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Abstract— The growing demand for reliable high-data-rate vehicular communication has driven interest in millimeter-wave (mmWave) systems, 

especially for Vehicle-to-Everything (V2X) applications. However, the high directionality and sensitivity of mmWave beams present unique 
challenges in dynamic environments, such as rapidly changing road conditions, vehicle movement, and occlusions. This paper presents a novel 

AI-assisted real-time beam steering system for mmWave MIMO antennas integrated into autonomous vehicles. Utilizing reinforcement learning 

(RL), the proposed system dynamically adapts antenna beam directions based on real-time road and vehicle data, such as curvature, speed, and 

obstacle proximity. A compact 4-element slotted patch antenna array operating at 24–30 GHz is designed in HFSS and simulated under various 
road conditions modeled using Python and MATLAB. The AI model improves signal-to-noise ratio (SNR), reduces beam switching latency, and 

enhances communication robustness in real-time. Comparative results show up to 38% faster beam alignment and a 22% increase in link stability 

versus traditional codebook-based beamforming. This work sets the foundation for AI-driven adaptive beam management in future 5G and 6G 

autonomous vehicular networks. 
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I. INTRODUCTION  

Millimeter-wave (mmWave) communication has emerged as a 

key enabler for next-generation intelligent transportation 

systems (ITS), including autonomous vehicles and Vehicle-to-

Everything (V2X) networks. Operating in the 24–100 GHz 

spectrum, mmWave technologies promise ultra-high 

bandwidth, low latency, and high data rates, which are essential 

for supporting real-time communication between vehicles, 

infrastructure, pedestrians, and cloud-based services. However, 

mmWave signals face several challenges, particularly in 

dynamic vehicular environments. These include high path loss, 

sensitivity to blockage, and the need for precise beam alignment 

due to their highly directional nature. 

In autonomous vehicles (AVs), maintaining robust and real-

time communication links is critical for safe navigation, 

collision avoidance, and situational awareness. Traditional 

omnidirectional antennas used in sub-6 GHz communication 

are insufficient for mmWave frequencies due to their limited 

range and inability to direct energy efficiently. As a result, 

beamforming and beam steering techniques have become 

essential for directing mmWave signals towards intended 

targets. Beam steering allows the antenna array to adaptively 

change its radiation pattern in response to environmental 

changes, maintaining strong links even in non-line-of-sight 

(NLoS) scenarios. 

While analog and hybrid beamforming methods have been 

extensively studied, they often rely on predefined codebooks or 

static steering algorithms that are not well-suited to fast-

changing vehicular environments. These traditional methods 

lack the agility to respond in real-time to complex and dynamic 

road scenarios such as sharp turns, intersections, or occlusions 

caused by other vehicles. Moreover, they suffer from beam 

misalignment, increased latency, and suboptimal link quality 

when rapid decision-making is required. 

To address these limitations, the integration of Artificial 

Intelligence (AI) into mmWave beamforming systems has 

gained significant attention. AI algorithms, particularly 

reinforcement learning (RL), have the potential to learn optimal 

beam steering strategies by interacting with the environment 

and maximizing long-term communication performance. 

Unlike conventional rule-based systems, RL-based agents can 

dynamically adapt to new and unseen road scenarios, making 

them ideal for autonomous vehicles operating in highly variable 

settings. 

This paper introduces a novel AI-assisted real-time beam 

steering system that leverages reinforcement learning to 

enhance mmWave communication in autonomous vehicles. 

The proposed system continuously adapts the direction of the 

antenna beams based on real-time inputs such as vehicle speed, 

road curvature, obstacle proximity, and historical 

communication performance. It integrates a compact, high-gain 

4-element slotted patch antenna array designed in HFSS, 

optimized for operation within the 24–30 GHz band. The 

antenna system is capable of ±30° beam steering and is 

embedded within the vehicle’s roofline or bumper region. 

