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Abstract

Traffic congestion is a problem in urban traffic that needs to be monitored and managed
intelligently. In this study, a hybrid traffic management system is designed based on a com-
bination of drone vision, large language model (LLM) inferences, and deep reinforcement
learning (DRL). Using drones videos of real-time traffic, the lightweight You Only Look
Once v11 model detects vehicles, and after, traffic flow levels are identified by the proposed
LLM agent. A Circular-Deep Q-Networks-based DRL controller is proposed to reduce the
average waiting time of vehicles. Simulation experiments validate improved congestion
detection, reduced delay, and more effective communication for smart city traffic control.

Keywords: traffic management; large language model (LLM); deep reinforcement learning;
smart cities

1. Introduction

Traffic congestion (TC) is a common problem of modern urban life, leading to de-
lays, wasted fuel, and pollution. Many researchers are utilizing various technologies (i.e.,
IoT-based sensor systems, vision-based technology, and so forth) to reduce TC in urban
areas [1,2]. Moreover, accurately predicting traffic flow in high-density areas is crucial for
reducing vehicle delay time [3]. IoT-based sensor systems provide a new way to estimate
the real-time traffic flow. Despite their effectiveness, non-image IoT sensor systems face
accuracy-based challenges during traffic flow estimation [4,5].

To overcome these challenges, drone-based vision systems are used for complementary
solutions. Drones with high-resolution cameras and computer vision programs detect and
calculate real-time traffic data without needing a lot of ground infrastructure [6]. However,
drones have limited processing power and battery life. Therefore, a light version of You
Look Only Once (YOLO) v11 is needed to achieve real-time detection without draining
hardware resources [7,8]. Furthermore, dynamic traffic signal control is one way to prevent
TC in uncertain urban environments, as it can adaptively adjust timing based on real-time
traffic conditions [9-12].

Deep reinforcement learning (DRL) enables an agent to learn optimal signal policies
through continuous interaction with the environment, thereby reducing waiting time and
improving overall traffic throughput [10]. However, existing centralized DRL-based traffic
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control systems do not explicitly consider prioritized traffic flow, which usually leads
to higher waiting times and ultimately worsens TC [13,14]. Furthermore, the existing
Deep Q-Network (DQN)-based deep RL method [15] uses deque-based experience re-
play to memorize experiences. However, deque-based memory takes more time to store
experiences, which causes higher waiting times in the traffic control system.

To overcome the issue of prioritizing traffic flow and deque memory, we introduce
a prioritization large language model (LLM) agent and circular memory in DQN, in this
paper. The developed LLM is responsible for identifying the level (i.e., high, mid, low)
of traffic flow based on traffic data by Yolo11 [8,16]. The system does not allow low-level
traffic flow to pass as an input to the proposed circular-DON layer. As a result, the latency
of the overall system is reduced significantly compared to existing methods. Moreover, the
circular memory stores experiences faster than the existing deque memory in DQN. After
employing circular-DQN, the overall waiting time is reduced significantly compared to
existing Deque-DQN methods.

The remainder of this article is organized as follows. Sections 2 and 3 describe our
proposed methodology and simulation results, respectively. Finally, Section 4 presents the
conclusion of this research work.

2. Proposed Methodology
2.1. System Overview

Figure 1 illustrates the complete architecture of the drone-based traffic management
system. In this proposed system, we use drones to capture aerial traffic data over inter-
sections along roads. These captured aerial traffic data are transmitted to a lightweight
YOLOv11 model, which detect and count vehicles to estimate the traffic flow of each
area, which is the purpose of the developed system. Then, the value of traffic flow
is subsequently fed into the proposed LLM agent to rank the traffic, listing the most
congested locations and identifying these as being in a high-priority state of need. In the
final layer, we use a circular-DQN-based DRL controller that decides which traffic lights
should turn green based on collaborative training. Overall, the system aims to minimize
the mean waiting time of cars, reduce TC at intersections, and enable smart, prioritized
traffic management.
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Figure 1. System architecture.

