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Abstract
Autonomous Vehicles (AVs) are bringing challenges and opportunities to urban traffic systems. One of the crucial challenges for traffic managers and local authorities is to understand the nonlinear change in road capacity with increasing AV penetration rate, and to efficiently reallocate the Right-of-Way (RoW) for the mixed flow of AVs and Human Driven Vehicles (HDVs). Most of the existing research suggests that road capacity will significantly increase at high AV penetration rates or an all-AV scenario, when AVs are able to drive with smaller headways to the leading vehicle. However, this increase in road capacity might not be significant at a lower AV penetration rate due to the heterogeneity between AVs and HDVs. In order to investigate the impacts of mixed flow conditions (AVs and HDVs), this paper firstly proposes a theoretical model to demonstrate that road capacity can be increased with proper RoW reallocation. Secondly, four different RoW reallocation strategies are compared using a SUMO simulation to cross-validate the results in a numerical analysis. A range of scenarios with different AV penetration rates and traffic demands are used. The results show that road capacity on a two-lane road can be significantly improved with appropriate RoW reallocation strategies at low or medium AV penetration rates, compared with the do-nothing RoW strategy. 
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1. Introduction
[bookmark: OLE_LINK3][bookmark: OLE_LINK4]Efficiently reallocating the Right-of-Way (RoW) for the mixed flow of AVs and HDVs is an important challenge to be addressed by traffic managers and local authorities. Clearly, road capacity will significantly increase at high AV penetration rates or an all-AV scenario, if AVs can keep a smaller headway to the leading vehicle. Most of the studies in recent years have focused on the impact of these ‘ideal’ situations on road capacity, for e.g. Rajamani and Shladover (2001); Wagner (2016); Liu et al. (2018) and Khattak et al. (2020). The road capacity change in the mixed flow, however, is not significant at low AV penetration rates (Chang and Lai, 1997; Liu et al., 2018; Ye and Yamamoto, 2018b; Amirgholy et al., 2020) and the network delay could increases due to the heterogeneity between AVs and HDVs (Department for Transport, 2016). 
[bookmark: OLE_LINK7]This nonlinear capacity change caused by heterogeneity provides an opportunity in which road capacity can be further improved with effective strategies of RoW reallocation, because conflicts between AVs and HDVs can be reduced by explicit RoW. For example, Ghiasi et al. (2017) modelled the HDVs and Connected AVs (CAVs) mixed flow using Markov chain and found that with certain CAV technologies, lane management (dedicated lane for CAVs) can improve traffic throughput. Chen et al. (2017) proposed a theoretical model based on average speed and spacing characteristics of AVs, which demonstrated that compared with sticking to dedicate lanes for AVs and HDVs, mixed policies can achieve higher capacity on a two-lane highway. Recently, Ye and Yamamoto (2018a) modelled CAVs using a cellular automaton model and proposed that the benefit of assigning CAV dedicated lanes on a three-lane highway can only be obtained with medium density vehicular flow. Mohajerpoor and Ramezani (2019) proposed an analytical delay model of mixed CAV and HDV flow, and the results demonstrated that delay can be reduced by lane allocation management strategies, such as assigning a dedicate lane for AVs. Similarly, Amirgholy et al. (2020) found that implementing optimal lane management strategies and dynamically controlling the platoon size of CAVs can reduce the experienced delay.
 
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]Though the possibility of increasing road capacity exists and has been supported by researchers, the critical points of capacity increase under different traffic demand and AV penetration rates have not been fully studied. This is because reallocating right-of-way is complex in nature. Firstly, the road utilisation rates decrease when AVs and HDVs are reallocated to a dedicated lane, which is exclusive to other vehicles. Although reducing conflicts leads to a theoretical capacity increase, the level of service in practice might still decrease due to the imbalance between supply and demand. Therefore, the trade-off between avoiding conflicts with dedicated lanes and increasing road utilisation rates with mixed lanes should be taken into account.

Secondly, there is not a consensus about the impacts of mixed AV and HDV flow on road capacity. In other words, a precise relationship between road capacity and AV penetration rates for the evaluation of RoW reallocation strategies has not been properly modelled in the existing studies. Some studies found that road capacity increases at high penetration rates in ideal situations. For example, Rajamani and Shladover (2001) demonstrated that the smallest gap that can be used by the upper controller of constant-time-gap autonomous control systems is 1s. This is equivalent to the inter-vehicle spacing of 30m at a speed of 30m/s and the theoretical maximum traffic flow of approximately 3000 vehicle/h per lane. Wagner (2016) believed that a 0.5s time gap can be safely achieved with the development of AV technologies, which can reduce network delays based on a SUMO simulation study. Whereas, this 0.5s time gap is typically only observed during aggressive driving, compared with the 1.4s time gap for human drivers on average. More recently, Liu et al. (2018) modelled Connected AVs (CAVs) in mixed traffic flow and found that the pipeline capacity increases by 90% with an all-AV scenario compared with the all-HDV scenario. Zheng et al. (2020) demonstrated that the increase of the AV penetration rate can reduce mean spacing variance and mean speed variance, which can further reduce the congestion duration and improve traffic throughput.

However, road capacity is not always expected to increase with AV penetration rate. Le Vine et al. (2015) pointed out that there is a tension between the intersection capacity and the in-vehicle experience of drivers. They found that when AVs are operated with a lower acceleration speed to improve the driver’s in-vehicle experience, such as reading and working, road capacity may decrease by 14% in these situations. Recently, the Department for Transport (2016) developed a VISSIM based simulation and found that at low AV penetration rates, the average delay slightly increases compared with a zero AV penetration rate. Amirgholy et al. (2020) also proposed that low penetration rates of AVs and CAVs have no significant impacts on the performance of the traffic system. Hence, investigating the relationship between road capacity and AV penetration rates is clearly challenging and significant.

Thirdly, traffic demand is time-varied, which means that demands are different at peak times and off-peak times. This time variated demand increases the complexity of the RoW reallocation problem because the imbalance between supply and demand is enhanced with fluctuating demand. Ideally, this problem can be solved by applying different RoW reallocation strategies at different times of day. However, from a practical point of view, frequent change of RoW reallocation might confuse drivers and increase operational costs. Therefore, in order to minimise unnecessary reallocation, the crucial points of RoW reallocation should be identified.

Beyond the issues discussed above, the behaviour changes of AVs further leads to fluctuations in the heterogeneity between AVs and HDVs, which can either strengthen or weaken the impacts of RoW reallocation. This AV behaviour changes can be caused by the development of AV technology, such as increased sensor accuracy (Ouster, 2018; Russell et al., 1997), or users’ personal settings, such as the setting up of personalised time intervals on the AV (Eichelberger and McCartt, 2014). Therefore, a sensitivity analysis should be conducted to demonstrate potential influences of AV behaviour changes on RoW reallocation.

