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ABSTRACT 

In the foreseeable future, connected vehicles (CVs) will coexist with traditional vehicles (TVs) 

resulting in a complex mixed traffic environment and the success of CVs will depend on the 

characteristics of this mixed traffic. Therefore, before the large scale deployment of CVs, it is 

important to examine how CVs will influence the characteristics of the resultant mixed traffic. 

To achieve this aim, this study models the mixed traffic of TVs and CVs, and examines the 

traffic flow disturbance, efficiency, and safety. Intelligent Driver Model (IDM) with estimation 

errors is utilised to model TVs since it incorporates human factors such as estimation errors. 

Whereas, connected vehicle driving strategy integrated with IDM is utilised to model CVs 

because it incorporates driver compliance, a critical human factor for the success of CVs. 

Moreover, two classes of drivers based on their compliance levels are considered, namely the 

high-compliance drivers and the low-compliance drivers, to comprehensively investigate the 

impact of driver compliance on the mixed traffic of CVs and TVs. Two simulation experiments 

are performed in this study. The first experiment is used to measure traffic flow disturbance 

and safety while the second is used to measure the traffic flow efficiency. Furthermore, a total 

of 7 mixed traffic environments are generated in each experiment via different combinations 

of TVs, CVs with low compliance drivers, and CVs with high compliance drivers. Another 

important point considered in the simulation is the spatially distribution of CVs in the platoon. 

As such, three platoon policies are investigated. In the first policy i.e., the best case, the CVs 

are spatially arranged with a motive to maximise benefits from CVs whereas in the second 

policy i.e., the worst case, the CVs are spatially arranged with a motive to minimise benefits 

from CVs. Finally, in the third platoon policy i.e., the random case, the CVs are distributed 

randomly in the platoon. This study demonstrates the importance of the spatial arrangement of 

CVs in a platoon at a given penetration rate and its impact on traffic flow disturbance, 

efficiency, and safety. Moreover, findings from this study underscores that CVs can supress 

the traffic flow disturbance, and enhance traffic flow efficiency, and safety; however, traffic 
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engineers and policy makers have to be cautious regarding how CVs are distributed in a traffic 

stream when deploying these vehicles in the real world traffic environment. 

1. INTRODUCTION AND LITERATURE REVIEW 

Connected vehicles (CVs) are the vehicles equipped to provide surrounding traffic information 

to drivers via vehicle-to-vehicle and vehicle-to-infrastructure, or vehicle-to-everything 

communications. Vehicle-to-everything communication includes vehicles, infrastructure, 

pedestrians, aftermarket devices, and any entity that may affect the CVsô dynamics. Note that 

this study considers manually driven CVs. The key advantages of CVs include enhancing 

traffic efficiency by alleviating traffic congestion, improving traffic safety, and reducing traffic 

emissions (Kim, 2015). For the foreseeable future, CVs will need to co-exist with traditional 

vehicles (TVs) (i.e., the present-day vehicles without communication capabilities and without 

driver assistance) in a mixed traffic environment and the characteristics of this mixed traffic 

will govern achieving the potential benefits of CVs. The resultant mixed traffic flow of CVs 

and TVs will have complex characteristics because of the differences in vehicular dynamics of 

CVs and TVs. Adding to the complexity are the human drivers controlling CVs and TVs. This 

study focusses on the microscopic modelling of the mixed traffic of CVs and TVs with a focus 

on human factors, and investigates the impact of CVs on traffic flow disturbance, efficiency, 

and safety in the mixed traffic environment. The amplitude and duration of traffic oscillations 

are utilised as the measures of traffic flow disturbance, and modified time-to-collision and 

deceleration rate to avoid the crash as the measures of traffic safety. Moreover, This study 

computes the average flow and the average speed of the mixed traffic using Edieôs method 

(Edie, 1963) as measures of traffic efficiency. 

Current research on mixed traffic modelling has focused on the mixed traffic of connected and 

automated vehicles (CAVs) and TVs (e.g., Fernandes and Nunes, 2012; Ghiasi et al., 2017; 

Gong and Du, 2018; Jia et al., 2019; Jia and Ngoduy, 2016; Jiang et al., 2017; Rios-Torres and 

Malikopoulos, 2018; Ye and Yamamoto, 2018; Zhao et al., 2018), automated vehicles and TVs 

(Bhavsar et al., 2017; Calvert et al., 2020; D. Chen et al., 2017; Z. Chen et al., 2017; Levin and 

Boyles, 2016; Rao and Varaiya, 1993; Talebpour et al., 2017; van den Berg and Verhoef, 2016), 

other intelligent vehicles (adaptive cruise control (ACC) or cooperative adaptive cruise control 

(CACC))1 and TVs (Arem et al., 2006; Arnaout and Arnaout, 2014; Jerath and Brennan, 2012; 

Kesting et al., 2008; Liu et al., 2018; Ngoduy, 2012; Schakel et al., 2010; Shladover et al., 

2012; Vander Werf et al., 2002; Wang et al., 2016, 2013), CVs, TVs, and automated vehicles 

(e.g., Ni et al., 2011; Talebpour and Mahmassani, 2016), and CVs and TVs (e.g., Guériau et 

al., 2016; Talebpour et al., 2016; Talebpour and Mahmassani, 2016; Xie et al., 2018; Zhu and 

Ukkusuri, 2017, 2016). Modelling the mixed traffic of CVs and TVs using simulation packages 

is another embraced approach other than analytical modelling due to the ease of model 

development and the flexibility to test models in various futuristic traffic conditions. The traffic 

simulation packages such as VISSIM, AIMSUN, PARAMICS, SUMO, etc., are sometimes 

integrated with the network simulation packages such as ns-2, OMNET++, etc., to model the 
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mixed traffic (Kim, 2015; Olia et al., 2016; Rahman et al., 2018; Rahman and Abdel-Aty, 2018; 

Sommer et al., 2011). Henceforth, the term mixed traffic represents the mixed traffic of CVs 

and TVs.  

