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Abstract

:

With the technical support of an intelligent networking environment, autonomous driving technology is facing a new stage of development, and the decision-making behavior of autonomous vehicles is changing fundamentally, so it is urgent to explore the lane-changing decision-making behavior mechanism of autonomous driving. Firstly, through the analysis of system similarity, the similarity between autonomous vehicles and moving molecules is sought, and the attraction and repulsion between molecules are applied to the lane-changing process of vehicles to effectively recognize the traffic scene of lane-changing vehicles. Secondly, the molecular interaction potential is introduced to unify the attraction and repulsion, and explore the dynamic influencing factors of lane-changing behavior for vehicles. Moreover, we systematically analyze the interaction relationship in the lane-changing process of Connected and Automated Vehicles, and establish the molecular interaction potential lane-changing model to explore the lane-changing decision-making behavior mechanism. Furthermore, we study the impact of micro lane-changing behavior on macro traffic flow. Finally, the SL2015 lane-changing model and the molecular interaction potential lane-changing model are compared and analyzed by using the SUMO platform. The results show that the speed fluctuation of Connected and Automated Vehicles based on the molecular interaction potential lane-changing model is reduced by 15.5%, and the number of passed vehicles is increased by 3.26% on average, which has better safety, stability, and efficiency. The molecular interaction potential modeling of lane-changing decision-making behavior for Connected and Automated Vehicles comprehensively considers the interaction relationship of dynamic factors in the traffic environment, and scientifically shows the lane-changing decision-making mechanism of Connected and Automated Vehicles.
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1. Introduction


Intelligent networking transportation is a new transportation system integrating autonomous vehicles, interconnected networks, and integrated systems. The intelligent networking transportation system is facing the change of autonomous driving technology. At the same time, the networking driving system presents the situation where CAV (Connected and Automated Vehicles) and HV (Human-driven Vehicles) coexist [1]. Compared with HV, CAV rely on intelligent technologies such as sensing elements, wireless communication modules, on-board computing modules, and vehicle power systems to achieve collaborative autonomous sensing, decision-making, and control [2]. After sensing the traffic environment information, the Connected and Automated Vehicles need to select the behavior rules that match the current road traffic environment, that is, to make the autonomous decision-making. Furthermore, the decision-making part is the core stage in the generation process of autonomous vehicle behavior, which reflects a certain degree of intelligence. Moreover, lane-changing decision-making is an important part of autonomous decision-making, which affects the safety and efficiency of vehicles. With the optimization of the automobile industry and the promoting development of relevant intelligent transportation technologies, a series of classic theories and methods have been formed for the lane-changing research of vehicles. Around the lane-changing decision-making, the generation of lane-changing intention and the evaluation of the lane-changing environment are mainly studied.



When the vehicle is restricted during driving, it will have a lane-changing intention. The generation of lane-changing intention includes the pursuit of driving efficiency, obstacle avoidance, and mandatory merging. Wei et al. [3] studied the vehicle’s pursuit of driving efficiency to produce lane-changing intention and selected the strategy with the highest driving efficiency through a prediction and cost function algorithm. Habenicht et al. [4] also studied the intention of lane-changing from the aspect of driving efficiency, and established the lane-changing auxiliary system, while outputting the time, acceleration, and direction of lane-changing. Kim et al. [5] studied the lane-changing intention of the vehicle when avoiding obstacles to ensure safety during driving. Sivaraman et al. [6] studied the lane-changing intention of vehicles in the scene of lane merging, expressed the road environment through the probability driving diagram, and used the dynamic probability diagram to reflect the cost in the process of mandatory lane-changing, so as to solve the decision-making problem in this lane-changing scene. In addition, Bi et al. [7] proposed a novel method for detecting the lane-changing intention by using the lane-changing model based on the queuing network cognitive architecture. Hidas et al. [8] developed the Artemis microscopic traffic simulation system and established a lane-changing intention model to study cooperative lane-changing behavior.



The evaluation of the lane-changing environment is to analyze the feasibility of lane-changing and ensure the safety and efficiency of lane-changing. The evaluation method of a lane-changing environment is mainly based on rules, artificial intelligence, and utility function.



In terms of rules, Gipps [9] creatively established the lane-changing decision-making rules with an acceptable gap when the vehicle is facing obstacles, and specifically divided the lane-changing process, which provides strong support for the subsequent research on lane-changing. Yang et al. [10] took the lead in dividing the lane-changing behavior of vehicles by referring to the lane-changing idea of Gipps and put forward the lane-changing rules with high applicability. Ahmed [11] explored the rules and characteristics of lane-changing and established a lane-changing decision-making behavior model based on the lane-changing gap. Kanaris et al. [12] analyzed the lane-changing environment and established the lane-changing rules based on the safe distance to judge whether the vehicles change lanes safely or not. Wang et al. [13] studied the lane-changing state of vehicles, analyzed the collision avoidance of vehicles from the perspective of minimum safety distance, and improved the safety of lane-changing. Qu et al. [14] introduced the game theory into the lane-changing scene, thus establishing the lane-changing game decision-making behavior rules for autonomous driving vehicles, which improved the rationality of the lane-changing process.



