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Abstract

:

Featured Application


This work can be used in autonomous driving control systems to alleviate traffic congestion.




Abstract


Although the difference between the velocity of two successive vehicles is considered in the full velocity difference model (FVDM), more status information from preceding vehicles affecting the behavior of car-following has not been effectively utilized. For improving the performance of the FVDM, an extended modified car-following model taking into account traffic density and the acceleration of a leading vehicle (DAVD, density and acceleration velocity difference model) is presented under the condition of vehicle-to-vehicle (V2V) communications. Stability in the developed model is derived through applying linear stability theory. The curves of neutral stability for the improved model indicate that when the driver pays more attention to the traffic status in front, the traffic flow stability region is larger. Numerical simulation illustrates that traffic flow disturbance could be suppressed by gaining more information on preceding vehicles.
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1. Introduction


Due to fast progress of urban motorization, today traffic congestion is considered as a common and serious problem. According to the records traffic congestion has caused nearly 7 billion hours of travel delay in 471 urban areas of the United States in 2014, which is more than two times longer than that recorded in 1982 [1,2,3]. The frequent deceleration and acceleration of vehicles while driving will not only block the traffic but can also lead to unwanted environmental pollution. Hence, great efforts have been made to alleviate traffic congestion based on car-following models.



A car-following model, as a microscopic model [4,5,6,7,8,9,10,11], describes how a car which follows another car responds to the changes in preceding traffic conditions on a one-way street that limits overtaking. Since the introduction of the car-following model by Pipes in 1953 [12], many researchers have studied various factors influencing drivers’ car-following behaviors from different points. Based on a driver’s stimulus response mechanism, the optimal velocity model (OVM) was put forward by Bando et al. [8]. The OVM can be defined as:


    x ¨  n  = a { V ( Δ  x n  ) −   x ˙  n  } ,  



(1)




where a describes driver sensitivity; ∆  x n   = xn+1(t) − xn(t) means the headway of two successive cars;



V(∆  x n  ) denotes the optimal velocity function considering preceding headway change;    x ˙  n   is vehicle velocity n;     x ¨  n    is vehicle acceleration n. Although this model is able to well explain different traffic flow processes like the frequent stopping and going of vehicles and instability of traffic flow, Helbing and Tilch suggested that the OVM produces excessive accelerations and decelerations. Therefore, motivated by pedestrian dynamics, they proposed a generalized force model (GFM) considering the difference of negative velocities [13]. The GFM can be defined as:


    x ¨  n  = a [ V ( Δ  x n  ( t ) ) −   x ˙  n  ( t ) ] + λ H ( − Δ   x ˙  n  ( t ) ) Δ   x ˙  n  ( t ) ,  



(2)




where H(∙) denotes the function of Heaviside and λ is relative velocity response intensity. However, the GFM ignores the effect of positive velocity difference, which misleads the vehicle moving delay calculation. To make up for this deficiency of this model, Jiang et al. [9] developed the full velocity difference model (FVDM), which considers both negative and positive differences in velocity. The kinematic function of the model can be expressed as:


    x ¨  n  = a [ V ( Δ  x n  ( t ) ) −   x ˙  n  ( t ) ] + λ Δ   x ˙  n  ( t ) ,  



(3)







The numerical simulations confirm that the FVDM can describe vehicle start delays and disturbance propagations.



After that, many variants of the FVDM [14,15,16,17,18,19,20,21,22,23,24] were developed based on velocity differences. Considering the influence of lateral separation distance between two successive vehicles, Jin et al. established the non-lane-based full velocity difference car-following model (NLBCFM) [14,15]. Tang et al. explored the relationship between the driver’s attribution and driving behavior and redefined a novel car-following model by introducing a driver personality parameter [16]. Peng and Cheng found that drivers would adjust their anticipation of optimal velocity beforehand by assessing future traffic conditions [18]. Therefore, an anticipation optimal velocity model (AOVM) was introduced. Yu and Shi investigated the effect of vehicular gap fluctuation on the flow of traffic [19]. By adding the space gap perturbation factor, the modified model further improves traffic flow stability, decreasing the consumption of energy. Numerous researchers have made efforts to consider many properties of traffic flow, and to construct lots of improved models from different points of view.



