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Abstract The efficiency of energy consumption of
a battery-powered electric vehicle (EV) is an impor-
tant issue. This paper provides a comprehensive study
on the effects of lateral gaps under non-lane discipline
on the energy consumption for EV traffic stream by
analyzing driving cycles produced by car-following
models. In particular, the energy consumption model
includes travel resistance power loss, motor power loss,
regenerative braking power, and ancillary power loss.
Then, three car-following models are implemented to
evaluate the effects of lateral gaps: the FVDmodel with
no lateral gap, theNLBCFmodel with one-sided lateral
gap, and the TSFVDmodelwith two-sided lateral gaps.
Numerical experiments analyze three scenarios: start
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process, stop process, and evolution process for FVD
model, NLBCF model, and TSFVD model, respec-
tively. Simulation results demonstrate that, although
EVs under the non-lane discipline recuperate more
energy during the deceleration phase, they overall con-
sume more energy than under lane-based discipline.
This study highlights that the characteristic in terms of
lateral distribution of traffic flow may lead to different
energy consumption in EV traffic stream. This study
also provides policy insights that regularizing lane dis-
cipline contributes to the improvement in energy effi-
ciency.

Keywords Car-following model · Electric vehicle ·
Energy consumption · Lateral gaps · Non-lane
discipline

1 Introduction

Compared to combustion-powered vehicles, electric
vehicles (EVs) have better energy efficiency and no
tailpipe emissions on the road. Many governments
worldwide support the uptake of EVs to enhance
energy efficiency, promote environment sustainability,
and improve community livability, especially in devel-
oping countries with dense population urban areas such
as China and India. According to a recent study [1], the
market share of EV can comprise up to 7% of light-
duty vehicles by 2020 due to the improvement of EV
technologies and the increasing public acceptance.
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With the increasing market share of EV, there is the
research need to analyze the EV system performance
in terms of energy consumption under a variety of traf-
fic conditions. Recent studies on this topic focus on the
EV’s energy consumption on a roadwith lane discipline
[2]. However, in many developing countries, lanes may
not be clearly demarcated on a road though multiple
vehicles can travel in parallel. Under this environment,
the notion of a lane does not exist and consequently the
middle of a lane is not meaningful either [3]. Hence,
when an EV travels on a road without lane discipline,
its speed profile and acceleration/deceleration pattern
would be affected by the lateral gaps with vehicles
beside it, resulting in a different energy consumption
pattern. Therefore, it is worthwhile to investigate the
energy consumption of EVs under non-lane-discipline
environment.

The EV energy consumption model investigated
in this study relies on the drive cycles produced by
microscopic traffic flow models. Microscopic traffic
flow models capture the characteristics of traffic flow
through the microscopic variables such as the posi-
tion, velocity, and acceleration/deceleration of individ-
ual vehicle [4–9]. In 1995, Bando et al. [10] proposed
an optimal velocity (OV)-based car-following model
to capture the characteristics of the state evolution
in transportation systems. Later, many OV-based car-
followingmodels have been developed by factoring the
headway difference, velocity difference, acceleration
difference, and the numbers of preceding vehicles sepa-
rately or simultaneously, such as generalized force (GF)
model [11], full velocity difference (FVD) model [12],
multiple ahead and velocity difference (MAVD) model
[13], full velocity and acceleration difference (FVAD)
model [14], and multiple headway, velocity and accel-
eration difference (MHVAD) model [15]. Results from
these car-following models show that the stop-and-go
waves can be captured effectively. However, the mod-
els mentioned above are based on the assumption that
vehicles follow the lane discipline and move in the
middle of the lane. Besides, Jin et al. [16] proposed
a non-lane-based full velocity difference car-following
(NLBCF)model to analyze the impact of the lateral gap
onone side on the car-followingbehavior. Theydemon-
strate that considering the one-sided lateral gap can
improve the stability of the traffic flow. However, there
may be two lateral gaps on either side of the vehicle
on a road without lane discipline. Under this scenario,
the NLBCF model cannot distinguish the right-side or

the left-side lateral gaps. Recently, Li et al. [17] pro-
posed a generalized model which considers the effects
of two-sided lateral gaps of the following vehicle under
non-lane-discipline environment. We label this model
as the two-sided lateral gaps FVD (TSFVD) model
hereafter.

In this study, the scope is restricted to battery-
powered EV. One unique characteristic of EVs is that
it can be equipped with the regenerative braking sys-
tem (RBS), which can recuperate part of energy loss to
recharge battery during the deceleration phase. There-
fore, energy recuperation needs to be measured in EV
energy consumption computation. In this research line,
Wu et al. [17,18] proposed an analytical model of
power estimation according to the fundamental the-
ory of vehicle dynamics and the field data. However,
their model is restricted to an individual vehicle, which
does not consider the impacts of surrounding vehicles
in the same traffic stream. Yang et al. [2] studied the
energy consumption of EVs based on a lane-based car-
following model without considering lateral gaps.