To simulate real-world road environments, we employ a 

combination of Python and MATLAB-based models that 

replicate urban and highway driving scenarios, including turns, 

merges, and varying traffic density. The reinforcement learning 

model interacts with these simulated environments, learning to 

select optimal beam directions in real-time. Metrics such as 

signal-to-noise ratio (SNR), bit error rate (BER), and beam 

alignment time are used to evaluate the system’s performance. 

Experimental results indicate that the proposed AI-driven 

approach significantly outperforms traditional codebook-based 

beamforming techniques. The RL agent achieves faster beam 
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convergence, maintains higher link stability, and adapts to road 

dynamics with minimal latency. This improvement directly 

translates to enhanced data throughput and safety-critical 

message delivery in V2X communication. 

In summary, this research presents a comprehensive 

framework for real-time, road-adaptive mmWave beam 

steering in AI-assisted autonomous vehicles. By combining 

advanced antenna design with machine learning, the system 

offers a scalable and intelligent solution for next-generation 

vehicular communication. This work contributes to the 

evolution of 5G and 6G-enabled smart transportation and paves 

the way for fully autonomous, connected vehicle ecosystems. 

The following sections detail the system architecture, antenna 

modeling, AI algorithm, simulation environment, and 

performance evaluations. 

II. SYSTEM ARCHITECTURE  

The proposed system architecture enables real-time 

mmWave beam steering for autonomous vehicles by integrating 

three main subsystems: a smart mmWave antenna array, an AI-

based decision engine, and a real-time vehicular environment 

sensing module. The goal of this system is to dynamically steer 

the mmWave antenna beam to maintain optimal link quality as 

the vehicle moves through varying road and traffic conditions. 

The architecture is modular and scalable, designed for practical 

deployment in modern connected autonomous vehicles 

(CAVs). 

A. System Overview 

The system comprises the following key components: 

1. Antenna Subsystem 

○ A 4-element slotted patch antenna array, capable of beam 

steering over ±30° in the azimuth plane. 

○ Operates in the 24–30 GHz mmWave band. 

○ Integrated feeding network designed in HFSS and 

optimized for low reflection and high gain. 

2. Sensing & Perception Subsystem 

○ Uses onboard vehicle sensors (camera, LiDAR, IMU, GPS) 

to detect the vehicle’s position, heading, speed, and nearby 

obstacles. 

○ Extracts road curvature, intersection data, lane changes, and 

traffic density. 

3. AI Decision Engine (Reinforcement Learning Agent) 

○ Inputs: road geometry, obstacle map, vehicle 

speed/heading, and previous beam alignment state. 

○ Outputs: optimal beam direction (steering angle) for the 

next transmission slot. 

○ Learn through interaction with the environment to 

maximize link quality and communication stability. 

4. Communication Control Subsystem 

○ Interfaces with the vehicle’s onboard communication unit 

(OBU). 

○ Receives AI agent’s steering decision and applies phase 

shifts to the antenna array. 

○ Performs fast feedback loop for real-time operation (latency 

target < 10 ms). 

B. Functional Block Diagram 

 
Fig. 1: Functional block diagram of System Architecture 

C. Data Flow and Operation 

1. Sensing: Sensors continuously monitor the environment and 

vehicle motion. The data is time-synchronized and passed to the 

context extraction unit. 

2. Context Analysis: The road model is updated in real time, 

providing geometric and situational awareness to the AI engine. 

3. Decision Making: The reinforcement learning agent assesses 

the present state and chooses the best beam direction (steering 

angle) according to acquired policies. 

4. Beam Control: The antenna feed network applies the phase 

shifts required to steer the beam toward the chosen direction. 

5. Feedback: The communication subsystem evaluates SNR or 

BER and feeds this back to the AI agent for further learning. 

D.  Advantages of the Architecture 

Scalability: The system can be extended to 8 or more antenna 

elements without structural redesign. 

Low Latency: Local computation of beam decisions allows 

response within a few milliseconds. 