In terms of artificial intelligence, lane-changing research is mainly conducted through the Bayesian network and the Markov decision. Schubert et al. [15] evaluated the current traffic state and calculated the probability of lane-changing by the Bayesian network algorithm. Ulbrich et al. [16] established a lane-changing decision-making model based on a dynamic Bayesian network to evaluate the lane-changing state of vehicles. Wang et al. [17] established an automatic lane-changing auxiliary system and realized the lane-changing decision-making with minimum risk through the Bayesian network. McCall et al. [18] obtained the lane-changing probability by sparse Bayesian algorithm, so as to realize the lane-changing decision-making of vehicles. Maurer et al. [19] established the lane-changing decision-making model of autonomous vehicles by using the Markov decision. Brechtel et al. [20] optimized different lane-changing scenes on the basis of Ulbrich and met different driving characteristics by weighting.



In terms of the utility function, the utility function is used to establish the judgment benchmark, and finally, lane-changing decision-making is made by analyzing factors such as safety and efficiency. Nilsson et al. [21] used a utility function to make lane-changing decision-making and analyzed the target lane, safety distance, and lane-changing time, so as to determine whether the vehicle can perform lane-changing. Toledo et al. [22] integrated mandatory lane-changing and free lane-changing into a utility function to establish a lane-changing model based on utility selection. Zheng et al. [23] established the lane-changing model of utility selection based on acceleration and verified it by simulation experiments. Feng et al. [24] used binomial random utility theory to describe lane-changing decision-making. Long et al. [25] selected speed, distance, and vehicle type as variables to build a lane-changing model based on utility selection. Guo et al. [26] used the layered logit model to analyze the interactive process of lane-changing and realized the maximization of lane-changing utility with the idea of utility theory.



Generally, the research on lane-changing decision-making tends to focus on the fixed critical gap around the lane-changing vehicle, so less attention is paid to the dynamic elements in the lane-changing scene. In addition, most researches on lane-changing also tend to focus on HV, and there are not too many analysis on lane-changing for CAV. An intelligent networking transportation system is a complex system with a heterogeneous integration of factors, multi-subsystem integration, information interconnection, multi-level interoperability, and dynamic real-time control [27]. The components of the system are shown in Figure 1. Under the background of intelligent networking, the lane-changing of autonomous driving vehicles should first meet the safety, and at the same time, it should also take into account the rationality and dynamics. Considering the similarity between vehicles and molecules from the micro perspective, this paper deeply analyzes the micro lane-changing behavior characteristics of Connected and Automated Vehicles, and constructs a lane-changing model of Connected and Automated Vehicles based on molecular interaction potential and dynamic influencing factors, so as to make Connected and Automated Vehicles operate safely and efficiently.




2. Analysis of Lane-Changing Behavior


With the promotion of the intelligent networking transportation system, autonomous driving technology has developed rapidly, which alleviates the driving task of drivers to a certain extent, and then makes a trip safe and efficient [28]. Furthermore, Connected and Automated Vehicles can independently obtain information, control, and make decisions in the Internet of Vehicles environment. The Internet of vehicles environment is shown in Figure 2, which includes three parts: intra-vehicle network, inter-vehicle network, and vehicle cloud network. When the CAV in the Internet of Vehicles environment drives on the road, it will take corresponding actions according to the changing traffic environment, and the lane-changing decision-making behavior through autonomous driving operation is the lane-changing behavior of Connected and Automated Vehicles [29]. The lane-changing behavior is a routine behavior of CAV. However, the amount of lane-changing in the process of completing the driving task is uncertain. It is necessary to make the matching lane-changing decision-making according to the specific traffic scene, so as to ensure the safety and efficiency of the driving process [30]. In addition, the lane-changing process of Connected and Automated Vehicles includes the generation of lane-changing intention, the formulation of lane-changing decision-making, and the implementation of the lane-changing process.



Generally speaking, lane-changing behavior is more complex and dangerous than car-following behavior [31], and it is easy to induce traffic accidents, traffic congestion, and other negative conditions. Therefore, in order to make the lane-changing process smoothly, the impact of time and space conditions should be properly considered. In terms of space conditions, lane-changing vehicles have interactivity with surrounding vehicles, so they should maintain a safe and appropriate lane-changing distance during the lane-changing. In terms of time conditions, lane-changing requires a continuous period of time. During this period, Connected and Automated Vehicles implement rapid lane-changing by responding to the traffic environment.



There are two types of lane-changing for general vehicles. One is that vehicles must change lanes when facing obstacles. There is the latest lane-changing position and vehicles need to change lanes before this position [32]. The other lane-changing is to improve the driving environment. The former is mandatory lane-changing, and the latter is free lane-changing [33]. Free lane-changing is an unnecessary lane-changing. Sometimes it will choose to give up lane-changing due to the impact of the traffic environment. As shown in Figure 3, on the one-way double lane, there are FV (Front Vehicle) in front of the target lane, PV (Preceding Vehicle) in front of the current lane, RV (Rear Vehicle) in the rear of the target lane, and LV (Lane-changing Vehicle) in the current lane [34]. They are all Connected and Automated Vehicles, and LV is the lane-changing vehicle. When the LV is driving on the current lane, the speed of the LV is constrained by the PV and does not reach the expected speed, resulting in the intention of lane changing. Besides, in the process of lane changing, LV may conflict with the RV, resulting in a collision, so the lane-changing is finally abandoned. Therefore, the lane-changing of the LV is free lane-changing, which is unnecessary. This paper will also study the free lane-changing behavior of Connected and Automated Vehicles.




