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Abstract Urban traffic congestion causes travel delay, fuel consumption, emissions, and productivity
loss. Conventional fixed-time and actuated traffic signal controllers have limitations in responding to
dynamic traffic demand and infrastructure-based sensing information. This paper proposes an
AloT-driven intelligent traffic signal control system that integrates smart poles and a Deep Q-Network
(DQN)-based reinforcement learning controller. The proposed system collects traffic density, queue
length, average delay, current signal phase, and V2I communication messages through smart poles
equipped with cameras, loop detectors, communication modules, and edge computing devices. The
DQN agent determines signal phases in real time based on the observed traffic state. The system is
evaluated using VEINS, which integrates SUMO and OMNeT++ for joint traffic and communication
simulation. Thirty independent simulation runs are conducted under identical traffic demand scenarios
with different random seeds, and the statistical significance of the results is evaluated using ANOVA and
post-hoc tests. The results show that the proposed AloT-DQN controller improves average waiting time,
queue length, throughput, and emission-related indicators compared with fixed-time and actuated
control methods. The study demonstrates that smart pole-based AloT infrastructure can enhance the
real-time adaptability, reproducibility, and communication-aware decision-making capability of
reinforcement learning-based traffic signal control.

Key Words : Artificial Intelligence of Things, Smart Poles, Intelligent Traffic Signal Control,
Reinforcement Learning, VEINS Simulation
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1. Introduction

Urbanization and the rapid growth of vehicle
ownership have significantly increased traffic
congestion in metropolitan areas worldwide.
Traffic congestion leads to increased travel delay,
excessive fuel consumption, air pollution, and
substantial economic losses [1]. Intersections are
among the most critical bottlenecks in urban
transportation networks because inefficient
signal timing directly degrades overall traffic flow
performance.

Traditional traffic signal control systems employ
fixed-time strategies based on predefined timing
plans. Although simple to implement, fixed-time
control cannot respond to fluctuating traffic
demand. Actuated control systems improve upon
this by using detector information to adjust
signal timing, yet still rely on predefined rules
and underperform under complex, dynamic
conditions.

Recent advances in Artificial Intelligence of
Things (AloT) and deep reinforcement learning
offer transformative opportunities for intelligent
transportation systems. Deep Q-Networks (DQN)
have demonstrated superior performance in
traffic signal optimization by learning adaptive
control policies directly from environment interactions
[11,[2]. Concurrently, smart poles-integrating cameras,
environmental sensors, V2I communication
modules, and edge computing into a unified
roadside platform-have emerged as essential

smart-city infrastructure components [7],[8].

2. Related Work

2.1 Reinforcement Learning—Based Traffic
Signal Control

Li et al. [1] proposed a deep reinforcement
learning framework for adaptive traffic signal
control. Genders and Razavi [2] demonstrated that

DQN-based control can outperform conventional

signal control strategies.

2.2 VEINS-Based ITS Simulation
Sommer et al. [4], [5] introduced VEINS as a

coupled simulation framework integrating SUMO
and OMNeT++.

2.3 Smart Pole and Edge Al Infrastructure

Recent smart city studies have adopted smart
poles equipped with cameras, sensors, and edge
computing resources for intelligent transportation

applications [6]-[8].

3. Proposed System

3.1 System Architecture

The proposed AloT-driven intelligent traffic
signal control system comprises three layers: the
Sensing Layer, the Communication Layer, and
the Intelligent Control Layer. Sensing Layer: Smart
poles are deployed at each approach of the
intersection and equipped with cameras, loop
detectors, and environmental sensors. Cameras
monitor vehicle movements and traffic density;
loop detectors provide vehicle counts and queue
length estimation; environmental sensors collect
supplementary data such as weather and ambient
lighting. Compared with conventional RSU-based
systems, smart poles provide richer, multi-modal
sensing capabilities [71],[8].

