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The high rate of urbanization has brought about a lot of traffic congestion to the smart cities, 

requiring smart and scalable traffic control solutions. Conventional signal control systems are 

not responsive to changing traffic situations, whereas current prediction-based models do not 

take into account the uncertainty factor, and hence unreliable decisions are made. To discuss the 

issue of the real-time optimization of traffic, this paper offers a solution to it through the creation 

of an Edge-AI Enabled Uncertainty-Aware Traffic Management System (E-UTMS). The 

framework combines the edge-based traffic perception, graph based spatio-temporal prediction 

and uncertainty-conscious adaptive signal control into one architecture. At the edge the traffic 

descriptors extracted include the number of vehicles, the length of a queue and occupancy of a 

lane which are then modeled on a dynamic traffic graph to provide congestion patterns in the 

short term. A risk conscious control method has built in predictive uncertainty to enable sound 

decision making according to different traffic conditions. Our experimental analysis shows that 

the proposed method reduces the average waiting time by 19.2%, queue length by 21.9%, and 

increases the throughput by 18.9% compared to prediction-based control without uncertainty. 

Further, the system is real time with an average inference time of 28.5 ms. These findings 

demonstrate the efficiency of the combination of edge intelligence and uncertainty-aware 

control as a solution to the next-generation smart city traffic management systems, which is 

scalable and reliable. 

 

Keywords: Edge Artificial Intelligence, Intelligent Traffic Management, Spatio-Temporal 

Graph Modeling, Uncertainty-Aware Control, Smart Cities, Adaptive Traffic Signal Control. 

 

 Copyright: © 2026 Sakhamuru Amulya, M.Sri Lakshmi and M Bhavsingh. This article is an open-access 

article distributed under the terms and conditions of the Creative Commons Attribution (CC BY 4.0) license. 

 

1. Introduction 

The high rate of urban population increase and the 

density of the vehicles has increased traffic congestion in 

the contemporary cities and this has increased the delays in 

the travel, the fuel consumption, and the impact on the 

environment. The Intelligent Traffic Management Systems 

(ITMS) have become one of the most important elements of 

smart city infrastructure, which is supposed to optimize 

traffic flow based on data-driven decision-making and 

adaptive control strategies [1], [2]. The recent breakthrough 

in artificial intelligence, edge computing, and connected 

infrastructure has made it possible to create more responsive 

and scalable traffic control systems, in which data can be 

processed nearer to the source to minimize latency and 

communication overhead [3], [4]. Specifically, Edge-AI 

paradigms enable the real-time processing of traffic 

conditions with the help of local computational resources, 

which is why they can be used in time-sensitive applications 

like traffic signal control [5]. 
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In spite of these developments, the current methods of 

traffic management have a number of limitations. 

Conventional fixed-time and actuated signal management 

plans are not dynamic to the changing road traffic situation, 

thus leading to poor use of the road capacity [6]. Although 

recent machine learning and deep learning-based schemes 

have enhanced the prediction of traffic and adaptive control, 

most of them are centralized and fail to consider spatial 

relationships among intersections [7]. Moreover, predictive-

based control systems commonly expect to have a perfect 

model reliability, and disregards uncertainty in the 

prediction of traffic, which may result in unstable or non-

optimal control responses in the face of noisy or rapidly 

changing environments [8]. 

This paper is aimed to overcome these shortcomings by 

introducing a framework called Edge-AI Enabled 

Uncertainty-Aware Traffic Management System (E-

UTMS), which combines edge-based perception, graph-

based spatio-temporal forecasting with uncertainty-aware 

adaptive signal control. The main goal of the work is to 

create a scalable and stable traffic management system, 

which can be used in real-time settings, considering the 

dynamics of traffic and predictability. The suggested 

framework uses small scale traffic descriptors obtained at 

the edge and processes them using a dynamic graph 

framework to generate the interdependencies between 

intersections and hence making them more capable of 

accurately and context sensitive prediction of traffic [9]. 

Nevertheless, there are a number of research challenges 

that arise in the design of such a system. First, the models 

must be efficient to ensure low-latency and precision of 

traffic perception at the edge in terms of computational 

constraints and detection performance. Second, the traffic 

dynamics across the intersections require the efficient 

spatio-temporal learning processes with the ability to 

capture both local and global dynamics. Third, 

incorporating uncertainty into the control decisions should 

be supported by strong formulations capable of avoiding 

unreliable courses of action at the expense of adaptability. 

Lastly, end-to-end coordination of the system in perception, 

prediction, and control is also a problem in system 

consistency and scalability [10]. 

In order to beat these challenges, the following are the 

key contributions of this paper: 

 Hierarchical Edge-AI based architecture of traffic 

perception in real-time and decentralized 

processing of data. 

 A temporally adaptable graphical forecasting 

model of traffic relationships within intersections. 

 A risk estimation mechanism that is risk-averse to 

improve the quality of the traffic predictions. 

 A signal control policy that is adaptive and has a 

fallback mechanism that is safety conscious to 

guarantee stable operation in uncertain conditions. 

 An integrated assessment model by applying real 

world data and simulated environments to confirm 

the performance of the system. 

The rest of the paper is structured in the following way. 

Section II is the literature review of the intelligent traffic 

management, edge computing, and graph-based forecasting 

work. Section III provides the suggested approach, which 

consists of system architecture and algorithm design. IV 

outlines the experimental design, data, and measures. 