Against this background, the main aim of this paper is to investigate the impacts of mixed flow conditions (AVs and HDVs) on road capacity and to increase road capacity with proper RoW reallocation strategies. The specific objectives of this paper are as follows:
(1) To investigate the impacts of AV and HDV mixed flow conditions on road capacity with both theoretical and numerical analysis.
(2) To investigate whether road capacity can be improved with different RoW reallocation strategies.
(3) To identify critical points of capacity increase with proper RoW reallocation strategies under different traffic demand and AV penetration rates. The identification of these critical points can help traffic managers and local authorities better understand and manage mixed traffic flow, in a dynamic manner.
(4) To analyse the impacts of AV behaviour changes on RoW reallocation through appropriate sensitivity analysis.

Therefore the contributions of this paper are highlighted as follows:

(1) We present a theoretical model, based on driving safety constraints, to calculate the maximum capacity of heterogeneous saturated traffic flow. Compared with typical vehicle following models, such as the Gipps (1981) model and the Krauss (1998) model, the inherent relationship of safety constraints indicates that the proposed model can identify the maximum road capacity of heterogeneous saturated flow in theory. 

(2) We have proved that the theoretical maximum capacity of heterogeneous saturated flow increases convexly with AV penetration rates. The properties of the convex function demonstrate that road capacity can be increased with RoW reallocation, in theory. This hypothesis has been supported by the numerical analysis of a two-lane road with mixed flow at 50% AV penetration rate (see Section 3.4).

(3) We propose four different RoW reallocation strategies for a two-lane road with mixed AV-HDV flow, based on the numerical analysis, and supported by the theoretical model. These strategies are evaluated by Simulation of Urban Mobility (SUMO) (Lopez et al., 2018), under different scenarios with different AV penetration rates and traffic demands. The results of the SUMO simulation cross-validate the results of the theoretical model, which shows a convex increasing of road capacity with AV penetration rates. Compared with the do-nothing RoW strategy, we demonstrate that road capacity can be significantly improved with appropriate RoW reallocation strategies at low or medium AV penetration.

(4) We evaluate the impact of AV behaviour changes on RoW reallocation through sensitivity analysis, which demonstrates that the reaction time of AVs, changed with the development of AV technologies, is the most sensitive parameter on road capacity changes. Moreover, behaviours changes caused by the user’s parameter setting has been investigated with SUMO simulations. The results demonstrate that even when AVs have a larger desired time gap setting than HDVs, RoW reallocation strategies can still improve road capacity compared with do-nothing policy. If the behaviour differences between AVs and HDVs is significant, the improvement of RoW reallocation strategies will be remarkable.

The rest of this paper is organised as follows. In Section 2, preparatory information and assumptions are introduced to formulate the theoretical model. In Section 3, in order to evaluate the proposed theoretical model, numerical analysis is adopted to compare the results of the theoretical model with results in the existing literature and to provide theoretical support for RoW reallocation. In Section 4, to cross-validate the results of the numerical analysis and to overcome the weaknesses of the proposed theoretical model, a SUMO simulation-based case study is designed to evaluate four different RoW reallocation strategies under different AV penetration rates and traffic demands. In Section 5, sensitivity analysis is conducted to evaluate the influence of AV behaviour changes on RoW reallocation. Finally, conclusions are given in Section 6.

2. Theoretical capacity model of heterogeneous saturated flow 
To investigate the impacts of AVs and HDVs mixed flows on road capacity, a theoretical model based on safety constraint has been proposed in this section to calculate the maximum capacity of heterogeneous saturated flow. Firstly, in Section 2.1, the notations used in this paper will be introduced. Secondly, the fundamental equations of traffic flow and assumptions will be discussed in Section 2.2 for the model formulation. Then the safety constraint will be discussed in Section 2.3. Finally, the theoretical model has been formulated in Section 2.4.

2.1 Notations
Before formulating the theoretical model, the notations used in this paper are listed in Table 1.


Table 1 Notations used in this paper
	Notations
	Definitions

	
	index of individual vehicle 

	
	index of a set of vehicles with the same behaviour which is mutually exclusive to other sets

	
	total numbers of observed vehicles

	
	total numbers of mutually exclusive vehicle sets

	
	the time period for observation

	
	observed flow 

	
	gross time headway of vehicle 

	
	average of gross time headway

	
	weight of  set of vehicles

	
	gross time headway of  set of vehicles

	
	gross time headway of vehicle  in  set of vehicles

	
	speed of vehicle 

	
	length of the leading vehicle

	
	length of the following vehicle

	
	speed of the leading vehicle

	
	speed of the following vehicle

	
	deceleration speed of the leading vehicle

	
	deceleration speed of the following vehicle

	
	gross distance headway of vehicle  in  set of vehicles 

	
	safety gap for  set of vehicles

	
	distance vehicle keep to the tail of leading vehicle when stopped in  set of vehicles

	
	maximum error of distance measurement in   set of vehicles (by drivers or sensors) 

	
	reaction time of  set of vehicles (by drivers or controllers) 



2.2 Fundamental equations of flow and assumptions
When the flow is saturated, the demand is equal or slightly larger than supply. In this situation, observed saturated flow is equal to the road capacity. With a given observation time period , the saturated flow  can be calcualted by the total number of vehicles observed in a road section as Equation (1), which is based on the fundamental definition of traffic flow.

This Equation (1) can be rewritten as Equation (2), which demonstrate that the maximum capacity of traffic flow is related to the average of gross time headway. Firstly, we assume that the observed flow is a homogenous flow, which means that the behaviour of all the vehicles in the system is the same. This leads to the average of gross time headway  equals to the individual gross time headway. 

However, this critical assumption of homogenous flow is rare in practice. Because behaviours of vehicles are sometimes different caused by many factors, such as drivers’ personality (Chiabaut et al., 2010; Kim et al., 2013), control algorithms (Liu et al., 2018; Yang et al., 2015), vehicle physical performance (Yang et al., 2015) and imprecise control (Wagner, 2012). Therefore, we further extend the first assumption to the second assumption that observed flow is a heterogeneous flow with  sets of mutually exclusive vehicle behaviours. These  sets of mutually exclusive vehicle behaviours will have  sets of mutually exclusive gross time headway  . In this assumption, the relationship between  and  is formulated by Equation (3).

Hence, Equation (1) can be rewritten as Equation (4).

It should be noted that when  sets of mutually exclusive vehicles behaviours are same, i.e.  and the flow is equal to a homogenous flow. Equation (4) is mathematical equivalent to Equation (2), because weighted average headway is equal to every individual headway. Moreover, when  is equal to , i.e. all the vehicles in the system have different behaviours, Equation (4) can represent fully heterogeneous flow. These two situations can demonstrate that Equation (4) with the second assumption can successfully model both homogeneous and fully heterogeneous flow. Meanwhile, the key factor of capacity calculation has been transferred to time headway of j set of vehicles () and the weight  .

2.3 Headway and safety constraint 
In Section 2.2, it has been demonstrated that the key of capacity calculation is transferred to gross time headway of  set of vehicles () and their weight . Due to the weight  is determined by the penetration rate of  set of vehicles, in this section, calculation of  is discussed based on safety constraint.