However, by the progress of intelligent transportation systems (ITS), especially for vehicle communication and automatic cruise control (ACC) [25], a vehicle can acquire more information from infrastructures and other vehicles than before, so as to adjust the driving condition. Based on that, some scholars have tried to utilize these messages to build a more adaptable car-following model [26,27,28,29,30,31,32,33,34,35,36,37,38,39,40]. Tang et al. found that under the guidance of the forecast information produced by ITS, traffic flow stability would be improved [26]. After analyzing the car-following data, Yu et al. used the ACC strategy to consider relative velocity difference with memory and put forward an extended model to illustrate the transition of traffic congestion [27]. Chen et al. observed that before updating the state information of the leading vehicle a driver will drive according to past memory [28]. Thus, they modified the full velocity difference (FVD) model from the perspective of the backward-looking effect and the memory of the driver. To enhance traffic flow efficiency, Jia et al. established an enhanced cooperative car-following model by combining vehicle-to-infrastructure (V2I) and vehicle-to-vehicle (V2V) communications [38]. They mainly focused on mitigating the impact of traffic waves stemming from some realistic communication limitations such as packet loss and probabilistic transmission delay. By adding the consensus control algorithm, the time-varying communication delays are taken into account in the improved model. Zhao et al. discussed how to use a car’s location information in a V2V communication environment to calculate conflicts between two traffic flows at un-signalized intersections [37]. A modified car-following driving strategy taking into consideration the conflict gap was developed.



Herein, we find that most variants of the FVD model only consider the feedback of the driver on adjacent preceding vehicle driving behavior. Explanation of the driver’s reaction to the traffic status ahead in the real world is difficult. For example, at a signal-controlled intersection, even when the preceding vehicle is far enough, the driver will decelerate appropriately due to the queuing of the vehicles in front. Conversely, if the average headway of preceding vehicles is large and the velocity of the front cars is high, the driver will still maintain a tight car-following status, even if the space gap to the front vehicle is small. Meanwhile, the preceding vehicle’s accelerations will influence the driver’s operation. Additionally, when the preceding vehicle brakes, the red stop signal acts as a stimulus that causes the driver to decelerate. Hence, without being concerned about the communication transmission restrictions, this study aims to establish an improved FVD model via considering the traffic flow density in front as associated with the acceleration of the preceding vehicle. Based on the information of the equipped vehicles provided by the V2V communication system, this model can more realistically reflect the driver’s feedback when grasping the road conditions ahead.



In the next section, a modified version of the car-following model is developed. Section 3 describes linear stability and traffic flow development analyses. Section 4 discusses numerical simulation. Conclusions are drawn in Section 5.




2. The Extended Model


In the V2V communication environment, the external stimulus information that affects car-following behavior mainly includes two aspects. One is the direct stimulation, which comes from the preceding vehicle; the driver reacts directly according to his observation of their distance from and the acceleration of the preceding car. The other is the indirect stimulation, which represents the traffic density that is able to reflect the traffic congestion level; when a driver perceives traffic flow density in front, he will make some adjustments in advance, enabling a reduction in the frequency of acceleration and deceleration and thus maintaining a relatively stable driving status. The response to this stimulus depends on the perception of state information of leading vehicles. However, as an important macro parameter, traffic flow density is difficult to obtain beforehand. This is because the acquisition of traffic density requires a real-time counting of the vehicles distributed on each lane per kilometer. In fact, it is difficult to guarantee a precise performance through traditional survey methods, including access methods, remote sensing images and geomagnetic vehicle detectors. Fortunately, communication between vehicles favors the calculation of the average of the headway, which is inversely proportional to the traffic flow density. Therefore, to enhance the stability of driving, a modified model for car-following, called the density and acceleration velocity difference (DAVD) model, is proposed through adding traffic flow density and acceleration difference feedback parameters into the FVD model. The kinematic equation of the model is expressed as:


     d 2   x n  ( t )   d  t 2    = α { ( 1 − p ) V [ Δ  x n  ( t ) ] + p V (  1 / k  ) −  v n  ( t ) } + β  a  n + 1   ( t ) + λ Δ  v n  ( t ) ,  