Communication Layer: Vehicle-to-Infrastructure
(V2D) communication is established via IEEE
802.11p [12], the standard widely adopted in vehicular
networks. Vehicles periodically broadcast status
messages containing position, speed, and
direction. Smart poles receive these messages
and fuse them with local sensor data to construct
an updated traffic state representation. Edge-to-
cloud communication is supported via MQTT
[13], enabling lightweight IoT-scale messaging
and scalable smart-city deployment.
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The DQN agent

receives the fused traffic state from the sensing

Intelligent Control Layer:

and communication layers and determines the
optimal signal phase at each decision interval.
Unlike fixed-time or actuated approaches, the
DON controller continuously refines its adaptive
policy through interaction with the traffic
environment [1],[2], dynamically responding to

changing congestion patterns.

3.2 DQN-Based Traffic Signal Control Model

The traffic signal control problem is formulated
as a Markov Decision Process (MDP), with the
following key components.

State Space. The state vector captures the
intersection's traffic condition at each decision
step t

st = [gN, qS, qE, qW, wN, wS, wE, wW, pt]
where qi € {N,S,E,W} denotes the queue length at
each approach (number of waiting vehicles), wi
denotes the average waiting time of vehicles at
each approach (in seconds), and pt denotes the
current signal phase index. This nine-dimensional
state vector provides sufficient information for
the agent to evaluate real-time traffic conditions.

Action Space. At each decision interval, the
DQN agent selects one of four signal phase
actions:

* al: North-South straight green phase

* a2 East-West straight green phase

* a3: North-South left-turn phase

e a4 East-West left-turn phase

Standard safety constraints, including minimum
green time, vyellow clearance intervals, and
all-red intervals, are enforced according to signal
operation procedures.

Reward Function. The reward is designed to
minimize congestion and emissions simultaneously:
rt = -(eQt + AWt + yEb) 1
where Qt is the average queue length across all
approaches, Wt is the average waiting time, Et is
the emission-related traffic cost estimated using
the SUMO emission model [14], and @, B, y are

weighting coefficients. The negative sign
indicates the objective is minimization. In this
study, @ = 0.4, 8 = 0.4, and y = 0.2 were used.
The coefficients were selected heuristically, not
fitted to the evaluation data. Equal weights were
assigned to queue length and waiting time as
direct congestion indicators, while emissions
received a lower weight to retain environmental
sensitivity without dominating mobility; the
weights were normalized to sum to one.

Neural Network Architecture. The DQN
employs a fully connected feedforward network:
an input layer of dimension 9 (matching the state
vector), two hidden layers with 256 and 128
neurons respectively using ReLU activation, and
an output layer of dimension 4 producing
Q-values for each signal action. The action with
the highest Q-value is selected as the optimal
phase. The Bellman update is:

Q(st, at) = rt + 7 - max Q(st+1, a") )
where y = 0.95 is the discount factor. The
network is trained using experience replay with a
buffer of 100,000 transitions and mini-batches of
size 64, with the Adam optimizer at a learning

rate of 0.001.

(Table 1) DQN Hyperparameter Configuration

Parameter Value
Learning Rate 0.001
Discount Factor (7) 0.95
Replay Buffer Size 100,000
Batch Size 64
Training Episodes 1,000
Exploration Strategy £-greedy
Initial € / Final & 1.0 / 0.01
Hidden Layer Units 256 / 128
Optimizer Adam
Reward Weights (a,8,7) 04/04/02

4. Experimental Setup

The proposed system was evaluated using
VEINS 5.2, which integrates SUMO 1.19 for
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[Fig. 1] Comparison of Average Waiting Time and Queue Length (Mean * SD)

traffic mobility simulation and OMNeT++ 6.0 for
vehicular communication network simulation
[4],[5]. The DQN controller was implemented in
Python 3.11 with TensorFlow 2.15. All experiments
were conducted on a workstation equipped with
an Intel Core i7-12700K CPU (3.6 GHz), 32 GB
DDR5 RAM, and an NVIDIA RTX 3080 GPU (10
GB VRAM). The simulation scenario consists of a
four-way signalized intersection with two lanes
per direction and a speed limit of 60 km/h.
Vehicle arrivals follow a Poisson distribution with
dynamic demand varying from 600 to 1,200
vehicles/hour/direction to emulate different
congestion levels. Three control strategies are
evaluated: Fixed-Time Control, Actuated Control,
and the proposed AloT-DQN Control.