According to the fundamental kinetics equations,   can be formulated by Equation (5):

For a saturated flow,  is determined by the speed limit or expect speed of drivers in a road section, and the gross distance headway  can be formulated by Equation (6)


[image: ]
Figure 1 Safety constraint when the following vehicle approaching a stopped vehicle

As shown in Figure 1, when the following vehicle is approaching a stopped vehicle, is the gross distance from the head of following vehicle  to the head of leading vehicle, where the following vehicle should start to brake;  is the length of the leading vehicle;  is the error of position measurement, which is casued by drivers’ preception or sensors’ accuracy. This uncertainty of position measurement should be taken into account, because it leads to the deviation from real vehicle position to perceived vehicle position;  is the distance driver would keep to the leading vehicle after braking as the safety buffer distance, which can be observed at stopline. is the braking distance of the  set of following vehicle.

When the leading vehicle is moving, relative safety constraint or its relaxation and derivation have been used in the most of vehicle following models, such as the Gipps (1981) and Krauss (1998) for HDVs and ACC model (Milanés and Shladover, 2014) and ACDA model (Le Vine et al., 2016)  for AVs. Under the relative safety condition, the braking distance of the following vehicle should not exceed the tail of the leading vehicle after braking. As shown in Figure 2, based on the kinetic equations, the gross distance headway  should satisfy Equation (7).

In the boundary condition, to maximise road capacity, the gross distance headway  should satisfy Equation (8)


This relative safety constrain can maintain relative safety between the leading and the following vehicles. On the opposite, the rear-end collision might happen if the leading vehicle does not have enough distance to brake, such crash with a crossing heavy vehicle. 
[image: ]
Figure 2 Relative safety constrain 


2.4 Maximum theoretical capacity of heterogeneous flow 
With all the preparatory information and assumptions discussed in Section 2, the theoretical model can be formulated to calculate the maximum theoretical capacity of heterogeneous flow. Equation (4) which can model both homogeneous and fully heterogeneous flow can be rewritten into Equation (9) with Equation (5)

As discussed in Section 2.3,  is determined by the speed limit or expect speed in a road section. Meanwhile, the gross distance headway  is formulated by Equation (8). Therefore, Equation (9) can be further rewritten into Equation (10).

If shifting the reference point from the head of vehicle to the rear bumper of vehicle, Equation (10) can be further rewritten into Equation (11)

In summary, the theoretical model, Equation (11), has been proposed to calculate the maximum theoretical capacity of heterogeneous flow. To evaluate the proposed model, a numerical analysis with the literature-based parameters will be adopted in Section 3, and the results of the proposed theoretical model will be compared with the results reported in the existing literature.

3. Numerical analysis of theoretical capacity
In order to evaluate the proposed theoretical model, a numerical analysis is adopted in this section. Firstly, the existing models for AVs and HDVs will be reviewed in Section 3.1. Secondly, the key parameters will be identified based on the existing published literature. Then, an elaborate comparison between the proposed model and the existing vehicle following models will be discussed, which indicates that the proposed model can successfully formulate the upper boundary of theoretical capacity. Finally, the maximum theoretical capacity of mixed AVs and HDVs flow will be calculated based on the proposed model, which further provide theoretical support for the RoW reallocation because theoretical capacity increases convexly with penetration rates.
3.1 Literature review of modelling AVs and HDVs 
3.1.1 Literature review of modelling HDVs
Modelling the behaviour of vehicles is a powerful tool to understand the characteristics of traffic flow. The research of HDVs following behaviours started in the 1950s (Pipes, 1953; Reuschel, 1950). Since then, different forms of the vehicle following models have been proposed. Part of the famous models and key parameters used in the literature are summarised in Table 2. All of these models can be concluded as the following relationship that Response = Sensitivity × Stimulus, where the Response is the reaction of the following vehicle to the leading vehicle after reaction time; The Stimulus is the threshold to trigger the response and Sensitivity is the degree of this response. 

In the Gazis–Herman–Rothery (GHR) model (Gazis et al., 1959; Gazis et al., 1961), the stimulus is the relative speed and distance between the leading and following vehicles; the sensitivity is depended on parameter  and . However, this model has a weakness that if two vehicles are travelling at the same speed, any value of spacing between them is acceptable. To overcome this disadvantage,Gipps (1981) proposed a relative safety constraint:, where  is the location of vehicle  after braking;  is the size of vehicle . Krauss (1998) referred Gipps model and proposed maximum safe velocity as a new constraint in the Krauss model, which has be used in SUMO as a classical vehicle following model.

Treiber et al. (2000) discussed that the Gipps and Krauss model cannot model the traffic instabilities or hysteresis effects for vanishing fluctuations. Therefore, the Intelligent Driver Model (IDM) has been proposed, where the stimulus is the deviation of speed and space headway to the desired value. 

Newell (2002) proposed a simplified model with only two parameters  and , which can be further represented by the wave speed (Chiabaut et al., 2010), which can succesfully link micro vehicle following behaviours to the characteristics of macro traffic flow.



Table 2 Summary of the vehicle following models for HDVs
	References
	Main models
	Parameters used in the paper

	Gazis et al. (1961)
	
	




	Gipps (1981)
	

	



 


	Krauss (1998)
	


 
	




: desired time gap

	Treiber et al. (2000)
	

	
 
 safe time headway


             
         

	Newell (2002)
	

	 and 
Only algebras are given 



3.1.2 Literature review of modelling AVs
[bookmark: _Hlk532290726]In the late 20th century, many institutions, such as Mercedes-Benz (Bohrer, Zielke & Freiburg, 1995), started paying their attention to developing autonomous prototype cars. At the early stage, researchers focused on how to control the longitudinal and lateral movement of AVs. Many automatic controllers, such as  controller (Andreas et al., 2000),  controller (Andreas et al., 2000), PD  controller (Kato and Tsugawa, 2001) and co-operative control algorithm (Rajamani and Shladover, 2001) have been applied to AVs and Aaptive Cruising Control (ACC) system.

[bookmark: _Hlk532292327]Considering the ACC system can maintain a desired speed or distance with a leading vehicle, the IDM model, which has specific parameters for desired speed and distance, was used by Kesting et al. (2008) to represent AVs at the operation level. Above the operation level, a driving strategy matrix was proposed for the strategic level to describe AVs’ driving strategy at different traffic states, such as free flow traffic, congested traffic and bottleneck. 

However,Milanés and Shladover (2014) proposed that the ACC controller and CACC controller are more accurate on modelling speed profile of AVs than IDM model. In this research, recorded experimental data of ACC and Cooperative ACC (CACC) vehicle have been used to test the speed profile of IDM controller, ACC controller and CACC controller. With the support of experimental data, the ACC controller and CACC controller become significant models to model behaviours of AVs.

Recently, some researchers have paid their attention to the mixed traffic flow. Wagner (2016) did a SUMO simulation of the city with AVs, where Helly (1959) model was used for modelling AVs and HDVs. The simulation indicated that AVs can reduce delays from 5% to 80%. However, in this study, only the time gap  was used to distinguish AVs (=0.5s) and HDVs (=1.5s), which may reduce the convincing of this simulation. 