3. Similarity Analysis of System


Molecules have certain similarities with vehicles. Generally speaking, molecules are microscopic particles that can maintain the properties of substances. The fragrance of flowers in nature indicates that there is a causal relationship between moving molecules and macro phenomena. At the same time, the lane-changing of individual vehicles will sometimes induce traffic accidents, and eventually cause traffic congestion of the whole road section at the macro level [35].



Although the motion of molecules is disordered to some extent, their motion states still show the following three situations, as shown in Figure 4. When molecules show a compact motion state, they run dynamically in the environment, which is similar to the synchronized flow in traffic. In the synchronized flow, the traffic flow is large and the traffic operation efficiency is high [36]. When there is a large gap in the movement of molecules, molecules follow the diffusion principle of tending to low density and avoiding high density, and finally, make the state of the overall environment balanced. This situation is similar to that the vehicle changes lanes to meet the speed expectation and better driving state [37]. When the molecular movement is blocked, it will change the direction of movement to avoid obstacles. This situation is similar to that when there are obstacles such as constructions or accidents, the vehicle is forced to change lanes [38]. The traffic environment will act on individual vehicles to make them carry out a series of driving behaviors, and the driving behavior of individual vehicles will react to the traffic environment to make them reach a new state again [39].



In a molecular system, attraction and repulsion exist at the same time, and their resultant force is expressed as the interaction force between molecules [40]. By comparing the actual molecular distance r with the equilibrium distance r0, the interaction force between molecules can be analyzed. As shown in Figure 5, when r < r0, molecules repulse each other; when r > r0, the molecules attract each other; when r = r0, the interaction force between molecules is zero [41]. Driven by the interaction force, the molecular distance will return to the equilibrium distance after fluctuation. For the traffic system, there are similarities between vehicles and molecules. In the process of driving, the vehicle always expects to maintain a safe and appropriate balance distance with the surrounding vehicles, that is, the dynamic demand safety distance. The vehicle increases the distance to avoid danger and reduces the distance to improve efficiency, so as to complete the driving task harmoniously near a balance distance.



According to Newton’s law of motion, an object can realize the change of motion state under external force. Furthermore, two objects that do not contact can also realize the effect of force through the potential field, so as to change the motion state [42]. Generally, no matter molecules or vehicles, they do not contact due to gaps in the process of movement. Therefore, tracing back to the source, we should explore the relevant theories of molecular interaction potential, and study the micro lane-changing characteristics of Connected and Automated Vehicles from the perspective of molecular interaction potential, so as to better show the operation law of macro traffic flow [43].




4. Construction of Lane-Changing Decision-Making Behavior Model Based on Molecular Interaction Potential


The lane-changing process of vehicles is generally complex, so the lane-changing of Connected and Automated Vehicles is modeled based on the molecular interaction potential from the micro point of view. Connected and Automated Vehicles are usually divided into levels, and the higher the level, the higher the degree of intelligence and automation [44]. Combined with the development stage of the Connected and Automated Vehicles, the following descriptions are made to better model the lane-changing decision-making behavior of the Connected and Automated Vehicles:




	
The automation level of the Connected and Automated Vehicles is high, and the vehicle can complete the driving operation by itself;



	
The Connected and Automated Vehicles can obtain the position and speed of themselves and surrounding vehicles in real time;



	
The Connected and Automated Vehicles are unified standard cars and can communicate with each other.








4.1. Generation of Lane-Changing Intention


Generally, the speed of the vehicle in front of the target lane and the speed of the vehicle in front of the current lane play an extremely important role in the generation of lane-changing intention [45]. Based on the speed information obtained by the Connected and Automated Vehicles, the lane-changing intention can be objectively quantified:


  k =    v f     v p     



(1)







In Formula (1),  k  represents the lane-changing intention of LV;    v f    is the speed of FV;    v p    is the speed of PV.



The lane-changing intention of Connected and Automated Vehicles is expressed by the k value. When   k > 1  , the speed condition of the target lane is better, and then the lane-changing intention of the vehicle is generated. The Connected and Automated Vehicles can have speed gains by changing lanes, so as to complete the driving process efficiently. When   k < 1  , the speed condition of the current lane is still good, so there is no intention to change lanes, and the Connected and Automated Vehicles maintain the car-following state.




4.2. Explanation of Molecular Interaction Potential


The potential field has specific properties, which can affect the objects within its range, and the degree of influence will change with the position of the objects [46]. The object is subjected to the force from the higher potential position to the lower potential position in the potential field, which is equal to the change rate of potential energy in space. Due to the conservation of energy, the potential energy of the object is converted into kinetic energy in this process. As shown in Figure 6, the field source is the prerequisite for forming the potential field space, so that the object existing in the potential field is affected by the force, and the object will change its motion state after receiving the force.