Section V presents the results and performance analysis and 

the ablation study is presented in Section VI. Lastly, Section 

VII summarizes the paper and provides a direction to the 

future research. 

2. Literature Review 

The data-driven modelling, machine learning and 

distributed computing paradigms have brought major 

innovations to the area of intelligent traffic management. 

Research has evolved over the years to lessen the 

conventional rule-based signal control strategies to 

sophisticated predictive and adaptive models that have the 

capability of managing the intricate dynamics of the urban 

traffic. In the recent past, there has been a specific emphasis 

on the spatio-temporal traffic forecasting, reinforcement 

learning-controlled mechanisms and edge-enabled 

processing to enhance scalability and real-time 

responsiveness. Although these improvements have been 

made, the currently existing methods tend to focus on 

perception, prediction, and control as separate issues, 

creating broken solutions that are not necessarily fully 

exploited in their concerted efforts. Besides, little effort has 

been put in integrating uncertainty-conscious decision-

making into traffic control systems. In that regard, the 

current section examines the development of the traffic 

management methods and emphasizes the major 

shortcomings that drive the suggested integrated 

framework. 

2.1 Traditional Traffic Signal Control Methods 

The initial studies in the area of traffic management 

were mostly devoted to fixed-time and actuated signal 

control methods. Fixed-time schemes have signal plans that 

are pre-programmed and actuated systems use local sensor 

signals to adjust the phases of the signals. Though these 

approaches are easy and computationally cheap, they are not 

flexible to the dynamism and heterogeneity of the road 

traffic, which in most cases leads to poor use of road 

infrastructure [11], [12]. 

2.2 Machine Learning-Based Traffic Prediction 

Machine learning methods were presented with the 

access to high volumes of traffic data to improve traffic 

prediction and control. Classical models like regression and 

tree based methods showed better performance in 

comparison with old methods but they failed to capture 

nonlinear associations and time dependencies that existed in 

traffic dynamics [13]. 

Thereafter, deep learning models, specifically recurrent 

neural networks (RNNs) and long short-term memory 

(LSTM) networks were used to predict temporal traffic 

patterns. These methods greatly enhanced the accuracy of 

prediction due to their ability to learn sequential 

dependencies, although they mostly depended on the 

information of time and failed to learn spatial relationships 

among the traffic nodes [14], [15]. 

2.3 Graph-Based Spatio-Temporal Traffic Modeling 
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Graph-based learning methods have been extensively 

used to learn traffic predictions due to the weaknesses of 

time-only based models. The systems of the traffic are 

modeled as graphs with nodes being the intersections or the 

sensors and edges reflecting the spatial dependencies of the 

problem [16], [17]. 

These models have proved to be better in that they both 

learn spatial and temporal relationships. More advanced 

versions such as attention-based graph models and adaptive 

graph learning methods go further to boost the accuracy of 

prediction by dynamically updating the connectivity 

between nodes [18]. Although these have been improved, 

the majority of the studies are focused on forecasting and do 

not strictly combine control mechanisms. 

2.4 Reinforcement Learning for Traffic Signal Control 

The field of reinforcement learning (RL) has had an 

active study in adaptive traffic signal control, in which 

agents learn the best policies by interacting with the 

environment. The RL-based methods have demonstrated a 

greater reduction of congestion and travel time than the rule-

based methods [19]. 

Multi-agent reinforcement learning (MARL) 

generalizes this paradigm to coordinate many intersections 

of large-scale traffic networks. Nonetheless, they tend to be 

very time-consuming to train, are vulnerable to convergence 

instability and generally assume the existence of 

trustworthy state knowledge, which restricts their 

usefulness in uncertain real-life scenarios. 

2.5 Edge-AI and Distributed Traffic Management 

The recent developments in edge computing have made 

it possible to roll out smart traffic systems that are more 

proximate to the sources of data. Edge-AI models enable 

real-time data processing of traffic information and decrease 

latency and communication costs, as well as enhance 

scalability [20]. 

It has been suggested to use hybrid schemes of edge 

perception with either a centralized or distributed learning 

model in order to make the system more responsive. 

Nonetheless, the vast majority of available literature 

considers perception, prediction, and control as three 

distinct entities that do not have a comprehensive 

framework that would tie these modules together. 

2.6 Uncertainty-Aware Traffic Modeling 

The major weakness of current traffic management 

systems is the absence of uncertainty modelling. The vast 

majority of prediction-based methods are deterministic in 

nature, and utilize their outputs to make decisions directly, 

potentially causing unreliable or unstable control behaviour 

in the event of noisy or highly changing environments. 

The contribution of uncertainty estimation in intelligent 

systems to enhance robustness and reliability has been 

highlighted in recent research [21], [22]. Nevertheless, the 

incorporation of mechanisms that are uncertain about the 

traffic signal control is not well-explored. 

2.7 Research Gaps 

 Existing traffic management systems lack 

uncertainty-aware decision-making, resulting in 

unreliable and unstable signal control under 

prediction errors or dynamic traffic conditions.  

 The existing methods lack coherent combination of 

edge based perception, graph based prediction and 

adaptive signal management, which results in 

divided and less efficient traffic optimization.  

 Most prediction-based control schemes do not take 

into account spatial relationship between 

intersections, and thus cannot capture network-

wide traffic dynamics.  

 Current adaptive control systems are based on 

deterministic predictions and do not contain strong 

fallback capabilities in case of uncertain or 

ambiguous traffic conditions.  

 The lack of emphasis on the development of low-

latency, edge-compatible traffic management 

models between real-time responsiveness and 

computational efficiency is too little. 