Through the analytical modelling and numerical simulation of the mixed traffic, Ni et al. (2011) 

modified the reaction time parameter of the Gippsô car-following model (Gipps, 1981) to 

distinguish between TVs and CVs, and showed that with the increase in the market penetration 

rates of CVs, the lane capacity increases. Talebpour and Mahmassani (2016) employed a  

prospect theory based car-following model (Talebpour et al., 2011) and Intelligent Driver 

Model (IDM) (Treiber et al., 2000) to model car-following behaviour of TVs and CVs in the 

mixed traffic, respectively. They reported suppressed oscillations, fewer collisions, and 

increased throughput as the market penetration of CVs was increased in the mixed traffic. Zhu 

and Ukkusuri (2016) considered Newellôs car-following model (Newell, 2002) to update car-

following states of CVs and TVs in the mixed traffic, and reported enhanced mobility benefits 

(in terms of both total travel time and distance) with increasing market penetration rates of 

CVs. Recently, Xie et al. (2018) have modified IDM based on a generic car-following model 

framework for TVs and CVs, and have demonstrated similar benefits of CVs in the mixed 

traffic environment.  

A major limitation of the aforementioned studies is the models utilised to simulate car-

following behaviour of CVs. The models considered assume that the drivers fully comply with 

the information provided and thus, they completely ignore a critical human factorðthe driver 

compliance. In the case of CVs, drivers receive critical information such as the position and 

the speed of the leader, the space gap to the leader, upcoming safety critical situations, any 

traffic incident at the downstream, etc., and it is at driversô discretion whether they comply 

with the information or not. Note that if drivers decide to ignore the information, all the 

advantages of CVs will be nullified. Therefore, driver compliance is a critical factor to 

incorporate when modelling the microscopic characteristics of CVs in the mixed traffic 

environment (Sharma et al., 2017).  

Moreover, almost all the studies except Talebpour and Mahmassani (2016) ignored driver 

errors such as perception and estimation errors when modelling car-following behaviour of 

TVs. The role of human drivers in controlling TVs is equally important since drivers take 

operational (steering, acceleration/deceleration, monitoring, and braking), tactical (lane-

changing, responding to a sudden event, deliberately driving slow or fast etc.), and strategic 

(origin-destination points etc.) decisions throughout the course of driving. However, due to 

limited perception, anticipation, and judgement capabilities drivers are bound to make errors 

that can jeopardize traffic efficiency and more importantly traffic safety. Hence, driver errors 

shall be incorporated when modelling the microscopic characteristics of TVs in the mixed 

traffic environment (Sharma et al., 2017; Treiber et al., 2006). These deficiencies in modelling 

car-following behaviour of TVs and CVs can cause underestimation or overestimation of the 

potential benefits of CVs.  

Another major limitation is that the previous studies overlooked the distribution of CVs in a 

platoon i.e., the spatial arrangement of CVs from head to tail of a platoon when investigating 

the impact of the penetration rate of CVs on traffic flow efficiency, and safety. Note that CVs 
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have only communication capabilities and are not equipped with sensing technologies such as 

cameras, RADAR, LiDAR, etc., to gather information about TVs. Thus, CVs can only receive 

information from other CVs, and in car-following scenarios the information will be useful only 

when the leading vehicle is a CV. This study demonstrates that an inefficient arrangement of 

CVs in a platoon can challenge the consensus among previous studies that traffic flow 

efficiency, and safety always increase with an increase in the penetration rate of CVs.  

Motivated by the limitations and gaps mentioned above, in this study, IDM with estimation 

errors is considered to simulate car-following behaviour of TVs whereas connected vehicle 

driving strategy integrated (CVDS) with IDM i.e., CVDS-IDM (Sharma et al., 2019b) is 

adopted to simulate car-following behaviour of CVs. CVDS-IDM explicitly incorporates driver 

compliance behaviour, which is modelled using Prospect theory (Kahneman and Tversky, 

1979). Liu et al. (2017) did propose a methodology that incorporated the ADAS-affected 

driving behaviour modelling (driver compliance, perception reaction time, and ADAS 

influence). Driver compliance as per Liu et al. (2017) was modelled as a random number 

whereas in the case of CVDS-IDM the driver compliance modelling was based on theoretically, 

behaviourally, and practically sound prospect theory. To comprehensively investigate the 

impact of driver compliance on the mixed traffic, two classes of drivers based on compliance 

levels are considered, namely the high-compliance drivers and the low-compliance drivers. 

Furthermore, three platoon policies characterised by different spatial arrangements are defined 

and analysed to understand the impact of spatial arrangements of CVs in the mixed traffic 

platoon on traffic flow disturbance, efficiency, and safety. The first platoon policy attempts to 

maximise the benefits of CVs via an efficient arrangement of CVs in a platoon whereas the 

second platoon policy minimises the benefits of CVs via an inefficient arrangement of CVs in 

a platoon. The third platoon policy considers the random arrangement of CVs in the platoon. 

The traffic flow disturbance, efficiency, and safety are evaluated for the three platoon policies 

and for different penetration rates of CVs in the mixed traffic environment.  

The remainder of the paper is organised as follows. Section 2 details car-following models 

employed to model TVs and CVs. The indicators of traffic flow disturbance, efficiency, and 

safety and how to calculate these indicators using trajectory data are described in Section 3. 

Section 4 details the experiment design and the scenarios considered for the analysis in this 

study. Section 5 presents results and findings from the analysis. Section 6 discusses the 

implications of this study, and finally, Section 7 summarizes the main conclusions and suggests 

future research directions. 

2. CAR-FOLLOWING MODELS CONSIDERED IN THIS STUDY 

2.1 Intelligent Driver Model with estimation errors  

The intelligent driver model (IDM) with estimation errors is employed to model car-following 

behaviour of TVs. IDM belongs to the category of desired measures models (Saifuzzaman and 

Zheng, 2014) and assumes that the acceleration is a continuous function of driverôs speed, 

spacing to the leader, and speed difference between the leader and the follower. Equations (1) 
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and (2) present the mathematical formulation of the IDM acceleration function of the Î  

driver.  

