

e Connected-vehicle communication
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e Dedicated transmitters
¢ Authorized location information
¢ Roadside communication systems
The system can then coordinate traffic signals to create a safe passage.

Emergency priority should override ordinary optimization when appropriate.

30. Public Transport Priority

Buses and other public transportation vehicles may benefit from intelligent priority.

If a bus is significantly delayed, the system could consider extending green time or adjusting the
sequence, provided that safety and network-level constraints are satisfied.

Such strategies can improve public transportation reliability.

However, repeated priority requests should not create unacceptable delays for other road users.

31. Pedestrian Protection

Traffic optimization should not focus exclusively on vehicles.
Pedestrians require safe crossing opportunities.
The system should consider:

e Pedestrian waiting time

¢ Crossing duration

e Pedestrian detection

e School zones

o Elderly or mobility-impaired users

o Accessibility requirements

Any Al-based signal strategy should operate within established pedestrian-safety rules.

Journal of Scientific Research & Technology Development 19

IJSRTD (www.ijsrtd.com)




E| I Journal of Scientific Research & Technology Development
]

I]‘SR_TD E-ISSN: 3107-5371 www.ijsrtd.com info.ijsrtd@gmail.com

e ot o socrams e

Volume 2, Issue 5, September - October 2026

32. Traffic Incident Detection

Al can also support detection of unusual road events.
Potential indicators include:

e Sudden speed reduction

o Stationary vehicle

o Unexpected lane blockage

¢ Abnormal vehicle movement

e Sudden queue growth
An incident-detection module can notify traffic operators.

Early identification can support faster response and potentially reduce secondary congestion.

33. Weather-Aware Traffic Management

Rain, fog, flooding, and other environmental conditions can change traffic behavior.
During heavy rain:

o Vehicle speeds may decrease.

e Braking distances may increase.

¢ Congestion may become more severe.

¢ Visibility may decrease.
Weather information can therefore be incorporated into traffic prediction models.

The model should distinguish between ordinary congestion patterns and weather-induced changes.

34. Edge Al Benefits

The proposed edge architecture offers several potential benefits.
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Lower Response Latency

Local inference can reduce dependence on distant servers.

Reduced Bandwidth

Instead of continuously transmitting raw video, the system can transmit selected information.

Improved Resilience

Local processing can continue during temporary connectivity problems.

Privacy Support

Raw video can potentially remain within the local infrastructure while only derived information is
transmitted.

Scalability

Additional intersections can deploy local processing nodes without requiring all raw data to pass
through a single central system.

35. Edge Al Limitations

Edge computing also introduces challenges.
Edge devices have limited:
o CPU capacity
e Memory
e Storage
e Energy
e Cooling
Complex deep-learning models may therefore require optimization.

Potential techniques include:
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o Model compression

¢ Quantization

e Pruning

e Hardware acceleration

o Lightweight neural networks

The goal is to achieve an acceptable balance between model accuracy and computational
requirements.

36. Model Compression

A large Al model may provide strong accuracy but require substantial computational resources.

A compressed model attempts to retain useful predictive capability while reducing resource
requirements.

This is particularly important for roadside devices with limited hardware.
However, excessive compression may reduce accuracy.
Therefore, compression should be evaluated using both:

e Prediction performance

¢ Inference latency

37. Privacy Considerations

Traffic cameras can capture identifiable information such as vehicle plates and, in some situations,
individuals.

Therefore, privacy should be incorporated into system design.
Possible approaches include:
e Local video processing

e Data minimization

LISRTD Journal of Scientific Research & Technology Development
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e Anonymization

e Short retention periods

e Access controls

e Encryption

¢ Restricted administrative access

The system should collect only the information necessary for its intended traffic-management
function.

38. Cybersecurity

Connected traffic infrastructure can become a target for cyberattacks.
Potential risks include:
o Unauthorized access
e Sensor manipulation
o False traffic information
e Model tampering
¢ Denial of service
¢ Unauthorized signal commands
A compromised traffic-management system could create significant safety consequences.

Therefore, cybersecurity should be integrated into the architecture rather than added after
deployment.