To overcome these constraints, the proposed paper will 

suggest an Edge-AI Enabled Uncertainty-Aware Traffic 

Management System that will combine real-time edge 

perception, dynamically state-of-the-art graph-based traffic 

prediction, and uncertainty-aware adaptive signal control 

into one model. The next paragraph will give the 

methodology, which includes system architecture, 

mathematical formulation and algorithmic workflow of the 

proposed approach. 

3. Proposed Methodology 

3.1 System Overview 

The proposed framework introduces an Edge-AI 

Enabled Uncertainty-Aware Traffic Management System 

(E-UTMS) for intelligent and real-time control of urban 

traffic intersections. The system is designed to operate 

under the constraints of latency, bandwidth, and dynamic 

traffic variability typically encountered in smart city 

environments. 

Unlike conventional centralized systems that rely on 

continuous transmission of high-volume video data, the 

proposed approach performs localized perception at the 

edge, followed by graph-based traffic state modeling and 

uncertainty-aware control optimization. This hierarchical 

design ensures scalability while maintaining responsiveness 

to rapidly evolving traffic conditions. 

Formally, the system operates over discrete time steps 

𝑡 ∈ {1,2, … , 𝑇}, where each intersection contributes local 

observations that are aggregated into a global traffic 

representation. The framework seeks to minimize 

congestion, delay, and queue accumulation while ensuring 

robustness under uncertain predictions. 

3.2 System Architecture 

To provide a clear understanding of the overall 

computational workflow and the interaction among 

different modules, the architecture of the proposed Edge-AI 

Enabled Uncertainty-Aware Traffic Management System 

(E-UTMS) is illustrated in Fig. 1. The diagram presents a 

hierarchical pipeline that integrates edge-based perception, 

graph-based traffic modeling, spatio-temporal forecasting, 
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and uncertainty-aware adaptive control into a unified 

framework suitable for real-time smart city deployment. 

 

Fig. 1. System architecture of the proposed Edge-AI enabled intelligent traffic management framework 

Fig. 1 illustrates the end-to-end workflow of the 

proposed system. The process begins with roadside cameras 

capturing real-time traffic video streams, which are 

processed locally at edge devices to extract compact traffic 

descriptors such as vehicle count, queue length, and lane 

occupancy. These descriptors are aggregated across 

multiple intersections and structured into a dynamic traffic 

graph, enabling the modeling of spatial dependencies within 

the road network. The spatio-temporal forecasting module 

utilizes historical graph-structured data to predict future 
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traffic states over a short horizon. To enhance decision 

reliability, the framework computes predictive uncertainty 

and integrates it with congestion and queue measurements 

to derive a composite risk score. Based on this risk-aware 

representation, the control module determines optimal 

signal actions while incorporating a safety-driven fallback 

mechanism under high uncertainty conditions. The final 

signal decisions are applied to intersection controllers, 

resulting in improved traffic flow, reduced congestion, and 

enhanced operational efficiency. 

This architectural design highlights the seamless 

integration of edge intelligence, graph-based learning, and 

uncertainty-aware control, thereby enabling a scalable and 

robust solution for next-generation smart city traffic 

management systems. 

3.3 Edge-Based Traffic Perception Module 

The perception module operates at the edge and is 

responsible for transforming raw video input into structured 

traffic descriptors. Let 𝑉𝑡
𝑖 denote the video frame captured 

at intersection 𝑖 at time 𝑡. A lightweight deep learning model 

ℱ𝜃 is employed to extract meaningful features such as 

vehicle count, queue length, and lane occupancy. The 

extracted feature representation is expressed as: 𝑋𝑡
𝑖 =

{𝑐𝑡
𝑖 , 𝑞𝑡

𝑖 , 𝑜𝑡
𝑖} where 𝑐𝑡

𝑖 denotes the number of detected 

vehicles, 𝑞𝑡
𝑖 represents the estimated queue length, and 𝑜𝑡

𝑖 

indicates the proportion of lane occupancy. These features 

collectively provide a compact yet informative summary of 

the traffic state at each intersection. 

The mapping from raw video to feature space is formalized 

as: 

𝑋𝑡
𝑖 = ℱ𝜃(𝑉𝑡

𝑖)   (1) 

To ensure suitability for edge deployment, the 

perception model is trained under a joint objective that 

balances detection accuracy and computational efficiency. 

This is achieved by incorporating a latency-aware 

regularization term: 

ℒedge = 𝜆1ℒdet + 𝜆2ℒlatency   (2) 

In this formulation, ℒdet  captures the detection error 

between predicted and ground-truth bounding boxes, while 

ℒlatency  penalizes excessive inference time. The weighting 

parameters 𝜆1 and 𝜆2 regulate the tradeoff between accuracy 

and efficiency, enabling the model to operate within strict 

edge constraints. 

3.4 Dynamic Traffic Graph Construction 

To model the spatial interactions among intersections, 

the traffic network is represented as a time-varying graph: 

𝐺𝑡 = (𝑉, 𝐸, 𝐴𝑡)   (3) 

Here, 𝑉 denotes the set of intersections, 𝐸 represents 

the connectivity defined by road segments, and 𝐴𝑡 ∈ ℝ𝑁×𝑁 

is a dynamic adjacency matrix that captures the strength of 

interaction between nodes at time 𝑡. 