Le Vine et al. (2017) studied on the freeway ‘pipeline’ capacity to support legal standards. In their research, the ACDA model (Le Vine et al., 2016) was used to represent AVs and Wiedemann's model was used to represent HDVs. Nine different scenarios with different deceleration speed (from ), vehicle length (5.8 and 7.25) and reaction time (0 and 0.4) are modelled in this research. The results indicated that the pipeline capacity is related to the free-flow-speed and deceleration speed of vehicles, which fluctuated from 132 to about 5000 vehicles/lane/h.
 
Liu et al. (2018) modelled CACC vehicles mixed with HDVs in a traffic stream. In this research,  HDVs are modelled with a combination of Newell (2002) model, Gipps (1981) model and IDM Treiber et al. (2000), and AVs are modelled by CACC controller (Milanés and Shladover, 2014). In summary, the mathematical forms and parameters used in the existing AVs modelling are summarised in Table 3.

Table 3 Summary of the vehicle following models for AVs
	References
	Main models
	Parameters used in the paper

	Kesting et al. (2008)
	

	           Car:               Truck:
       
                 
        
          
                     

	Milanés and Shladover (2014)
	Vehicle following model (a): IDM

Vehicle following model (b): ACC controller

Vehicle following model (b): CACC controller


	IDM:
   
     

ACC:
 current time-gap setting
        
CACC:
: gap error of kth consecutive vehicle
        


	Wagner (2016)
	Vehicle following model: Helly model 

	AVs:
 time gap
HDVs：
 time gap
 noise parameter

	Le Vine et al. (2016)
	Vehicle following model: ACDA

	




	Liu et al. (2018)
	Vehicle following model for HDVs:




Lane change model: 
anticipatory lane change (AlC) criteria

Vehicle following model for CAVs:

Vehicle following model for CAVs:



	Mean (Std)
(0.2s)
(0.2m)
(0.5)








 


 
  31.1% at 2.2 s, 18.5% at 1.6 s; and 50.4% at 1.1 s (Nowakowski et al., 2010)



3.2 Parameters for AVs and HDVs 
In practice, parameters for vehicle following models should be calibrated according to the traffic condition. However, there is a common challenge in this area that limited by traffic volume and penetration rate, it is hard to find a suitable mixed AVs and HDVs flow for calibration. Therefore the AVs and HDVs parameters used in the literature have been taken as a reference to give a reasonable value and range for case studies and sensitivity analysis and the key parameters used in the numerical analysis of this paper are listed in Table 4. 

Table 4 Parameters for the numerical analysis and SUMO simulation
	Theoretical model for HDVs
	Theoretical model for AVs
	Krauss model for HDVs simulation
	ACC controller for AVs simulation

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	



3.3 Comparison between theoretical capacity and capacity reported in the literature 
As discussed in Section 2, the theoretical model has been proposed to calculate the maximum capacity of heterogeneous flow. Though the proposed model can be used to model a heterogeneous flow with  sets of mutually exclusive vehicle behaviours for both AVs and HDVs. For concision and concentration, in this numerical analysis, only one set of HDVs behaviour and one set of AVs behaviour will be taken into account, which means that only heterogeneity between AVs and HDVs will be focused.

With the key parameters identified in the first and second columns in Table 4, the maximum theoretical capacity of all-AV flows and all HDVs flows under different speed can be calculated by Equation (11), which are shown as the orange and blue lines in Figure 3. Results of capacity reported in the existing literature with different speed are shown as points in Figure 3. Though Krauss (1998) and Newell (2002) models have been reviewed, only relative values and algebra relationships have been reported in the original literature. Therefore, Krauss model and Newell model are not included in Figure 3.

  [image: C:\Users\tl8015\AppData\Local\Temp\1571343126(1).png]
  ‘*’ means that the point is an estimated value from the figures in the literature. 
Figure 3 Comparison between theoretical capacity and capacity reported in the literature
As shown in Figure 3, the results calculated by the proposed theoretical model are larger than the results reported in the existing literature. This is because though relative safety constrain has been adopted in many vehicle following models, these models relaxed or derivated the relative safety strategy to some extent. Because they assume that drivers do not want to drive on a boundary condition, where drivers might need to brake frequently when external disturbance or noises exist. 

For example, in the Gipps (1981) model the driver of vehicle  must ensure that , which is the relative safety before relaxtion. This leads to the Equation (12).

However, Gipps (1981) proposed that without the introduction of the parameter , a single vehicle approaching a stationary object or stop line would travel at its desired speed until it had to commence maximum braking. Therefore, a relaxed reaction time  was introduced to formuate Equation (13) in the Gipps model.

where  was set to  and the estimated  was used to replace  because the deceleration speed of the leading vehicle can not be known directly. Combining these with quadratic formula, the final safety constraint in Gipps model can be sovled as Equation (14).

Similarly, in the Krauss (1998) model, un-relaxed relative safety constraints formulated as Equation (15). This equation has been derivated by Taylor series expansion, where higher order terms have been removed to get Equation (16). Meanwhile, the desired gap was chosen to be , where  is the reaction time of drivers. Krauss proposed that the true reaction time should smaller than or equal to the reaction time that each driver assumes in the model to ensure safety.


When it comes to the IDM model, a vehicle will adjust its acceleration if the speed or distance deviates from the desired value as Equation (17). The desired gap  is calculated by Equation (18), which is a derivated safey constraint. This desired gap  is relevant to ,  where  is defined as safe time headway. As discussed in karuss model, the safe time headway should not smaller than the ture reaction time. Otherwise, the safe time headway is unsafe. Form another perspective,  is a form of relaxed reaction time .


In the ACC controller, which developed from automatic control algorithms, the current time gap setting  has been used, which means that the desired time gap can be specified by the user. According to the Equation (19), the desired gap specified by users is equal to , which is similar to the desired gap in the Krauss model . The similarity of these two equations of desired gap and the inherence of   and  demonstrate that the time headway parameter is relaxation or derivation of reaction time parameter.

Though the inherent relationship of safety constraints indicates that the results calculated by the proposed model should be larger than results reported in the existing literature, there are three points which are Gipps model, CACC in theory and CACC in simulation larger than the proposed theoretical model. With further investigation, these are caused by the parameter difference and the object difference.

In the Gipps model, thought safety constraint has been relaxed by set  as, which is mathematically equal to double the reaction time . However, as shown in Table 2, the parameter  is  in the Gipps model for HDVs, which is much less than 1.5s in the proposed theoretical model for HDVs. Even when  is doubled, it is still less than 1.5s. Therefore, the reported capacity in the Gipps model is slightly larger than the maximum theoretical capacity of all HDVs flow with the proposed theoretical model.