(4)




where α is driver sensitivity to headway; β denotes response intensity of the acceleration of the preceding vehicle; λ is relative velocity sensitive coefficient o;   x n  (t) and   v n  (t) are the location and velocity of car n at time t, respectively; an+1(t) is leading vehicle n+1 acceleration; ∆x = xn+1(t) − xn(t) is space headway from car n to car n+1; ∆  v n   = vn+1(t) − vn(t) is the difference of velocity between two successive vehicles; k is traffic flow density, so, 1/k =    ∑  j = 0   m − 1   ∆  x  n + j    (t)/m is described as the average of the headway; p is the influence coefficient of traffic density, and its value determines the extent to which the driver perceives the traffic state ahead. So, the extended model may be rearranged as:


     d 2   x n  ( t )   d  t 2    = α { ( 1 − p ) V [ Δ  x n  ( t ) ] + p V [  1 m    ∑  j = 0   m − 1    Δ  x  n + j   ( t )   ] −  v n  ( t ) } + β  a  n + 1   ( t ) + λ Δ  v n  ( t ) ,  



(5)







When the value of p is 0 or m is 1, the state of car-following is only under the effect of headway, acceleration and the velocity difference of the preceding vehicle. In this case, as β is 0, this model is transformed into the FVD model. V(∙) is the function of optimal velocity, which adopts the same equation that was proposed and calibrated by Helbing and Tilch [13]. The OV formula is defined as:


  V ( Δ  x n  ( t ) ) =  V 1  +  V 2  tanh (  C 1  ( Δ  x n  ( t ) −  l c  ) −  C 2  ) ,  



(6)




where   V 1   = 6.75 m/s,   V 2   = 7.91 m/s,   C 1   = 0.13 m−1,   C 2   = 1.57, lc means vehicle length, which is taken as 5 m in this model.




3. Liner Stability Analysis


Many macroscopic and microscopic traffic models apply the stability analysis method for the theoretical investigation of the effects of different external conditions on the traffic flow. Through the linear stability analysis, it is possible to calculate the stability interval of the modified car-following model. It can also assess the influence of traffic density and the acceleration of the preceding car on traffic flow kinetics when parameters are changed.



N vehicles are assumed to be distributed on a single-lane ring road, with circular road length L and steady initial fleet state, then all vehicles move with similar car spacing h and fixed optimal velocity V(h). Thus, steady-state solution can be obtained as:


   x n 0  ( t ) = h n + V ( h ) t ,   h =  L / N  ,  



(7)




where   x n 0  (t) is the location of car n at time t.



By linearizing the original nonlinear system, the stability condition of this steady-state solution is obtained. First,   y n  (t) is assumed as a minor deviation from the steady-state   x n 0  (t), the position of the vehicle after the disturbance is added as:


   x n  ( t ) =  x n 0  ( t ) +  y n  ( t ) ,  



(8)







By the substitution of Equation (7) and Equation (8) into Equation (5), followed by linearization gives:


        d 2   y n  ( t )   d  t 2    =   α { ( 1 − p ) V [ h + Δ  y n  ( t ) ] + p V [  1 m    ∑  j = 0   m − 1    ( h + Δ  y  n + j   ( t )   ) ] − ( V ( h ) +   d  y n  ( t )   d t   ) }      + β    d 2   y  n + 1   ( t )   d  t 2    + λ   d Δ  y n  ( t )   d t      ,  



(9)