39. Secure Communication

Communication between:
e Sensors

o Edge devices

LISRTD Journal of Scientific Research & Technology Development
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o Traffic controllers
e Central servers
should use appropriate authentication and encryption.
Devices should not automatically trust every message received from the network.

Strong identity management can help ensure that only authorized systems can submit control
information.

40. Fault Tolerance

Traffic systems must continue operating when individual components fail.
Possible failures include:

e Camera failure

e Sensor failure

o Edge-device failure

o Network interruption

e Power interruption
The system should therefore have fallback mechanisms.

For example, if Al processing becomes unavailable, the traffic controller can revert to a validated
conventional timing plan.

41. Proposed Fail-Safe Architecture

The proposed system follows:

Al Recommendation — Safety Validation — Traffic Controller
If the Al recommendation is unavailable or invalid:

Fallback Controller — Safe Predefined Operation

This prevents the Al component from becoming a single point of failure.
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42. Multi-Intersection Coordination

Traffic signals should not always be optimized independently.
Changing one intersection can influence neighboring intersections.

For example, increasing green time at Intersection A may send a larger vehicle flow toward
Intersection B.

Therefore, city-wide traffic management should consider network-level effects.
A scalable architecture can use:
Local Edge Intelligence + Central Coordination

Each intersection makes rapid local decisions while the central system provides broader traffic
information.

43. Traffic Corridor Optimization

Several consecutive intersections form a traffic corridor.

The objective may be to create smoother movement across the entire corridor rather than optimizing
every intersection separately.

The system can consider:
o Traffic flow between intersections
¢ Queue propagation
e Signal coordination
e Travel time
e Public transportation movement

This can produce better network performance than isolated optimization.
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44. Evaluation Methodology

The proposed framework should be evaluated using both technical and transportation metrics.
Important metrics include:

e Average waiting time

o Average travel time

¢ Queue length

¢ Vehicle throughput

e Number of stops

e Prediction accuracy

¢ [ncident-detection accuracy

¢ Inference latency

o Network bandwidth

o Edge-device resource usage

No single metric is sufficient to evaluate the entire system.

45. Baseline Comparison

The proposed system can be compared against:
1. Fixed-time traffic signals
2. Traditional sensor-based adaptive signals
3. Cloud-only Al traffic management
4. Edge Al traffic management
The comparison should be conducted under similar traffic conditions.

A simulation environment can initially be used before conducting controlled real-world trials.

LISRTD Journal of Scientific Research & Technology Development

(www.ijsrtd.com) 26




E| I Journal of Scientific Research & Technology Development
]

IJSRTD E-ISSN: 3107-5371 www.ijsrtd.com

info.ijsrtd@gmail.com

Volume 2, Issue 5, September - October 2026

46. Simulation Environment

Traffic simulation can provide a safe environment for evaluating Al-based control strategies.

A simulation can model:
e Vehicles
¢ Intersections
¢ Signal phases
e Pedestrians
e Traffic demand

¢ Road networks

Different traffic scenarios can then be tested without affecting real road users.

After successful simulation testing, limited field trials can be considered.

47. Experimental Scenarios

The system can be tested under:

Normal Traffic

Traffic demand follows expected daily patterns.

Peak Traffic

Vehicle demand increases substantially.

Accident Scenario

A lane becomes patrtially blocked.

Weather Scenario

Reduced visibility or road capacity is introduced.

I[JSRTD
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Emergency Scenario

An emergency vehicle requires priority.

Sensor Failure

One or more sensors become unavailable.

These scenarios can reveal whether the system remains reliable under changing conditions.

48. Prediction Evaluation

Traffic prediction models can be evaluated using measures such as:
e Mean absolute error
¢ Root mean square error
¢ Classification accuracy
e Precision
e Recall
e F1-score
The selected metric should correspond to the prediction task.

For example, predicting numerical traffic volume requires regression metrics, whereas classifying
congestion severity requires classification metrics.

49. Response-Time Evaluation

For an edge Al system, prediction quality is not the only concern.
Suppose:

Model A: Higher accuracy but 2-second inference time.

Model B: Slightly lower accuracy but 100-millisecond inference time.

For certain real-time applications, Model B may be more useful.
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Therefore:
Accuracy + Latency + Resource Usage

should be considered together.

50. Scalability

A city may contain hundreds or thousands of intersections.