Statistical significance was assessed using

the

methods, with n = 30 independent simulation

one-way ANOVA across three control
runs per group. Each run used a distinct random
seed to ensure independence. Raw performance
values recorded from each run served as the
statistical observations; no artificial sample
generation was performed. Following ANOVA,
Tukey's Honest Significant Difference (HSD)
post-hoc pairwise comparison was applied to
identify which method pairs differed significantly

(significance level @ = 0.05).

(Table 2) Simulation Environment Configuration

Parameter Value
VEINS Version 5.2
SUMO Version 1.19

OMNeT++ Version 6.0
Python / TensorFlow 3.11 /215

CPU Intel i7-12700K
RAM / GPU 32 GB / RTX 3080
Simulation Duration 3,600 s
Intersection Type 4-way, 2 lanes/dir
Speed Limit 60 km/h
Traffic Demand 600-1,200 veh/h/dir
Arrival Distribution Poisson

Repeated Runs (n) 30 per method

Comm. Standard IEEE 802.11p

Carrier Frequency 5.9 GHz

Beacon Interval 100 ms
Edge-Cloud Protocol MQTT

5. Performance Evaluation and

Discussion

This section compares the proposed AloT-DQN
method with Fixed-Time and Actuated Control

using average waiting time, queue length,

throughput, and emission reduction over 30

independent runs. Episode-level reward logs

were not retained; therefore, no empirical

convergence claim is made.
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[Fig. 2] Traffic Throughput and Emission Reduction Comparison

(Table 3) Traffic Performance Comparison
(Mean * SD, n = 30 per method)

Method Avg. Wait (s) Avg. Queue Th(:z: r?/r;sm
Fixed-Time 824 + 4.1 152 +13 1,360 + 62
Actuated 59.7 + 3.6 109 + 0.9 1,680 = b5
AloT-DON 313 +24 4.7 £ 05 1,825 + 48

Table 3 and Figs. 1 and 2 present the performance
comparison among the three evaluated traffic
signal control methods. All metrics are reported
as mean * standard deviation (SD) over 30
independent runs. One-way ANOVA confirmed
statistically ~ significant  differences  across
methods for all performance metrics (p < 0.001).
Tukey's HSD post-hoc tests revealed significant
pairwise differences between all three method
pairs (p < 0.05 for all comparisons).

The proposed AIoT-DQN controller consistently
outperforms conventional methods across all
demand levels. Compared with Fixed-Time
Control, it reduces average waiting time by 62.0%
(82.4 s = 31.3 s) and queue length by 69.1% (15.2
— 4.7 vehicles), while increasing throughput by
34.2% (1,360 — 1,825 veh/h). Fig. 2 presents
throughput and emission reduction results. Vehicle
the SUMO

emission model, which estimates emissions based

emissions were calculated using

on vehicle speed, acceleration, deceleration, and
idle time [14, 15].

6. Conclusion

This paper proposed an AloT-driven intelligent
traffic signal control system integrating smart
poles, edge computing, and DQN reinforcement
learning, evaluated in a VEINS simulation framework
combining SUMO and OMNeT++ [4],[5]. Thirty
independent simulation runs with ANOVA and
Tukey's HSD post-hoc statistical validation confirmed
that the proposed AloT-DQN controller significantly
outperforms both Fixed-Time and Actuated
Control in average waiting time (-62.0%), queue
length (-69.1%), throughput (+34.2%), and vehicle
emission reduction (-17%).
AloT

scalable platform for next-generation intelligent

Smart pole-based

infrastructure provides an effective,

transportation systems.
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