In order to study the interaction between micro-objects, scholars constructed a variety of potential field models to describe the relationship between objects. Khatib [47] first proposed the artificial potential field method and applied it to path planning. As shown in Figure 7, the basic idea of the artificial potential field method was to construct the repulsive potential field and the attractive potential field near the target point, and the controlled object moved in the compound potential field of the two potential fields. The repulsive potential field decreased with the increase in the distance between the controlled object and the target object, and the attractive potential field increased with the increase in the distance between the controlled object and the target object. Jia et al. [48] proposed a car-following decision model based on the safety potential field, which can systematically describe the risk in the car-following process. Qu et al. [49] proposed a car-following model based on molecular interaction potential, which can better describe the traffic state. Li et al. [50] established a lane-changing model based on the safety potential field to effectively describe the driving risk in the process of lane-changing and ensure that the vehicle performs the safe lane-changing decision-making. In the traffic field, there are many studies using potential field theory to analyze car-following behavior. In contrast, there are few studies using potential field theory to analyze lane-changing behavior. In addition, in the studies using potential field theory to analyze traffic behavior, the molecular interaction potential has a reasonable structure and the simulation fits reality, so the application effect is good.



In the molecular interaction potential field, two micro molecules are the field sources of each other. In addition, compared with some potential field functions that separately express the attractive term and the repulsive term, the molecular interaction potential unifies the attraction and repulsion into a whole [51], which can better represent the interaction between micro-objects. Generally, the following molecular interaction potential is used in practice:


  φ ( r ) = ε  [     (     r e   r   )    12   − 2    (     r e   r   )   6   ]   



(2)







In Formula (2),  ε  represents the depth of potential well;    r e    represents the equilibrium distance;  r  represents the actual distance;     (  r e  / r )   12     is the repulsive term;   2   (  r e  / r )  6    is the attractive term.



In the Internet of Vehicles environment, Connected and Automated Vehicles can obtain driving rights and make independent decision-making. As shown in Figure 8, the vehicle near the Connected and Automated vehicle is a field source, and the interaction potential generated by it has the effect of force on the Connected and Automated Vehicle. At the same time, the distribution of interaction potential will change with the vehicle distance, and ultimately affect the decision-making behavior of the Connected and Automated Vehicle, thus changing the motion state of the vehicle. Generally speaking, the interaction potential of vehicles can be understood to a certain extent as the artificial potential field.




4.3. Establishment of Molecular Interaction Potential Lane-Changing Model


The lane-changing model is an important basis for lane-changing decision-making of Connected and Automated Vehicles [52]. Based on the characteristics of Connected and Automated Vehicles, safety, efficiency, and stability should be fully considered in the process of establishing a lane-changing model.



The lane-changing process of Connected and Automated Vehicles includes the generation of lane-changing intention, the formulation of lane-changing decision-making, and the implementation of the lane-changing process. Therefore, after the lane-changing intention is generated, the vehicle should analyze the surrounding traffic environment to judge whether the environment is suitable for lane-changing. Usually, the vehicles in the target lane will have a great impact on the lane-changing decision-making behavior of the vehicle in the current lane. As shown in Figure 9, the vehicles running along the center of the lane are compared to molecules, and the force of LV is analyzed based on the molecular interaction, so that the lane-changing decision-making made by the vehicle is more reasonable. In Figure 9,    f 1    is the force exerted by FV on LV,    f 2    is the force exerted by RV on LV, and    f 3    is the resultant force received by LV.  α  represents the horizontal included angle for the connecting line of LV and FV.  β  represents the horizontal included angle for the connecting line of LV and RV.    r 1    represents the longitudinal distance between LV and FV.    r 2    represents the longitudinal distance between LV and RV.



In the course of lane changing, the Connected and Automated Vehicles should judge the space demand, so as to obtain the appropriate lane-changing distance to ensure safety. As shown in Figure 10, the lane-changing space demand of vehicles includes lateral space demand and longitudinal space demand. On one hand, the lateral space demand of vehicles is reflected in the width of the lane, which is usually well met in the process of lane changing. On the other hand, the longitudinal space demand of vehicles is reflected in the distance provided by the front vehicle and the rear vehicle in the target lane. When the LV changes lanes, it should focus on the longitudinal demand safety distance of the target lane, which is also a research focus of this paper.



Focusing on the lane-changing process of the LV, the positional relationship between LV and FV is analyzed through the kinematic principle, and the following formula can be obtained:


   S 1   ( T )  =  S 1   ( 0 )  +  [   x f   ( T )  −  x f   ( 0 )   ]  −  [   x l   ( T )  −  x l   ( 0 )   ]   



(3)







In Formula (3),    x f  ( 0 )   represents the longitudinal position of FV at the initial time of lane-changing.    x f  ( T )   represents the longitudinal position of FV at the time of lane-changing completion.    x l  ( 0 )   represents the longitudinal position of LV at the initial time of lane changing.    x l  ( T )   represents the longitudinal position of LV at the time of lane-changing completion.    S 1  ( 0 )   represents the distance between LV and FV at the initial time of lane changing.    S 1  ( T )   represents the distance between LV and FV at the time of lane-changing completion. The positional relationship between LV and FV is shown in Figure 11.



