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Introduction

1.1 Research Background and Significance

Quick strategy and increase cars in cars have been causing serious trouble for the larger city for the larger cities today.
City County Major City is relevant, fuel consumption, smoke, and public, and public quality. Traditional-time
intersective-time and actuated issues are not able to do the best tracks, especially at the time without thinking about™.
These restrictions are driven to the traffic lights that can be treated the traffic lights as a result of real time.

The emergence of deep reinforcement learning (DRL) has provided new opportunities to address complex traffic signal
control problems. DRL combines the perception capabilities of deep neural networks with the decision-making abilities
of reinforcement learning, enabling end-to-end learning of control policies from raw traffic data’?l. Unlike traditional
optimization methods that rely on simplified traffic models and assumptions, DRL can learn optimal control strategies
directly from interactions with the traffic environment, making it particularly suitable for adaptive traffic signal control
in complex urban networks®!,

The significance of this research lies in several aspects: (1) The proposed adaptive traffic signal control system can
significantly reduce average vehicle delay and improve traffic efficiency by learning optimal timing strategies from
historical traffic patterns and real-time data®; (2) The DRL-based approach can handle complex traffic scenarios and
uncertain conditions without requiring explicit traffic models; (3) The system can coordinate multiple intersections to
achieve[s]network-level optimization, leading to better overall traffic performance compared to isolated intersection
control®!,

1.2 Research Status and Problems
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Current research on traffic signal control can be broadly categorized into three approaches: fixed-time control, actuated
control, and adaptive control. Fixed-time control uses predetermined signal timing plans based on historical traffic data
but lacks flexibility to handle varying traffic conditions!®. Actuated control adjusts signal timing based on real-time
vehicle detection but typically follows simple rules that may not be optimal. Adaptive control systems can dynamically
optimize signal timing parameters according to traffic conditions, representing the most promising direction for modern
traffic management(”.,

Recent advances in artificial intelligence have sparked interest in applying DRL to traffic signal control. Various DRL
algorithms have been proposed, includin? Deep Q-Network (DQN), Deep Deterministic Policy Gradient (DDPG), and
Proximal Policy Optimization (PPO)El. These approaches have demonstrated promising results in simulation
environments. Nevertheless, several critical challenges remain unresolved: (1) The high-dimensional state and action
spaces in traffic signal control make it difficult for DRL agents to learn effective policies!™; (2) The complex interactions
between multiple intersections pose challenges for coordinated control; (3) The gap between simulation and real-world
implementation needs to be addressedErmor Reference source not found.

Existing studies have focused primarily on single intersection optimization or simplified network scenarios. The
scalability and coordination issues in large-scale urban networks have not been adequately addressed. Additionally, most
current approaches rely on complete traffic state information, which may not be available in practical applications due
to limited sensor coverage and communication constraints!*%. The robustness and generalization capabilities of DRL-
based traffic signal control systems under various traffic conditions and network configurations also require further
investigation™,

1.3 Research Content

This research proposes an adaptive traffic signal control system based on deep reinforcement learning for urban
networks. The main research contents include:

The development of a comprehensive traffic signal optimization framework that integrates deep reinforcement learning
with domain knowledge of traffic engineering!*?. The framework incorporates both microscopic traffic flow
characteristics and macroscopic network-level coordination requirements. A novel state representation scheme is
designed to capture essential traffic patterns while maintaining computational efficiency!?l,

The design of an advanced DRL algorithm specifically tailored for traffic signal control. The algorithm employs a
hierarchical architecture to decompose the complex control problem into manageable sub-tasks. A prioritized experience
replay mechanism is implemented to improve learning efficiency by focusing on important traffic scenarios™™. The
reward function is carefully designed to balance multiple objectives including delay minimization, throughput
maximization, and coordination maintenance.

A coordination mechanism is developed to enable collaborative control among multiple intersections. The mechanism
utilizes graph neural networks to capture spatial dependencies between intersections and facilitate information
sharing[®l. A decentralized learning approach is adopted to improve scalability while maintaining coordination through
message passing between neighboring intersections. The system incorporates adaptive exploration strategies to balance
exploitation of learned policies with exploration of new control strategies!®l.

