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Abstract: Autonomous driving technologies have been making giant strides to improve the safety of roads and their efficiency. There is a more humane factor that rides on the vehicle besides the reduction of accidents with time and aptitude for the reduction of accidents: adaptability to personalized driving experience, which depends on user acceptance. This paper presents a comprehensive approach to trajectory planning and tracking of autonomous vehicles with human-like driving behaviors. This is achieved based on an integrated framework of the Artificial Potential Field model and Model Predictive Control; consequently, several environmental variables and the manners of various drivers, either conservative or aggressive, are considered. APF only ensures safe and dynamic obstacle avoidance whereas MPC adapts the vehicle control according to the taste and preference of the user in real time. Simulations on car-following and lane-changing scenarios validate the proposed method, which can generate adaptive trajectories close to those produced by humans. The results are that the algorithm will really personalize driving patterns according to drivers and occupants' preferences with respect to increasing user comfort and acceptance without compromising the high standards of safety.
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I. INTRODUCTION
Autonomous driving is currently the most researched area, basically focusing on trajectory planning and tracking. Trajectory planning involves path design well-suited for a given driving environment. Trajectory tracking ensures that the vehicle follows a predetermined path during operation. Since safety is the utmost concern in autonomous driving, the trajectory plan as well as the tracking should be able to avoid obstacles around them and stay within the realm of the roads. These autonomous cars will only be accepted by users if they are not only safe and reliable but also able to comfortably serve the user. Again, perception among users varies with this regard, such as preferring a sporty driving style with rapid acceleration rather than a smoother ride. The general parameters of a human driver's style would be his or her acceleration pattern, the proximity to other vehicles, and his or her speed during lane changes.
Recent research has also focused on incorporating driving styles into autonomous vehicle systems. For example, Kuderer et al. [1] proposed a demonstration-based method for learning model parameters for each user based on their driving habits. They proposed an IRL feature-based technique for inferring driving styles from observations, in which the feature maps trajectories to real values that capture specific driving style characteristics. Their methodology successfully learnt cost functions and replicated various driving behaviours using data from real drivers. In [2], Lefèvre et al. proposed a learning-based framework based on the integration of a driver model and a predictive controller, in which the model generates commands that are consistent with those of the human driver. These commands were then referenced by an MPC controller to ensure safety, and tested in the framework for longitudinal control of autonomous vehicles. Hasenjager et al. [3] reviewed strategies for personalization of ADAS systems in terms of adaptations based on driver preferences, styles, skills, and patterns. Xing et al. proposed a personalized joint time-series modeling system based on deep learning to predict the future energy consumption and the trajectories of the leading vehicles by considering various driving styles [4], [5]. These methods typically entail huge data and hence will increase its cost of implementation several times and will be very difficult to amend the learning model after its establishment. On the other hand, it is with the method in the paper that eases the process by setting parameters of APF beforehand so it reduces costs and can easily be adjusted to fit individual needs.
A significant efficiency in trajectory tracking is discovered for the MPC method, which changes the task of vehicle tracking control into an optimization problem over a horizon with some imposed constraints. This wide applicability of MPC in following autonomous vehicle trajectories arises from grapping by its side a constrained control challenge. To consider this, an example includes an MPC path-following controller by Guo et al. [6], where the feasibility of road and shape of the vehicle have been taken into account. Zhang et al. [7] integrated a trajectory planner and a tracking controller for collision-avoidance capabilities. Li et al. [8] designed a nonlinear MPC-based controller for obstacle avoidance in autonomous navigation, and Berntorp et al. [9] presented a nonlinear MPC scheme to tune a tire model based on estimates of road surface properties. Velhal et al. [10] have proposed an improved linear time-varying MPC controller for high-speed trajectory tracking on slippery roads and Du et al. [11] have designed a controller that coordinates steering and speed at the same time, but in nonlinear MPC, optimization was performed by genetic algorithm.
The obstacle avoidance of the MPC controllers can be done by introducing penalty to the cost function. Abbas et al. [12] used obstacle distance metrics for real-time avoidance and Soloperto et al. [13] presented a robust collision avoidance strategy under a tube-based MPC framework. Wang et al. [14] have taken vehicle shapes as convex polygons and proposed a quadratic programming MPC scheme for real-time collision prevention.
Traditionally, trajectory planning and tracking are two separate steps: the local planner generates an appropriate path, which the tracking controller follows. However recently, this goal has been pursued: combining those two operations. Huang et al. [15] mixed APF functions into the cost function. Rasekhipour et al. in [16] designed an APF-based MPC controller for a control of a vehicle. Huang et al. [17] mixed APF with MPC, using the MPC optimizer instead of classical gradient descent, but targeting only safety and ignoring the styles of driving.
II. METHOD0LOGY 
The methodology for this study includes simulation of vehicle trajectories under different driving styles to evaluate the efficacy of various trajectory planning and tracking methods during car-following and lane-changing scenarios. It is a two-lane road environment in which local vehicle behavior was modeled with an aggression, caution, or no driving style. The aggressive style has the small time headway and, therefore, accelerates faster and brakes more sharply in speed; the cautious style uses greater time headway, so changes in speed are smoother. Vehicle trajectories within the simulation are modeled using goal-based Artificial Potential Fields to guide motion of the local vehicle. Outputs that include speed, acceleration, and distances associated with lane changes are computed from the simulation parameters, which include the vehicle speed of both the local and environment vehicles as well as the distance between the two. For lane change, time and distance to change lanes are computed for each driving style. Such findings lead to thorough analysis to understand the effect of driving behavior on trajectory performance, change in speed, and lane-changing. The overall analysis gives insights into how driving style affects autonomous vehicle control.
A. Artificial Potential Field (APF) Model for Environment and Driving Style:
The APF model is a very important part to simulate the autonomous vehicle's trajectories as it considers the environmental interactions of a vehicle that adapts to and indicates changes in driving style. The model forms abstract virtual potential landscapes through which vehicles may be constrained and guided by attractive and repulsive forces to navigate safely and efficiently. Environmental APF includes boundary lines, lane markings, target points, and potential fields of the obstacle vehicles. Boundary lines are constrained for movement of a vehicle within specific road limits while the potential for lane line corresponds to the desired movement of a vehicle through its assigned path with a quadratic function in order to satisfy center alignment. The APF of target points ensures forward movement and aligns the trajectory of the vehicle toward desired positions.