Introducing finite increment formula into Equation (9), the equation is rewritten as:


     d 2   y n  ( t )   d  t 2    = α { ( 1 − p )  V ′  ( h ) Δ  y n  ( t ) + p  V ′  ( h ) [  1 m    ∑  j = 0   m − 1    Δ  y  n + j   ( t )   ] −   d  y n  ( t )   d t   } + β    d 2   y  n + 1   ( t )   d  t 2    + λ   d Δ  y n  ( t )   d t   ,  



(10)




where    V ′  ( h ) =   d V ( Δ  x n  )   d Δ  x n      and ∆  x n   = h, which is the optimal velocity function’s first order partial derivative at the headway h.



The solution of Equation (10) is obtained by expanding the Fourier series with   y n  (t) = A exp (ikn + zt) as an orthonormal set. The equation transformed is:


   z 2  = α { ( 1 − p )  V ′  ( h ) (  e  i k   − 1 ) + p  V ′  ( h ) [  1 m    ∑  j = 0   m − 1    (  e  i k ( j + 1 )   −  e  i k j   )   ] − z } + β  z 2   e  i k   + λ z (  e  i k   − 1 )  



(11)







Expanding  z  into a power series form  z  =   z 1  (ik) +   z 2  (ik)2 + … and using Taylor series to expand the exponent   e x   = 1 + x +   x 2  /2 + …, then substituting it into Equation (11), we have a new power series equation that contains only first and second-order terms after rounding off the high-order terms, as follows:


  α (  V ′  ( h ) −  z 1  ) ( i k ) + ( α (  1 2   V ′  ( h ) ( 1 + ( m − 1 ) p ) −  z 2  ) + λ  z 1  + ( β − 1 )  z 1 2  )   ( i k )  2  = 0 ,  



(12)







When the first and second coefficients of the power series are 0, Equation (12) is established. Therefore, the solution of   z 1  ,   z 2   is derived as:


   {     z 1  =  V ′  ( h )      z 2  =    V ′  ( h ) { α [ 1 + ( m − 1 ) p ] + 2 λ + 2  V ′  ( h ) ( β − 1 ) }   2 α       ,  



(13)







Since   y n  (t) is the interference from steady traffic flow, when the amplitude of   y n  (t) is increased with time evolution, the car-following state is unstable. Therefore, for small disturbances with long wavelengths, the oscillation of this model will be reduced if   z 2   > 0. Thus, the uniform traffic flow tends to the steady state in the condition that:


   V ′  ( h ) <   α [ 1 + ( m − 1 ) p ] + 2 λ   2 ( 1 − β )   ,  



(14)







In other words, the critical stability curve is given by:


  α =   2 [ ( 1 − β )  V ′  ( h ) − λ ]   1 + ( m − 1 ) p   ,  



(15)







When p = 0, β = 0 or m = 1, β = 0, stable condition is similar to that obtained from the FVD model, as Equation (16). Therefore, in this paper, the FVD model is assumed to be a special case of the DAVD model.


   V ′  ( h ) <  α 2  + λ ,  



(16)







Critical stability curves obtained for different values of each parameter in headway-sensitivity space are shown in Figure 1. Headway-sensitivity space can be separated into upper and lower areas in each critical stability curve, representing stable and unstable regions, respectively, and the density waves emerge. It is easy to find that the parameters including β, p, m, are highly related with the critical curve, which means that the traffic density and leading vehicle acceleration can affect car-following state stability. As shown in Figure 1a, a greater value of β increase the stable region. This finding shows that the stability of traffic flow is enhanced by the introduction of the response intensity of the acceleration of the preceding vehicle. In Figure 1b,c, the unstable regions gradually decrease as p or m increase, implying that when drivers pay more attention to the traffic ahead, they will tend to slow down the vehicle speed to maintain smooth driving. Therefore, traffic flow stability is enhanced when the traffic density information of more preceding vehicles is included.