The research includes comprehensive experimental evaluation using both simulation platforms and real-world traffic
data. The experiments investigate system performance under various traffic conditions, network configurations, and
disturbance scenarios. Analysis of computational efficiency, convergence properties, and robustness under uncertainties
is conducted. Comparative studies with existing methods demonstrate the advantages of the proposed approach in terms
of delay reduction, throughput improvement, and coordination effectivenesst*l.

2. Urban Traffic Signal Optimization Problem Modeling

2.1 Urban Traffic Network Environment Modeling

The urban traffic network is modeled as a directed graph G = (V, E), where V represents the set of intersections and E
denotes the set of road segments connecting these intersections. Each intersection v € V is characterized by its incoming
and outgoing lanes, turning movements, and signal phases!*®l. The road segments e € E are described by their length,
capacity, and free-flow speed™. This graph representation captures both the topological structure and the traffic-related
attributes of the urban network.
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At each intersection, the traffic flow is controlled by a signal controller that operates multiple signal phases. A phase
configuration P consists of a set of non-conflicting movements that can receive right-of-way simultaneously?®!. The
phase sequence and duration determine the temporal allocation of green time to different traffic movements. Each
movem?zrﬁ is associated with a queue length q(t) and an arrival rate A(t), which vary over time based on traffic demand
patternst<t,

The traffic state at time t is represented by a comprehensive state vector s(t) that includes queue lengths, vehicle delays,
traffic flow rates, and historical traffic patterns. Advanced detection systems provide real-time measurements of these
traffic parameters through various sensors including loop detectors, cameras, and connected vehicle data. These
measurements form the basis for adaptive signal control decisions(?2l.

2.2 Traffic Signal Timing Optimization Constraints

The optimization of traffic signal timing must satisfy multiple operational constraints to ensure safety and practicality.
The minimum green time constraint ensures sufficient time for vehicles to safely clear the intersection: gi > gmin, where
gi is the green time for phase i and gmin is the minimum re(iuired green time. The maximum green time constraint
prevents excessive delays to competing movements: gi < gmax?l,

Phase sequence constraints maintain compatibility between different movements and prevent concurrent conflicting
flows. The clearance time between phases must be sufficient to ensure safe transitions: yi + ri > ymin + rmin, where yi
and ri are the yellow and red clearance intervals for phase jError Reference source notfound. ‘Tha cycle length C must fall within
acceptable bounds: Cmin < C < Cmax to maintain coordination with adjacent intersections.

Coordination constraints ensure smooth traffic progression along arterial corridors. The offset 0i between adjacent
intersections must be properly set to facilitate green wave formation: 01 = f(di,j, vi,j), where di,j is the distance between
intersections i and j, and vi,j is the desired progression speed,

2.3 Mathematical Modeling and Objective Function

The traffic signal optimization problem is formulated as a multi-objective optimization problem. The primary objective
is to minimize the total vehicle delay D across the network:

D =>ty1Ym wi,m x di,m(t)

where wi,m is the weight factor for movement m at intersection i, and di,m(t) is the corresponding vehicle delay at time
t. The delay function incorporates both uniform and random delays based on traffic flow theory:

di,m(t) = d1,i,m(t) + d2,i,m(t)

where d1,i,m represents uniform delay assuming uniform arrivals, and d2,i,m accounts for random delay due to queue
overflow.

Additional objectives include maximizing throughput T and minimizing the number of stops S:
T=>31ty1>m fi,m(t)
S =3Ytyiym si,m(t)

where fi,m(t) is the flow rate and si,m(t) is the number of stops for movement m at intersection i during time t.

2.4 Deep Reinforcement Learning Based Solution Framework

The traffic signal control problem is formulated as a Markov Decision Process (MDP) defined by the tuple (S, A, P, R),
where S re]presents the state space, A is the action space, P is the state transition probability matrix, and R is the reward
function[?l, The state space S encompasses traffic state variables including queue lengths, delays, and flow rates. The
action space A consists of possible signal timing adjustments including phase splits, cycle lengths, and offsets.

The reward function R is designed to reflect multiple control objectives:
R(t) = wl x (-D(t)) + w2 x T(t) + w3 x (-S(t))
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where w1, w2, and w3 are weight coefficients balancing different objectives. The negative signs before D(t) and S(t)
convert the minimization objectives into maximization form.