 ὥ ὛȟὠȟЎὠ ὥρ
 

ᶻ ȟЎ
 

(1) 

ίᶻὠȟЎὠ ί ÍÁØ πȟὝὠ
Ў

Ѝ
 (2) 

where ὠȟ‏, Ὕ, ί, ὥ, and ὦ are desired speed of the vehicle ÍȾÓ, free acceleration exponent, 

desired time gap Ó, standstill distance Í , maximum acceleration ÍȾÓ , and desired 

deceleration of vehicle ÍȾÓ , respectively. Also, ὥ is the IDM acceleration ÍȾÓ , ίᶻ is 

the desired spacing Í , ὠ is the speedÍȾÓ, Ўὠ is the relative speed (difference of the 

followerôs speed ὠ and the leaderôs speed ὠ ) ÍȾÓ, and  Ὓ is the space gap Í .   

2.1.1 Incorporating estimation errors in IDM 

Drivers make errors when estimating stimuli associated with the leader such as changes in 

space gap and speed of the leader. Moreover, drivers react differently at different times to the 

same stimuli i.e., the existence of the intra-driver heterogeneity (Ossen and Hoogendoorn, 

2011). For instance, for the same stimulus, a driver can commit different magnitudes of the 

estimation errors at different times. Therefore, time-dependent estimations errors are included 

in the space gap parameter and the leaderôs speed parameter of the original IDM model. This 

study incorporates the estimation errors in IDM as per Treiber et al. (2006) and Treiber and 

Kesting (2013), and according to these studies estimation errors are taken into account by 

modelling them as a Wiener process. The estimated space gap is calculated as per Equation 

(3):  

Ὓ Ὓὲ Ὡ  (3) 
 

where Ὓ  is the estimated space gap by the driver, Ὓ is the actual space gap, ὠ is the 

coefficient of variation and describes the relative standard deviation of Ὓ  from the true value 

Ὓ, and ύ ὸ is the Wiener process which describes the temporal evolution of errors in space 

gap. The estimated leaderôs speed and the corresponding relative speed are presented in 

Equations (4) and (5): 

ὠ   ὠ ί„ύ ὸ (4) 
 

Ўὠ   Ўὠ ί„ύ ὸ (5) 

here  ὠ  is the estimated leaderôs speed, ὠ  is the actual leaderôs speed,  „ is the constant 

standard deviation of the relative approach rate, and ύ ὸ is similar to ύ ὸ and describes the 

temporal evolution of errors in leaderôs speed. The revised model is termed as Human IDM 

(HIDM) in this study. Other variants and advancements of HIDM are also available in the 

literature (Gu and Saberi, 2019; Jia and Ngoduy, 2016; van Lint and Calvert, 2018). When 

estimating the HIDM acceleration, Ὓ and Ўὠ are replaced by Ὓ  and Ўὠ  respectively, in 

the original IDM model. The value of ύ ὸ or ύ ὸ at the i th iteration (ύ) is given by 

Equation (6): 
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ύ
Ў
–  

(6) 

where – are computer-generated i.i.d. pseudo-random numbers following the uniform 

distribution with expectation zero and unit variance, ύ  –, Ўὸ is the time step, and †ǿ is the 

persistence or correlation time. As per Treiber and Kesting (2013) ñéif a driver, say, 

underestimates the gap at a given time, he or she is likely to underestimate it in the next second 

as well. In mathematical terms, the errors at two times are positively correlated for small time 

differences of a few seconds up to one minute.ò Thus, the persistence time is the time period 

within which the estimation errors are correlated.  

2.2 Connected vehicle driving strategy  (CVDS) integrated with IDM  

Sharma et al. (2019b) formulated CVDS to explicitly model the driver compliance to the 

continuous information and the advanced event-triggered information. The information that is 

always present on the windscreen or driver assistance devices is called the continuous 

information whereas the information that is delivered to drivers a few seconds before the 

occurrence of an event is called the advanced event-triggered information. The advanced event-

triggered information is possible assuming that the connectivity technologies will be smart 

enough to warn the drivers about the critical events in advance. The continuous information 

can include the speed of and the spacing to the leader whereas the advanced event-triggered 

information can include the warning messages such as óleader braking hardô that is delivered 

to the follower a few seconds (e.g., around 3 s) before the leader brakes. The detailed 

information on this driving simulator experiment can be found in Ali et al. (2020). 

CVDS is a general driving strategy that can be integrated with any existing car-following 

models to describe the connected vehicle car-following behaviour. Moreover, CVDS has two 

components: (a) part I incorporates the impact of continuous information into the model; and 

(b) part II incorporates the impact of the advanced event-triggered information (currently 

limited to modelling the hard braking cases only). The driver compliance in CVDS is modelled 

using prospect theory (Kahneman and Tversky, 1979) and it is an integral element of both the 

parts.    

2.2.1 #6$3 0ÁÒÔ )ȡ -ÏÄÅÌÌÉÎÇ ÔÈÅ ÄÒÉÖÅÒȭÓ ÒÅÓÐÏÎÓÅ ÔÏ ÔÈÅ ÃÏÎÔÉÎÕÏÕÓ ÉÎÆÏÒÍÁÔÉÏÎ 

When modelling the driver response to the continuous information, the stimuli i.e., the relative 

speed and the spacing are considered as estimation error free since connected environment 

provides such information to drivers. Obviously, the assumption here is that drivers devote 

their undivided attention to such information. As per Sharma et al. (2019b), the time gap 

parameter in car-following models is multiplied with ρ ὟὝὬ  to accommodate the 

impact of driver compliance on the connected vehicle car-following behaviour.  

