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A B S T R A C T   

Despite the prosperous development of connected vehicle (CV) and its car-following (CF) models, 
human-driven CV and its CF properties are rarely investigated. This paper studies the stability 
characteristics of and then extends a recently-developed CF model of human-driven CV which 
incorporates human factors (CV-CF hereafter) by considering two levels of driver compliance, i.e., 
low compliance and high compliance. First, we investigate the stability of the CV-CF model, and 
validate the results with the simulation experiments. We then assess CV’s impact on the mixed 
traffic flow by deriving a stability criterion of heterogeneous traffic with the Laplace transform 
based method and analysing the influence of different levels of connectivity and their penetration 
rates. Furthermore, we extend the CV-CF model by considering two important additional human 
factors, i.e., time delay and estimation error, and evaluate different human factors’ impact on the 
stability and oscillation characteristics of the CV-CF model. The results reveal that the connected 
environment indeed promotes the CF stability and alleviates traffic congestion, and that higher 
compliance to the information provided is generally more beneficial to the stability of traffic flow, 
except the situation with a large time delay.   

1. Introduction 

Connected vehicles (CVs), which are vehicles that can communicate with neighbouring vehicles (V2V) and infrastructure (V2I), are 
believed to have the potential to improve traffic flow with eased traffic congestion, better traffic safety, and lower traffic emissions 
(Diakaki et al., 2015). As one of the basic driving behaviours and the core of traffic flow theories, numerous efforts have been made on 
modelling the car-following (CF) behaviour of CV (Ge and Orosz, 2014; Jia and Ngoduy, 2016; Jia et al., 2019; Milanés and Shladover, 
2014; Monteil et al., 2014; Talebpour et al., 2016; van Arem et al., 2006). However, a major limitation of previous studies is the 
ignorance or inadequate consideration of human factors, such as driver compliance. In addition, due to the lack of real-world CV 
trajectory data, these models cannot be realistically calibrated since they are developed on the basis of numerical experiments or 
trajectories of traditional human-driven vehicles with some strong assumptions. Therefore, Sharma et al. (2019a) proposed a con
nected vehicle CF model (CV-CF) by incorporating the driver compliance behaviour (one of the critical human factors for the success of 

* Corresponding author. 
E-mail address: zuduo.zheng@uq.edu.au (Z. Zheng).  

Contents lists available at ScienceDirect 

Transportation Research Part C 

journal homepage: www.elsevier.com/locate/trc 

https://doi.org/10.1016/j.trc.2023.104317 
Received 9 July 2022; Received in revised form 21 August 2023; Accepted 22 August 2023   

mailto:zuduo.zheng@uq.edu.au
www.sciencedirect.com/science/journal/0968090X
https://www.elsevier.com/locate/trc
https://doi.org/10.1016/j.trc.2023.104317
https://doi.org/10.1016/j.trc.2023.104317
http://crossmark.crossref.org/dialog/?doi=10.1016/j.trc.2023.104317&domain=pdf
https://doi.org/10.1016/j.trc.2023.104317
http://creativecommons.org/licenses/by-nc-nd/4.0/


Transportation Research Part C 155 (2023) 104317

2

this technology) that can be integrated with classical CF models to realistically describe the longitudinal vehicular movements of CV. 
They validated the soundness of the CV-CF model with CV trajectory data collected from well-designed driving simulator experiments. 
Particularly, two levels of driver compliance (i.e., high compliance and low compliance) were described based on the Prospect Theory 
(Kahneman and Tversky, 2013), as it can capture both rational and irrational decision-making mechanisms of drivers. Thanks to its 
capability of realistically capturing CV behaviour, the CV-CF model has been used in Jia et al. (2021); Rahman et al. (2021); Sharma 
et al. (2021) for the investigation of traffic flow characteristics in a connected environment. 

However, for this CV-CF model, its string stability properties remain unexplored. As the internal rationale of traffic oscillation - a 
commonly observed phenomenon in congested traffic (Chandler et al., 1958; Orosz et al., 2010; Wilson and Ward, 2011), the string 
stability of CF behaviour is one of the fundamental characteristics of CF models, which describes how a small perturbation evolves over 
a platoon. The stability analysis of CF models has been prevailing for more than 60 years since the early days of CF modelling (Bando 
et al., 1998; Chandler et al., 1958; Herman et al., 1959; Monteil et al., 2014; Ngoduy, 2015; Orosz et al., 2011; Orosz et al., 2009; Sau 
et al., 2014; Sau et al., 2019; Sun et al., 2018, 2020, 2023; Swaroop and Hedrick, 1996; Treiber and Kesting, 2013; Zhang and Jarrett, 
1997) and used to facilitate the development of CV-CF model (Zhang and Orosz, 2016; Zhou et al., 2020). As there is no consistent 
conclusion of the impact of connected environment on the traffic flow’s stability and because of the scarcity of realistic CV-CF model in 
the literature (especially for human-driven CV), one main purpose of this paper is to assess the string stability of the CV-CF model 
proposed in Sharma et al. (2019a) both theoretically and numerically. Considering the multi-level of driver compliance and future 
mixed traffic flow, we scrutinise the stability criterion of heterogeneous traffic with the Laplace transform based method, and analyse 
the impact of different levels of connectivity and their penetration rates on the mixed traffic flow. 

The conventional studies on stability analysis have been based on the strict assumption of homogeneous traffic, which impedes its 
applicability given the fact that CVs will coexist with traditional human-driven vehicles in the foreseeable future leading to a mixed 
traffic flow (Sun et al., 2018). To apply the stability analysis on mixed traffic flow, Ward (2009) and Ngoduy (2013) successively 
derived a stability criterion of heterogenous traffic using the characteristic equation based method (i.e., based on the characteristic 
equation induced from linearised CF models with the use of exponential ansatz to represent perturbations). This stability criterion has 
been broadly adopted in studies on the characteristics of mixed traffic flow (Talebpour and Mahmassani, 2016; Xie et al., 2018) 
bringing more insight for the understanding of connected environment. Recently, Montanino and Punzo (2021) revisited this stability 
criterion and pointed out its limitation in finite-length platoon. In addition, as per Sun et al. (2018), the stability criterion derived from 
different methods may be inconsistent with each other. In this context, we attempt to examine the theoretical stability analysis of 
heterogenous traffic with Laplace transform based method in this study and measure the impact of CV-CF model with different 
compliance levels on the mixed traffic flow. 