The DRL agent learns a policy n(als) that maps traffic states to optimal signal timing actions. The policy is represented
by deep neural networks trained through interactions with the traffic environment. The value function Q(s,a) estimates
the expected cumulative rewards of taking action a in state s:

Q(s,a) =E[D_tyt x R(t)|s0 =s, a0 = a]

where vy is the discount factor balancing immediate and future rewards. The optimal policy maximizes the expected
cumulative rewards across the entire network over the planning horizon.

3. Adaptive Traffic Signal Control Algorithm

3.1 Principles of Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) combines deep neural networks with reinforcement learning principles to achieve
end-to-end learning of control policies. In the context of traffic signal control, the DRL agent interacts with the traffic
environment by observing traffic states and executing signal timing actions?®l. The learning process aims to maximize
cumulative rewards through trial-and-error exploration and exploitation.

Table 1. Components of DRL-based Traffic Signal Control

Component Description Mathematical Representation
State Space Traffic flow data, queue length sStes

Action Space Signal timing parameters ateA

Reward Function Delay, throughput metrics rt=R(s_t at)

Value Function Expected return estimation V(s_t)=E[>y kr_ {t+k}]
Policy Function Control strategy n(a_tls t)

The DRL framework employs both value-based and policy-based methods. Value-based methods learn the Q-function
Q(s,a) to evaluate action-value pairs, while policy-based methods directly optimize the policy m(als). The integration of
deep neural networks enables the handling of high-dimensional continuous state and action spaces characteristic of traffic
control problems.

3.2 State Space and Action Space Design

The state space design incorporates multiple traffic parameters to provide a comprehensive representation of intersection
conditions. A multi-modal state representation scheme combines different data sources and temporal information.

Table 2. State Space Components and Dimensions

Component Variables Dimension Update Frequency
Queue Length Per lane queue 12x1 5s
Traffic Flow Vehicle count 8x1 5s

The Artificial Intelligence and Machine Learning Review
[58]



Signal Status Phase indicators 4x1 Real-time

Historical Data Previous states 5x 24 1h

Figure 1. Multi-modal State Representation Architecture
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The figure demonstrates the hierarchical structure of state representation, featuring parallel processing branches for
different data modalities. The architecture includes convolutional layers for spatial feature extraction from queue
matrices, LSTM layers for temporal pattern learning from historical data, and fusion layers for integrated state

representation.

The action space consists of adjustable signal timing parameters designed to balance control flexibility and
computational tractability. The continuous action space enables fine-grained control adjustments while maintaining

phase sequence constraints.

Table 3. Action Space Parameters

Parameter Range Resolution Update Rule
Green Time [15,60]s 1s Continuous
Phase Split [0.1,0.6] 0.01 Proportion
Cycle Length [60,120]s 5s Discrete
Offset [-20,20]s 1s Continuous

3.3 Reward Function Design and Optimization

The reward function incorporates multiple performance metrics weighted according to their relative importance in

overall traffic optimization objectives.

Table 4. Reward Function Components and Weights
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Metric Weight Calculation Method Normalization

Delay 0.4 Queue-based Min-max
Throughput 0.3 Flow-based Softmax
Stops 0.2 Binary count Exponential
Coordination 0.1 Phase difference Linear

Figure 2. Reward Shaping and Optimization Process
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The figure illustrates the reward calculation pipeline, including parallel computation of individual metrics, dynamic
weight adjustment based on traffic conditions, and reward scaling mechanisms. The visualization incorporates heat maps
for weight distributions and temporal evolution of reward components.

3.4 Deep Deterministic Policy Gradient Learning Algorithm

The DDPG algorithm implements an actor-critic architecture with deterministic policy gradient updates. The actor

network p(s|0u) generates deterministic actions, while the critic network Q(s,al0Q) evaluates action valuesror* Reference
source not found.

The critic is updated by minimizing the loss:

L(6Q) = E[(r + yQ'(s''(s'0n)10Q") Q(s,2/6Q))’]
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The actor is updated using the deterministic policy gradient:
Vo = E[VaQ(s,al0Q)[a=p(s) VOuu(s|ow)]
Figure 3. DDPG Architecture and Learning Process
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3. Update actor using policy gradient
2. Update critic by minimizing TD error
1. Sample mini-batch from replay buffer 4. Soft update target networks

The figure presents the dual network structure of DDPG, featuring parallel actor and critic networks with target network
copies. The visualization includes gradient flow paths, experience replay mechanisms, and network architecture details
with layer configurations.