When it comes to CACC in theory and CACC in simulation, the research object of this research is CAVs, which is expected to have a higher capacity than AVs.  Liu et al. (2018) also used the headway to calculate theoretical pipeline capacity for mixed CAVs as Equation (20), which is similar to the proposed Equation (4). However, the headway was given directly as a fixed parameter, which is a limitation of Liu’s research.


Where , , . And , are the probability of any vehicle being a CACC platoon leader, platoon follower, and manually driven vehicle, which can be calculated by CACC market penetration.

In summary, the comparison between relative safety constraint in the proposed theoretical model and formulations of different vehicle following models indicates that the proposed theoretical model can identify the maximum road capacity of heterogeneous saturated flow. While only the capacity of all-HDV flow and all-AV flow has been discussed in Section 3.3, numerical analysis of mixed flow and right-of-way reallocation will be discussed in the next section.
3.4 Numerical analysis of mixed flow and right-of-way reallocation for mixed flow
The all-AV flow and all-HDV flow have been discussed in Section 3.3, which demonstrate that the proposed model can successfully formulate the upper boundary of theoretical capacity. With Equation (11) and identified parameters, the maximum theoretical capacity of mixed flow can be further calculated as Figure 4(a), which also shown as Figure 4(b) with two cuts.
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Figure 4 Theoretical capacity of mixed AVs and HDVs flow
[bookmark: OLE_LINK5][bookmark: OLE_LINK6]The behaviour of capacity for constant  or constant  (cuts in Figure 4(b)) are displayed in Figure 4(c) and 4(d). As shown in Figure 4(c), theoretical capacity increase concave with speed. On the opposite, Figure 4d demonstrates that theoretical capacity increase convex with penetration rates. This convex increasing of road capacity can be further proved by Equation (21). 

For any convex function, Equation (22) always exists due to the properties of a convex function:

This relationship will provide theoretical support to the benefits of avoiding conflicts by RoW reallocation. For example, when the penetration rate of mixed AVs and HDVs flow is 50% on a two-lane road, the theoretical capacity of the two mixed lanes (do nothing) can be calculated by Equation (11), which are shown as the blue line in Figure 5. Meanwhile, if this two-lane road is reallocated to an AV dedicated lane and a HDV dedicated lane, the theoretical capacity can be calculated by the sum of the theoretical capacity on these two dedicated lanes by Equation (11), shown as the orange line in Figure 5. Comparing these two lines, the results indicate that by avoiding conflicts between HDVs and AVs, road capacity can be increased with RoW reallocation at a 50% AVs penetration rate.
  [image: C:\Users\tl8015\AppData\Local\Temp\1571320892(1).png]
Figure 5 Capacity comparison between two mixed lanes and an AV and a HDV dedicate lane at a 50% penetration rate
In summary, this numerical analysis demonstrates that the proposed theoretical model can successfully fill the gap that a precise relationship between road capacity and AVs penetration rates strategies has not been properly modelled in the current studies. With the proposed theoretical model, the maximum capacity of mixed AVs and HDVs flow can be calculated as Figure 4(a) with Equation (11).

According to Figure 4(d) and Equation (21), theoretical capacity has been proved increasing convexly with penetration rates. The property of convex functions further provides support for RoW reallocation in theory. By avoiding conflicts between HDVs and AVs, road capacity of a two-lane road can be increased with RoW reallocation at 50% AVs penetration rates.

Though theoretical capacity can be increased with RoW reallocation at 50%, this problem is more complex in practice as discussed in Section 1. Firstly, the practical level-of-service can decrease due to the imbalance between supplies and demands. Therefore, the trade-off between avoiding conflicts with dedicated lanes and increasing road utilisation rates with mixed lanes should be considered. Secondly, traffic demand is time varied, which further enhances this imbalance. Thirdly, in practice, more RoW reallocation strategies will be applied to different mixed traffic conditions with different penetration rates. However, limited by the weakness of proposed theoretical model that demands and various RoW reallocation strategies are not easy to be taken into account, only capacity increase with an AV and a HDV dedicated lane at a 50% penetration rate has been proved. Therefore, in the following section 4, different RoW reallocation strategies will be proposed and evaluated by SUMO simulation under different demands and penetration rates, which can overcome the weakness of proposed theoretical model and cross-validate the results of numerical analysis. 

4. Case studies for right-of-way reallocation on a two-lane road
To solve the above complexities and overcome the weaknesses of the theoretical model, different RoW reallocation strategies will be proposed and evaluated using a SUMO simulation, under different traffic demands and AV penetration rates. First, we introduce an overview of the scenario design in Section 4.1. Then the SUMO simulation framework and the choice of vehicle following model will be discussed in Section 4.2. Finally, results will be analysed in Section 4.3. 

4.1 Overview of scenario design
A two-lane road is formulated in Figure 6, which has been divided into three sections with 50km/h speed limits. All the vehicles will enter the system from section one and run through section two to leave the system at the end of section three.
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Figure 6 The two-lane road for case studies

For this two-lane road, the prospective RoW reallocation strategies are: 
#1 Two mixed lanes (do nothing policy). 
#2 One mixed lane and one AV dedicated lane. 
#3 One mixed lane and one HDV dedicated lane. 
#4 One AV dedicated lane and one HDV dedicated lane.

Considering that the speed limits for a specific road is usually a fixed constant, all of these RoW reallocation strategies will be evaluated under two key variables. The first variable is the AV penetration rate. According to the numerical analysis of the proposed theoretical model, theoretical capacity increases convexly with penetration rates. For testing and verification, a similar phenomenon should be observed in the SUMO simulation for the two mixed lanes strategy. When it comes to other RoW reallocation strategies, it is also necessary to evaluate their performance under different AV penetration rates. Therefore, AV penetration rates will be chosen as a variable, which increases from 0% to 100%, with a 5% interval, to investigate the performance of RoW reallocation strategies under different mixed conditions.

The second variable is traffic demand. As discussed earlier, the imbalance between supply and demand can lead to a decrease in the level of service. This imbalance might be further aggravated by the time varied demand. Therefore, traffic demand is another variable that needs to be taken into account. In this research, demand is varied from 1000 vehicle/h to 10000 vehicle/h, with 100 vehicle/h intervals, to investigate the performance of RoW reallocation strategies from off-peak to peak hours. 

Combining these two variables, including AV penetration rates and traffic demands, the four different RoW reallocation strategies will be evaluated under 1911 different scenarios. Based on these scenarios, the efficiency improvement of the RoW reallocation strategies under different scenarios will be identified.

4.2 Simulation framework and the choice of vehicle following model
SUMO, also known as Simulation of Urban Mobility (Lopez et al., 2018), is an open-source microscopic simulation package, which can handle large scale simulation. The main reason that SUMO has been used in this study is that SUMO supports XML and python, which means that a large number of scenarios can be formulated by secondary development in python. The simulation framework of this paper is shown in Figure 7.
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Figure 7 The general simulation framework of different scenarios

In this simulation framework, the choice of proper vehicle following models for AVs and HDVs is one of the most important elements. As discussed in Section 3.1.2, the ACC model has been tested with experimental data. Therefore, the ACC model will be used to model the behaviour of AVs with parameters identified in Table 4. When it comes to HDVs, as discussed in Section 3.3, compared with the proposed theoretical model, vehicle following models for HDVs relax the safety constraints to some extent. Based on the comparison between the theoretical model and performance of different vehicle following models in SUMO in Figure 3, the Krauss model will be used to model the behaviour of HDVs because the result is closer to the theoretical model.