Furthermore, human factors are critical in revealing the CF behaviour and explaining many complex traffic phenomena, such as 
vehicle crash and traffic oscillation, in both the traditional and connected environments (Sharma et al., 2017; van Lint and Calvert, 
2018). The connected technology can alter driver behaviours, positively or negatively. Although driver compliance to information has 
been incorporated in the CV-CF model, some other common human factors such as time delay, estimation error and driver capability 
were omitted for simplicity, despite that these human factors also play an important role in the human-driven CV. Therefore, another 
motivation of this study is to extend the CV-CF model by considering additional human factors and testify their impact on traffic 
stability and oscillation based on the extended CV-CF model. More specifically, we respectively incorporate the time delay and esti
mation error into the model and probe the effect of different human factors on the stability and oscillation characteristics of the CV-CF 
model. In summary, the main contributions of this paper are as below:  

• We have investigated the stability properties of a newly proposed CF model for connected vehicles both theoretically and 
numerically, which is a challenging task due to the complicated mathematical forms and different levels of compliance considered 
in this new CV-CF model;  

• We have derived the stability criterion of heterogenous traffic with the Laplace transform based method, and analysed the impact of 
different levels of connectivity (communication delay or loss) and their penetration rates on the mixed traffic flow;  

• We have extended the CV-CF by considering time delay and estimation error and investigated the new models’ stability and 
oscillation features. 

The remainder of this paper is organised as follows: in Section 2 we introduce the CV-CF model with driver compliance and study its 
stability; in Section 3 we develop the theoretical stability criterion for the mixed traffic; in Section 4 and Section 5, we explore the 
impact of time delay and estimation error on the CV-CF model’s stability, respectively; and finally in Section 6 we summarise and 
discuss the main findings of this study. 

2. Stability analysis of CV-CF model 

Driver compliance is a key human factor that should be considered in the connected environment. As stated before, although the 
modelling of CV’s CF behaviour has been widely studied, most of the CF models for CVs assume that the driver fully complies with the 
provided information, which is not realistic in real world. We thus first introduce the CV-CF model that incorporates the driver 
compliance in Sharma et al. (2019a) and then study its stability in this section. 
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2.1. CV-CF model with driver compliance 

In the CV-CF model, it is assumed that a driver’s compliance depends on the observed time gap1 (spacing divided by speed, 
excluding vehicle length) at the time of information display (Sharma et al., 2019a). As time gap decreases, drivers comply more and 
vice versa. Thus, the usefulness of the provided information increases with the time gap decreases. The compliance of a driver in 
response to the information is categorised as low compliance, or high compliance levels. Different compliance levels mean that drivers 
weight provided information differently within a subjective headway range, as high compliance weights more with smaller time gap 
and low compliance wights more with larger time gap. The complete compliance level utility is thus defined based on the Prospect 
Theory as a product of usefulness and weight (Complianceutility = usefulness× weight). (In terms of using the Prospect Theory to model 
traditional CF behaviours, please refer to nice papers by Prof Hamdar and his colleagues (Hamdar et al., 2020; Hamdar et al., 2008; 
Talebpour et al., 2011).). 

The usefulness denotes how useful an information is to a driver, whereas the weight denotes how much a driver weighs the in
formation at different compliance levels. The usefulness value associated with the observed time gap is V(hobs) and is calculated using 
usefulness value function which describes the inverse proportionality between the observed time gap and the usefulness value as 
shown in Eq. (1). 

V(hobs) =
1

(1 + eλ(αhobs − 1))
(1) 

where λ and α are the parameters that govern the shape of the function, and hobs is the observed time gap at a given time. 
Similar to the probability weighting element of the Prospect Theory, it is hypothesised that a driver overweighs the warning in

formation when the time gap is small (due to high risk) and underweights it when the time gap is large. The magnitude of the weight at 
a particular compliance level is governed by the probability of the observed time gap falling in the time gap range of that level. The 
probabilities that an observed time gap will fall under low and high compliance time gap ranges are represented by PLC and PHC, 
respectively, and the corresponding weights are WLC(PLC) and WHC(PHC) which are calculated using weighting functions same as 
Prospect Theory weighting function. The weighting functions and the probability that an observed time gap falls in a driver’s 
compliance range are given by Eqs. (2)–(5), respectively. 

WLC(PLC) =
PLC

γ

(PLC
γ + (1 − PLC)

γ
)

1/γ (2)  

PLC = min
(

hobs

hmax
, 1
)

(3)  

WHC(PHC) =
PHC

γ

(PHC
γ + (1 − PHC)

γ
)

1/γ (4)  

PHC = min
(

hmin

hobs
, 1
)

(5) 

where γ is the shape parameter. As hobs increases and approaches to hmax, the low compliance weight increases and approaches to 1, 
while as hobs decreases and approaches to hmin, the high compliance weight increases and approaches to 1. 

Therefore, the compliance utilities of low and high compliance levels are obtained as below: 

U(hobs, i) = V(hobs)Wi(Pi) (6) 

where i represent the compliance level and is equal to LC for the low compliance, and HC for the high compliance. The maximum 
utility is denoted by U that ranges from 0 to 1, with U = 0 representing no compliance and U = 1 representing the full compliance. 

The compliance with information leads to change in CF behaviour in the connected environment. A comparison of microscopic 
traffic flow parameters (e.g., average headway, average spacing, average speed, fluctuations in speed and spacing) between the 
traditional and connected scenarios from the driving simulator experiments revealed that, vehicles’ headway increases and acceler
ation behaviour becomes more stable in the connected scenario. As the time gap and headway are directly proportional to each other, 
thus, the time gap parameter in CF models is multiplied with 1+U(hobs) to accommodate the impact of driver compliance with 
continuous information (Sharma et al., 2019a). It should be noted that this CV-CF model do not consider drivers who might maintain a 
lower time gap in the connected environment which is a limitation of the model. This heterogeneity in the time gap maintaining 
behaviour will be incorporated in future studies. 

For the purpose of illustration, and while other CF models can be applied by following the same process, intelligent driver model 
(IDM, Treiber et al., 2000) is selected to integrated with compliance utility function as CV-IDM, due to two main reasons: (i) IDM is 

1 Note that in the original paper, observed time headway is used since the information/warnings were provided/triggered based on space 
headway rather than space gap. To be more realistic and consistent with the basic CF model in this study, i.e., IDM, where the observed space gap 
and desired time gap are used, we modify the observed time headway with observed time gap. 
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widely used in the literature, and is capable of satisfactorily reproducing many characteristics of traffic flow, in particular, the stop- 
and-go oscillation characteristic; and (ii) the model’s stability is also analysed in the literature (Ngoduy, 2013; Ngoduy, 2015; Sun and 
Sun, 2018; Sun et al., 2018, 2020; Treiber and Kesting, 2013). 

an(sn, vn,Δvn) = a

[

1 −
(

vn

v0

)δ

−

(
s*

sn

)2
]

(7)  

s* = s0 +(1+U(hobs, i) )Tvn −
vnΔvn

2
̅̅̅̅̅
ab

√ (8) 

where v0 is the desired speed; s*
n(t) is the desired gap; s0 is the minimum gap in the standstill situation; T is the desired time gap; a is 

the maximum acceleration; b is the comfortable deceleration; and δ is free acceleration exponent. The default parameters of the CV-CF 
model are presented in Table 1 unless stated otherwise. 