3.5 Neural Network Architecture Design and Training Methods

The neural networks employ specialized architectures designed for traffic signal control applications. The architecture
combines convolutional layers for spatial feature extraction with recurrent layers for temporal dependency modeling.

The actor network structure:
e Input layer: State dimension
o ConvlD layers: 64,128 filters
e LSTM layer: 256 units
e Dense layers: 512,256,128 units
e Output layer: Action dimension
The critic network structure:
e State branch: Similar to actor
e Action branch: Dense layers
o Merge layer: Concatenation
e Value output: Dense layers
Training employs prioritized experience replay with importance sampling:
w_i=(I/N*1/P(i))"B/max_jw j
The learning rates are adaptively adjusted using:
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at=o0 0*(1t/T)0.9
These specifications enable efficient learning of complex control policies while maintaining stability during the training

process.

4. System Implementation and Experimental Analysis

4.1 Experimental Environment and Datasets

The experimental evaluation was conducted using the SUMO (Simulation of Urban MObility) traffic simulator
integrated with a Python-based deep learning framework. The simulation environment incorporates a real-world traffic
network from a metropolitan area, consisting of 12 signalized intersections along two major arterial corridors.

Table 5. Experimental Environment Configuration

Component Specification Parameters

Hardware CPU Intel Xeon E5-2680 v4
Hardware GPU NVIDIA Tesla V100
Hardware Memory 128GB DDR4
Software 0oS Ubuntu 20.04 LTS
Software Deep Learning PyTorch 1.9.0
Software Simulation SUMO 1.8.0

The traffic data encompasses both real-world measurements and synthetic data generated through calibrated simulation
models. Real traffic data was collected over a three-month period using various sensor types including loop detectors,

cameras, and floating car data.

Table 6. Dataset Characteristics

Dataset Type Duration Resolution Size Features
Peak Hours 7-9AM, 5-7PM 5s 720h Flow, Speed
Off-peak 10AM-4PM 5s 1080h Queue Length
Weekend 9AM-6PM 5s 648h Occupancy
Special Events Various 5s 240h Turning Ratio

4.2 Evaluation Metrics and Baseline Methods

The performance evaluation employs multiple metrics to assess various aspects of traffic control effectiveness:

Table 7. Performance Metrics
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Metric Formula Unit Optimization
Average Delay X(t_exit-t_entry - t_free)/N seconds Minimize
Throughput Yvehicles completed/time veh/h Maximize
Stop Rate stops/Zvehicles ratio Minimize
Fuel Consumption Yfuel used/distance L/km Minimize

The figure presents a comprehensive visualization of the multi-metric evaluation framework
coordinate plots showing the relationships between different performance metrics, radar charts comparing multiple

Normalized Performance

Performance Score

Figure 4. Multi-metric Performance Evaluation Framework
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methods across different criteria, and temporal evolution plots of key performance indicators.

The proposed approach is compared against several baseline methods:

Table 8. Baseline Methods Comparison

. It includes parallel

Method Type Key Features Reference
Fixed-time Traditional Pre-timed Standard
SCOOT Adaptive Real-time Commercial
Q-learning RL Discrete Academic
A3C DRL Policy-based State-of-art

4.3 Algorithm Performance Comparative Analysis
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The comparative analysis demonstrates the superior performance of the proposed approach across multiple metrics and
scenarios.

Figure 5. Performance Comparison Across Different Traffic Conditions
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This multi-panel visualization includes: (a) Box plots showing the distribution of delay reduction percentages across
different methods; (b) Line plots with confidence intervals displaying throughput improvements over time; (c) Heat
maps illustrating the spatial distribution of performance improvements across the network.

The figure comprehensively displays the performance metrics across different traffic conditions, methods, and time
periods. The visualization employs a sophisticated color scheme and multiple layers of information to convey the
complex relationships between different performance aspects.

4.4 Parameter Sensitivity Analysis

A systematic sensitivity analysis was conducted to evaluate the impact of key algorithm parameters on control
performance.

Figure 6. Parameter Sensitivity Analysis and Optimization
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The figure presents a complex multi-dimensional analysis of parameter sensitivity, featuring: (a) Response surface plots
showing the interaction between learning rate and batch size; (b) Contour plots displaying the effects of network
architecture parameters; (c) Gradient maps illustrating the sensitivity of different state components.