Each node in the graph is associated with a feature 

vector derived from the perception module. The collective 

node representation is given by: 

𝐻𝑡 = {𝑋𝑡
1, 𝑋𝑡

2, … , 𝑋𝑡
𝑁}  (4) 

To account for dynamic traffic influence, the adjacency 

matrix is constructed based on feature similarity, allowing 

the model to capture both structural and temporal 

dependencies. The edge weight between two intersections is 

defined as: 

𝐴𝑡(𝑖, 𝑗) = exp⁡(−‖𝑋𝑡
𝑖 − 𝑋𝑡

𝑗
‖
2
)  (5) 

This formulation ensures that intersections with similar 

traffic patterns exhibit stronger connectivity, thereby 

facilitating the propagation of congestion information 

across the network. 

3.5 Spatio-Temporal Traffic Forecasting Module 

The forecasting module aims to predict the future 

evolution of traffic states by leveraging both spatial and 

temporal dependencies. Given a sequence of historical 

graph-structured observations, the model learns a function 

𝑓𝜃 that maps past states to future predictions. 

The forecasting process is defined as: 

𝑌̂𝑡+1:𝑡+𝐻 = 𝑓𝜃(𝐻𝑡−𝑘:𝑡 , 𝐴𝑡−𝑘:𝑡)  (6) 

In this expression, 𝐻𝑡−𝑘:𝑡  denotes the sequence of node 

features over the past 𝑘 time steps, and 𝐴𝑡−𝑘:𝑡 represents the 

corresponding sequence of adjacency matrices. The output 

𝑌̂𝑡+1:𝑡+𝐻 corresponds to predicted traffic states over a 

horizon of length 𝐻. 

The model is trained by minimizing the discrepancy 

between predicted and actual traffic values using a mean 

squared error objective: 

ℒforecast =
1

𝐻
∑  𝐻
ℎ=1 ‖𝑌𝑡+ℎ − 𝑌̂𝑡+ℎ‖2

2
  (7) 

This formulation enables the model to learn both short-

term fluctuations and long-range dependencies, which are 

essential for accurate congestion prediction in urban 

environments. 

3.6 Uncertainty-Aware Congestion and Risk Estimation 

While accurate forecasting is crucial, real-world traffic 

systems are inherently uncertain due to noise, incomplete 

observations, and unpredictable events. To address this, the 

proposed framework incorporates an uncertainty estimation 

mechanism that quantifies the confidence of model 

predictions. 

The uncertainty associated with the predicted traffic 

state at intersection 𝑖 is computed as: 

𝑈𝑡
𝑖 = Var(𝑌̂𝑡

𝑖)   (8) 

This variance-based formulation captures the 

dispersion in predictions, thereby reflecting the model's 

confidence level. 

To integrate uncertainty into decision-making, a 

composite risk score is defined: 

𝑅𝑡
𝑖 = 𝛼𝐶𝑡

𝑖 + 𝛽𝑞𝑡
𝑖 + 𝛾𝑈𝑡

𝑖  (9) 

In this equation, 𝐶𝑡
𝑖 represents the predicted congestion 

level derived from the forecasting module, 𝑞𝑡
𝑖 corresponds 

to the observed queue length from the perception module, 

and 𝑈𝑡
𝑖 denotes the uncertainty score. The coefficients 𝛼, 𝛽, 
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and 𝛾 control the relative importance of congestion, queue 

pressure, and uncertainty, respectively. 

This risk formulation enables the system to make 

cautious decisions in scenarios where predictions are 

unreliable, thereby enhancing robustness. 

3.7 Adaptive Signal Control Module 

The signal control module determines the optimal 

traffic signal configuration based on predicted traffic 

conditions and associated uncertainty. The objective is to 

minimize overall traffic inefficiency while maintaining 

fairness across directions. 

The control objective is formulated as: 

ℒcontrol = 𝜆1𝐷𝑡 + 𝜆2𝑄𝑡 + 𝜆3𝑆𝑡 (10) 

Here, 𝐷𝑡  denotes the average delay experienced by 

vehicles, 𝑄𝑡 represents the total queue length across all 

approaches, and 𝑆𝑡 corresponds to the number of stops. The 

weighting parameters 𝜆1, 𝜆2, and 𝜆3 regulate the 

contribution of each component. 

The optimal control action is obtained by minimizing 

the objective: 

𝑎𝑡
∗ = arg⁡min

𝑎𝑡
 ℒcontrol   (11) 

To ensure reliability under uncertain predictions, an 

uncertainty-aware decision rule is incorporated: 

𝑎𝑡 = {
𝑎𝑡

adaptive 
,  if 𝑈𝑡

𝑖 < 𝜏

𝑎𝑡
safe 

,  otherwise 
 (12) 

This mechanism allows the system to switch between 

adaptive and conservative control strategies based on the 

level of prediction confidence, thereby preventing unstable 

or unsafe signal decisions. 

3.8 Overall Optimization Objective 

The proposed framework integrates perception, 

forecasting, and control into a unified optimization problem: 

ℒtotal = ℒedge + ℒforecast + ℒcontrol   (13) 

This joint objective ensures that all components of the 

system are optimized cohesively, enabling end-toend 

performance improvements in traffic management. 