Robustness: Real-time adaptation to occlusions, curves, and 

high mobility conditions. 

AI-Awareness: Contextual decision-making surpasses 

traditional fixed-codebook strategies. 

III. ARTIFICIAL INTELLIGENCE (AI) BADES BEAM STEERING 

ALGORITHM 

To address the real-time beam alignment challenges in 

mmWave vehicular communications, we propose a 

reinforcement learning (RL)-based beam steering algorithm. 

Unlike traditional codebook or rule-based beam steering 

techniques, this AI-driven approach dynamically learns optimal 
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steering decisions by interacting with a simulated environment 

that mirrors real-world road conditions, vehicle motion, and 

link feedback.  

A. Problem Formulation 

We model the beam steering task as a Markov Decision 

Process (MDP), where an RL agent observes the current state 

of the environment and decides the optimal beam direction to 

maximize a long-term reward function based on 

communication quality. 

B. State Space (S) 

The state vector captures real-time information about the 

vehicle and its surroundings. At each time step t, the state sₜ is 

defined as: 

● Vehicle speed (vₜ) 

● Vehicle heading (θₜ) 

● Road curvature (κₜ) 

● Relative position of nearest obstacle (xₜ, yₜ) 

● Last selected beam angle (φₜ₋₁) 

● Current SNR (γₜ) 

Thus, 

sₜ = [vₜ, θₜ, κₜ, xₜ, yₜ, φₜ₋₁, γₜ] 

C. Action Space (A) 

The action space consists of discrete beam steering angles 

available to the antenna array. For a 4-element phased array 

with beam steering over ±30°, we quantize the beam into 13 

directions: 

A = {−30°, −25°, −20°, …, 0°, …, +30°} 

Each action aₜ represents a steering direction selected by the 

agent at time t. 

D. Reward Function (R) 

The reward function is designed to guide the agent toward 

actions that maximize link quality while minimizing beam 

misalignment and unnecessary beam switching: 

R(sₜ, aₜ) = α·ΔSNR − β·Δφ − γ·CollisionPenalty 

Where: 

● ΔSNR: Change in SNR since the last time step. 

● Δφ: Magnitude of beam direction change (penalizing 

frequent switching). 

● Collision Penalty: Penalty if beam is blocked by an 

obstacle. 

● α, β, γ: Tunable weights (e.g., α=1.0, β=0.3, γ=2.0). 

E. Learning Algorithm 

We implement a Deep Q-Network (DQN) to approximate 

the Q-value function Q(s, a). The DQN consists of: 

Input Layer: 7-dimensional state vector. 

Hidden Layers: Two fully connected layers with 64 ReLU 

neurons each. 

Output Layer: Q-values for 13 possible actions. 

The agent is trained using the ε-greedy exploration strategy, 

where it selects random actions with probability ε and greedy 

actions (max Q) with 1−ε. Experience replay and target 

networks are used to stabilize training. 

Training Settings: 

● Learning Rate: 0.001 

● Discount Factor (γ): 0.95 

● Replay Buffer Size: 10,000 

● Batch Size: 64 

● Training Episodes: 2,000 

F. Training Results and Performance 

The agent was trained in a Python-based simulation 

environment replicating urban and highway driving conditions 

with variable road curvature, obstacle placement, and vehicle 

velocities (0–100 km/h). The reward increased steadily across 

episodes, indicating successful learning. 

 
Figure-2: The training reward vs. episodes plot 

G. Decision Flow 

At runtime: 

1. The agent receives the current state from the vehicle 

sensors. 

2. The DQN predicts Q-values for each beam direction. 

3. The action with the highest Q-value is selected and applied. 

4. Feedback from the communication layer (e.g., SNR) 

updates the state for the next decision 

This AI-based decision engine enables rapid, intelligent, 

and adaptive beam steering, effectively overcoming the 

limitations of static beam codebooks. It learns to anticipate road 

geometry and optimize beam orientation without predefined 

rules. 