During the movement of Connected and Automated Vehicles, there is a certain functional relationship between the running speed and the headway [53]. After conversion, the following formula can be obtained:


   S n  = η v + γ  v 2   



(4)







In Formula (4),    S n    is the demand safety distance of the vehicle;  η  is the autonomous reaction time of the vehicle, and CAV are generally 0.1 s [54];  v  represents the running speed of the vehicle;  γ  represents the reciprocal of two times of the maximum deceleration for the vehicle, and its value is generally 0.07 m/s2 [55].



Through the analysis of Formula (4), it can be seen that the relationship between the demand safety distance and the running speed is consistent. As shown in Figure 12, the demand safety distance increases when the running speed increases, and the demand safety distance decreases when the running speed decreases. On the one hand, this situation is similar to the phenomenon of “thermal expansion and cold contraction” caused by molecular motion. On the other hand, this situation is also consistent with the operation of vehicles in the real traffic scene.



Based on the theory of molecular interaction potential, the demand safety distance of the vehicle is combined with the actual distance of vehicles to further obtain the following formula:


   C n  =    S n   L   



(5)







In Formula (5),    C n    is the saturation coefficient of demand distance;  L  is the actual distance of vehicles.



For the saturation coefficient of demand distance, if LV can safely follow FV after lane-changing, the LV should ensure that the “demand front” of LV on the target lane does not cross the rear boundary of FV, that is, LV can meet    C  n l   ≤ 1  . We apply it to Formula (3) and Formula (5) to obtain Formula (6). In addition, while considering safety, consideration should also be given to efficiency. Therefore, the initial expected safety distance between LV and FV can be obtained through Formula (6), as shown in Formula (7).


   S 1   ( 0 )  ≥  S  n l   +  [   x l   ( T )  −  x l   ( 0 )   ]  −  [   x f   ( T )  −  x f   ( 0 )   ]   



(6)






   S E   (  l , f  )  =  S  n l   +    ∫ 0 t      ∫ 0 λ    [   a l   ( τ )  −  a f   ( τ )   ]        d τ d λ +  [   v l   ( 0 )  −  v f   ( 0 )   ]  t  



(7)







Through the analysis of Formula (7), it can be concluded that    S E   (  l , f  )    is a dynamic distance, and its size relationship will be affected by the dynamic changes of acceleration, speed, and lane-changing completion time.



Considering the relationship between the initial expected safety distance and the longitudinal distance of vehicles at the initial time of lane-changing, combined with the molecular interaction potential of vehicles [56], the interaction potential    φ 1  ( l )   between LV and FV at the initial time of lane-changing can be obtained. On this basis, the force    f 1  ( l )   exerted by FV on LV at the initial time of lane-changing can be obtained by differentiating    φ 1  ( l )   with respect to    S 1  ( 0 )  . The acceleration    a 1  ( l )   given by FV to LV is finally obtained.


   φ 1  ( l ) = 4 ε  [     (     S E  ( l , f )    S 1  ( 0 )    )    12   −    (     S E  ( l , f )    S 1  ( 0 )    )   6   ]   



(8)






   f 1   ( l )  = − 24 ε  [  2    S E     (  l , f  )   6     S 1     ( 0 )   7    −  1   S 1   ( 0 )     ]     (     S E   (  l , f  )     S 1   ( 0 )     )   6   



(9)






   a 1   ( l )  =   − 24 ε  m   [  2    S E     (  l , f  )   6     S 1     ( 0 )   7    −  1   S 1   ( 0 )     ]     (     S E   (  l , f  )     S 1   ( 0 )     )   6   



(10)







In Formula (10),  m  is the mass of LV.



Since both FV and RV in the target lane will affect the lane-changing decision-making behavior of LV in the current lane, the relationship between LV and RV should also be analyzed after discussing the relationship between LV and FV. The positional relationship between LV and RV is shown in Figure 13.



Based on the above analysis process of the relationship between LV and FV during lane-changing, the relationship between LV and RV is also studied by analogy. Therefore, the initial expected safety distance    S E   (  l , r  )    between LV and RV and the acceleration    a 2   ( l )    given by RV to LV can be obtained in turn:





    S E   (  l , r  )  =  S  n r   +    ∫ 0 t      ∫ 0 λ    [   a r   ( τ )  −  a l   ( τ )   ]        d τ d λ +  [   v r   ( 0 )  −  v l   ( 0 )   ]  t   



(11)






    a 2   ( l )  =   − 24 ε  m   [  2    S E     (  l , r  )   6     S 2     ( 0 )   7    −  1   S 2   ( 0 )     ]     (     S E   (  l , r  )     S 2   ( 0 )     )   6    



(12)







Let   μ =   − 24 ε  m   ,    G 1  =    S E  ( l , f )    S 1  ( 0 )    , and    G 2  =    S E  ( l , r )    S 2  ( 0 )    , then Formulas (10) and (12) can be converted into Formulas (13) and (14), respectively:


   a 1   ( l )  = μ  [    2  G 1    6  − 1    S 1   ( 0 )     ]   G 1    6   



(13)






   a 2   ( l )  = μ  [    2  G 2    6  − 1    S 2   ( 0 )     ]   G 2    6   



(14)