4.3 Results of right-of-way reallocation strategies 
Based on the proposed framework, the simulation results are shown in Figure 8 and Table 5. The surface in Figure 8(a) illustrates the results of the do-nothing (two mixed lanes) RoW strategy where the local authority and traffic managers will not intervene in the system and agree that both AVs and HDVs can access all the lanes equally. On the other hand, Figure 8(b) and Table 5 illustrate the maximum value of the other three RoW reallocation strategies, where the local authority and traffic managers are assumed to adopt the most appropriate RoW reallocation strategy under each scenario.
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Figure 8 Do-nothing (two mixed lanes) strategy VS the most proper RoW reallocation strategies



Table 5 Results of Do-nothing and the most proper RoW reallocation strategies (Partial data) 
	demand
	           flow
strategies
	Penetration rate (%)

	
	
	0
	10
	20
	30
	40
	50
	60
	70
	80
	90
	100

	1000
	Do nothing
	1001
	999
	1000
	1002
	998
	999
	999
	1000
	1000
	997
	1000

	
	Proper RoW 
	1002
	1001
	1002
	1001
	1001
	1002
	1000
	1000
	1000
	1000
	1001

	2000
	Do nothing
	2006
	2005
	2001
	2005
	2005
	2003
	2003
	2002
	2001
	2000
	2000

	
	Proper RoW
	2006
	2004
	2002
	2001
	2006
	2006
	2002
	2000
	2002
	2001
	2000

	3000
	Do nothing
	2998
	3000
	2996
	2999
	2997
	2995
	2997
	2996
	2996
	2997
	2996

	
	Proper RoW
	2998
	2999
	2998
	2999
	2997
	2994
	2996
	2993
	2996
	2994
	2996

	4000
	Do nothing
	3236
	3259
	3293
	3341
	3400
	3469
	3552
	3643
	3744
	3910
	3992

	
	Proper RoW
	3236
	3260
	3307
	3379
	3467
	3610
	3676
	3700
	3774
	3892
	3992

	5000
	Do nothing
	3238
	3261
	3291
	3344
	3399
	3462
	3543
	3638
	3747
	3894
	4087

	
	Proper RoW
	3238
	3263
	3305
	3368
	3601
	3664
	3677
	3723
	3789
	3906
	4087

	6000
	Do nothing
	3233
	3266
	3294
	3342
	3395
	3462
	3549
	3637
	3756
	3901
	4027

	
	Proper RoW
	3233
	3267
	3309
	3417
	3667
	3667
	3672
	3709
	3782
	3927
	4027

	7000
	Do nothing
	3239
	3261
	3295
	3342
	3398
	3468
	3548
	3643
	3751
	3905
	4061

	
	Proper RoW
	3239
	3267
	3301
	3668
	3670
	3665
	3667
	3699
	3778
	3914
	4061

	8000
	Do nothing
	3234
	3260
	3299
	3346
	3391
	3465
	3549
	3642
	3750
	3906
	4084

	
	Proper RoW
	3234
	3261
	3302
	3656
	3667
	3666
	3670
	3727
	3790
	3882
	4084

	9000
	Do nothing
	3238
	3264
	3296
	3342
	3398
	3461
	3548
	3640
	3748
	3906
	4069

	
	Proper RoW
	3238
	3267
	3413
	3669
	3675
	3667
	3667
	3718
	3779
	3912
	4069

	10000
	Do nothing
	3237
	3263
	3299
	3343
	3395
	3462
	3548
	3641
	3747
	3907
	4067

	
	Proper RoW
	3237
	3261
	3612
	3649
	3667
	3667
	3668
	3699
	3767
	3922
	4067


*Colour classifications linked with five areas identified in Figure 10(b), which are based on the Rate of Capacity Increase (RoCI), the relationship between supply and demand, and the best RoW reallocation strategies (#1,#2#,#3 or #4).
*Grey is area ‘I’ (RoCI=0, demand  supply, #1); Blue is area’II’ (RoCI0.1%,#3); Light Bule is area ‘III’ (0.1%<RoCI<5%,#3); Yellow is area ‘IV’ (RoCI5%, #2 or #4); Green is area ‘V’ (RoCI<5%, #2, penetration rate =100% is included as special areas);
To further analyse the performance of the different RoW reallocation strategies, four slides have been cut at demand of 2000, 4000, 6000 and 8000 from Figure 8, which is shown in Figure 9.
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Figure 9 Results of RoW reallocation strategies when 
demand = 2000, 4000, 6000 and 8000 (vehicle/h)

As shown in Figure 9 (a), the four different RoW reallocation strategies have similar performance when the penetration rate is higher than 25%. This is because the traffic demand is lower than maximum road capacity and all the demand can be satisfied in these scenarios. However, when the penetration rate is lower than 25%, reallocating a lane to be an AV dedicated lane reduces the real level of service. This is because although conflicts between AVs and HDVs has been reduced by the dedicated lane, the exclusiveness of the dedicated lane reduces the road utilisation rate since HDVs cannot use the AV dedicated lane. 

It can be seen in Figure 9 (b), that maximum capacity increases convexly with penetration rate for the two mixed lanes strategy, which cross-validates the mathematical proof of equation (21) and numerical analysis in Section 3.4. Although the road capacity increases convexly with AV penetration rate, road capacity can be further increased with proper RoW reallocation strategies. For example, road capacity can be further increased with one mixed lane and one HDV dedicated lane compared with the two mixed lanes strategy, as shown by the purple line, when AV penetration rate is in the range of 0% to 60%. From 45% to 60% of AV penetration rate, road capacity can be further increased with the one mixed lane and one AV dedicated lane strategy, as shown by the orange line. From 45% to 100% of penetration rates, road capacity can also be increased with one mixed lane and one AV dedicated lane, as shown by the yellow line.

In Figure 9 (c) and (d), it can be observed that the crucial point of the different RoW reallocation strategies is shifted with the increase in traffic demand. In summary, the following characteristics for RoW reallocation strategies can be identified and concluded: 1) when demand is lower than road capacity, observed flow is equal to demand; 2) for the two mixed lanes strategy, the road capacity only increases convexly with the penetration rate; 3) compared to the two mixed lanes strategy, the other three RoW reallocation strategies can further increase road capacity. However, this increase is influenced by demand and penetration rate, because the trade-off between avoiding conflicts with dedicated lanes and increasing road utilisation rates with mixed lanes should be taken into account; 4) in general, reallocating a lane to be an AV dedicated lane at low AV penetration rate and reallocating a lane to be an HDV dedicated lane at high AV penetration rate are both unreasonable strategies. Moreover, the threshold points of these unreasonable strategies will shift from the middle point (50% penetration rate) to external points with increasing traffic demand. 