https://doi.org/10.3390/engproc2026129030


https://doi.org/10.3390/engproc2026129030

Eng. Proc. 2026, 129, 30

30f6

2.2. LLM Agent-Based Congestion-Aware Prioritization

Figure 2 illustrates the computation performed by the LLM agent in the proposed
system for prioritizing congested areas. In this proposed system, we have used Gemini
version “gemini-2.0-flash” as the LLM agent. The LLM agent receives (1) area numbers
(e.g.,areal, area 2, ..., area N), (2) lane-wise vehicle counts for each area (i.e., the number
of vehicles passing through each lane), and (3) average vehicle counts per minute for each
area. Then, these inputs are combined into a single prompt and sent to Gemini. Using
its internal buffer management system, Gemini classifies each area into congestion levels:
high, medium, or low. The areas that are classified as low are then filtered out, leaving only
high- and medium-priority areas for subsequent traffic management decisions.

Area no.
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Figure 2. Proposed Prioritization LLM agent.

2.3. Proposed DRL Controller

We use DON to optimize traffic signal control in a selected area, which is shown in
Figure 3. The current state is represented by the vehicle counts of each lane at an intersection.
This lane-wise traffic information helps the model understand real-time congestion levels
and make decisions based on data. To capture the sequence of traffic flow, we add a Long
Short-Term Memory (LSTM) layer to the DQN architecture. LSTM allows the agent to
learn time-based connections, as traffic patterns at any moment are often affected by earlier
conditions. Each action in the network selects one of the lanes to receive the green signal,
aiming to maximize overall traffic throughput.
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Figure 3. Proposed circular-DON architecture.

To improve the efficiency and stability of training, we employ an experience replay
memory mechanism. Rather than using a traditional deque-based buffer, the developed
system uses a circular memory structure. This design allows for faster memory updates
and sampling since it avoids the computational overhead of resizing dynamic memory in
deque implementations. The reward mechanism supports effective decision-making. In
our setup, the agent receives a reward of 1 when it successfully selects the best lane for the
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green signal. This lane allows released vehicles to improve traffic flow. If the chosen lane
does not reduce traffic or cause congestion, the agent receives a reward of 0. This simple
reward system makes learning easier and helps the DON agent make better lane selection
choices. Figure 3 illustrates our proposed system.

3. Simulation Result
3.1. Average Waiting Time Analysis While Prioritizing Areas

Figure 4 shows a comparison of the average waiting time per area. After applying the
proposed LLM agent while prioritizing areas based on traffic flow level, the average queue
latency time significantly decreases for each area. Note that we use the traditional M/M/1
queue model [17] to generate the queue latency time for each area, as shown in Figure 4.

Area-wise Queue Latency Comparison (With vs Without Low Congestion Areas)
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Figure 4. Average waiting time analysis while prioritizing areas.

3.2. Cumulative Rewards per Episode

As illustrated in Figure 5, the cumulative rewards initially start at a lower level due to
the agent’s exploratory behavior. At the initial stage, the agent performs exploratory actions
to learn the traffic environment, resulting in relatively low cumulative rewards. Figure 5
further illustrates the reward convergence profile for both DRL models over 1000 episodes.
The proposed circular-DQN demonstrates quick stabilization to the maximum expected
cumulative reward (approximately 60) after the initial exploration phase. When compar-
ing the proposed model with the existing Dequen-DQN approach, it is evident that the
proposed model achieves higher cumulative rewards consistently throughout most of
the episodes.
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Figure 5. Cumulative rewards per episode.
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3.3. Average Waiting Time Delay

The average waiting time delay (Delayayyg) is calculated using the webstar method.
Figure 6 shows the cumulative distribution function (CDF) of Delayayg per vehicle for the
developed and existing DQN. The circular-DQN significantly outperforms the existing
Deque-DON in reducing vehicle delays. The curve corresponding to the proposed method
is noticeably shifted to the left, indicating that a larger proportion of vehicles experience a
shorter average waiting time due to utilizing circular memory instead of deque memory.
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Figure 6. Average waiting time delay.

4. Conclusions

We developed a DQN-based prioritization LLM agent for better traffic signal control.
We sent only high and medium traffic flows to the DRL model. We also used a YOLOv11-
based drone vision system for real-time vehicle detection. This method reduces waiting
times and improves signal use. Experimental results show better traffic flow and congestion
management. In the future, we will focus on hardware implementation and testing in
challenging urban traffic situations.
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