It is noted that Sharma et al. (2019a) proposed a connected vehicle driving strategy that describes driver’s behaviour in response to 
a continuous information and advanced event triggered information, and consequently has two components. This study focuses only 
on the continuous information component for mainly three reasons: 1) the event-triggered information is provided only in a specific 
scenario-leader braking hard, while the continuous information is provided all the time. The CV-CF model works with the continuous 
information component most time without the influence of event-triggered information, as the majority of existing models for con
nected and/or automated vehicles do. 2) As the linear string stability focuses on the stability characteristics of a system under the 
influence of a small perturbation, it requires that the platoon is only experiencing small disturbances (e.g., 1 m/s2 deceleration for 3 s) 
which naturally does not involve the event-triggered information. 3) the simplified CV-CF model has been used in several recent 
studies, e.g., Jia et al. (2021); Rahman et al. (2021); Sharma et al. (2021) for the investigation of traffic flow characteristics in a 
connected environment, and the soundness of this simplification has been clearly demonstrated. For more details of the original CV-CF 
model, please refer to Sharma et al. (2019a). 

With two classes of driver compliance for CV, low compliance-IDM (LC-IDM) and high compliance-IDM (LC-IDM) could be 
developed separately, by deploying different compliance utility functions. The stability of the two models will be analysed in detail in 
the next subsection. 

2.2. Stability of CV-CF models 

According to the literature (Sun et al., 2018; Treiber and Kesting, 2013; Wilson, 2008; Wilson and Ward, 2011), there is a general 
string stability criterion for basic CF models (without considering any time delays), as shown in Eq. (9): 

1
2
−

fΔv

fv
−

fs

f 2
v
> 0 (9) 

where fs =
∂f
∂s |e, fv =

∂f
∂v |e, fΔv =

∂f
∂Δv |e are the Taylor expansion coefficients of the acceleration function at the steady state in terms of 

different variables after the first-order linearisation. 
CV-IDM’s stability criterion can be constructed by using its Taylor expansion coefficients, as shown in Eqs. (10)–(12) according to 

this string stability criterion. 

fs = − 2a
(

s0 + (1 + UT(he))Tve

se

)
(s*)

′
sse − (s0 + (1 + UT(he))Tve)

s2
e

(10)  

fv = − a

[
δ
v0

(
ve

v0

)δ− 1

+
2(s0 + (1 + UT(he))Tve)(s*)

′
v

s2
e

]

(11)  

fΔv =

̅̅̅
a
b

√
ve

se

s0 + (1 + UT(he))Tve

se
(12) 

where ve and se denote the equilibrium speed and the equilibrium spacing in homogenous traffic, respectively, and he denotes the 
equilibrium time gap he = se

ve
; (s*)

′
s, (s*)

′
v are distinct for LC-IDM and HC-IDM models as shown in Eqs. (13)–(14) and Eqs. (15)–(16), 

Table 1 
Default parameters of the CV-CF model.  

Desired speed v0 120 km/h lambda λ 6 

Desired time gap T 1 s alpha α 0.2 s− 1 

Minimum gap s0 2 m gamma γ 0.65 
Acceleration a 1 m/s2 Minimum time gap hmin 1 s 
Comfortable deceleration b 1.5 m/s2 Maximum time gap hmax 10 s 
Acceleration exponent δ 4   
Vehicle length l 5 m    
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respectively, since the time gap probabilities are different for them. For conditions that hobs > hmax for LC-IDM and hobs < hmin for HC- 
IDM, we can simplify the stability criteria Eqs. (10)–(16) with Pe = 1, which is not presented here for the purpose of concise. 

(s*)
′
s,LC = Tve

⎛

⎜
⎜
⎜
⎜
⎜
⎝

− eλ(αhe − 1)λα
(
1 + eλ(αhe − 1) )2ve

Pe
γ

(Pe
γ + (1 − Pe)

γ
)

1/γ +
1

(1 + eλ(αhe − 1) )
1

hmaxve
×

γPe
γ− 1
(
(Pe

γ + (1 − Pe)
γ
)

1/γ
)
− 1/γPe

γ(Pe
γ + (1 − Pe)

γ
)

1/γ− 1
(γPe

γ− 1 − γ(1 − Pe)
γ− 1

)

(Pe
γ + (1 − Pe)

γ
)

2/γ

⎞

⎟
⎟
⎟
⎟
⎟
⎠

(13)  

(s*)
′
v,LC = (1+UT(he) )T +Tve

⎛

⎜
⎜
⎜
⎜
⎜
⎝

eλ(αhe − 1)λαse
(
1 + eλ(αhe − 1) )2v2

e

Pe
γ

(Pe
γ + (1 − Pe)

γ
)

1/γ −
1

(1 + eλ(αhe − 1) )
se

hmaxv2
e
×

γPe
γ− 1
(
(Pe

γ + (1 − Pe)
γ
)

1/γ
)
− 1/γPe

γ(Pe
γ + (1 − Pe)

γ
)

1/γ− 1
(γPe

γ− 1 − γ(1 − Pe)
γ− 1

)

(Pe
γ + (1 − Pe)

γ
)

2/γ

⎞

⎟
⎟
⎟
⎟
⎟
⎠

(14)  

(s*)
′
s,HC = Tve

⎛

⎜
⎜
⎜
⎜
⎜
⎝

− eλ(αhe − 1)λα
(
1 + eλ(αhe − 1) )2ve

Pe
γ

(Pe
γ + (1 − Pe)

γ
)

1/γ −
1

(1 + eλ(αhe − 1) )
hminve

s2
e

×

γPe
γ− 1
(
(Pe

γ + (1 − Pe)
γ
)

1/γ
)
− 1/γPe

γ(Pe
γ + (1 − Pe)

γ
)

1/γ− 1
(γPe

γ− 1 − γ(1 − Pe)
γ− 1

)

(Pe
γ + (1 − Pe)

γ
)

2/γ

⎞

⎟
⎟
⎟
⎟
⎟
⎠

(15)  

(s*)
′
v,HC = (1+UT(he) )T +Tve

⎛

⎜
⎜
⎜
⎜
⎜
⎝

eλ(αhe − 1)λαse
(
1 + eλ(αhe − 1) )2v2

e

Pe
γ

(Pe
γ + (1 − Pe)

γ
)

1/γ +
1

(1 + eλ(αhe − 1) )
hmin

se
×

γPe
γ− 1
(
(Pe

γ + (1 − Pe)
γ
)

1/γ
)
− 1/γPe

γ(Pe
γ + (1 − Pe)

γ
)

1/γ− 1
(γPe

γ− 1 − γ(1 − Pe)
γ− 1

)

(Pe
γ + (1 − Pe)

γ
)

2/γ

⎞

⎟
⎟
⎟
⎟
⎟
⎠

(16)  

2.3. Stability analysis results 

To compare the stability between IDM and CV-IDM, we plot the stability regions to illustrate the stability conditions for different 
models by varying desired time gap T and maximum acceleration a while fixing other parameters as per Sun et al. (2018). It is worth 
noting that solving the equation of the equilibrium spacing and speed with respect to time gap for CV-IDM is non-trivial and can be only 
done numerically, we calculate the stability of 1600 combinations of desired time gap (0.1–4 s) and maximum acceleration (0.1–4 m/ 
s2) for LC-IDM and HC-IDM, while other parameters are default. 