The mathematical formulations of CVDS-IDM part I are presented in Equations (7) and (8):  

ὥ ὛȟὠȟЎὠ ὥρ
ὠ

ὠ 

ίᶻὠȟЎὠ

Ὓ
 

(7) 
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(8) 

 

where, ὟὝὬ  is the utility value calculated at Ὤ  using prospect theory shape parameters 

‌ȟ ‎ȟ and ‗. The parameter Ὤ  is the observed headway between the follower and the leader 

measured at the time when the messages are received by the followers. In the case of continuous 

information, the Ὤ  is measured at each time since messages are available all the time. Refer 

to Sharma et al. (2019b) for a detailed discussion on how ὟὝὬ  is evaluated using prospect 

theory. 

The compliance is measured in terms of driverôs response to a message and categorises 

compliance into two levels, namely the high compliance and the low compliance. At each time 

instance, a driver can comply either at a high level or a low level depending on Ὤ  at the time 

of the message display. Other human factors that can contribute to choosing a particular 

compliance level are trust in the connected vehicle technology, driving behaviour, and the type 

of message (e.g., a warning message, an advisory message, etc.). In response to a continuous 

message such as the speed of and the spacing to the leader, a high compliance driver will 

maintain a large headway and low acceleration noise as compared to a low compliance driver. 

Numerically, a high/low ὟὝὬ  value indicates a high/low compliance drivers. Figure 1 

displays the usefulness curves for high compliance and low compliance drivers. These curves 

are developed using the formulation ὠ Ὤ . The figure depicts that the high 

compliance drivers predominantly have a high usefulness value for a majority of Ὤ  whereas 

the low compliance drivers predominantly have a low usefulness value for a majority of  Ὤ . 

Here, a usefulness value (ὠὬ  shows how useful a message is to a driver depending upon 

the Ὤ .  

Note that this study only considers the continuous information and its impact on car-following 

behaviour in connected environment. Thus, this study integrates CVDS part I with the IDM 

model to simulate car-following behaviour of CVs in the presence of continuous information. 

For part II of CVDS and its integration with a car-following model refer to Sharma et al. 

(2019b). Moreover, CVDS-IDM was rigorously calibrated using connected vehicle trajectory 

data obtained from the driving simulator. The average fitting errors were 13.3% which is 

consistent with typical calibration error range reported in the literature. In addition to 

calibration, the numerical and behavioural soundness of the model was also examined, and it 

was found that CVDS-IDM is superior to IDM. Thus, CVDS-IDM can reproduce the connected 

vehicle car-following behaviour successfully. 
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Figure 1 Difference between usefulness value function curves of high compliance (‗

ρπȟ‌ πȢφυ) and low compliance levels (‗ φȟ‌ πȢφυ). 

3. INDICATORS OF TRAFFIC FLOW EFFICIENCY, AND SAFETY 

3.1 Traffic disturbance  indicators  

This study analyses traffic flow disturbance in terms of traffic oscillation measures such as 

oscillation duration and oscillation amplitude. These measures are calculated when a traffic 

instability is induced via vehiclesô braking hard manoeuvre on a single lane facility. This study 

adopts wavelet energy based method, as detailed in Zheng et al. (2011), to calculate oscillation 

duration and oscillation amplitude. 

3.1.1 Traffic oscillation measures  

The temporal distribution of wavelet-based energy Ὁ can assist in identifying significant 

changes in the time series of speed (Sharma et al., 2019c; Zheng et al., 2011; Zheng et al., 

2013). A sharp increase in the wavelet energy distribution (Figure 2(b)) is witnessed 

corresponding to an abrupt change in the time series of speed (Figure 2(a)). The mathematical 

formulation of Ὁ is provided in Equation (9): 

Ὁ
ρ

άὥὼ ὥ
ȿὝὥȟὦȿ (9) 

where Ὕὥȟὦ is a wavelet coefficient of a continuous signal and calculated as per Equation 

(10): 

Ὕὥȟὦ  
ρ

Ѝὥ
Ὓὸ‪

ὸ ὦ

ὥ
Ὠὸ 

(10) 

where Ὓὸ is a continuous signal (time series of speeds in this case), ‪   is a wavelet 

function, and ὥ and ὦ are scale and translation parameters of the wavelet function, respectively. 
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Figure 2 Illustrations of traffic oscillation and its detection using wavelet-based energy. (a) 

Time series of speed; (b) Wavelet based energy across scales (1 to 8) with change points 

identified.  

There are hundreds of wavelets available in the literature and a few widely used wavelets are 

Haar, Daubechies family, Mexican hat, Morlet, and Coieflets family. Zheng and Washington 

(2012) presents a comprehensive examination of different waveletsô suitability in analysing 

traffic engineering related research topics, and concluded that the Mexican hat wavelet 

provides satisfactory performance in detecting traffic state change points, the start and the end 

of lane change manoeuvres, start points of acceleration (deceleration) waves, and discontinuity 

of the fundamental diagram. This study also employs the Mexican hat wavelet.  

Oscillation duration (s): It is the duration of the deceleration phase measured as the time 

difference between when the first peak appears and when the second peak appears in the 

wavelet based energy curve. It is calculated for each vehicle in the platoon.  

Average oscillation duration (s):  This is calculated as  
В

, where ὕὈ is the oscillation 

duration of the Ὥ  vehicle in the platoon and Ὧ represents the last vehicle in the platoon. Note 

that vehicles in the platoon are numbered from 1 to Ὧ (the total number of vehicles in the 

platoon) moving from the head to the tail of the platoon.  

Oscillation amplitude (m/s): It is calculated as the speed difference between the beginning 

(when the first peak appears) and the end of the deceleration phase (when the second peak 

appears).  

Average oscillation amplitude (m/s): This is calculated as  
В

, where ὕὃ is the 

oscillation amplitude of the Ὥ  vehicle in the platoon and Ὧ represents the last vehicle in the 

platoon.  

3.2 Traffic safety measures  

Two surrogate measures of safety are employed in this study namely, modified time to collision 

(MTTC) and deceleration rate to avoid the crash (DRAC). Both MTTC and DRAC are widely 

used in the road safety literature (e.g., (Zheng et al., 2019; Zheng and Sayed, 2019)), and are 

discussed below. 