To further analyze the stability characteristics of the improved model, the critical stability curves of the FVD and DAVD models have been conducted. It is obviously seen from Figure 2 that the range of stability in the developed model is wider than that obtained from the FVD model. This is because when more traffic density and preceding vehicle acceleration are considered, the driver can predict the driving state ahead and select an appropriate speed in advance. The driver does not frequently change the velocity based solely on the stimulation of the headway space. Thus, the effect of the headway on driving is weakened, so that the sensitivity threshold of the headway required to maintain the stability of driving is reduced, which makes the stability region of the DAVD model become larger.




4. Numerical Simulation and Discussion


Here, we have conducted numerical simulations to verify the properties of the DAVD model presented in Equation (5).



Situation 1:



The initial simulation environment is built as follows: overall vehicle number is N = 50, which are distributed on a single lane ring road with length L = 1000 m. The initial position of car n is settled as:


   {     x n  ( 0 ) = 1 ,   n = 1      x n  ( 0 ) =   ( n − 1 ) L  / N  ,   n = 2 , 3 , … , N     ,  



(17)







According to Equation (17), the first car’s position is 1 m instead of 0 m, and the other vehicles are evenly distributed at the same distance of 20 m. Therefore, the initial small disturbance is set up as: the initial gap between the cars 50 and 1 is 21 m, and the initial gap between the cars 1 and 2 is 19 m. Based on the velocity optimal function as in Equation (6), the initial velocity of car n is vn(0) = V(L/N). Update rules for position and velocity are:


   {     v n  ( t + Δ t ) =  v n  ( t ) + Δ t ⋅    d 2   x n  ( t )   d  t 2         x n  ( t + Δ t ) =  x n  ( t ) + Δ t ⋅    v n  ( t ) +  v n   ( t + Δ t )   2      ,  



(18)







To compare with the FVD model, the relevant parameters of this model in the simulation are consistent with those in the literature [9], α = 0.41, λ = 0.5, time step ∆t = 0.1 s.



The DAVD model experiments are performed under the different parameters affecting the headway evolution. Figure 3 shows traffic density waves at time intervals of t = 0–500 s and t = 1800–2000 s. In Figure 3a,b, the DAVD model is transformed into the FVD model corresponding to the case of β = 0, p = 0, m = 1. It is obviously found that the initial disturbances adding into the uniform traffic flow propagate backwards faster and faster, and meanwhile the fluctuation range of the headway is becoming larger. Eventually, the uniform flow develops into a chaotic traffic flow. When the communication is interrupted in the real world, the influence coefficient of traffic density in the DAVD model decreases, and only the state of the preceding vehicle can be observed. In this case, the parameters of the DAVD model are reset to β = 0.1, p = 0.1, m = 1. Comparing to Figure 3a,b, the traffic congestion is well alleviated in Figure 3c,d. Before the time steps of t = 500s, the vibration magnitude of the headway is inapparent, which means the propagation speed of the perturbations has decreased in this case. After t = 1800s, although the waves of stop-and-go in traffic flow gradually appear and continue to propagate, the density waves amplitude is decreased. Figure 3e,f indicate that the oscillation amplitude of the headway is significantly reduced at different time intervals. In addition, density waves almost disappear with the increase of the parameters β, p, m. Therefore, Figure 3 demonstrates that under the influence of external disturbances, the traffic flow in the model will quickly return to a methodic and stable state with increasing attention to acceleration and traffic density information.



To further prove the behavior of the DAVD model in different cases, the standard deviations of the velocity distributions are obtained to reflect the discreteness of the vehicle speed distribution and measure traffic flow stability at various values of parameters. Figure 4 and Figure 5 show the variation of the velocity standard deviation and the standard deviation of each car’s velocity under three different parameters, respectively. In Figure 4, the standard deviation curves of patterns (a) and (b) can be divided into three stages, which are slowly rising, rising rapidly and tending to stabilize. In contrast, the curve of pattern (c) is similar to a straight line and the value of standard deviation is close to 0. From the perspective of each car, the fluctuation range of each car’s velocity of patterns (a) and (b) is larger than pattern (c). Therefore, it can be concluded that assigning more weights to factors of traffic density and acceleration of front vehicles has a positive effect on centralizing the velocity distribution and reducing the formation of kink-antikink waves.