As we can see from Fig. 1, the stability is improved for both LC-IDM and HC-IDM compared to IDM, while HC-IDM is much more 
stable than LC-IDM, especially when desired time gap is between 0.5 and 2 s, a range that covers the majority of human-drivers. 
Meanwhile, the improvement of its stability is negligible for LC-IDM when desired time gap is smaller than 2 s. Such finding re
veals the important role of driver compliance to the information in the connected environment: a higher compliance of drivers to the 

Fig. 1. Theoretical stability regions for CV-IDMs (The solid line denotes the boundary of the theoretical criterion for IDM; the points denote the 
theoretical string unstable parameter sets for CV-IDMs.). 
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received information brings a higher stability. 
To validate the theoretical results of CV-IDMs, we conduct numerical simulations of the two models by introducing a small 

disturbance to a platoon of vehicles to see how the disturbance evolves over vehicles (if the disturbances strictly decrease along the 
platoon, the platoon is string stable; otherwise, it is string unstable). Following the setup in Sun et al. (2018), a platoon of identical 
vehicles enters a very long, single-lane straight road and quickly reach the equilibrium state, driving at the same speed (10 m/s or 36 
km/h) with the corresponding equilibrium gap. At t = 60 s, a disturbance is introduced to the first leading vehicle by forcing it to first 
decelerate and then accelerate for the same time duration (for the sake of simplicity, in this study, the first vehicle decelerated with 1 
m/s2 for 3 s and then accelerated with 1 m/s2 for 3 s, thus the magnitude of the disturbance is 3 m/s). After experiencing the 
disturbance, vehicles converge to the original equilibrium state. 

In each simulation step, the following vehicles move forward according to the CV-IDMs, while the speed and position of vehicles are 
updated with the trapezoidal rule, as shown in Eqs. (17) and (18) (Treiber and Kanagaraj, 2015). The speeds of vehicles are collected 
for analysing the platoon’s stability, as the disturbance is denoted as the absolute speed deviation from the equilibrium speed. 

vn(t+ΔT) = vn(t)+
1
2
(
an(t) + an(t + ΔT)

)
ΔT (17)  

xn(t+ΔT) = xn(t)+ vn(t)ΔT +
an(t)(ΔT)2

2
(18) 

Based on the results for all the simulation runs, we plot the stability regions of HC-IDM and LC-IDM as shown in Fig. 2. The dots 
represent the string unstable parameter sets from simulation for CV-IDMs. Compared to the theoretical results as shown in Fig. 1, we 
know that the simulation results are highly consistent with the theoretical results, which accords with the result in Sun et al. (2018) 
that the consistency between theoretical results and simulation results for models without time delay is very high (above 98%). 

Notably, although the CV-CF models can largely improve the stability, the results induced from the equilibrium flow show that the 
theoretical maximum capacity will be reduced, which is one potential limitation of the model. However, as the experiments from 
Sharma et al. (2021) suggest that in a realistic traffic oscillation scenario, the CV-CF models will enhance the traffic efficiency in a 
mixed traffic flow of both traditional and connected human-driven vehicles. This implies that better stability is beneficial for the traffic 
efficiency in congested flow. Nevertheless, readers should also have a careful look at the traffic efficiency impact when applying the 
CV-CF models, especially in equilibrium flow. More in-depth investigations for the relationship between stability and efficiency is 
needed in future research. For example, some simple yet efficient control strategies, such as improving the responsiveness of vehicles 
by increasing the maximum acceleration parameter of IDM, can be applied to improve both the stability and efficiency of traffic flow. 

3. Stability analysis of mixed traffic flow 

Given that different compliance levels of CVs will coexist with traditional human-driven vehicles in the near future, it is critical to 
analyse the stability of the mixed traffic flow. Despite that a stability criterion of heterogenous traffic using the characteristic equation 
based method has been proposed by Ward (2009) and Ngoduy (2013), considering the potential discrepancy between stability cri
terions derived from different methods, in this section, we revisit the theoretical stability analysis of heterogenous traffic using the 
Laplace transform based method and evaluate the influence of CV’s compliance level on the mixed traffic flow. 

Fig. 2. Stability regions from simulation for CV-IDMs (The solid line denotes the boundary of the theoretical criterion for IDM; the points denote the 
string unstable parameter sets from simulation for CV-IDMs; the magnitude of the disturbance in this scenario is 3 m/s: the first vehicle decelerated 
with 1 m/s2 for 3 s and then accelerated with 1 m/s2 for 3 s.). 
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3.1. Laplace transform based method for mixed traffic flow 

As per Sun et al. (2018); Treiber and Kesting (2013), to be string stable the perturbation (i.e. the spacing/speed deviation from the 
equilibrium spacing/speed that is used as the indicator) needs to strictly attenuate for each leader–follower pair as it propagates along 
a platoon where vehicle n follows vehicle (n-1), as formulated in Eq. (19): 

‖ε1‖∞> ‖ε2‖∞> ⋯ > ‖εk‖∞ > ⋯ > ‖εn‖∞ (19) 

where ‖εk‖∞ = maxt |εk| is the maximum magnitude of the kth vehicle’s perturbation within infinite time. It is unstable if any 
leader–follower pair in the platoon is not satisfied. 