On the basis of obtaining the accelerations, the accelerations are decomposed and recombined in combination with Figure 9, and the lateral acceleration    a h    and longitudinal acceleration    a z    of LV are clearly obtained:




    a h  =  a 1   ( l )  sin α +  a 2   ( l )  sin β   



(15)






    a z  =  a 1   ( l )  cos α +  a 2   ( l )  cos β   



(16)





Taking Formulas (13) and (14) into Formulas (15) and (16), the final expressions of    a h    and    a z    can be obtained:




    a h  = μ  [    2  G 1    6  − 1    S 1   ( 0 )     ]   G 1    6  sin α + μ  [    2  G 2    6  − 1    S 2   ( 0 )     ]   G 2    6  sin β   



(17)






    a z  = μ  [    2  G 1    6  − 1    S 1   ( 0 )     ]   G 1    6  cos α + μ  [    2  G 2    6  − 1    S 2   ( 0 )     ]   G 2    6  cos β   



(18)





When    a h  > 0  , the force on LV is attraction, and the vehicle can use longitudinal acceleration to change the speed for lane changing. When    a h  ≤ 0  , the force on LV is either repulsion or zero. At this time, the vehicle should give up lane changing and keep driving in the current lane. To sum up, the Connected and Automated vehicle can conduct lane-changing decision-making analysis from the perspective of acceleration [57], so that it can implement lane changing safely and efficiently.





5. Experimental Verification and Discussion


5.1. Platform and Environment of Simulation


Compared with the collection of car-following data, the actual lane-changing data is complex and difficult to achieve, so this paper obtains it through the SUMO platform. SUMO is the micro open-source traffic simulation software. It is internally equipped with DK2008, LC2013, SL2015, and other lane-changing models, which can properly simulate the lane-changing scene of vehicles. On one hand, through the TraCI (Traffic Control Interface) of SUMO, the lane-changing vehicle can be tracked to obtain lane-changing information. On the other hand, SUMO can flexibly cooperate with other platforms to meet specific needs. With the development of intelligent transportation technology, SUMO software has also been applied to the research of Connected and Automated Vehicles, which is of positive significance to promote the development of autonomous driving technology and the optimization of Connected and Automated Vehicles.




5.2. Analysis of Lane-Changing Data


The simulation scene is set as a one-way two lane with the length of 5000 m and the speed limit of 120 km/h. The lane-changing simulation interface is shown in Figure 14. After the Connected and Automated Vehicle makes the decision to choose lane-changing, it will turn on the turn signal light to implement lane-changing.



In the simulation process of the SUMO platform, the relevant information about the lane-changing vehicle can be obtained by using the TraCI. Some relevant data are shown in Figure 15.



	(1)

	
Figure 15a shows the variation of lateral speed for the lane-changing vehicle. At first, when the vehicle does not change lanes, its lateral speed is zero, and the vehicle keeps driving along the center of the current lane. In the process of lane-changing, the lateral speed of the vehicle begins to change, and the change is to accelerate first and then decelerate. After arriving at the center of the target lane, the lateral speed of the lane-changing vehicle returns to zero. Finally, the vehicle drives in the target lane. It can be seen from the figure that the lane-changing vehicle only changes the lane once.




	(2)

	
Figure 15b shows the variation of speed for the lane-changing vehicle. Sometimes the lane-changing vehicle accelerates and sometimes decelerates. Because the vehicle runs on the high-speed road with relatively few obstacles, its speed fluctuation range is relatively small, and it can finally run in a more stable state.




	(3)

	
Figure 15c shows the variation of acceleration for the lane-changing vehicle. During the process of lane-changing, the acceleration of the vehicle fluctuates up and down near zero. It can be seen from the figure that the variation range of acceleration is −0.7 m/s2~0.7 m/s2, which enables the vehicle to drive stably with small speed fluctuation. Moreover, the information shown in Figure 15b,c can be mutually verified.




	(4)

	
Figure 15d shows the variation of the offset of the right side of the lane-changing vehicle relative to the right side of the road. This offset actually represents the lateral position of the vehicle and can directly reflect the lane-changing information. When the vehicle drives in the current lane, the offset does not change. When the vehicle changes the lane, the offset will change, and the final change is the width of the single lane. It can be seen from the figure that the lane-changing vehicle only changes the lane once. In addition, the information shown in Figure 15a,d can be mutually verified.








5.3. Evaluation of Molecular Interaction Potential Lane-Changing Model


Relevant lane-changing information can be obtained through the SUMO platform. The lane-changing data are used to calibrate the parameters of the molecular interaction potential lane-changing model [58], so that the molecular interaction potential lane-changing model is reasonable and practical. Based on this, the molecular interaction potential lane-changing model can be clarified to evaluate its performance. The calibration of the model parameters is shown in Table 1.