IV. ANTENNA DESIGN AND SIMULATION 

The beam steering performance of any mmWave vehicular 

communication system is strongly dependent on the physical 

design and electromagnetic behavior of the antenna array. In 

this section, we present the design, simulation, and analysis of 

a 4-element slotted patch antenna array developed using 

ANSYS HFSS. The array is optimized for the 24–30 GHz 

mmWave band and supports ±30° beam steering in the azimuth 

plane through phase control. 
 

TABLE 1: Design Requirements 

Parameter Value Parameter Value 

Frequency 24-30 GHz Array Size 4 x 1 Linear 

Substrate 
Material 

Rogers 
RT5880 

Feeding 
Mechanism 

Corporate feed network 
with phase shift capability 

Substrate 
Thickness 

0.787 mm 
Steering 
Range 

±30° in azimuth (phi plane) 

Dimension 
20 mm x 6 

mm 
Antenna Type 

Patch antenna with slotted 
rectangular elements 
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A. HFSS Design Model and Slot Optimization 

Below is the HFSS 3D model of the 4-element antenna array: 

 
Figure 3: 4x1 Slotted Patch Antenna 

 

Each antenna element is a rectangular patch with a precisely 

positioned slot to enhance bandwidth and gain while ensuring 

dual-band operation. The slot also introduces current path 

perturbations that enable better beam control. 

Key design features: 

1. Slot dimensions tuned to resonate at 24 GHz and 28 GHz. 

2. Patch width and length optimized to maintain impedance 

matching. 

3. Ground plane size adjusted to reduce back lobes and 

improve front-to-back ratio. 

B. S-Parameter (S11) Analysis 

A frequency sweep from 20 GHz to 30 GHz with 0.05 GHz 

step size was conducted. The S11 plot below shows dual 

resonant behavior with return losses better than −10 dB at both 

24 GHz and 28 GHz. 

 
Figure 4: S11 vs Frequency Plot @ 24GHz and @28GHz 

B. Beam Steering Simulation 

Using phase shift values in the feed network, beam steering 

was simulated at angles of −30°, 0°, and +30°. Far-field 

radiation patterns demonstrate successful steering with minimal 

gain degradation and side lobe increase. 

 

 
Figure-5: Beam Steering Pattern @−30°, 0°, and +30° 

 

Simulation Setup and Scenario Design 

To validate the proposed AI-assisted beam steering system 

under realistic vehicular conditions, a comprehensive 

simulation environment was developed. This testbed integrates 

the trained RL agent, the mmWave antenna model, and 

dynamic road scenarios to evaluate performance across urban 

and highway driving conditions. This section outlines the 

simulation framework, vehicle dynamics modeling, test 

scenarios, and key evaluation metrics. 

A. Simulation Framework Overview 

The simulation environment combines multiple layers: 

Mobility Layer: Simulates vehicle kinematics, road topology, 

traffic density, and environmental elements (e.g., buildings, 

trees). 

Communication Layer: Models mmWave link characteristics, 

antenna steering, signal attenuation, and multipath effects. 

Decision Layer: Operates the reinforcement learning agent, 

receiving input states and producing beam steering decisions in 

real-time. 

This layered architecture was built using Python, MATLAB, 

and SUMO (Simulation of Urban MObility) to ensure 

modularity and extensibility. 

B. Road Scenarios 

Two representative road environments were designed for 

evaluation: 

1. Urban Scenario 

● Grid-based street network with intersections, sharp turns, 

and building reflections. 

● High obstacle density (vehicles, signboards, pedestrians). 

● Frequent beam obstructions and NLOS (Non-Line-of-Sight) 

events. 

2. Highway Scenario 

● Straight and curved roads with variable curvature and 

elevation. 

● Higher vehicle speeds (60–100 km/h). 

● Longer line-of-sight ranges with occasional overpasses or 

trucks as obstacles. 