To further identify the improvement of road capacity and crucial points of RoW reallocation strategies, the Rate of Capacity Increase (RoCI) with RoW reallocation strategies compared with do-nothing is shown in Figure 10.
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Figure 10 Rate of capacity increase with RoW reallocation (3D and heat map)

Intuitively, it can be observed from Figure 10(a) that the road capacity is significantly increased at low or medium AV penetration rates and the maximum RoCI is about 11%. To further identify the crucial points of RoW reallocation strategies, five areas can be identified in Figure 10(b) based on the RoCI, the relationship between supply and demand, and the best RoW reallocation strategies (#1,#2,#3 and #4).

In the first area ‘I’ (RoCI=0%, demandsupply, #1), it is not necessary to adopt RoW reallocation strategies. This is because demand is lower than road capacity in this area, and the observed flow is always equal to demand. In this situation, the rate of increase is always zero from 0% to 100% penetration rate, despite the theoretical road capacity increasing convexly with penetration rate which formulates the boundary of area ‘I’ in Figure 10(b).

In the second area ‘II’ (RoCI0.1%, #3), it is not significant to adopt RoW reallocation strategies. Though as shown in Figure 9 (b) (c) (d) and Figure 10, road capacity can be slightly increased with one mixed lane and one HDV dedicated lane. Due to the low penetration rate of AVs, conflicts between AVs and HDVs is not prominent, which makes the capacity increase not significant.

In the third area ‘III’ (0.1%RoCI5%, #3), it becomes significant to adopt RoW reallocation strategies. With the increase of AVs penetration rate, as shown in Figure 9 (b) and Figure 10, reallocating two lanes to one mixed lane and one HDV dedicated lane can successfully increase the road capacity because the conflicts between AVs and HDVs will be reduced.

In the fourth area ’IV’ (5%RoCI, #2 or #4), it is very significant to adopt RoW reallocation strategies, when the demand for AVs is high. As shown in Figure 9 (c) (d) and Figure 10, reallocating two lanes to one mixed lane and one AV dedicated lane can significantly increase the road capacity at low or medium penetration, and the maximum improvement is 11%.

In the fifth area ’V’ (RoCI5%, #2), it is still significant to adopt RoW reallocation strategies. However, the rate of increase will gradually decrease with the increase of AV penetration rates. This is because when the penetration rate higher than 50%, with the increase of penetration rate the degree of heterogeneity of mixed flow will decrease; meanwhile the road capacity also gradually increases in the do nothing (two mixed lanes) RoW strategy. When the penetration rate is 100%, specially included in the area ‘V’, the rate of increase is zero, because Do nothing RoW strategy and most proper RoW reallocation strategies reach the same point in an All-AV scenario.

In summary, the case studies for right-of-way reallocation on a two-lane road demonstrate that the road capacity can be significantly increased with proper RoW reallocation strategies at low or medium penetration rates. Five different areas have been further identified to demonstrate the crucial points of RoW reallocation strategies, which can help traffic managers and local authorities better understand and manage mixed traffic flow. In addition, the convex increase of road capacity with penetration rate has been cross-validated in the SUMO simulation, compared with the theoretical proof and numerical analysis. In the next section, we present the results of a sensitivity analysis to further analyse the influence of AV behaviour changes on RoW reallocation. 

5. Sensitivity analysis 
It should be noted that with the parameters identified in Table 4, only specific kinds of AVs and HDVs have been evaluated by the theoretical model and SUMO simulation in this paper. However, as discussed in Section 1, AVs are emerging technologies and the behaviour of AVs might change with further development of the AV technologies such as control algorithms, LiDAR, high precision maps and computing power. For example,  can be reduced with the improvement of sensors. Russell et al. (1997) developed a forward-looking automotive radar sensor for AVs, which has a 0.5 m range accuracy and 1.5 km/h speed accuracy from 3 m to 100 m. More recently, Ouster (2018) achieved a 0.1 m range accuracy from 0 m to 250 m.

In addition, the user’s parameter setting is another factor which influences the behaviour of AVs. Ideally, an AV is able to maintain a smaller time gap to the leading vehicle with the help of quicker reaction time and more accurate sensors. However, the user can still select a longer time gap based on personal preference. For example, Eichelberger and McCartt (2014) surveyed the drivers of Volvo vehicles which have advanced crash avoidance and related technologies (Level 2 or Level 3 AVs). The settings of the system are shown as 1 to 5 bars, which represent the time interval to the leading vehicle from 1s to 2.5s. 33% of the users adjusted the time gap to 1 or 2 bars; 22% of the users adjusted the time gap to 4 or 5 bars, whereas the rest of the users only use the default setting of 3 bars. 

Therefore, in this section, the sensitivity analysis of the theoretical model is presented to demonstrate the impacts of the development of AV technologies on the road capacity (Section 5.1). The influence of user preferences for time gap on the performance of RoW reallocation strategies is investigated in Section 5.2 with the SUMO simulation.

5.1 Sensitivity analysis of the proposed theoretical model

In order to evaluate the impacts of the development of AV technologies on the road capacity, the values of the different parameters in the second column of Table 4 are increased and decreased by 50% for sensitivity analysis. The changes in road capacity are calculated by the theoretical model and the rate of changes compared to the baseline (parameters in Table 4) are shown in Figure 11. 

It can be observed from Figure 11 that when , ,  and   decrease by 50%, the rate of capacity change is positive. This demonstrates that the theoretical road capacity will increase if the development of AV technologies supports a shorter reaction time, vehicle length and buffer distance to the leading vehicle or if AVs have more accurate sensors. The differences between Figure 11 (a)(b)(c)(d) and (e)(f)(g)(h) further indicates that AV reaction time   has the highest sensitivity, followed by the AV vehicle length . Though the change of   and  have some influence on theoretical road capacity their sensitivity is not as high as   and .

The sensitivity of parameters is also influenced by the AV penetration rate and speed. When AV penetration rate increases, there will be more AVs in the system, which leads to a sensitivity increase of all the AV parameters. On the other hand, the impact of speed on sensitivity is not universal. When speed increases, the sensitivity of ,and  gradually decrease, but the sensitivity of  gradually increases.