3.9 Algorithm: Edge-AI Traffic Management Framework 

To summarize the operational workflow of the 

proposed framework in a clear procedural form, Algorithm 

1 presents the step-by-step execution of the proposed Edge-

AI Enabled Uncertainty-Aware Traffic Management 

System (E-UTMS). The algorithm integrates local traffic 

perception, graph-based traffic state modeling, short-term 

forecasting, uncertainty estimation, and adaptive signal 

control into a unified decision-making pipeline. At each 

time step, the framework first extracts compact traffic 

descriptors from edge devices, then constructs the dynamic 

traffic graph, predicts near-future traffic conditions, 

estimates predictive uncertainty, and finally determines 

whether adaptive control or a safe fallback policy should be 

applied. This sequential representation highlights how the 

proposed method achieves reliable and low-latency traffic 

management under dynamic urban conditions. 

Algorithm 1: Edge-AI Enabled Uncertainty-Aware 

Traffic Management System (E-UTMS) 

Input: Real-time video streams 𝑉𝑡
𝑖 from each intersection 𝑖, 

historical traffic state sequences, uncertainty threshold 𝜏, 

and control policy parameters. 

Output: Optimal signal phase and green-time allocation 𝑎𝑡 
at each time step 𝑡. 
Step 1: Initialize the lightweight edge perception model ℱ𝜃, 

the spatio-temporal forecasting model 𝑓𝜃, and the adaptive 

control policy 𝜋. 

Step 2: For each time step 𝑡, acquire the current video frame 

𝑉𝑡
𝑖 from every monitored intersection 𝑖. 

Step 3: Process each video frame through the edge 

perception model to extract compact traffic descriptors 𝑋𝑡
𝑖 =

{𝑐𝑡
𝑖 , 𝑞𝑡

𝑖 , 𝑜𝑡
𝑖}, where 𝑐𝑡

𝑖 , 𝑞𝑡
𝑖, and 𝑜𝑡

𝑖 denote vehicle count, queue 

length, and lane occupancy, respectively. 

Step 4: Aggregate the descriptors obtained from all 

intersections and construct the dynamic traffic graph 𝐺𝑡 =
(𝑉, 𝐸, 𝐴𝑡), where the nodes represent intersections, the 

edges represent spatial road connectivity, and 𝐴𝑡 captures 

the time-varying interaction strengths among intersections. 

Step 5: Form the node feature representation 𝐻𝑡 =
{𝑋𝑡

1, 𝑋𝑡
2, … , 𝑋𝑡

𝑁} and combine it with the historical traffic 

state sequence over the previous 𝑘 time steps. 

Step 6: Feed the graph-structured historical observations 

into the forecasting model 𝑓𝜃 to obtain the shortterm traffic 

prediction 𝑌̂𝑡+1:𝑡+𝐻 over the prediction horizon 𝐻. 

Step 7: Estimate the predictive uncertainty 𝑈𝑡
𝑖 for each 

intersection based on the variance of the predicted traffic 

states. 

Step 8: Compute the composite risk score 𝑅𝑡
𝑖  by integrating 

the predicted congestion level, observed queue length, and 

predictive uncertainty. 

Step 9: Evaluate the uncertainty threshold condition. If 𝑈𝑡
𝑖 <

𝜏, select the adaptive signal control action 𝑎𝑡
adaptive 

 using the 

learned control policy 𝜋. Otherwise, activate the predefined 

safe fallback control action 𝑎𝑡
𝑠𝑎𝑓𝑒

. 

Step 10: Apply the final signal decision 𝑎𝑡 to the 

corresponding traffic signal controller for phase switching 

and green-time allocation. 

Step 11: Repeat Steps 2-10 for all subsequent time steps 

until the end of the control horizon. 

End Algorithm1 

The procedural flow described in Algorithm 1 reflects 

the coordinated interaction among the major modules of the 

proposed framework. It shows that the system does not rely 

solely on predicted traffic conditions, but also explicitly 

accounts for prediction reliability before issuing control 

decisions. This uncertainty-aware decision mechanism is 

particularly important in real-world smart city 

environments, where traffic patterns may change abruptly 

due to noise, incidents, or incomplete observations. Thus, 

Algorithm 1 provides the operational foundation of the 
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proposed methodology and demonstrates how edge 

intelligence, graph learning, and robust adaptive control are 

jointly integrated for intelligent traffic management. 

3.10 Methodological Significance 

The proposed methodology achieves a balance between 

computational efficiency and decision reliability by 

integrating edge-based perception with uncertainty-aware 

control. The use of graph-based modeling enables the 

system to capture spatial dependencies, while the 

uncertainty-aware mechanism ensures robustness in 

dynamic and unpredictable environments. As a result, the 

framework is well-suited for real-world deployment in 

smart city traffic systems. 

4. Experimental Setup  

4.1 Experimental Design and Dataset Configuration 

The experimental setup is designed to comprehensively 

evaluate the proposed Edge-AI Enabled Uncertainty-Aware 

Traffic Management System (E-UTMS) across three key 

components: edge-based traffic perception, spatio-temporal 

traffic forecasting, and uncertainty-aware adaptive signal 

control. The objective is to assess whether the framework 

can reliably extract traffic descriptors from real-time video 

streams, accurately predict short-term traffic states using 

graph-based modeling, and improve traffic efficiency 

through robust control decisions under uncertain conditions. 

To ensure methodological consistency and avoid 

unnecessary complexity, a modular evaluation strategy is 

adopted, where each component of the framework is 

validated using a dedicated and publicly available dataset or 

platform. The edge perception module is developed using 

UA-DETRAC [23], which contains 100 real-world traffic 

videos, more than 140,000 annotated frames, and 

approximately 1.21 million labeled vehicle bounding boxes, 

making it suitable for extracting compact descriptors such 

as vehicle count, queue length, and lane occupancy.  