To express the driving style, factors that reveal the driving behavior were extended into the APF, for instance, time headway in car following mode and lane-changing duration in scenarios of changing lanes. THW APF guarantees a safe distance kept by the local vehicle while considering the chosen driving style. For example, an aggressive style could have a higher THW leading to smaller following distances and slower accelerations whereas in the timid style, this could lead to larger distances from the preceding vehicle. The duration and distance parameters are editable based on the APF for lanechanging circumstances. This implies aggressive drivers can change lanes more quickly as opposed to timid drivers. Integration of APF in driving style customization provides comfort and safety-promoting human-like driving preference to enhance and ensure complex traffic scenarios.
Mathematical Expressions for APF Model:

· APF of Boundary Lines: 


Where ,  is an APF factor and  represents the lateral position of the boundary line .
· APF of Lane Lines: 

Where ,  is factor and  is the lateral position of the lane centerline .
· APF of Target Point:  

Where ,     is vehicle’s current position ,  represents longitudinal position of target relative to vehicle’s current position ,  is target coefficient.
· APF of obstacle vehicle :  

Where ,  is maximum value of APF ,  is the relative speed between local and obstacle vehicles ,  is the longitudinal distance , S is the safe distance which is defined as –

Where ,  is a scale coefficient ,  is the relative velocity ,  is the minimum safe distance .
Lateral APF Distribution:

Where ,  is the lateral distance from the point to the nearest part of the obstacle vehicle and   is the attenuation coefficient .
Lane changing duration APF : 
 
Where ,   is an APF factor ,   is the desired duration for different driving styles and  is the lane changing time .
B. Model Predictive Control (MPC) for Trajectory Tracking:
The trajectory tracking in autonomous vehicles is optimized for finite horizon while taking account the constraints by using the framework from the MPC. This framework converts the vehicle's trajectory-tracking problem to the constrained optimization problem that it updates at every time step with the current vehicle states and future predictions The vehicle kinematics are modelled as follows : 

Where, (x, y) are the cartesian coordinates of the vehicle position, is the orientation angle,  is the vehicle speed,   is the front wheel steering angle and l is the wheelbase length .
The MPC cost function comprises multiple components that guide the optimization process:
APC value for obstacle avoidance and driving style:  

Where ,  and  ensure the vehicle remains in the lane and progresses towards the target , while  denotes the driving style .
The first element of the computed control sequence is applied to the vehicle, the optimization process repeated at each time step such that the system can continuously adapt to real-time conditions while ensuring that the vehicle follows the desired trajectory given constraints and driving style preferences.
C.  Integration of APF and MPC for Unified Control
This unified approach of trajectory planning and tracking in autonomous vehicles is based on the integration of Artificial Potential Field and Model Predictive Control. APF is used to model environmental constraints as well as driving styles, whereas MPC is used for optimizing real-time adaptability in trajectory tracking.
Unified Control Concept
Combining attractive forces towards goals and repulsive forces from obstacles, the APF component creates a potential landscape that influences the movement of the vehicle. These APF values are integrated into the MPC framework as part of the cost function, such that the vehicle can now formulate plan and track trajectories by taking into account safety and user-preferred driving styles, for instance being aggressive or cautious.
Environmental APF : It ensures safe navigation by creating potential fields for riad boundaries , lanes and obstacles.