To obtain the stability criterion, Laplace transform can facilitate the string stability analysis of a system by transforming the system 
from the time domain to the frequency domain (Orosz et al., 2011; Orosz et al., 2010; Sun et al., 2018). The relationship of the 
perturbation between two consecutive vehicles in the frequency domain is: 

G(s) =
En(s)

En− 1(s)
=

sfΔv + fs

s2 − s(fv − fΔv) + fs
(20) 

where En(s) is the Laplace transform of εn(t). 
We assume a mixed platoon consisted of n types of vehicles (a total of N vehicles) governed by different CF models with proba

bilities of p1,⋯, pk,⋯, pn, with each type contains p1N,⋯, pkN,⋯, pnN vehicles (without the loss of generality, we assume pkN is an 
integer). A platoon is considered as being stable when the perturbations are attenuated when they propagate from the head to the tail 
(the evolution of perturbations within the platoon is ignored), which is also known as weak string stability (Ge and Orosz, 2014; 
Montanino and Punzo, 2021). The head to tail transfer function of perturbations in the frequency domain is: 

Fig. 3. Theoretical stability regions for mixed platoon (the solid line denotes the boundary of the theoretical criterion for IDM; the points denote the 
theoretical string unstable parameter sets for mixed platoon.). 
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G(s) =
En(s)
E1(s)

=
∏N

i=1
Gi(s) = G1(s)p1N⋯Gk(s)pkN⋯Gn(s)pnN (21) 

The necessary and sufficient condition for the head-to-tail string stability is given by |G(iω)|〈1, and by setting s = iω to initialise a 
steady signal in the frequency domain, we have: 

|G(iω)| =
∏n

k=1

⃒
⃒
⃒
⃒
⃒

iωf k
Δv + f k

s

− ω2 − iω(f k
v − f k

Δv) + f k
s

⃒
⃒
⃒
⃒
⃒

pkN

=
∏n

k=1

⎛

⎜
⎝

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

ω2
(
f k

Δv

)2
+
(
f k

s

)2
√

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
f k

s − ω2
)2

+ ω2
(
f k

v − f k
Δv

)2
√

⎞

⎟
⎠

pkN

< 1 (22) 

Given |G(iω) |〉0, by taking the natural logarithm of both sides, the condition becomes: 

ln|G(iω) | =
∑n

k=1

pkN
2

ln
ω2
(
f k
Δv

)2
+
(
f k
s

)2

(
f k
s − ω2

)2
+ ω2

(
f k
v − f k

Δv

)2 =
∑n

k=1

pkN
2

ln

(

1+
ω2
(
f k
Δv

)2
+
(
f k
s

)2
−
(
f k
s − ω2

)2
+ ω2

(
f k
v − f k

Δv

)2

(
f k
s − ω2

)2
+ ω2

(
f k
v − f k

Δv

)2

)

≈
∑n

k=1

pkN
2

⎡

⎣
− ω4 − ω2(

(
f k
Δv

)2
− 2f k

s − 2f k
v f k

Δv)
(
f k
s − ω2

)2
+ ω2

(
f k
v − f k

Δv

)2

⎤

⎦ =
∑n

k=1

ω2pkN
2

⎡

⎣
− ω2 − (

(
f k
Δv

)2
− 2f k

s − 2f k
v f k

Δv)
(
f k
s − ω2

)2
+ ω2

(
f k
v − f k

Δv

)2

⎤

⎦

〈

0 (23) 

Considering that low frequency ω→0 gives the strongest constraint on stability, the stability criterion of mixed platoon is obtained 
as: 

∑n

k=1
pk
(
(
f k
Δv

)2
− 2f k

s − 2f k
v f k

Δv)
(
f k
s

)2 > 0 (24) 

The result is consistent with that in Ward (2009) while it is obtained via the characteristic equation based method. Although 
Montanino and Punzo (2021) pointed out that, in finite-length platoon, there exists errors for the theoretical results because of the 
approximation in the deriving process, we adopt the theoretical criterion in the following subsection for the purpose of simplicity. 

3.2. Stability of mixed traffic flow 

With the general stability criterion of mixed platoon, we examine the stability of mixed platoon of connected vehicles and con
ventional vehicles in this subsection using the stability region described in Section 2.3. The Taylor expansion coefficients of basic IDM 
after linearisation are: 

fs =
2a
se

(
s0 + Tve

se

)2

; fv = − a

[
4
v0

(
ve

v0

)δ− 1

+
2T(s0 + Tve)

(se)
2

]

; fΔv =

̅̅̅
a
b

√
ve

se

s0 + Tve

se
(25) 

An example is shown in Fig. 3, where three cases of mixed platoon are considered, which are 1) mixed platoon of LC-IDM and basic 
IDM, 2) mixed platoon of HC-IDM and basic IDM, and 3) mixed platoon of LC-IDM, HC-IDM and basic IDM. The setup and model 
parameters are consistent with those in Fig. 1. In the first two cases, the penetration rates of CVs and conventional vehicles are the 
same, i.e., p(CV-IDM) = p(IDM) = 0.5, while the penetration rates are p(LC-IDM) = p(HC-IDM) = 0.3 and p(IDM) = 0.4 in the third case. The 
vehicles in the mixed platoon are assumed to be evenly distributed. 

From Fig. 3, we can see that the stability of mixed platoon in all three cases are better than that with homogenous IDM platoon. 
More specifically, as shown in Table 2, compared with homogenous IDM platoon, the stable region of traffic mixed with LC-IDM, HC- 
IDM, and both, increases by 1.75%, 5.19%, and 4.31%, respectively, which indicates that even the partial incorporation of connectivity 
could improve the string stability of platoon, regardless of driver’s compliance level to the received information. However, as 
compared with Fig. 1, the stability of mixed platoon deteriorates with the incorporation of IDM. Particularly, compared with the 
homogenous HC-IDM platoon the stable region of traffic mixed with LC-IDM, HC-IDM, and both, decreases by 6%, 2.56%, and 3.44%, 
respectively; and compared with the homogenous LC-IDM platoon, the stable region of traffic mixed with LC-IDM, HC-IDM, and both, 
decreases by 1.31% and increases by 2.12%, and 1.25%, respectively (which means that the stability of mixed platoons with HC-IDM 
are better than the homogenous LC-IDM platoon). 

It is also worth noting that in the third case of mixed platoon of all types of vehicles, the platoon jointly benefits from LC-IDM and 
HC-IDM. The stability in Fig. 3c increases for the desired time gap under 2.5 s when compared to Fig. 3a (despite being inferior to 
Fig. 3b) and increases for the desired time gap above 2.5 s when compared to Fig. 3b. This is not surprising because LC-IDM tends to 

Table 2 
Differences (%) in stable regions between mixed traffic and homogenous traffic.  

Homogenous 
Mixed traffic 

IDM LC-IDM HC-IDM 

LC-IDM and IDM  1.75%  − 1.31%  − 6.00% 
HC-IDM and IDM  5.19%  2.12%  − 2.56% 
LC-IDM, HC-IDM and IDM  4.31%  1.25%  − 3.44%  
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dominate the stability at higher desired time gap part and HC-IDM tends to dominate the stability at lower desired time gap part. It thus 
demonstrates that the stability of a platoon is determined and constrained by the stability of vehicles within the platoon which could be 
inferred from the stability criterion of Eq. (24). 