(a)

(b)
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3.2.1 Modified time to collision (MTTC) 

The indicator ὓὝὝὅ considers trajectory parameters such as relative distance, relative speed, 

and relative acceleration and calculates the time a following vehicle would take to collide with 

a lead vehicle if the vehicles do not change their movement characteristics (Ozbay et al., 2008). 

Equation (11) provides the mathematical formulation of ὓὝὝὅ.  

ὓὝὝὅ
Ўὠ Ўὠ ςЎὥὛ

Ўὥ
 

 

(11) 

    

Where Ўὠ is the relative speed (difference of the followerôs speed ὠ and the leaderôs 

speed ὠ ) ÍȾÓ, Ὓ is the space gap Í , and Ўὥ is the relative acceleration (difference 

of the followerôs acceleration ὥ and the leaderôs acceleration ὥ ) ÍȾὛ . The final ὓὝὝὅ 

is given by (i) if both of the ὓὝὝὅ terms are positive, the minimum of them is considered to 

be the ὓὝὝὅ value; and (ii) if one is positive while the other is negative, the positive outcome 

is considered to be the ὓὝὝὅ value. Generally, a ὓὝὝὅ below 1.5 s is considered unsafe. 

3.2.2 Deceleration rate to avoid the crash (DRAC) 

This study employs another safety measure, i.e., ὈὙὃὅ and it is defined as the ratio of the 

square of the relative speed over the space gap as shown in Equation (12) (Almqvist et al., 

1991). The American Association of State Highway and Transportation Officials recommends 

a deceleration rate of above 3.4 m/s2 as unsafe. 

  

ὈὙὃὅ
Ўὠ

Ὓ
  

(12) 

 

When presenting results in Section 5, the notations ὓὝὝὅ and ὈὙὃὅ are used to indicate 

ὓὝὝὅ and ὈὙὃὅ at vehicle level, respectively, and minimum ὓὝὝὅ and minimum ὈὙὃὅ are 

used are used to indicate ὓὝὝὅ and ὈὙὃὅ at platoon level, respectively. These are defined in 

Equations (13), (14), (15), and (16). 

 

 

ὓὝὝὅÍÉÎὓὝὝὅȟὓὝὝὅȟȣȟὓὝὝὅȟȣȟὓὝὝὅ   (13) 

 

ὈὙὃὅÍÉÎὈὙὃὅȟὈὙὃὅȟȣȟὈὙὃὅȟȣȟὈὙὃὅ   (14) 

 

άὭὲὭάόά ὓὝὝὅÍÉÎὓὝὝὅȟὓὝὝὅȟȣȟὓὝὝὅȟȣȟὓὝὝὅ   (15) 

 

άὭὲὭάόά ὈὙὃὅÍÉÎὈὙὃὅȟὈὙὃὅȟȣȟὈὙὃὅȟȣȟὈὙὃὅ   (16) 

 

where ὓὝὝὅ is calculated using Equation (11) and Ὥ represents a time instant between the start 

of a followerôs trajectory (ὸ ρ) and the end of the followerôs trajectory (ὸ ὲ. ὈὙὃὅ is 
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calculated using Equation (12). ὓὝὝὅ is calculated using Equation (13) for the Ὦ  follower, 

and Ὦ varies from 2 to k. Moreover, ὈὙὃὅ is calculated using Equation (14). 

  

3.3 Traffic efficiency indicators  

Fundamental traffic flow parameters are utilised as indicators of traffic efficiency. The average 

flow (mentioned by the reviewer) and average speed have been used as indicators of traffic 

efficiency in previous studies as well (Brilon et al., 2005; Friedrich, 2016). The estimation of 

these parameters is detailed in the next section. 

3.3.1 Estimation of fundamental parameters of traffic flow  

There are three methods to estimate the fundamental traffic flow parameters i.e., flow (Ñ), 

density (Ë), speed (6), namely the highway capacity manual (HCM) method, the x-t method 

based on Edieôs generalised definition (Edie, 1963), and the n-t method. The HCM method is 

based on the well-known definitions of flow, density, and speed, and the fundamental 

relationship between these three flow parameters. The x-t method estimates flow, density, and 

speed using the trajectory data, whereas the n-t method is based on the cumulative number of 

vehicles in the cumulative number-time (n-t) domain. The x-t method is preferred in this study 

since this study utilises trajectory data. The method is described in the paragraphs below. Refer 

to Ni and Leonard (2006) for a description of the HCM method and the n-t method. 

Edieôs generalised definitions are applied to calculate flow (ή), density (Ὧ), speed (ὠ) when 

trajectory data are available (Edie, 1963). According to Edie, the flow is given by the total 

distance travelled by all vehicles in area ὃ divided by the area of ὃ, i.e., ȿὃȿ as shown in 

Equation (17). The density is given by the total time spent by all vehicles in ὃ divided by ȿὃȿ 

as shown in Equation (18). Finally, the speed is calculated as per the fundamental relationship, 

i.e., flow over density and in terms of Edieôs definition as the ratio of the total distance travelled 

by all vehicles in ὃ over the total time spent by in ὃ as shown in Equation (19). 

ή  
Ὠὃ

ȿὃȿ
 

(17) 

Ὧ  
ὸὃ

ȿὃȿ
 

(18) 

ὠ  
Ὠὃ

ὸὃ

ή

Ὧ
 

(19) 

where Ὠὃ is the total distance travelled by all vehicles in ὃ and ὸὃ is the total time spent 

by all vehicles in ὃ. The quantities Ὠὃ, ὸὃ, and ȿὃȿ are provided in Equations (20), (21), 

and (22). 