In the simulation environment of SUMO, the molecular interaction potential lane-changing model is compared with the SL2015 lane-changing model, so as to evaluate the performance of the molecular interaction potential lane-changing model more objectively. SL2015 lane-changing model is the moving model within SUMO, which can realize sub-lane simulation with high lateral resolution. Its additional behavior layer is responsible for maintaining safe lateral gaps, and the required gap can be set by using the vType attribute. Vehicles gradually change lanes according to attributes to achieve a certain lateral alignment. In addition, vehicles will be placed at the exact longitudinal and lateral position to match the specified coordinates, which can be more reasonable in lane-changing decision-making and implementation of the lane-changing process. Additional parameters supported by the SL2015 lane-changing model are shown in Table 2.



On the other hand, the characteristic parameters of vehicles under the SL2015 lane-changing model and the molecular interaction potential lane-changing model are shown in Table 3.



As shown in Figure 16, the two groups of lane-changing models are tested to compare and analyze the average speed of lane-changing vehicles, so as to explore the performance of the molecular interaction potential lane-changing model. Figure 16a objectively shows the fluctuation and size relationship of average speed under the two groups of models. In contrast, the average speed under the molecular interaction potential lane-changing model is larger and less fluctuated. On the basis of Figure 16a,b, it further intuitively shows the increase in average speed and the decrease in speed fluctuation degree. The average speed data under the two groups of models are evenly distributed without abnormal values. The three data around the box are the maximum, average, and minimum values of speed from top to bottom. Compared with the SL2015 lane-changing model, the average speed under the molecular interaction potential lane-changing model is increased by 3.26% and the speed fluctuation is reduced by 15.5%. In addition, no collision accident occurred during the simulation. In general, the molecular interaction potential lane-changing model has good security, efficiency, and stability. The molecular interaction potential unifies the attraction and repulsion into a whole so that the vehicle can dynamically adjust its speed when making lane-changing decisions, so as to ensure that the control layer of the Connected and Automated Vehicles can implement lane-changing smoothly.



On the basis of speed, the number of passed vehicles is further introduced to analyze the performance of the model. As shown in Figure 17, we input the traffic flow in the simulation scene. The range of traffic flow is 1000 veh/h~2000 veh/h. We take the traffic flow of 100 veh/h as the interval, and finally obtain the number of passed vehicles under different traffic flows within 360 s. Figure 17a shows the change trend and size relationship of the number of passed vehicles under the two groups of models. With the continuous increase in traffic flow, the number of passed vehicles under the two groups of models also increases. However, compared with the SL2015 lane-changing model, the number of passed vehicles under the molecular interaction potential lane-changing model is more, and this advantage is more obvious when the traffic flow is greater than 1500 veh/h. Figure 17b shows that the number of passed vehicles under the two groups of models is evenly distributed without abnormal values. In addition, compared with the SL2015 lane-changing model, the number of passed vehicles under the molecular interaction potential lane-changing model is increased by 3.26%. Therefore, it can be concluded from the above analysis that the molecular interaction potential lane-changing model has good road utilization and high efficiency. For the development of Connected and Automated Vehicles, the number of vehicles is increasing, and the demand for road utilization and efficiency is also increasing. Therefore, the molecular interaction potential lane-changing model also has certain adaptability and practical applicability to the changing and developing traffic environment.



For the traffic flow running in the target lane, the entry of lane-changing vehicles will cause a certain perturbation. The smaller the impact of perturbation, the more conducive to the efficient operation of traffic flow in the target lane. On this basis, the performance of models is analyzed from the perturbation of the lane-changing vehicle to the traffic flow. A fleet of 20 vehicles is set in the rear of the target lane, and the operation of vehicles follows certain rules [59]. The lane-changing vehicle running in the current lane looks for opportunities to change lanes under the lane-changing rules of the SL2015 lane-changing model and molecular interaction potential lane-changing model. As shown in Figure 18, after the vehicles in the fleet are disturbed by the lane-changing vehicle, the speed fluctuation gradually propagates backward and the intensity gradually decreases, which is also in line with the actual situation. However, the perturbation of lane-changing vehicles to the traffic flow after successful lane-changing is different between the two lane-changing models. The lane-changing vehicle under the molecular interaction potential lane-changing model will be affected by the interaction potential of vehicles of the target lane. When    a h  > 0  , the force on the lane-changing vehicle is attraction, and the vehicle starts to change lanes. Compared with the SL2015 lane-changing model, the lane-changing vehicle under the molecular interaction potential lane-changing model has less perturbation to the traffic flow of the target lane. After the traffic flow of the target lane is disturbed by the lane-changing vehicle under the molecular interaction potential lane-changing model, it can return to the previous driving state in a short time, and the overall speed fluctuation is also small, which makes the traffic flow run in a more stable state.



In general, the molecular interaction potential lane-changing model has good stability and efficiency. The lane-changing vehicle under the molecular interaction potential lane-changing model is good at choosing the lane-changing time and making friendly lane-changing, which has less perturbation to the traffic flow of the target lane. It will also alleviate the problem of traffic congestion to a certain extent.