To further investisgate the stability of different platoons in terms of different penetration rates of CVs and conventional vehicles, we 
examine the percentage of unstable area in the stability region for the above-mentioned three cases of mixed platoon. The penetration 
rate for basic IDM (conventional vehicles) ranges from 100% to 0, as the penetration rate of CVs increases from 0 to 100%. Regarding 
the third case, for the sake of simplicity, the penetration rates of LC-IDM and HC-IDM are always kept as the same. 

The results for different platoons’ stability are shown in Fig. 4. As we can see in the figure, with the increase of CVs (decline of 
conventional vehicles’ proportion), the percentage of unstable area drops from 0.34 to 0.26 (the homogenous HC-IDM platoon). The 
stability of mixed platoon is enhanced as the penetration rate of CVs increases, particularly in the case of HC-IDM. In addition, as shown 
by the horizontal dashed line in Fig. 4, incorporating only approximately 20% of HC-IDM or 40% of mixed CVs (HC-IDM and LC-IDM) 
can lead to the same amount of stability improvement as with 100% LC-IDM. It further demonstrates that a higher compliance to the 
received information in the connected environment is more beneficial and critical for stability of the whole platoon. 

4. Connected CF model with time delay 

As one of the most important human factors related to driving behaviour, reaction time has been incorporated in CF models since 
the early stage of traffic flow modelling (Chandler et al., 1958; Saifuzzaman and Zheng, 2014). Although reaction time can be 
neglected with the introduction of automated vehicle, for connected and/or automated vehicles, time delay can also come from other 
sources, e.g. delays in sensing, communication, computation, actuation, and etc (Sharma et al., 2019b). More importantly, for human- 
driven connected vehicles, the reaction time and communication delays jointly influence the CF behaviour. Therefore, it is necessary to 
incorporate the time delay into the CV modelling. For the sake of simplicity, here we introduce a constant and identical time delay for 
all variables in CV-IDM to form a time-delayed CV-IDM (TDCV-IDM), as mathematically defined in Eqs. (26–27). In terms of different 
compliance levels, incorporating time delay makes LC-IDM and HC-IDM become time-delayed LC-IDM (TDLC-IDM) and time-delayed 
HC-IDM (TDHC-IDM). 

an(t+ τ) = a

[

1 −

(
vn

v0

)δ

−

(
s*(vn,Δvn)

Sn

)2
]

t

(26)  

s*(t) = s0 +(1+U(hobv) )Tvn −
vnΔvn

2
̅̅̅̅̅
ab

√ (27) 

The stability criterion for time-delayed CF model using the Laplace transform based method is given in (Sun et al., 2018): 

1
2
−

fΔv

fv
−

fs

f 2
v
≥ 0&1+ 2τ(fv − fΔv)+ τ2(

1
2
f 2
v − fvfΔv) > 0 (28)  

4.1. Stability analysis of TDCV-IDM 

Similar to what is presented in Section 2.3, the string stability regions of TDCV-IDMs are drawn for the theoretical result based on 
Eq. (28) with parameters mentioned before and time delay 0.4 s (which is a typical value for CVs (Ngoduy, 2015)), as shown in Fig. 5 
(the theoretical stability boundaries of TD-IDM and CV-IDMs are also plotted for the purpose of comparison). Consistent with TD-IDM 
in Sun et al. (2018), this figure clearly shows the reaction time’s negative impact on the stability of TDCV-IDM, as the stable region is 
significantly reduced compared with that of CV-IDM in Fig. 1, especially when the maximum acceleration is larger than 1.5 m/s2, 
which is probably because of the high-frequency disturbances caused by reaction time (Treiber et al., 2007). It is worth noting that, we 

Fig. 4. Comparison of different platoons’ stability.  
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do not consider the impact of vehicle mechanical lag in this study, while as pointed out by Wang (2018) that it further affects the 
stability distinctly with different disturbance frequencies. 

As shown in Fig. 5, although largely attenuated by the time delay, compared with TD-IDM, the stability of TDCV-IDM is still 
improved thanks to the incorporation of connectivity. Specifically, when the maximum acceleration is smaller than 1.5 m/s2, the 
improvement of stability of TDLC-IDM is small, but becomes more significant when the maximum acceleration is more than 1.5 m/s2; 
when the maximum acceleration is larger than 1.5 m/s2, both TDHC-IDM and TDLC-IDM show significant improvement in stability 
with a subtle difference: as the maximum acceleration increases, the stability improvement of TDLC-IDM tends to increase while the 
stability improvement of TDHC-IDM tends to decline. However, given that human drivers’ comfortable maximum acceleration would 
be smaller than 1.5 m/s2, the TDHC-IDM can benefit more when considering the time delay. 

4.2. Comparison between theoretical and simulation results of TDCV-IDMs 

As per Sun et al. (2018), the consistency between theoretical and simulation results for TD-CF models is easily affected by the time 
delay. It is also important to compare theoretical and simulation results for TDCV-IDMs. Using the same simulation setup as in Section 
2.3, we obtain the stability regions of TDLC-IDM and TDHC-IDM based on simulation results. Fig. 6 is an example of simulation results 
for TDCV-IDMs with the same parameters as in Fig. 5. 

Comparing with Fig. 5, we can see that the consistency between theoretical and simulation results is relatively high for the TDCV- 

Fig. 5. Theoretical stability regions for TDCV-IDMs (the solid line denotes the boundary of the theoretical criterion for TD-IDM; the dashed lines 
denote the approximated boundaries of the theoretical criterion for CV-IDMs; the points denote the theoretical string unstable parameter sets for CV- 
IDMs; τ = 0.4s.). 

Fig. 6. Stability regions from simulation for TDCV-IDMs (The solid line denotes the boundary of the theoretical criterion for TD-IDM; the points 
denote the string unstable parameter sets from simulation for TDCV-IDMs; the magnitude of the disturbance in this scenario is 3 m/s: the first vehicle 
decelerated with 1 m/s2 for 3 s and then accelerated with 1 m/s2 for 3 s; τ = 0.4s.). 
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IDMs when time delay is 0.4 s and the maximum acceleration is larger than 1.5 m/s2. Once the maximum acceleration exceeds 1.5 m/ 
s2, the inconsistency between theoretical and simulation results increases. For both TDCV-IDMs, the theoretical results seem more 
conservative than the simulated ones, as more theoretically unstable parameter-sets become stable in simulation results. Again, 
considering the comfortable acceleration for human drivers, the theoretical results are of practical significance. 