In summary, the sensitivity analysis of the proposed theoretical model demonstrates that the sensitivity of , moreover, AV penetration rate and speed of vehicle can influence sensitivity of the parameters. Although AV reaction time  has the highest sensitivity, as discussed in Section 5, users may still prefer (and therefore select) a longer time gap. This means that AV reaction time  has been relaxed to the desired time gap  as specified by users, which will be further investigated in Section 5.2.
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Figure 11 Sensitivity of parameters increase and decrease 50% in the theoretical model 

5.2 Sensitivity analysis of the desired time gap
As discussed above, the change of AV settings for the desired time gap can strengthen or weaken the heterogeneity between AVs and HDVs, which further influences the RoCI with RoW reallocation strategies. Therefore, the impacts of desired time gap setting on the performance of RoW reallocation strategies will be investigated in this section through the SUMO simulation.
Although most sensors can detect stimuli very quickly, AVs need time to react to the stimulus. Also, just as the reaction time of human behaviours is relative to the reflex arc, the reaction time of AVs should also be linked to the reaction loop of AVs to a stimulus. However, in practice, there is not a universal reaction loop for AVs, because the control of AVs involves communication between different modules such as detection module (Bohrer et al., 1995), High Definition (HD) map (Wolcott and Eustice, 2014), and path planning module (Likhachev and Ferguson, 2009). Therefore, in order to identify a reasonable reaction time range for AVs, a similar system has been taken as the reference. For example, in the Automatic Train Operation (ATO) system, the train-borne Communication-Based Train Control (CBTC) equipment reaction time guided by IEEE standards ranges from 0.07s to 0.75s (IEEE Vehicular Technology Society, 2000), where the upper boundary is close to the reaction time (0.8s) used in this paper.

Considering that the user desired time gap setting should be larger than the reaction time (e.g. longest reaction time in the ATO system is 0.75s), while largest available time gap for users is 2.5s (Eichelberger and McCartt, 2014), the time gap setting  is varied from 0.8 s to 2.5s in the sensitivity analysis. The results of the SUMO simulation with different reaction times are shown in Figures 12, 13, 14 and Table 6. It can be observed from Figure 12, Figure 13 and Table 6 that with increasing reaction time, the road capacity for the all-AV scenarios (demand=5000 vehicle/h) is almost halved from 4087 vehicle/h at 0.8s to 2113 vehicle/h at 2.5s. 
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Figure 12 Impacts of AVs reaction time on crucial points of RoW strategies

It can be seen that the main difference between Figures 12 (a) (b) and Figures 12 (c) (d) (e) is the invertion of RoCI with RoW reallocation strategies. With the increase of user desired time gap setting, this phenomenon will be observed when the behaviour of AVs is ‘ worse ’ than the HDVs. However, even in this case, RoW strategies can still increase road capacity compared with the do nothing policy. Meanwhile, as shown in Figure 12, the boundaries of the five areas also shifts with the change of user desired time gap setting, because the RoCI is related to the difference in behaviours between the AVs and HDVs. If heterogeneity between AVs and HDVs is significant, the rate of capacity increase will become larger.
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Figure 13 Impacts of desired time gap setting on do nothing scenarios
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Figure 14 Impacts of desired time gap setting on RoW reallocation scenarios

Table 6 Results of sensitivity analyse for Demand=5000 vehicle/h 
	
	     flow

strategies
	Penetration rate (%)

	
	
	0
	10
	20
	30
	40
	50
	60
	70
	80
	90
	100

	0.8s
	Do nothing
	3238
	3261
	3291
	3344
	3399
	3462
	3543
	3638
	3747
	3894
	4087

	
	Proper RoW
	3238
	3263
	3305
	3368
	3601
	3664
	3677
	3723
	3789
	3906
	4087

	1s
	Do nothing
	3238
	3238
	3251
	3271
	3289
	3337
	3377
	3436
	3509
	3601
	3728

	
	Proper RoW
	3238
	3239
	3253
	3295
	3474
	3468
	3470
	3485
	3524
	3602
	3728

	1.5s
	Do nothing
	3238
	3176
	3129
	3090
	3054
	3031
	2998
	2982
	2972
	2967
	2977

	
	Proper RoW
	3238
	3168
	3122
	3105
	3103
	3101
	3103
	3006
	2978
	2970
	2977

	2s
	Do nothing
	3238
	3102
	2993
	2890
	2800
	2729
	2658
	2602
	2547
	2511
	2471

	
	Proper RoW
	3238
	3105
	2988
	2917
	2862
	2858
	2845
	2734
	2555
	2508
	2471

	2.5s
	Do nothing
	3238
	3038
	2862
	2724
	2600
	2490
	2395
	2302
	2235
	2166
	2113

	
	Proper RoW
	3238
	3043
	2868
	2765
	2670
	2675
	2666
	2557
	2238
	2168
	2113



6. Conclusion

This research focusses on investigating the impacts of mixed flow conditions (AVs and HDVs) on road capacity and whether road capacity can be increased with proper RoW reallocation strategies.

The primary contributions of this research are two-fold. Firstly, a theoretical model based on relative safety constraint, rather than a theoretical model based on average speed and spacing characteristics pre-assumed, is proposed to calculate the maximum capacity of heterogeneous saturated flow. The relative safety constraint and its derivation has been widely used in many vehicle following models, which is a reasonable method to ensure road safety and makes the theoretical model become comparable to the existing vehicle following models.

Further numerical analyses of the theoretical model demonstrate that road capacity increases convexly with AV penetration rates, which has been proved in theory by equation (21). The properties of convex functions provide the theoretical support for RoW reallocation, which is tested numerically in Section 3.4, where we show that by avoiding conflicts between HDVs and AVs, road capacity can be increased with RoW reallocation at a 50% AV penetration rate.

Although the numerical analysis of the theoretical model found that road capacity can be increased at 50% AV penetration rates by a dedicated AV and a dedicated HDV lane, the RoW reallocation strategy is more complex in practice. Specifically, since traffic demand is time varied, the trade-off between avoiding conflicts by using dedicated lanes and increasing road utilisation with mixed lanes should be taken into account. 

Therefore, in order to overcome the weakness of the proposed theoretical model that demands and RoW reallocation strategies are fixed, a simulation approach was adopted. SUMO simulation was used in this research because it supports large scale simulation by secondary development with the Python programming language.

This leads to the second contribution of this research, viz. crucial points of different RoW strategies on a two-lane road have been identified, which provides quantitative evidence for traffic managers and policymakers for policymaking. The results demonstrate that road capacity on a two-lane road can be significantly increased at low or medium penetration rates with appropriated RoW reallocation strategies. Based on the rate of capacity increase, five different areas have been further identified to demonstrate the crucial points of RoW reallocation strategies, which can help traffic managers and local authorities better understand and manage mixed traffic flow. In addition, the convex increasing of road capacity with AV penetration rate has been cross-validated in the SUMO simulation. 

Moreover, the impacts of AVs behaviours changes caused by the development of technologies and users’ personal settings on road capacity and RoW reallocation strategies have been investigated. The sensitivity analysis of the theoretical model has been conducted, which demonstrates that the sensitivity of . As  has the highest sensitivity, the change of AV reaction time with the improvement of AV technology will have significant impacts on road capacity. However, Not only AV technologies’ development but also user’s parameter setting can influence the behaviour of AV, which further effects the performance of RoW reallocation strategies. The results of SUMO simulation demonstrate that the rate of capacity increase with proper RoW reallocation strategies is related to the behaviours difference between AVs and HDVs. If heterogeneity between AVs and HDVs is significant, the rate of capacity increase will become remarkable. Last but not least, even when behaviours of AVs ’worsen’ compared to HDVs, RoW strategies can still increase road capacity compared with do-nothing policy.
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