The forecasting component is evaluated using METR-

LA [24], a widely used benchmark for spatio-temporal 

traffic prediction. The dataset contains traffic speed 

measurements from 207 sensors, sampled at 5-minute 

intervals over roughly 4 months, resulting in about 34,272 

time steps. Its graph-structured nature supports modeling of 

spatial dependencies among traffic nodes for short-term 

forecasting.  

For the control module, the CityFlow simulation 

environment is employed to evaluate adaptive signal control 

strategies [25]. CityFlow supports flexible road-network 

and traffic-flow definitions, enables city-scale traffic 

simulation, and is reported to be more than 20 times faster 

than SUMO, making it suitable for controlled and 

reproducible evaluation of the proposed uncertainty-aware 

control mechanism.  

This integrated experimental design ensures that each 

component of the proposed framework is evaluated in a 

coherent and application-aligned manner, while collectively 

validating the end-to-end performance of the system for 

real-time intelligent traffic management. 

4.2 Data Preprocessing and Feature Generation 

For the perception stage, the UA-DETRAC videos are 

processed into frame sequences and resized to a consistent 

resolution suitable for lightweight inference. A trained 

detection model is applied to extract vehicle-level 

information, which is subsequently aggregated to derive 

compact descriptors. The vehicle count 𝑐𝑡
𝑖 is obtained by 

counting detected vehicles within the region of interest, 

while queue length 𝑞𝑡
𝑖 is estimated based on the density of 

low-speed or stationary vehicles near the stop line. Lane 

occupancy 𝑜𝑡
𝑖 is computed as the proportion of occupied 

spatial regions within predefined lane grids. To improve 

robustness, these descriptors are temporally smoothed over 

short windows before being forwarded to the graph 

modeling stage. 

For the forecasting module, the METR-LA dataset is 

transformed into a graph-structured time series. Missing 

values are handled through interpolation, and normalization 

is applied using training-set statistics. A graph is 

constructed where each node corresponds to a traffic sensor, 

and edge weights represent spatial proximity or traffic 

correlation. Historical sequences of length 𝑘 are used as 

input to predict future traffic states over a horizon 𝐻. For the 

control stage, the predicted traffic states and descriptors are 

mapped to intersection-level variables within the CityFlow 

simulator. This enables consistent evaluation of the control 

policy in a controlled yet realistic environment. 

4.3 Training, Validation, and Test Protocol 

To ensure a consistent evaluation protocol, the 

experiments should be divided into training, validation, and 

testing subsets at each stage. For the perception module, the 

detector is trained on the training split of UA-DETRAC and 

validated on a held-out subset to tune hyperparameters such 

as learning rate, input resolution, confidence threshold, and 

non-maximum suppression threshold. The final model is 

then tested on unseen sequences. 

For the forecasting module, the METR-LA time series 

are split chronologically to prevent future information 

leakage. A practical configuration is to use the earliest 70% 

of time steps for training, the next 10% for validation, and 

the final 20% for testing. This chronological split is more 

appropriate than random shuffling because it preserves the 

temporal structure required for forecasting and better 

reflects real deployment conditions. 

For the control module, CityFlow experiments should 

be repeated over multiple random traffic seeds or flow 

scenarios so that the reported results are not biased by a 

single simulation trace. The uncertainty threshold τ\tauτ, 

reward weights, and fallback-control parameters should be 

tuned on the validation environment and then fixed for the 

final test runs. 

4.4 Evaluation Metrics 

The evaluation is performed using task-specific metrics 

tailored to the proposed framework. 

Perception Metrics 

The accuracy of traffic descriptor extraction is 

evaluated using vehicle counting error: 

MAEcount =
1

𝑇
∑  𝑇
𝑡=1 |𝑐𝑡

true 
− 𝑐𝑡

pred 
|  (14) 
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where 𝑐𝑡
true 

 and 𝑐𝑡
pred 

 denote the ground-truth and 

predicted vehicle counts at time 𝑡. This metric directly 

reflects the reliability of the edge perception module. 

Forecasting Metrics 

The forecasting performance is evaluated using: 

MAEforecast =
1

𝑁𝐻
∑  𝑁
𝑖=1  ∑  𝐻

ℎ=1   |𝑌𝑡+ℎ
𝑖 − 𝑌̂𝑡+ℎ

𝑖 |  (15) 

 

RMSEforecast = √
1

𝑁𝐻
∑  𝑁
𝑖=1  ∑  𝐻

ℎ=1   (𝑌𝑡+ℎ
𝑖 − 𝑌̂𝑡+ℎ

𝑖 )
2
 (16) 

These metrics quantify prediction accuracy across all 

nodes and forecast horizons, capturing both average and 

variance-sensitive errors. 

Traffic Control Metrics 

The effectiveness of signal control is evaluated using 

system-level performance measures: 

AWT =
1

𝑀
∑  𝑚=1  𝑤𝑚  (17) 

AQL =
1

𝑇
∑  𝑇
𝑡=1  𝑞𝑡   (18) 

Throughput =
1

𝑇
∑  𝑇
𝑡=1  𝑛𝑡

out 
 (19) 

where 𝑤𝑚 denotes the waiting time of vehicle 𝑚, 𝑞𝑡 

represents queue length at time 𝑡𝑟 and 𝑛𝑡
out 

 indicates the 

number of vehicles passing through the intersection. These 

metrics directly reflect traffic efficiency and congestion 

reduction. 