Furthermore, since the reaction time is the critical feature of TDCV-IDMs, we also investigate the impact of different reaction times 
on the consistency of simulated and theoretical string stability results with a fixed disturbance. The consistency of theoretical result 
and simulation result for string stability is evaluated using three indicators (Sun et al., 2018): overall consistency, stability consistency, 
and instability consistency as defined in Eq. (29). For the confusion matrix in Table 3, TP stands for the number of events in which 
theoretical stable points are identical with simulated stable points, FN for the number of events in which simulated stable points are 
identified as theoretical unstable points, FP for the number of events in which simulated unstable point are identified as theoretical 
stable points, and TN for the number of events in which simulated unstable point are identical with theoretical unstable points. 

Overall consistency = (TP+TN)/(TP+FP+FN + TN) (29)  

Stablilty consistency = TP/(TP+FN)

Instablilty consistency = TN/(TN +FP)

The consistency results are presented in Fig. 7. As shown in this figure, the overall consistency first decreases and then increases 
with the increase of reaction time, while the stability consistency drops abruptly when the delay exceeds 0.4 s for TDCV models. With 
respect to the instability consistency, it remains at a high level (above 90%). The results indicate that the time delay have a signifi
cantly negative affect on the theoretical results, as the theoretical results are much less promising when the time delay is comparatively 
large (above 0.4 s). 

4.3. Impact of time delay on stability 

To further quantify the impact of time delay on the TDCV-IDMs’ stability, we compute the percentage of unstable area within the 
previously defined stability region to indicate the models’ instability. Since a high inconsistency between theoretical and simulation 
results exists for large time delay as shown in Fig. 7, both the theoretical and simulation results are obtained and compared in this 
section. With time delay varying from 0.2 s to 1 s, the results of unstable area percentages for both TDLC-IDM and TDHC-IDM are 
presented in Fig. 8. More specifically, Fig. 8a illustrates the theoretical results and Fig. 8b illustrates the simulation results with the 
aforementioned simulation setups. The theoretical and simulation results for TD-IDM are presented as well for the sake of comparison. 

As we can see from Fig. 8, with the increase of time delay, the percentage of unstable area for both TDCV-IDM models steadily 
increases, both in terms of theoretical and simulation results, while the percentage of unstable area in the theoretical result increases 
faster than that in the simulation result, which further demonstrates the negative influence of time delay on stability. While compared 
to TD-IDM, the TDCV-IDM models are always more stable thanks to the incorporation of connectivity. It is worth noting that the 
stability for TDLC-IDM and TDHC-IDM with different time delays changes differently. More specifically, the theoretical results in 
Fig. 8a reveal that when the time delay is lower than 0.5 s, TDHC-IDM is more stable than TDLC-IDM, while the difference between 
TDLC-IDM and TDHC-IDM becomes negligible when the time delay is higher. A similar trend is observed in the simulation results in 
Fig. 8b with the acceptance that the threshold of time delay is 0.6 s and the discrepancy between the two models is more obvious. This 
result is expected since a high compliance to the very delayed information would easily lead to unstable behaviours. This also suggests 
that with a typical time delay of 0.5 s for connected vehicles, the high compliance to received information is not necessarily beneficial 
(sometimes even worse) than the low compliance case. 

In addition, from the comparison of theoretical and simulation results, it shows that the two models are more unstable in simu
lations than theoretically expected in the presence of time delay smaller than 0.4 s, whereas they are more stable in simulation results 
than in theoretical results when the time delay is larger than 0.4 s. 

5. Connected CF model with estimation errors 

While CV is commonly assumed to be able to obtain the accurate information of the leading vehicle, human drivers of CVs can still 
make decision errors that may be attributed to (a) inevitable communication errors in the real world due to faulty devices, commu
nication delay, or loss; (b) drivers making decisions via a combination of received information and own estimation capabilities. Thus, 
further to the possible time delay for CV, we investigate the impact of estimation errors on the stability of traffic flow caused by the 
CV’s imperfect detection and drivers’ inaccurate estimation capabilities in this section. Moreover, despite the existence of estimation 
errors in the connected environment, their amplitudes would be smaller comparing with the conventional environment. We then study 

Table 3 
Confusion matrix.   

Theoretical stable point Theoretical unstable point 

Simulated stable point True positive (TP) False negative (FN) 
Simulated unstable point False positive (FP) True negative (TN)  
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two types of estimation errors by varying the error amplitudes. 
In modelling human-driven vehicles, the time-dependent estimation errors for the space gap and the speed difference to the leader 

are usually incorporated as human factors, as drivers can easily make errors when estimating stimuli. As per Treiber et al. (2006), the 
estimated space gap sest

n is calculated as shown in Eq. (30): 

sest
n (t) = sn(t)eVsws(t) (30)  

ws(t+ΔT) = e− Δt/τ̃ws(t) +
̅̅̅̅̅̅̅̅
2Δt

τ

√

η(t) (31) 

where sn is the actual space gap, Vs is the coefficient of variation and describes the relative standard deviation of sest
n from the true 

value sn, and ws is the Wiener process which describes the temporal evolution of errors in space gap. The estimated relative speed is 
presented as: 

Δvest
n (t) = Δvn(t) + sn(t)rcwΔv(t) (32) 

where rc is the constant standard deviation of the relative approach rate, and wΔV is similar to ws and describes the temporal 
evolution of errors in the leader’s speed; ̃τ is the persistence or correlation time. where η(t) are independent realisations of a Gaussian 
distributed quantity with zero mean and variance σ. 

We incorporate the same estimation error here for developing the connected CF model with estimation errors (EE). CV-IDM thus 
becomes EECV-IDM with sn and vn replaced by sest

n and Δvest
n , respectively, as shown in Eqs. (33)–(34). 

Fig. 7. Consistency results of CV-IDMs.  

Fig. 8. Stability of CV-IDMs with different time delays.  
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an(t) = a

[

1 −

(
vn

v0

)δ

−

(
s*
(
vn,Δvest

n

)

sest
n

)2 ]

t

(33) 

Fig. 9. Oscillation regions from simulation for CV-IDMs and EECV-IDMs (The solid curve denotes the boundary between the theoretical stable area 
and the unstable area for IDM; the points denote different types of oscillation from simulation with EECV-IDMs; the magnitude of the disturbance in 
this scenario is 3 m/s: the first vehicle decelerated with 1 m/s2 for 3 s and then accelerated with 1 m/s2 for 3 s.). 
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s*(t) = s0 +(1+U(hobv) )Tvn −
vnΔvest

n

2
̅̅̅̅̅
ab

√ (34)  

5.1. Oscillation analysis of EECV-IDM 

Due to the absence of a proper stability criterion with the incorporation of estimation errors for EECV-IDM, we can only analyse its 
stability features with simulation. Furthermore, as the estimation error will lead to all unstable cases in the simulation results ac
cording to the conventional stability analysis, we employ the concepts of four types of oscillation proposed in Sun et al. (2020) to 
analyse the characteristics of different EECV models in terms of the resulting congestion severity of traffic flow. These four types of 
oscillation are defined on the basis of oscillation amplitude (the largest speed drop during the deceleration and acceleration period 
(Saifuzzaman et al., 2017)) and speed deviation (the difference of lowest speed from initial equilibrium speed), and include amplitude- 
decay oscillation (ADO), amplitude-ceiling oscillation (ACO), speed-deviation ceiling oscillation (SCO), and speed-deviation growth 
oscillation (SCO). The brief definitions of these oscillations are as follow:  