The proposed architecture should allow new edge nodes to be added without redesigning the entire
system.

Each node can maintain:
e Local sensor connections
e Local Al models
o Local safety rules
e Local traffic state
The central platform can maintain:
e Model versions
o City-wide analytics
o Traffic patterns
e Long-term data
e System health

This distributed architecture can improve scalability.

51. Model Updating

Traffic patterns evolve over time.
Changes may result from:

e New roads
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e Construction
e New public transport routes
e Residential development
o Commercial development
e Seasonal travel
¢ New traffic regulations
Al models should therefore be monitored for performance degradation.

A model that performs well during initial deployment may not remain optimal indefinitely.

52. Model Dirrift

Model drift occurs when the relationship between inputs and expected outcomes changes.
For traffic prediction, examples include:

¢ A newly constructed road changing traffic distribution.

¢ A new shopping center increasing evening traffic.

¢ Road construction redirecting vehicles.

e Changes in public transport usage.

Monitoring should identify when historical patterns no longer adequately represent current conditions.

53. Explainable Traffic Al

Traffic operators may need to understand why the system recommends a particular action.
For example:

Recommendation: Extend northbound green phase.

Reason:

¢ Northbound queue increasing.
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e Predicted arrival rate increasing.
e Eastbound demand currently low.
¢ No active pedestrian crossing request.

Such explanations can improve operational trust and help traffic operators identify abnormal model
behavior.

54. Human Oversight

Al should not necessarily operate independently in all traffic-management situations.

Human operators can supervise:
e Major incidents
e Road closures
o Emergency situations
¢ Unusual traffic events
o System failures

The Al system can provide recommendations while authorized personnel retain control over
exceptional conditions.

55. Proposed End-to-End Workflow

The complete proposed workflow is:
1. Sensors collect traffic information.
Edge devices validate incoming data.
Computer-vision models detect vehicles and pedestrians.
Traffic-state features are generated.

Prediction models estimate near-term demand.

o o M w DN

Incident-detection models identify unusual conditions.

LISRTD Journal of Scientific Research & Technology Development

(www.ijsrtd.com) 3




E| I Journal of Scientific Research & Technology Development
]

IJ SRTD E-ISSN: 3107-5371 www.ijsrtd.com info.ijsrtd@gmail.com

Volume 2, Issue 5, September - October 2026

7. The control module evaluates permitted signal actions.
8. Safety constraints are checked.

9. The traffic controller receives an approved recommendation.

10. Traffic outcomes are measured.
11. The results are stored for later analysis.
12. Model performance is periodically evaluated.

This creates a continuous feedback loop between traffic conditions and Al-supported control.

96. Implementation Requirements

A practical implementation may require:

Hardware

e Cameras

e Radar or vehicle sensors
e Edge computing units

o Network equipment

o Traffic controllers

e Backup power

Software

e Computer-vision models
e Machine-learning models
e Data-processing services
¢ Monitoring dashboards

¢ Model-management tools
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Infrastructure

e Secure communication
¢ Central data platform

¢ Device management

e System monitoring

e Maintenance procedures

Successful deployment requires coordination between technology providers, traffic authorities,
infrastructure teams, and cybersecurity personnel.

57. Potential Benefits

The proposed framework may provide several benefits.

Reduced Congestion

Real-time traffic information can support more responsive signal timing.

Faster Incident Detection

Unusual traffic patterns can be detected automatically.

Lower Communication Load

Edge processing can reduce raw data transmission.

Better Scalability

Distributed edge nodes can support multiple intersections.

Improved Operational Awareness

Traffic operators can receive real-time information and explanations.
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Better Public Transportation Support

The system can incorporate bus-priority strategies.

These benefits require validation through controlled experiments and real-world deployments.

58. Challenges

Despite its potential, edge Al traffic management faces several challenges.

Infrastructure Cost

Installing cameras, sensors, edge devices, and secure networks can be expensive.

Environmental Conditions

Rain, fog, darkness, and occlusion can reduce computer-vision performance.

Hardware Maintenance

Roadside equipment requires regular inspection.

Data Privacy

Camera-based systems require careful handling of potentially sensitive information.

Cybersecurity

Connected traffic infrastructure must be protected against unauthorized access.