Ὠὃ  ÍÉÎὼ ὸ ȟὼ ÍÁØ ὼ ὸȟὼ  
(20) 

ὸὃ  ÍÉÎὸ ὼ ȟὸ ÍÁØ ὸ ὼȟὸ  
(21) 



12 
 

ȿὃȿ ὼ ὼ ὸ ὸ  (22) 

where ὲ is the total number of trajectories in ὃ, ὼ and ὼ are the lower and the upper bounds 

of ὃ in ὼ domain, respectively, ὸ and ὸ are the lower and the upper bounds of ὃ in ὸ domain, 

respectively, ὼ ὸ  and ὼ ὸ  are the locations of the Ὥ  vehicle at time ὸ and ὸ, 

respectively, and ὸ ὼ  and ὸ ὼ  are the time values when the Ὥ  vehicle passes locations 

ὼ and ὼ, respectively. Figure 3 illustrates the Edieôs method. Note that average density values 

are calculated but not reported in this study. Traffic measurement devices, such as loop 

detectors installed beneath the road surface, can be used to measure flows, densities and 

average vehicle velocities in ways that are consistent with these generalised definitions. A 

detailed discussion on this can be found in (Cassidy and Coifman, 1997).  

 

Figure 3 The x-t method based on Edieôs generalised definition  

4. MIXED TRAFFIC SCENARIOS AND EXPERIMENTS DESIGN 

4.1 General 

In this study, a connected environment is simulated in which vehicles are communicating with 

surrounding vehicles via vehicle-to-vehicle communication. It is assumed that vehicles are 

fitted with the onboard driver assistance system devices that are displaying information on the 

wind screen (similar to the heads-up display). The primary motivation behind such a simulation 

design is the previous advanced driving simulator based connected environment studies 

(Sharma et al., 2020, 2019b). In the experiment, the connected environment was cautiously 

designed after a comprehensive review of the literature on in-vehicle driver assistance systems 

and the current driving aids provided by major car manufacturers.  The full information on how 

the driving simulator experiment was designed can be found in (Ali et al., 2020). We have 

assumed the continuous information (the information is always present on the windscreen) is 

available to drivers in the simulation. The continuous information includes messages about the 

speed of and the spacing to the leader. As per Sharma et al. (2019c), when continuous 

information is provided, drivers maintain larger time gaps (thereby safety gaps as well) and 

there are fewer fluctuations in speed and spacing as compared to when no information is 

provided. The degree of increase in the time-gap or decrease in fluctuations depends on the 

degree of driver compliance with the information. CVDS-IDM utilised in this study to simulate 
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the car-following behaviour can capture these changes in driving behaviour due to the 

continuous information and degree of compliance with the information. A rigorous assessment 

on the performance of CVDS-IDM can be found in Sharma et al. (2019b). As such, high 

compliance and low compliance drivers are also simulated.  Note that for readers who are 

interested in car following model (IDM in particular) calibration, refer to Punzo et al. (2015), 

Ciuffo et al. (2013); da Rocha et al. (2015) and Sharmar et al. (2019a). 

Two experiments namely, Experiment 1 and Experiment 2 are performed where the former is 

used to measure traffic flow disturbance, efficiency, and safety while the latter is used to 

measure traffic flow fundamental parameters. Experiment 1 mimics a scenario where the 

platoon leader stops for a short period and then starts accelerating causing a backward 

propagating wave, whereas Experiment 2 mimics a heavily congested scenario generated by 

stopping the platoon leader more than once and for a long period (mimicking a sluggish leader), 

e.g., the magnitudes of oscillation duration and amplitude will be high in Experiment 2. Note 

that these two separate experiments are performed for the ease of visualising, understanding, 

and discerning the benefits of CVs. Moreover, in both the experiments, a single lane facility is 

assumed to avoid lane changes.  

Each experiment has seven scenarios characterised by seven different mixed traffic 

environments including All TVs (consisting of only TVs), All CV-LCs (consisting of CVs with 

low compliance drivers), All CV-HCs (consisting of CVs with high compliance drivers), TV 

and CV-LC (consisting a mix of TVs and CVs with low compliance drivers), TV and CV-HC 

(consisting a mix of TVs and CVs with high compliance drivers), CV-LC and CV-HC 

(consisting a mix of CVs with high compliance and low compliance drivers), and TV, CV-LC 

and CV-HC (consisting a mix of TVs, CVs with low compliance drivers, and CVs with high 

compliance drivers). Here, LC and HC represent low compliance and high compliance drivers, 

respectively. The penetration rate of CVs varies from 0% to 100% in mixed traffic 

environments of TV and CV-LC, and TV and CV-HC and the penetration rate of CV-HC varies 

from 0% to 100% in the case of mixed traffic of CV-LC and CV-HC. Furthermore, the 

penetration rate of CV-LC and CV-HC is fixed to 33 % each when generating the mixed traffic 

of TV, CV-LC, and CV-HC to avoid any repetition of previously generated scenarios. Table 1 

summarizes all the mixed traffic scenarios and experiments considered in this study. 

4.2 A description of the three platoon policies: the best and the worst spatial 

arrangements  

As discussed in the introduction section, the spatial arrangement of CVs in a platoon plays a 

major role in achieving the maximum benefits from CVs at a given penetration rate. In this 

regard, this study considers three platoon policies characterised by different spatial 

arrangements. The first platoon policy is termed as the best case that results in the maximum 

benefit from CVs. The second platoon policy is termed as the worst case that results in the 

minimum benefit from the CVs at a given penetration rate. The third platoon policy is termed 

as the random case that results in the random arrangement of the CVs in the mixed traffic and 

the benefits are expected to fall within the best and the worst spatial arrangement. The 

arrangement of CVs in the best and the worst case is described in the next paragraph.  
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For example, consider a mixed traffic platoon of TVs and CV-HCs of 31 vehicles with 50% 

penetration of CV-HCs (i.e., 15 vehicles). Importantly, for a single lane facility, there can be 

four combinations of car-following interactions in the platoon including (1) a TV following a 

TV, (2) a CV following a CV, (3) a CV following a TV, and (4) a TV following a CV. A CV 

will behave like a CV only when it is following another CV; otherwise, it will behave like TV 

since it will not receive any information from the front vehicle. Moreover, as conjectured in 

previous studies, CVs have the potential to more efficiently bear and suppress the negative 

impact of backward propagating waves as compared to TVs. Hence, the best arrangement will 

correspond to a situation when all 15 CVs in the platoon are grouped together and placed at the 

front of the platoon whereas the worst arrangement will correspond to a situation when all 15 

CVs are distributed such that one CV is placed between two TVs resulting in CVs behaving 

like TVs.  
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Table 1 A description of the design of the experiments in this study.   

