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Abstract — For intelligent driving systems, negotiating highly interactive lateral cut-ins on busy expressway lanes is a 

challenging task. While model-free reinforcement layouts are constrained by risky exploration behaviors and sparse 

reward patterns during early model optimization stages, traditional rule-structured state machines suffer from stochastic 

ambient vehicular habits. This paper proposes a unified decision and deterministic filtering system to address these issues. 

We design a cooperative arrangement that combines an algebraic Control Barrier Function layer with a Twin Delayed 

Deep Deterministic Policy Gradient network. While the secondary quadratic validation step instantly overrides dangerous 

execution paths, the underlying neural architecture continuously monitors and modifies path policies to maintain 

passenger comfort and trip efficiency metrics. Our integrated methodology achieves a 98.5% navigational execution rate, 

inhibits rapid variations in vehicular jerk profiles, and totally eliminates physical contact instances against erratic nearby 

cars, according to extensive computerized assessments over various operational densities. 

Index Terms — Trajectory planning, deep reinforcement learning, autonomous cars, lane changes, and control barrier 

functions. 

I. Introduction 

Current research on maneuver selection typically divides into data-driven optimization systems or rule-configured finite state 

machines. The use of rule-based models in extremely dynamic roadway environments is limited since they calculate tactical 

viability from static conditions. On the other hand, unpredictable action samples produced during baseline policy refinement 

phases present safety validation issues for end-to-end neural networks.. 

A. Abbreviations and Acronyms 

Even after they have been defined in the abstract, define acronyms and abbreviations the first time they appear in the text. It is not 

necessary to clarify acronyms like IEEE and SI. Lane Changing is denoted by LC, Autonomous Vehicle by AV, Deep 

Reinforcement Learning by DRL, Twin Delayed Deep Deterministic Policy Gradient by TD3, and Control Barrier Functions by 

CBF. 

B. Units 

Use CGS or SI as your primary units. SI units are recommended. In parenthesis, English units can be used as secondary units. 

Avoid combining full spellings and abbreviations of units; instead, use "m/s²" or "meters per second squared." Put a zero before 

decimal points: "0.25," not ".25." Meters per second (m/s) is used to track all velocity characteristics, while m/s² or m/s³ are used 

to specify acceleration or jerk values, respectively. 

II. Literature Review and Problem Framing 

Current research on maneuver selection typically divides into data-driven optimization systems or rule-configured finite state 

machines. The use of rule-based models in extremely dynamic roadway environments is limited since they calculate tactical 

viability from static conditions. On the other hand, unpredictable action samples produced during baseline policy refinement 

phases present safety validation issues for end-to-end neural networks. Conventional rule-based logic sets, like the MOBIL 

algorithm, use immediate deceleration measures to assess lane shifts. Nevertheless, long-term collaborative patterns across several 

moving platforms are not captured by these models. Although deep neural topologies are excellent at modeling environmental 

profiles from onboard sensors, typical reinforcement policies' crude trial-and-error methodology poses operational safety hazards 

that make physical field integration more difficult. 

III. System Methodology and Mathematical Framework 

The framework presented in this paper creates a reliable dual-stage control loop by combining a low-level physical safety barrier 

filter with a high-level learning policy layer. Spatial characteristics in relation to surrounding traffic agents are recorded by the 

environment tracker. Let the boundary constraint threshold be defined via an analytical safe distance matrix: 
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α  +  β  =  χ.          (1) 

A Twin Delayed Deep Deterministic Policy Gradient (TD3) structure is used to inhibit early value-overestimation tendencies 

across actor-critic networks. Continuous control outputs are used to update the system status at discrete time periods. Actions 

produced by the continuous policy go through an analytical filter controlled by a Control Barrier Function (CBF) in order to 

provide deterministic collision avoidance. Let h(x) define the continuously differentiable safe operating region between tracking 

boundaries: 

h(x) = ||x_e - x_i||² - d_safe² ≥ 0.          (2) 

By performing a quadratic minimization that minimizes policy modifications while maintaining the defensive border state's 

complete invariance, the verified safe action parameters are processed instantly:  

min ||A_safe - A_raw||²   subject to   h˙(x) ≥ -γ h(x).          (3) 

Be sure that the symbols in your equation have been defined before or immediately following the equation. Use “Eq. 1” or 

“Equation 1”, not “(1)”, especially at the beginning of a sentence. 

IV. Simulation Setup and Results 

Put tables and figures at the top and bottom of each column. Don't put them in the center of columns. Table captions 
should be above the tables, and figure captions should appear below the figures. Once figures and tables have been cited in 

the text, insert them. Use the acronym "Fig. 1" throughout the text and "Figure 1" at the start of each sentence. 

Table 1: Performance Metric Comparison 

Control Framework Success Rate (%) Avg. Execution Time 

(ms) 
Minimum Safety 

Distance (m) 
Jerk Metric (m/s³) 

Traditional MOBIL 84.2% < 5 ms 3.2 1.85 

Standard DRL 

(DDPG) 
91.0% 12 ms 0.8 2.10 

Proposed TD3-CBF 98.5% 14 ms 4.5 0.95 

The data gathered in Table 1 shows that the unified TD3-CBF model comfortably fits inside real-world car actuator 
hardware cycles, managing a 98.5% transition validation rate while capping the computational execution delay near 
14ms. 

V. Conclusion and Future Scope 

This paper presented a hybrid control system for lane-changing autonomous vehicles. Combining a continuous TD3 
reinforcement learning model with an online Control Barrier Function safety filter can prevent collisions during exploring 
stages. Future studies will investigate how to handle obscured surroundings with sensor uncertainty and extend this 
architecture to multi-vehicle cooperative merging scenarios. 
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