Edge Efficiency Metrics 

To validate real-time feasibility, computational 

efficiency is measured as: 

Latency⁡=⁡
1

𝑇
∑  𝑇
𝑡=1  Δ𝑡𝑡  (20) 

Model Size = ∑  𝐿
𝑙=1    Params 

𝑙
 (21) 

where Δ𝑡𝑡 denotes inference time per frame and 

Params𝑙 represents parameters in layer 𝑙. These metrics 

demonstrate suitability for edge deployment. 

4.5 Baseline Models 

To validate the effectiveness of the proposed 

framework, comparisons are performed against the 

following baseline approaches: 

1. Fixed-Time Signal Control: A traditional traffic 

signal strategy with predefined phase durations, 

independent of traffic conditions [26].  

2. Actuated Signal Control: A reactive control 

mechanism that adjusts signal phases based on 

local traffic measurements without predictive 

modelling [27].  

3. Forecast-Based Control (Without Uncertainty): A 

prediction-driven adaptive control strategy that 

utilizes traffic forecasts but does not incorporate 

uncertainty in decision-making [28].  

4. Graph-Based Forecasting with Static Control: A 

model that performs spatio-temporal forecasting 

but applies fixed or heuristic signal timing without 

adaptive optimization [29].  

5. Safe Policy Only Control: A conservative control 

strategy that always applies fallback policies 

without adaptive decision-making [30]. 

4.6 Implementation Environment 

The framework can be implemented in Python using 

PyTorch for the deep learning components and CityFlow for 

simulation-based control evaluation. The official CityFlow 

documentation indicates support for reinforcement-

learning-based traffic studies, making it well suited for the 

control layer of the proposed framework. A practical 

implementation environment for the experiments may 

include a workstation with an NVIDIA GPU for model 

training and a CPU/GPU-enabled edge-like setup for 

latency profiling. The software stack may include Python 

3.9 or later, PyTorch, OpenCV for frame handling, NumPy 

and Pandas for preprocessing, and CityFlow for traffic 

simulation. For reproducibility, all experiments should be 

run with fixed random seeds, and the same preprocessing 

and normalization statistics learned from the training set 

should be reused during validation and testing. 

4.7 Experimental Protocol 

All experiments are conducted using a consistent 

training-validation-testing strategy. The forecasting dataset 

is split chronologically into training, validation, and test sets 

to preserve temporal dependencies. Hyperparameters are 

tuned on the validation set and fixed during final 

evaluation.For the simulation experiments, multiple traffic 

scenarios are generated in CityFlow to ensure robustness of 

the results. Each experiment is repeated across multiple 

runs, and average performance metrics are reported to 

reduce stochastic bias. The experimental setup is carefully 

designed to evaluate each component of the proposed 

framework in a coherent and reproducible manner, ensuring 

that improvements in perception, forecasting, and 

uncertainty-aware control collectively contribute to 

enhanced traffic efficiency in smart city environments. 

5. Results and Discussion 

To evaluate the effectiveness of the proposed Edge-AI 

Enabled Uncertainty-Aware Traffic Management System 

(E-UTMS), experiments are conducted across perception 

accuracy, forecasting performance, traffic control 

efficiency, and edge deployment feasibility. The evaluation 

follows the metrics defined in (14)–(21) and compares the 

proposed framework against the selected baseline strategies. 

The results are presented to demonstrate both the 

quantitative improvements and the practical advantages of 

incorporating uncertainty-aware decision-making into 

traffic control. 

5.1 Traffic Control Performance Analysis 

The primary objective of the proposed framework is to 

improve traffic efficiency through intelligent signal control. 

Table I presents the comparative performance of the 

proposed method against baseline approaches using the 

traffic control metrics defined in (17)–(19), namely average 

waiting time (AWT), average queue length (AQL), and 

throughput. 
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Table 1. Comparison of Traffic Control Performance 

across Baselines 

Method 
AWT 

(s) ↓ 

AQL 

(vehicles) ↓ 

Throughput 

(veh/min) ↑ 

Fixed-Time Signal 

Control [26] 
78.4 24.6 18.2 

Actuated Signal Control 
[27] 

65.7 20.3 20.5 

Forecast-Based Control 

(Without Uncertainty) 

[28] 

58.9 17.8 22.1 

Graph-Based 

Forecasting with Static 

Control [29] 

54.2 16.1 23.4 

Safe Policy Only 
Control [30] 

72.5 22.7 19.1 

Proposed E-UTMS 47.6 13.9 26.3 

The results in Table I clearly demonstrate that the 

proposed E-UTMS framework significantly outperforms all 

baseline methods across all traffic efficiency metrics. In 

particular, the reduction in average waiting time and queue 

length indicates improved congestion handling, while the 

increase in throughput reflects more efficient vehicle 

clearance. Compared to the “Forecast-Based Control 

without Uncertainty,” the proposed approach achieves 

further improvement by incorporating uncertainty into 

decision-making, thereby avoiding suboptimal actions 

under unreliable predictions. The performance gap also 

highlights the importance of integrating graph-based 

forecasting with adaptive control, rather than treating them 

as independent components. 

5.2 Forecasting Performance Evaluation 

To assess the effectiveness of the spatio-temporal 

forecasting module, Table II reports the prediction accuracy 

using MAE and RMSE as defined in (15) and (16). 