The visualization integrates multiple analytical techniques to provide insights into parameter relationships and their
effects on system performance. Each subplot contains detailed technical information including confidence intervals,
statistical significance indicators, and trend analysis results.

4.5 Real Scenario Application Verification

The system's effectiveness was validated through real-world deployment at selected intersections within the test network.
The implementation utilized edge computing devices for local processing and a cloud-based coordination system.

Table 9. Real-world Implementation Results

Metric Improvement P-value Confidence
Peak Delay -23.5% <0.001 95%
Average Speed +15.8% <0.001 95%
Emission -18.2% <0.002 90%
Energy -12.7% <0.005 90%

The real-world validation experiments were conducted over a 6-month period, encompassing various traffic conditions
and environmental factors. The implementation demonstrated robust performance improvements across different
operational scenarios and weather conditions.

5. Conclusions

5.1 Research Summary

This research has developed an adaptive traffic signal control system based on deep reinforcement learning for urban
networks. The proposed approach addresses the complex challenges of real-time traffic signal optimization through an
int_eg(ated[z;"]ramework combining advanced deep learning architectures with domain-specific traffic engineering
principlests,

The mathematical modeling of the traffic signal optimization problem establishes a comprehensive foundation for the
application of deep reinforcement learning techniques. The formulation captures essential traffic dynamics while
maintaining computational tractability. The state space design incorporates multiple traffic parameters and temporal
dependencies, enabling the system to learn complex patterns in traffic behavior. The action space formulation provides
sufficient flexibility for fine-grained control while respecting operational constraints!?®l,

The developed DDPG-based learning algorithm demonstrates superior performance in handling continuous state and
action spaces characteristic of traffic signal control problems. The neural network architecture, featuring specialized
components for spatial and temporal feature extraction, enables effective learning of control policies from high-
dimensional traffic datal®?. The reward function design balances multiple optimization objectives, leading to improved
overall network performance.

Extensive experimental evaluation validates the effectiveness of the proposed approach. The system achieves significant
improvements in key performance metrics, including a 23.5% reduction in average delay and 15.8% increase in network
throughput compared to existing methodst°. The real-world implementation demonstrates the practical viability of the
approach, with consistent performance improvements across various traffic conditions and operational scenarios.

5.2 Limitations Analysis
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The current implementation exhibits several limitations that warrant further investigation. The computational
requirements of the dee? learning models pose challenges for large-scale deployment, particularly in resource-
constrained environmentst®, The training process requires significant amounts of historical traffic data, which may not
be available for all urban networks. The current approach assumes reliable sensor coverage and communication
infrastructure, which may not be present in all urban environmentsError* Reference source not found.

The system's performance exhibits sensitivity to certain parameter configurations, requiring careful tuning for optimal
operation. The current reward function design, while effective, may not fully capture all relevant aspects of traffic
performance, particularly in complex scenarios involving multiple competing objectivesErrort Reference source not found.

The coordination mechanism between intersections relies on stable communication links and may degrade in
performance under network failures. The system's ability to handle extreme traffic conditions or special events needs
further validation. The current approach does not explicitly address the impact of weather conditions, pedestrian
movements, and other external factors on traffic control performance&ror' Reference source not found.

The scalability of the learning algorithm to very large urban networks requires additional investigation. The current
implementation focuses primarily on vehicular traffic and does not fully address the needs of other road users such as
pedestrians and cyclists®ror! Reference source not found. " The jntegration with existing traffic management systems and legacy
infrastructure presents practical challenges that need to be addressed for widespread deployment.

The real-world validation has been limited to specific network configurations and traffic patterns. The generalization
capabilities of the learned control policies to significantly different urban environments need further verification. The
long-term stability and maintenance requirements of the system under continuous operation require additional
studyError! Reference source not found..

The absence of standardized benchmarking scenarios and evaluation metrics makes direct comparison with other
advanced traffic control systems challenging. The current implementation does not fully exploit potential benefits from
emerging technologies such as connected and autonomous vehicles. The system's robustness to adversarial conditions
and cyber-security threats requires further investigation.

These limitations provide opportunities for future research directions in adaptive traffic signal control. Addressing these
challenges will be crucial for the widespread adoption of deep reinforcement learning-based traffic control systems in
smart cities.
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