Experiment Traffic 

compositi

on 

Scenarios Penetratio

n rate of 

CVs 

Platoon 

policies 

Leaderôs speed profile Measures 

calculated 

 

 

Experiment 1 

Homogeno

us 

All TVs 0% - 

 

Traffic flow 

disturbance: 

Oscillation 

duration, 

Oscillation 

amplitude; 

 

Traffic Safety:  

MTTC, and 

DRAC 

 

All CV-HCs 100% 

All CV-LCs 100% 

Heterogen

ous 

TVs and CV-

HCs  

0-100% 1) Best spatial 

arrangement 

2) Worst 

spatial 

arrangement 

3) Random 

arrangement 

TVs and CV-

LCs 

0-100% 

CV-HCs and 

CV-LCs 

0-100% 

TVs and CV-

HCs and CV-

LCs 

33% each 

       

 

 

Experiment 2 

 

 

 

 

 

 

 

 

 

Homogeno

us 

All TVs 0% - 

 

 

Traffic 

Efficiency: 

Average flow 

and Average 

speed 

All CV-HCs 100% 

All CV-LCs 100% 

Heterogen

ous 

TVs and CV-

HCs  

0-100% 1) Best spatial 

arrangement 

2) Worst 

spatial 

arrangement 

3) Random 

arrangement 

TVs and CV-

LCs 

0-100% 

CV-HCs and 

CV-LCs 

0-100% 

 TVs and CV-

HCs and CV-

LCs 

33% each 
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Figure 4 compares the best arrangement with the worst at 50% penetration rate of CVs. It 

depicts that wave propagation diminishes early in the case of the best arrangement compared 

to the worst arrangement. Table 1 details how the best, the worst, and the random spatial 

arrangement is achieved in each mixed traffic scenario.  

  

 

Figure 4 A comparison of the worst spatial arrangement and the best spatial arrangement of 

CVs. 

Table 2 A description of the best, the worst, and the random spatial arrangements definitions 

corresponding to the mixed traffic environments. 

Mixed traffic 

Environment 

Platoon policy 1: 

the best spatial 

arrangement 

Platoon policy 2: 

the worst spatial 

arrangement 

Platoon 

policy 3: the 

random 

spatial 

arrangement 

Conditions 

All TVs 

Not applicable since no mixed traffic 

  

All CV -LCs  

All CV-HCs  

TVs and CV-

LCs 

CVs are placed at 

the front of the 

platoon 

Each CV is placed 

between two TVs in 

the platoon 

CVs (CV-

HCs or CV-

LCs) are 

arranged 

randomly in 

the mixed 

traffic 

If the 

penetration 

rate is 50% 

or less  

TVs and CV-

HCs 

First CVs equal to 

the number of TVs 

are arranged such 

that each CV is 

placed between two 

TVs in the platoon 

and then rest of the 

CVs are placed at 

the end of the 

platoon 

If the 

penetration 

rate is more 

than 50%  
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CV-LCs and 

CV-HCs 

CV-HCs are 

placed at the front 

of the platoon 

CV-HCs are placed 

at the end of the 

platoon 

CV-HCs are 

arranged 

randomly in 

the mixed 

traffic 

 

TVs, CV-LCs, 

and CV-HCs 

CV-LCs follow 

CV-HCs and 

these are followed 

by TVs 

Each CV-HCs is 

placed between two 

TVs in the platoon 

and CV-LCs are 

placed at the end 

CVs (CV-

HCs or CV-

LCs) are 

arranged 

randomly in 

the mixed 

traffic 

 

 

One may question the importance of simulating the worst case scenario since we already know 

that the distribution of CV is worst case. The simulation of the worst case scenario answers the 

following questions how bad could the worst case scenario be? What is the disparity between 

the best case and the worst case scenario results? Is this disparity acceptable? How do the worst 

case and the best case pan out for the mixed traffic of CV-HCs and CV-LCs? On the conceptual 

and qualitative basis, answering the stated questions will be less comprehendible, and provide 

limited value in operating and controlling mixed traffic. Moreover, the worst case scenario 

becomes even more important since the best case, the worst case, and the random case cover 

the whole spectrum and provide a complete understanding of the characteristics of mixed traffic 

of CVs and TVs. 

Note that in the case of random arrangement, each scenario is simulated 100 times, and the 

average values of all metrics and parameters are reported for each scenario. 

4.3 Design of Experiment 1  

The aim of Experiment 1 is to investigate traffic flow efficiency, and safety of the mixed traffic 

stream when the platoon leader undergoes one stop and go cycle. To this end, a platoon of 31 

vehicles is generated on a single-lane facility of 5 km. The first vehicleôs trajectory is generated 

manually. At ὸ ρ Ó, the leader is υπππ ά ahead of the reference point (the leaderôs 

position ὼ ρ ρυπππ ά, speed ὺ ρ π άȾί, and acceleration Á ρ π ÍȾÓ). 

At ὸ ρȢρ Ó the leader starts accelerating and attains a speed  ὺ  of ςψ ÍȾÓ at ὸ σπ Ó and 

maintain it until ὸ χς Ó. From ὸ χςȢρ Ó, the leader starts decelerating and stops at ὸ ψω Ó. 

The leader starts accelerating at ὸ ρπρ Ó, attains the speed  ὺ  ςψ ÍȾÓ at ὸ ρσπ Ó, and 

maintains it until the end of the experiment, i.e., Ô ςππ Ó. Refer to Table 1 for the leaderôs 

speed profile.  
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Table 3 Car-following models parameters assumed for simulation in the experiments. 