Driving style APF : It adjusts the trajectory based on user preference :

These APF terms are included in the MPC cost function to guide the vehicle towards optimal trajectories that reflect desired behaviour while avoiding collisions.
Optimization Problem in Unified Control 
The trajectory planning and tracking problem becomes a constrained optimization problem:

Subject to , 




Control Application
The applicability of the sequence is ensured at every time step by feeding an optimized control input into the vehicle and then iterating through the process. The unified APF-MPC will conclude in a trajectory which follows the human driving preference and adapts to the traffic environment while it is safe and comfortable. It is an MPC approach that integrates APF. Real-time Reactive Potential Field strengths are combined with predictive and constraint optimization. Thus, a robust trajectory planning and tracking system is obtained for an autonomous vehicle.
III. RESULTS & DISCUSSION
As above, simulation results clearly reflect the influence of driving styles on vehicle behaviour during both car-following and lane-changing modes. With the car-following mode, the aggressive driving style will lead to quicker speed adjustment and greater rates of speed reduction compared with the cautious driving style, which initiates speed reduction earlier due to its larger time headway. This example indicates that driver behaviour does have an impact on the vehicle dynamics, and the various driver styles should be considered when making designs for trajectory planning and tracking systems. In lane-changing, aggressive driving results in a faster lane change with a duration of approximately 1.7 seconds, whereas cautious results in a longer duration, about 2.5 seconds, as one would expect from its nature of handling the vehicle very cautiously. The no-driving style scenario also shows longer lane-changing duration than the aggressive style, and this further supports a greater need for incorporating particular driving behaviours to achieve more accurate and efficient vehicle control. These results therefore point to the crucial need for integrating driving style considerations into the design of control algorithms for autonomous vehicles relating to their trajectory planning and tracking algorithms in real-world traffic conditions in terms of safety, efficiency, and responsiveness.
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Fig. 1. Scenario 1. (a) Speed Profiles Under Two Distinct Driving Styles and Baseline (b) Longitudinal Acceleration Patterns of the Local Vehicle.
Figure 1(a). Velocity profiles for aggressive and cautionary driving styles and for no particular driving style scenario, which we take as baseline. Simulation data for the no-driving-style scenario is taken from previous work [26]. In the graph, the red line is the aggressive driving style speed profile, the yellow line corresponds to the cautious driving style, and the blue line is the baseline case. A short acceleration phase appears as a consequence of the goal-oriented APF at the beginning. As time progresses, the APF matches up with the velocity headway of the local vehicle, and its velocity becomes aligned with that of the leading vehicle; at the state of stable car-following, the velocity of the local vehicle equals the velocity of the vehicle ahead.
Because of the increased time headway, the deceleration begins earlier for conservative driving. In aggressive driving, the deceleration is more rapid. In the no-driving-style case, the local car begins with an initial velocity of 25 m/s. The vehicle decelerates because of the potential of the obstacle when it is moving toward the leading vehicle until its own velocity equals that of the front vehicle.Figure 1(b). Longitudinal accelerations for both driving styles and the baseline case without a defined driving style. All results are within their bounds. Acceleration bounds for the aggressive driving mode are much greater than those for the cautious mode. Conversely, in the absence of a defined driving style, it is noted that the acceleration of the vehicle constantly switches between widely different bounds.
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Fig. 2. Scenario 2. (a) Planned Trajectories of the Local Vehicle Under Two Distinct Driving Styles and Baseline. (b) Adjusted Trajectories of the Local Vehicle.
Figure 2(a) plots trajectories for each driving style and the case of no style. From this plot it can be seen that the aggressive driving launched the lane change at about 190 meters. However, the actual time of a lane change cannot be read off from the plot clearly. The difference between the two driving styles in the time of lane changing can be compared by transforming 2(a) into the form of Figure 2(b). In this scenario, the two cars are traveling at a constant velocity of 25 m/s. With an estimation from the lane-changing distance, the lane-changing time can be obtained. The lane-changing distance is approximately 42 meters during aggressive driving, and the estimate time for a lane change is approximately 1.7 seconds. This agrees with the case mentioned above. In contrast, conservative driving involves a distance that covers approximately 62 meters for lane change, and the respective time that takes to make the lane change is approximately 2.5 seconds, and it is as expected for such style of driving. If there is no special style for driving, the timing of the lane change would be the same as with the aggressive style of driving, but the duration of lane-changing would be more for both styles of aggressive and conservative driving styles.
IV. CONCLUSION
In conclusion, the simulation results have indicated that a significant driving style variant introduces a big difference on both vehicle trajectory and performance within the car-following and lane-changing scenarios. Under the car-following mode, the aggressive driving style demonstrates the greater speed adjustment with a larger rate of speed reduction than the cautious style, which leads to the earlier occurrence of speed reduction due to the larger time headway. In other words, the local speed while in the aggressive mode decelerates at a higher rate compared to the cautious one, and this is also illustrated by the flatter decline curve of the cautious mode. The aggressive style completes a lane change in about 1.7 seconds over a distance of 42 meters, compared to the cautious style, which takes about 2.5 seconds to complete a lane change over a distance of 62 meters. The lane change in the no-driving-style scenario is almost similar in time to the aggressive style but has a longer lane-changing duration. These findings are likely to yield further critical insights into accounting for variable driving styles that appear to affect not just vehicle dynamics but rather the general safety and efficiency of an autonomous driving system as a whole.
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