Model Generalization

A model trained at one intersection may not perform equally well at another.

59. Limitations

This research presents a conceptual framework rather than a completed field deployment.
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The proposed architecture requires empirical testing using real traffic data.

Traffic behavior differs substantially between cities, intersections, road designs, and regulatory
environments. Consequently, models should not be assumed to transfer directly between locations.

The paper also does not claim that Al can eliminate congestion. Congestion is influenced by
infrastructure capacity, travel demand, road design, public transportation, land use, and human
behavior.

Al should therefore be considered a decision-support and optimization technology within a broader
transportation strategy.

60. Future Research

Several directions can extend this research.

Federated Traffic Learning

Different intersections could collaboratively improve models without transferring all raw data to a
central location.

Advanced Edge Hardware

Specialized Al accelerators could improve real-time computer-vision performance.

Multimodal Traffic Intelligence

Future systems could combine:
e Camera data
e Radar
e GPS
o Weather
e Public transportation information

e Connected vehicles
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Cooperative Traffic Control

Multiple intersections could jointly optimize traffic flow across an entire urban network.

Digital Twins

City-scale digital twins could allow traffic strategies to be evaluated before deployment.

Explainable Reinforcement Learning

Future systems could provide understandable reasons for adaptive control decisions.

61. Expected Contributions

The proposed research makes the following conceptual contributions:

1.

© N o g k~ w0 DD

A layered architecture for edge-based intelligent traffic management.
Integration of loT sensing and edge Al.

A framework for combining traffic detection and prediction.

An adaptive signal-control approach subject to safety constraints.
Integration of emergency, pedestrian, and public-transport considerations.
A privacy-aware edge-processing strategy.

A multi-dimensional evaluation methodology.

A scalable architecture for multi-intersection deployment.

62. Conclusion

This paper presented a conceptual framework for using Edge Atrtificial Intelligence in intelligent traffic
management. Increasing urban traffic demand requires transportation systems that can respond
more effectively to rapidly changing road conditions. Conventional fixed-time traffic signals provide a
useful foundation but may not adequately respond to dynamic demand, incidents, weather, or unusual
traffic patterns.
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The proposed architecture combines |oT sensors, cameras, edge computing, machine learning,
traffic prediction, adaptive signal control, and centralized monitoring. Its primary distinguishing feature
is the placement of time-sensitive Al processing near the location where ftraffic information is
generated.

Edge processing can potentially reduce latency and communication requirements while allowing
selected traffic information to be transmitted instead of continuous raw video. At the same time,
centralized infrastructure remains useful for long-term analytics, model training, fleet management,
and city-wide coordination.

The research also emphasizes that traffic optimization must operate within safety constraints. Al
should not be allowed to make unrestricted signal-control decisions. Minimum and maximum phase
durations, pedestrian clearance, emergency requirements, and other traffic-safety rules should
remain enforced.

Another important consideration is privacy. Camera-based traffic systems may collect information
that can potentially identify vehicles or individuals. Processing data locally, minimizing retention,
restricting access, and transmitting only necessary information can reduce privacy risks.

Cybersecurity is equally important because connected traffic infrastructure can affect physical road
operations. Authentication, encryption, secure device management, monitoring, and fallback
mechanisms should therefore be included from the beginning of system design.

The proposed evaluation methodology combines conventional machine-learning metrics with
transportation measures such as waiting time, queue length, throughput, travel time, and response
latency. This is important because a highly accurate Al model does not necessarily produce better
traffic management. The ultimate objective is to improve transportation outcomes while maintaining
safety, reliability, privacy, and operational control.

Future research should evaluate the proposed framework using real-world traffic datasets and
controlled field experiments. Research should also investigate multi-intersection coordination,
federated learning, multimodal sensing, digital twins, explainable reinforcement learning, and energy-
efficient edge Al.

The broader conclusion is that intelligent traffic management should not be viewed simply as an Al
prediction problem. It is a cyber-physical system in which sensing, computation, communication,
transportation engineering, cybersecurity, and human decision-making must work together.

When these components are appropriately integrated, edge Al can provide a promising foundation
for developing responsive, scalable, and intelligent transportation systems capable of adapting
to the changing needs of modern cities.
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