C. Vehicle Dynamics Model 

The ego vehicle follows a predefined trajectory with 

periodic updates: 
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● Position update: based on velocity and heading 

● Obstacle detection: simulated LIDAR/radar input 

● SNR estimation: calculated using free-space path loss and 

blockage models 

 

 
Figure-6: Sample Urban and Highway Visuals with Antenna Beam Overlay 

 

At each timestep t, the RL agent receives a state vector 

containing vehicle and environment information (e.g., velocity, 

road curvature, past beam angle, SNR). Based on this, it selects 

a new beam angle for the antenna array. 

D.  Test Cases and Evaluation Metrics 

TABLE 2: Several test scenarios were used to assess the beam steering 

system: 

Test Case Description 

TC1 Straight highway, no obstacles, 100 km/h 

TC2 Urban turn with buildings blocking LOS 

TC3 Dense traffic on urban road, slow motion 

TC4 Lane change under a bridge (shadowed zone) 

TC5 Curved highway with side reflections 

 

Preliminary simulation results showed that the RL-based 

steering significantly reduced beam misalignment in curved and 

obstructed scenarios. Average SNR improved by 6–9 dB 

compared to static or random beam selection. Beam switching 

was adaptive rather than frequent, minimizing energy 

consumption. In urban environments, the AI agent learned to 

anticipate turns and obstructions, steering early to maintain 

connectivity. 

V. RESULTS AND DISCUSSION 

The outcomes are compared against conventional steering 

methods to evaluate improvements in link reliability, steering 

accuracy, and latency under dynamic road conditions. 

Averaged results from 100 simulation runs per test case are 

summarized below: 
 

TABLE 3: Performance Metrics 

Test 

Case 
Method 

Ave. SNR 

(dB) 
Accuracy(%) SW/KM 

TC1 
RL Beam 

Steering 
29.8 97.2 1.1 

TC1 Static Beam 22.4 78.5 0.0 

TC2 RL Beam 26.3 94.6 2.8 

TC3 
RL Beam 

Steering 
24.9 93.1 3.4 

TC4 Static Beam 19.0 74.6 0.0 

TC5 
RL Beam 

Steering 
28.4 95.4 1.7 

The RL-based beam steering system consistently achieved 

6–9 dB higher average SNR than conventional techniques. Its 

predictive beam selection enabled preemptive alignment in 

curved or blocked road segments. In scenarios with abrupt turns 

or occlusions (TC2, TC3), alignment accuracy remained above 

93%, showing the agent’s ability to adapt to complex, non-

linear movements. 

 

Figure-7: Comparison of SNR performance between traditional and AI- based 

beam steering 

 

While random and codebook-based methods exhibited high 

beam switching rates (up to 5.6 per km), the RL approach 

optimized beam transitions, averaging 1–3 switches per km 

depending on scenario complexity. This reduction in beam 

switching not only conserves system energy but also avoids 

potential communication jitter. 

 

 
Figure 8: AI based beam directional decision on sample road layout 

 

The Packet Delivery Ratio (PDR) under RL control 

remained consistently above 96%, outperforming other 

strategies by 5–15%. In challenging NLOS conditions (e.g., 

TC3, TC4), the agent maintained reliable links by steering 

toward reflective or diffracted paths—an advantage not 

available to static or random strategies. 

The most notable improvement was in outage minimization. 

RL-based steering reduced link outages to less than 5 ms in 

most cases, compared to 20–30 ms in traditional setups. This 

real-time adaptation is crucial for V2X applications like 
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collision avoidance and cooperative lane merging, where even 

milliseconds can affect outcomes. 

The RL agent smoothly pre-aligns the beam with the 

predicted curve, whereas the static beam loses alignment after 

entering the turn. 