• Amplitude-decay oscillation (ADO): The oscillation amplitude strictly decays along the platoon.  
• Amplitude-ceiling oscillation (ACO): The oscillation amplitudes of following vehicles are not larger than (i.e. ceiled by) the 

amplitude of the first vehicle.  
• Speed-deviation ceiling oscillation (SCO): The maximum oscillation amplitude of following vehicles exceeds the amplitude of the 

first vehicle, but the speed deviations of the following vehicles are constrained by the speed deviation of the first vehicle.  
• Speed-deviation growth oscillation (SGO): The maximum speed deviation of the following vehicles exceeds the speed deviation of 

the first vehicle. 

The oscillation analysis largely enhance the stability analysis by further distinguishing the unstable region to three oscillation types 
(ADO is similar to the stable region), because traditional stability analysis is on the basis of many unrealistic assumptions (e.g. 
arbitrarily long platoon, long-wavelength instability, and steady oscillation) (Sun et al., 2020). This enables us to understand the 
detailed features of oscillation formation and develop more appropriate operational and control strategies tailored to oscillation 
characteristics and severity. 

5.2. Results of oscillation analysis 

We run the simulation numerically with the same simulation setup as the previous sections and plot the oscillation regions of CV- 
IDMs and EECV-IDMs based on the simulation results. It is worth noting here, similar to stable region, there is extremely rare ADO in the 
simulation results. We thus combine the ADO and ACO as blank and only plot the SCO and SGO in the oscillation region as presented in 
Fig. 9. To study the impact of amplitudes of estimation errors, we also consider two types of estimation errors by varying the variance σ 
of Gaussian distributed independent function η(t) in Eq. (31): σ = 1 for the typical human-driven vehicles (Treiber et al., 2006), and 
σ = 0.5 for smaller estimation errors in the connected environment. 

The oscillation regions of LC-IDM and HC-IDM are first illustrated in Fig. 9a and 9b. Compared with the stability regions of CV-IDM 
shown in Fig. 2, the SCO and SGO are both in the unstable region and the total area of SCO and SGO is much smaller than their unstable 

Fig. 10. Comparison of SGO and SCO regions for CV-IDMs and EECV-IDMs.  
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regions (the area of ACO is very small although not separately considered here), which is consistent with the oscillation analysis results 
of IDM in Sun et al. (2020). Higher compliance is beneficial for the alleviation of congestion level as less SGO area is caused by the HC- 
IDM. 

When incorporating estimation errors, as shown in Fig. 9(c-f), more SCO and SGO forms for the EECV-IDMs and the oscillations 
grow severer as the error amplitudes increase. The oscillation boundaries for all the EECV-IDMs are serrated because of the randomness 
of estimation errors. For both EELC-IDM and EEHC-IDM with σ = 0.5, the oscillation areas remain relatively consistent with LC-IDM 
and HC-IDM when the desired time gap T is less than 1 s. Once T is greater than 1 s, the SCO and SGO areas increase rapidly, especially 
when T is between 1 and 3 s. The same observation can be obtained with larger estimation errors (σ = 1), while the threshold becomes 
0.5 s (i.e., the oscillation areas do not increase substantially if T is less than 0.5 s). Comparing the oscillation areas under different 
estimation errors, we can see that larger errors lead to much severer congestions, as most of the parameter sets for the EECV-IDMs with 
σ = 1 will cause the SCO or SGO, whereas the combined SCO and SGO area are still close to the unstable region with σ = 0.5. Overall, 
the HC models outperform the LC models in the presence of estimation errors. 

To further quantify the impact of estimation errors, we calculate the percentages of SCO and SGO areas in the oscillation region, 
respectively, for all the models. While consistent with the conclusions drawn before, the results presented in Fig. 10 also reveal that the 
increase of SCO regions is larger than that of SGO: the average increase of SGO regions from two CV-IDMs to two EECV-IDMs (σ = 1) is 
0.2 while the average increase of SCO regions is 0.35. This suggests that the estimation errors are more related to the congestion with 
less severity and, in turn demonstrates the necessity of classifying oscillation into these four types as well. 

6. Conclusions 

This paper aims to investigate the stability characteristics of a newly proposed CF model for human-driven CVs which considers the 
driver compliance factor using the Prospect Theory. Specifically, two levels of driver compliance, i.e., low compliance and high 
compliance, were defined and incorporated into IDM. Based on the general stability criterion for CF model without considering any 
time delays, we analysed and compared the theoretical and simulated stability results for CV-IDMs. The results indicate that the CF 
stability is improved with the connected environment, while a higher compliance to the information leads to a higher enhancement of 
the stability. 

In addition, considering the two compliance levels of CVs and mixed traffic flow with conventional human-driven vehicles, we 
studied the stability of heterogenous traffic by deriving the criterion with Laplace transform based method. By comparing the stability 
of different platoon setups in terms of different penetration rates of CVs and conventional vehicles, we further demonstrated that a 
higher penetration of high-compliance CVs in the connected environment is more beneficial for the whole platoon’s stability. 

Moreover, regardless of the driver compliance to the information, we extended CV-IDM by considering two important additional 
human factors, i.e., time delay and estimation error, and investigated the new models’ stability and oscillation features. We first 
evaluated the stability of CV-IDM models with time delays for high compliance drivers and low compliance drivers, respectively, and 
found that the time delay in CV significantly deteriorate the CF stability even in the connected environment. Our simulation results 
imply that the time delay also affects the consistency of theoretical and simulated results. Compared with the models for low 
compliance drivers, with the increase of time delay, the CV-IDM model for high-compliance drivers will become more unstable, and the 
inconsistency between the theoretical and simulated results become larger. 

Finally, we incorporated the time-dependent estimation errors of space gap and speed difference elements into the CV-IDM model 
and analysed the models’ oscillation characteristics resulted from the estimation errors. We found that the estimation errors cause 
more oscillations; and that as the error amplitude increases the oscillations become more severe. However, drivers’ higher compliance 
to the information can still alleviate the congestion severity. 

Given that only human driven CVs were considered and the driver compliances are identical within the same group of drivers in this 
study, potential future directions could be considering the intra-driver compliance heterogeneity in the modelling framework and 
analysing the stability of mixed traffic flow of CVs, automated vehicles and human-driven only vehicles with different platoon spatial 
distributions. 
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