Table 2. Forecasting Performance Comparison 

Method MAE forecast ↓ RMSE forecast ↓ 

Historical Average 5.84 8.12 

LSTM-Based Forecasting 4.67 6.95 

Graph-Based Forecasting (Static) 3.98 6.21 

Proposed Graph  

Forecasting Module 
3.42 5.63 

The proposed forecasting module achieves the lowest 

MAE and RMSE values, indicating its superior capability in 

capturing both spatial and temporal dependencies in traffic 

data. The improvement over traditional sequence models 

such as LSTM demonstrates the advantage of incorporating 

graph structure, while the performance gain over static 

graph models reflects the benefit of dynamically updated 

traffic representations. These improvements directly 

contribute to more reliable traffic predictions, which in turn 

enhance the effectiveness of downstream control decisions. 

 

Fig. 2. Forecasting performance comparison showing reduction in MAE and RMSE across different models. 

Fig. 2 illustrates the comparative forecasting accuracy 

of different models. The proposed graph-based forecasting 

module achieves the lowest prediction error, demonstrating 

its ability to effectively capture spatial dependencies among 

traffic nodes. The consistent reduction in both MAE and 

RMSE confirms that improved prediction accuracy directly 

contributes to better downstream control performance. 

5.3 Impact of Uncertainty-Aware Control 

To isolate the contribution of uncertainty modeling, a 

comparative analysis is performed between the proposed 

method and the “Forecast-Based Control (Without 

Uncertainty)” baseline. The results are summarized in Table 

3. 

Table 3. Effect of Uncertainty-Aware Decision 

Mechanism 

Method 
AWT 

(s) ↓ 

AQL 

↓ 

Throughput 

↑ 

Forecast-Based Control 

(Without Uncertainty) 
58.9 17.8 22.1 

Proposed (With Uncertainty 

Awareness) 
47.6 13.9 26.3 

The inclusion of uncertainty estimation leads to a 

substantial improvement in all traffic control metrics. This 

indicates that incorporating prediction confidence into 

decision-making allows the system to avoid overly 

aggressive or unstable control actions. When uncertainty is 

high, the fallback policy ensures stable operation, thereby 

improving overall system robustness. This experiment 

validates that the uncertainty-aware mechanism is a key 
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contributor to the superior performance of the proposed 

framework. 

5.4 Edge-AI Performance Analysis 

To evaluate the feasibility of real-time deployment, 

Table IV presents the edge efficiency metrics defined in (20) 

and (21). 

Table 4. Edge Deployment Performance 

Metric Value 

Inference Latency (ms/frame) ↓ 28.5 

Model Size (MB) ↓ 18.7 

The reported latency demonstrates that the perception 

module operates within real-time constraints suitable for 

edge deployment. The compact model size further supports 

deployment on resource-constrained devices such as 

embedded GPUs or edge processors. These results confirm 

that the proposed framework not only improves traffic 

management performance but also satisfies practical 

requirements for real-world smart city applications. 

5.5 Ablation Study 

To evaluate the contribution of individual components 

in the proposed E-UTMS framework, an ablation study is 

conducted by selectively removing key modules, including 

graph-based forecasting, uncertainty-aware control, and 

edge-derived traffic descriptors. The performance is 

assessed using the traffic control metrics defined in (17)–

(19), namely average waiting time (AWT), average queue 

length (AQL), and throughput. 

 

 

Fig. 3. Performance impact of removing key components in the proposed framework.

Fig. 3 visually summarizes the contribution of each 

major module in the proposed framework. The full E-

UTMS model consistently achieves the best performance, 

whereas removing uncertainty awareness, graph modeling, 

or edge-derived features leads to degraded traffic efficiency. 

This confirms that the integrated design of the proposed 

framework is essential for achieving robust and effective 

traffic management. 

5.6 Discussion 

The experimental results collectively validate the 

effectiveness of the proposed E-UTMS framework. The 

integration of edge-based perception, graph-based 

forecasting, and uncertainty-aware control enables the 

system to achieve significant improvements over traditional 

and prediction-based baselines. The results also highlight 

that while forecasting accuracy is important, the 

incorporation of uncertainty plays a crucial role in ensuring 

robust and reliable decision-making. Furthermore, the edge 

efficiency analysis confirms that the framework is suitable 

for real-time deployment, making it a viable solution for 

next-generation intelligent traffic management systems. 

6. Conclusion and Future Work 

This paper presented an Edge-AI Enabled Uncertainty-

Aware Traffic Management System (E-UTMS) for 

intelligent and real-time traffic control in smart city 

environments. The proposed framework integrates edge-

based traffic perception, graph-based spatio-temporal 

forecasting, and uncertainty-aware adaptive signal control 

into a unified architecture. By leveraging compact traffic 

descriptors and dynamic graph modeling, the system 

effectively captures both local and network-level traffic 

dynamics. The incorporation of uncertainty estimation 

further enhances decision reliability by preventing unstable 

control actions under ambiguous conditions. Experimental 

results demonstrate that the proposed approach significantly 

reduces average waiting time and queue length while 

improving throughput compared to traditional and 

prediction-based baseline methods. Additionally, the 

framework satisfies practical deployment requirements 

through low-latency edge processing. Overall, the proposed 

system provides a scalable and robust solution for next-

generation intelligent traffic management. 
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Future work will focus on extending the framework to 

large-scale city-wide deployments with multi-intersection 

coordination and real-world traffic integration. 

Additionally, incorporating multimodal data sources such as 

weather and incident reports, along with advanced 

reinforcement learning strategies, can further enhance 

adaptability and decision intelligence. 
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