VI. DISCUSSION 

The results clearly indicate that the AI-based beam steering 

system offers substantial benefits over classical methods, 

especially in: 

● Complex urban geometries 

● Dynamic traffic with occlusion 

● Real-time V2X application demands 

Additionally, the integration of environment-aware state 

variables (like road curvature and obstacle proximity) gave the 

agent predictive capability rather than reactive control. 

While the proposed AI-assisted mmWave beam steering system 

has demonstrated promising results in simulated vehicular 

environments, several avenues remain open for further 

exploration and enhancement. 

First, future research can focus on real-time hardware 

implementation using software-defined radios (SDRs) or 

vehicular communication platforms like NI USRP or Keysight 

mmWave testbeds. This will enable the evaluation of AI 

decision frameworks in practical dynamic situations, like 

intersections, highways, and tunnels, amidst genuine 

interference and movement conditions. 

Second, integrating multi-agent reinforcement learning 

(MARL) for cooperative beamforming between multiple 

vehicles and roadside units (RSUs) can significantly enhance 

system resilience and coverage. Vehicles could dynamically 

coordinate their beam directions based on shared environment 

data, improving network reliability and reducing redundant 

beam searches. 

Additionally, context-aware beam prediction models using 

hybrid AI techniques—combining deep learning, fuzzy logic, 

and graph neural networks—could further optimize 

performance by incorporating factors like weather conditions, 

urban topology, or pedestrian presence into beam decision-

making. 

From a system-level perspective, extending the architecture 

to support heterogeneous communication standards such as 

DSRC, 5G NR-V2X, and 6G THz bands would promote 

seamless interoperability and redundancy. Moreover, 

embedding vehicular edge computing to offload AI 

computations from onboard units can reduce latency and 

improve energy efficiency. 

Lastly, the current simulation assumes ideal antenna 

characteristics. Future work should incorporate fabrication 

tolerances, real-time channel estimation, and hardware 

impairments to enhance model realism. These efforts would 

push the solution closer to deployment in next-generation 

intelligent transportation systems (ITS). 

VII. CONCLUSION 

This study presents a comprehensive framework integrating 

AI-assisted beam steering with mmWave MIMO antenna 

systems for autonomous vehicular communication. By 

designing and simulating a slotted patch array antenna with 

HFSS and applying a reinforcement learning model for 

immediate beam control, the system exhibits strong 

performance throughout dynamic road scenarios. The proposed 

solution addresses key challenges in vehicular-to-everything 

(V2X) communication, particularly maintaining high signal 

quality and low latency in rapidly changing traffic and channel 

conditions. 

The AI model effectively interprets vehicle location, 

orientation, and channel feedback to make optimal beam 

direction decisions, resulting in substantial improvements in 

signal-to-noise ratio (SNR), reduced link dropouts, and faster 

beam switching compared to traditional static methods. The 

hybrid simulation approach involving electromagnetic design 

and decision-based AI modeling creates a versatile testbed for 

evaluating performance in realistic road scenarios. 

Visual results confirm that the system maintains reliable 

connectivity at beam angles of −30°, 0°, and +30°, adapting to 

environmental obstructions and vehicular mobility. 

Comparative analysis shows that AI-assisted steering improves 

beam alignment accuracy by up to 75% and reduces switching 

latency by nearly 65%. 

In conclusion, this research validates the effectiveness of 

AI-enhanced mmWave antenna systems in achieving resilient, 

high-performance communication for autonomous vehicles. It 

lays the groundwork for future extensions involving multiple 

AI agents, vehicular coordination, and real-world deployment. 

Further exploration may include hybrid 5G–DSRC systems, 

integration with vehicular edge computing, and large-scale field 

testing to fully realize intelligent and adaptive V2X 

infrastructure. 

The RL agent exhibited the ability to learn anticipatory 

beam behaviors, adjusting its decisions based on road 

curvature, relative motion, and historical performance 

feedback. This demonstrates a key advantage of AI over rule-

based or codebook systems: adaptivity and context-awareness 

in dynamic, unpredictable environments. 
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