Experiment 1 and 2 

Parameters HIDM  CVDS-

IDM 

(LC) 

CVDS-

IDM 

(HC) 

ὠ (άȾί) 29 29 29 

 4 4 4 ‏  

Ὕ ί 1.5 1.5 1.5 

ί (m) 5 5 5 

ὥ (ÍȾÓ) 2.5 2.5 2.5 

  ὦ (ÍȾÓ) 2.5 2.5 2.5 

„ 0.05 - - 

ὠ 0.01 - - 

†ǿ ί 20 - - 

‌ - 0.7 0.2 

‎ - 0.65 0.65 

‗ - 6 10 

 

The rest of the 30 vehiclesô trajectories are simulated using car-following models. For HIDM 

drivers, CVDS-IDM low compliance drivers, and CVDS-IDM high compliance drivers, the 

parameters are set as provided in Table 3. The parameters for CVDS-IDM low compliance and 

CVDS-IDM high compliance are set based on the calibration results from our previous study 

(Sharma et al. (2019b)) and they can successfully capture low and high compliance properties 

e.g., observe Figure 1 and its explanation in Section 2.2.1. Figure 5 displays the platoons of All 

TVs, All CV-LCs, and All CV-HCs traffic environments resulting from Experiment 1. The 

figure depicts that, keeping other confounding factors the same, oscillations propagate towards 

the end of the platoon in the case of All TVs whereas it diminishes significantly before reaching 

the end of the platoon in the cases of All CV-LCs and All CV -HCs. Furthermore, the platoon 

of All CV-HCs is more efficient (oscillations dampen early) relative to All CV-LCs.  
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Figure 5 Examples of platoons generated in Experiment 1. (a) All TVs case; (b) All CV-LCs 

case; and (c) All CV-HCs case.  

4.4 Design of Experiment 2  

The purpose of Experiment 2 is to estimate the fundamental traffic flow parameters in a heavily 

congested traffic environment. To this end, a platoon of 61 vehicles is generated on a single-

lane facility of 5 km. The first vehicleôs trajectory is generated manually. At ὸ ρ Ó, the leader 

is ρυπππ Í ahead of the reference point (the leaderôs position ὼ ρ ρυπππ Í, 

speed ὺ ρ π ÍȾÓ, and acceleration ὥ ρ π ÍȾÓ). At Ô ρȢρ Ó the leader starts 

accelerating, attains a speed  ὺ  of ςυȢω ÍȾÓ at Ô σπ Ó, and maintains it until Ô ρππ Ó. A 

traffic signal is positioned 270 m ahead of this point. From ὸ ρππȢρ Ó, the leader starts 

decelerating and stops at ὸ ρρω Ó. The leader starts accelerating at ὸ ρτφ Ó, attains a speed 

 Ö  of ςφ ÍȾÓ at ὸ ρφς Ó. After this, the leader starts decelerating again at ὸ ρφτ Ó  and 

stops at ὸ ρχσ Ó. After 15 s, the leader starts accelerating again, attains ὺ ςω άȾί at 

ὸ ςπς Ó, and maintains until the end of the experiment, i.e., ὸ ςσπ Ó. Refer to Table 1 for 

the leaderôs speed profile. 

Same as Experiment 1, the rest of the 60 vehiclesô trajectories are simulated using car-following 

models. For HIDM drivers, CVDS-IDM low compliance drivers, and CVDS-IDM high 

compliance drivers, the parameters are set as provided in Table 3. Figure 6 displays the platoons 

of All TVs, All CV-LCs, and All CV-HCs traffic environments resulting from Experiment 2. 

The figure reveals that keeping other confounding factors same, heavy congestion builds up in 

the case of All TVs whereas the congestion clears significantly before reaching the end of the 

platoon in the case of All CV-HCs. Furthermore, the platoon of All CV-LCs does display the 

propagation of congestion to the end of the platoon even though the impact is less severe than 
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the case of All TVs. In addition, station locations between 16000 m and 18000 m record heavy 

congestion in Experiment 2 in the case of All TVs. This study focusses on average flow and 

average speed values calculated at stations placed between 16000 m and 18000 m.  

 

Figure 6 Examples of platoons generated using Experiment 2. (a) All TVs case; (b) All CV-

LCs case; and (c) All CV-HCs case. 

5. RESULTS AND DISCUSSIONS 

5.1 Experiment 1 Results 

5.1.1 Homogenous traffic scenarios: All TVs, All CV-LCs, and All CV-HCs 

Figure 7 displays traffic flow efficiency, and safety measures computed for all the three 

scenarios: All TVs, All  CV-LCs, and All CV-HCs. The figure reveals that moving from the 

head to the tail of the platoon both the amplitude and the duration decrease to 0 for All CV-

LCs and All CV-HCs. Moreover, the oscillations dampen quickly for All CV-HCs as compared 

to All CV-LCs. Conversely, for All TVs, when moving backward from the head of the platoon 

the amplitude and the duration decrease to 20 m/s and 10 s, respectively, and then remains 

fairly constant till the end of the platoon. The MTTC value increases to 10 s for both All CV-

LCs and All CV-HCs when moving from the head to the tail of the platoon whereas, for All 

TVs case, the majority of MTTC values are in the range of 1.5 to 2 s throughout the platoon. 

The DRAC values quickly decrease to 0 m/s2 when moving from the head of the platoon in the 

case of All CV-HCs, and moderately increases and then decreases in the case of All CV-LCs. 

However, an overall increasing trend has been witnessed for a platoon of All TVs.  

The above results underscore benefits of CVs over TVs. More specifically, when drivers 

receive surrounding traffic information they make better decisions thereby reducing traffic flow 

disturbance, and enhancing safety. The results also demonstrate that the high compliance 

drivers drive more efficiently and are at a lower risk than low compliance drivers.    