Stability characteristic of the DAVD model can also be certificated by the hysteresis loops of three patterns, shown in Figure 6. As shown, pattern (b) exhibits smaller size and more concentration of hysteresis loops than pattern (a). Moreover, under the control of pattern (c), the velocity and headway space of vehicles are stable and hysteresis loops shrink to one point. It means that by increasing attention to the traffic situation ahead, density waves can be effectively suppressed.



Situation 2:



Different from simulation 1, the initial environment is that 250 vehicles of simulation 2 are randomly distributed on a 4-kilometer single-lane ring road. At the same time, update rules for position and velocity still follow Equation (18). Under the control of the DAVD model, the simulation results are shown in Figure 7 and Figure 8, which is the whole evolution process of traffic flow from disturbance to stabilization.



Obviously, even if the vehicles are not evenly distributed and the scale of simulation continues to increase, the amplitude of the headway gradually weakens under the intervention of the DAVD model.



All in all, the simulation results illustrate that taking into account the acceleration and traffic density of preceding vehicles with the FVD model can effectively suppress the effect of external disturbance and enhance traffic flow stability, which complies with theoretical analytical results.




5. Conclusions


By the emergence of intelligent traffic systems, the driver can receive more information about preceding cars under the V2V communication condition. Therefore, the DAVD model, which considers the traffic density and acceleration of the leading vehicle, is proposed to alleviate traffic congestion and reduce travel delays. Then, by linear stability analyses, the stability condition of the modified model is derived, which reveals that the traffic flow stable region will be extended when β, p and m increase.



Furthermore, we performed numerical simulations to evaluate kinetic properties of traffic flow under the control of the DAVD model. The results including analysis of density waves, the standard deviation of velocity distribution and hysteresis loops demonstrate that the oscillation amplitudes of headway and velocity are suppressed as the sensitivity of driver to traffic density and acceleration is increased, and higher numbers of preceding vehicles that can communicate improves the performance of the model. Therefore, perceiving the traffic density and acceleration of the preceding vehicle is favorable for the stabilization of traffic flow and the prevention of homogeneous flow from developing into a congested flow.



The improved model presented here does not consider different feedbacks of drivers on the acceleration and deceleration of the preceding car. In addition, car-following behavior will be limited by the conditions of road traffic facilities. As such, the effect of asymmetric dynamic characteristics and road facilities environment will be studied in the future research.
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Figure 1. Critical stability curves for various parameter values: (a) λ = 0.1, p = 0.1, m = 3; (b) λ = 0.1, β = 0.1, m = 3; (c) λ = 0.1, β = 0.1, p = 0.1. 
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Figure 2. The critical stability curves for different model: the parameters of the full velocity difference (FVD) model are λ = 0.1, β = 0, p = 0; the parameters of the density and acceleration velocity difference (DAVD) model are λ = 0.1, β = 0.05, p = 0.05. 
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Figure 3. Evolution of space-time evolution in headway for different parameters.: (a,b) β = 0, p = 0, m = 1; (c,d) β = 0.1, p = 0.1, m = 1; (e,f) β = 0.2, p = 0.2, m = 5. 
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Figure 4. Standard deviation values of velocity distributions simulated by various parameter values: (a) β = 0, p = 0, m = 1; (b) β = 0.1, p = 0.1, m = 1; (c) β = 0.2, p = 0.2, m = 5. 
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Figure 5. Standard deviation of the velocity of each car simulated with various parameter values. 
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Figure 6. Hysteresis loops of traffic flow. 
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Figure 7. Evolution of headway with non-uniform vehicle distribution: the parameters of the DAVD model is β = 0.2, p = 0.2, m = 5. 
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Figure 8. Evolution of the velocity standard deviation with large experimental scales. 
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