6. Conclusions


Different from the traditional lane-changing decision-making mechanism focusing on the fixed critical gap, this paper comprehensively considers the dynamic factors in the lane-changing scene. The lane-changing behavior of Connected and Automated Vehicles is systematically analyzed, and the lane-changing decision-making mechanism of Connected and Automated Vehicles is established based on the molecular interaction potential. Through relevant theoretical analysis and simulation experiments, the following main conclusions are obtained:




	
Connected and Automated Vehicles have the characteristics of interactivity and dynamics. By analyzing its similarity with molecules, the molecular interaction potential theory is applied to the lane-changing scene, and the molecular interaction potential lane-changing model is established, which scientifically shows the lane-changing characteristics of the Connected and Automated Vehicles.



	
The molecular interaction potential lane-changing model unifies the attraction and repulsion into a whole while considering the dynamic influencing factors, so as to form the reasonable lane-changing decision-making mechanism, so that the Connected and Automated Vehicles can implement lane-changing safely and efficiently. The experimental results show that, compared with the SL2015 lane-changing model, the average speed under the molecular interaction potential lane-changing model is increased by 3.26%, the speed fluctuation is reduced by 15.5%, and the number of passed vehicles is increased by 3.26%. In addition, there is no collision accident and the perturbation of lane-changing vehicle to the traffic flow of the target lane is small. Therefore, the molecular interaction potential lane-changing model has good safety, stability, and road utilization.








In this paper, the lane-changing behavior is explored with molecular interaction potential. The research results can provide a new view for understanding the lane-changing characteristics. By extension, the molecular interaction potential lane-changing model is adaptable to the development of Connected and Automated Vehicles. With the development of the courier industry, Connected and Automated Vehicles are used to deliver goods, which will reduce the workload of couriers. In the process of transporting goods, the Connected and Automated Vehicles will face the lane changing. Meanwhile, this paper can provide a theoretical basis and technical support for the lane-changing research of Connected and Automated Vehicles to a certain extent, which can also promote the development of the courier industry. However, there are some limitations in this research. This paper only studies the lane-changing decision-making behavior in the free lane-changing scene. Therefore, more lane-changing scenes, such as the mandatory lane-changing scene, should be studied on this basis. Mandatory lane-changing is a necessary lane-changing for vehicles to reach the destination. Its lane-changing reasons mainly include avoiding obstacles and road merging. There are some bottleneck points in the mandatory lane-changing scene. We should explore it to alleviate traffic congestion. With the gradual popularization of Connected and Automated Vehicles, we should further consider the diversified lane-changing influencing factors and the complex traffic environment, and continuously improve the adaptability of the molecular interaction potential lane-changing model, so as to promote the development of intelligent transportation technology.
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Figure 1. Construction of intelligent networking transportation system. 
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Figure 2. Internet of Vehicles environment. 
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Figure 3. Free lane-changing scene. 
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Figure 4. General molecular motion state. (a) Molecular compact motion state; (b) Molecular large gap motion state; (c) Molecular hindered motion state. 
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Figure 5. Interaction force. 
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Figure 6. Distribution diagram of molecular interaction potential field. 
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Figure 7. Description of artificial potential field. (a) Repulsive potential field; (b) Attractive potential field; (c) Compound potential field. 






Figure 7. Description of artificial potential field. (a) Repulsive potential field; (b) Attractive potential field; (c) Compound potential field.



[image: Sustainability 14 11049 g007]







[image: Sustainability 14 11049 g008 550] 





Figure 8. Distribution diagram of vehicular interaction potential and interaction force. 
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Figure 9. Diagram of molecular force analysis of lane-changing vehicle. 
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Figure 10. Diagram of demand safety distance of lane-changing vehicle. 
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Figure 11. The positional relationship between LV and FV. 
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Figure 12. Diagram of vehicular demand safety distance at different speeds. 
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Figure 13. The positional relationship between LV and RV. 
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Figure 14. Lane-changing simulation interface. 
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Figure 15. Information about the lane-changing vehicle. (a) Lateral speed; (b) Speed; (c) Acceleration; (d) Offset. 
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Figure 16. Comparison of average speed of lane-changing vehicles under different models. (a) Qualitative diagram of average speed; (b) Quantitative diagram of average speed. 
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Figure 17. Comparison of the number of passed vehicles under different models. (a) Qualitative diagram of the number of passed vehicles; (b) Quantitative diagram of the number of passed vehicles. 
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Figure 18. Comparison of perturbation of lane-changing vehicles under different models. (a) Perturbation under SL2015 lane-changing model; (b) Perturbation under molecular interaction potential lane-changing model. 
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Table 1. Parameters calibration of the molecular interaction potential lane-changing model.
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	Parameters
	Value





	α
	0.0546



	β
	0.0514



	μ
	0.0056
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Table 2. Additional parameters supported by the SL2015 lane-changing model.
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	Additional Parameters
	Range





	LcSublane
	[0, inf]



	LcPushy
	[0, 1]



	LcAssertive
	[0, 1]



	LcImpatience
	[−1, 1]
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Table 3. Characteristic parameters of vehicles.






Table 3. Characteristic parameters of vehicles.





	Parameters
	SL2015 Lane-Changing Model
	Molecular Interaction Potential Lane-Changing Model





	Vehicle length (m)
	4.8
	4.8



	Vehicle width (m)
	1.8
	1.8



	Vehicle color
	blue
	red



	Maximum speed (m/s)
	33.33
	33.33
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