The literature review heretofore illustrates that none
of the previous studies analyze the energy consump-
tion of EV traffic stream under the non-lane-discipline
environment. Therefore, this study focuses on evaluat-
ing the effects of lateral gaps under non-lane-discipline
environment on the energy consumption of EV traf-
fic stream. In particular, we present an energy con-
sumption model for EVs including the travel resistance
power loss, motor power loss, regenerative braking
power, and ancillary power loss. Then, this EV energy
consumption model is applied to three car-following
models to evaluate the impacts of lateral gaps: the FVD
model without lateral gap, the NLBCFmodel with one-
sided lateral gap, and the TSFVDmodelwith two-sided
lateral gaps. Simulation experiments are performed to
investigate the velocity, acceleration/deceleration, and
power consumption profiles of EV traffic stream under
the scenarios of start process, stop process, and evolu-
tion process. Experimental results show that, although
EVs under the non-lane discipline recuperate more
energy during the deceleration phase, they overall con-
sume more energy than lane-based discipline. This
study highlights that the characteristic in terms of lat-
eral distribution of traffic flow may lead to different
energy consumption in EV traffic stream. This study
also provides policy insights that regularizing lane dis-
cipline contributes to the improvement of energy effi-
ciency.
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Fig. 1 Car-following
without lateral gap
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The contributions of this study are summarized as
follows: (1) the proposed model provides the capabil-
ity to analyze the energy consumption at the system
level, i.e., traffic stream, which offers a tool for plan-
ners or engineers to better assess the system perfor-
mance holistically, (2) the study highlights the distinct
impacts of two-sided and one-sided lateral gaps on the
energy consumption of traffic stream under non-lane-
based discipline, and (3) the findings of this study can
also provide insights for transportation decisionmakers
to regularize the traffic stream to follow lane discipline
with respect to energy efficiency.

The rest of this paper is organized as follows. Sec-
tion 2 reviews three car-followingmodels, FVDmodel,
NLBCF model, and TSFVDmodel that will be used to
represent different traffic conditions in this study. Sec-
tion 3 presents an energy consumptionmodel. Section 4
conducts the numerical experiments to compare energy
consumption profiles in the start process, stop process,
and evolution process, respectively. The final section
concludes this paper.

2 Car-following model

2.1 FVD model

For the lane-based scenario in car-following theory as
shown in Fig. 1, Jiang et al. [13] proposed full velocity
difference (FVD) model to capture the characteristic
of vehicular traffic flow considering the velocity dif-
ference between the leading and following vehicles as
follows:

an(t) = k [V (�xn(t)) − vn(t)] + λ�vn(t) (1)

where xn(t), vn(t), andan(t) represent the position (in
m), velocity (in m/s), and acceleration (in m/s2) of
the vehicle n at time t . �xn(t) ≡ xn+1(t) − xn(t) and
�vn(t) ≡ vn+1(t)−vn(t) are the space headway differ-
ence and velocity difference between the leading vehi-

cle n+ 1 and the following vehicle n. k > 0 and k ∈ R

and λ ≥ 0 and λ ∈ R are the sensitivity coefficients.
V (�x) is the optimal velocity function defined in

[12]:

V (�x) = V1 + V2 tanh [C1 (�x − lc) − C2] (2)

where V1, V2,C1,C2 are constant parameters, lc is the
vehicle length and tanh(·) is the hyperbolic tangent
function.

2.2 NLBCF model

Considering the scenario that there is one-sided lateral
gap in the non-lane-discipline road system as shown in
Fig. 2, Jin et al. [16] proposed a non-lane-based full
velocity difference car-following model (NLBCF) as
follows:

an(t) = k
{
V

[
�xn,n+1(t),�xn,n+2(t)

] − vn(t)
}

+ λG
[
�vn,n+1(t),�vn,n+2(t)

]
(3)

where �xn,n+1 ≡ xn+1 − xn,�vn,n+1 ≡ vn+1 − vn
are the longitudinal space headway and the velocity
difference between the leading vehicle n + 1 and the
following vehicle n at time t , respectively. �xn,n+2 ≡
xn+2 − xn,�vn,n+2 ≡ vn+2 − vn are the longitudinal
space headway and the velocity difference between the
leading vehicle n + 2 and the following vehicle n at
time t , respectively.

The functions V [�xn,n+1(t),�xn,n+2(t)] and
G[�vn,n+1(t), �vn,n+2(t)] are represented as follows
[16]:

V
[
�xn,n+1(t),�xn,n+2(t)

]

= V
[
(1 − pn)�xn,n+1(t) + pn�xn,n+2(t)

]
(4)

G
[
�vn,n+1(t),�vn,n+2(t)

]

= (1 − pn)�vn,n+1(t) + pn�vn,n+2(t) (5)

where pn ≡ Lgn,n+1/Lgmax is the effect parameter of
lateral gap. Lgn,n+1 is the lateral gap between vehicle
n + 1 and vehicle n, and Lgmax is the maximal lateral
gap.
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Fig. 2 Car-following with
one-sided lateral gap
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Fig. 3 Car-following with
two-sided lateral gaps
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2.3 TSFVD model

Considering the scenario that there are two-sided lateral
gaps in the non-lane-discipline road system as shown
in Fig. 3, Li et al. [17] proposed a non-lane-discipline-
basedFVDcar-followingmodel considering the effects
of two-sided lateral gaps (TSFVD) as follows:

an(t) = k
{
V

[
�xn,n+1(t),�xn,n+2(t),�xn,n+3(t)

]

− vn(t)}
+ λG

[
�vn,n+1(t),�vn,n+2(t),�vn,n+3(t)

]

(6)

where �xn,n+3 ≡ xn+3 − xn,�vn,n+3 ≡ vn+3 − vn
are the longitudinal space headway and the velocity

difference between the leading vehicle n + 3 and the
following vehicle n at time t , respectively.

The functionsV [�xn,n+1(t),�xn,n+2(t)],�xn,n+3

(t) and G[�vn,n+1(t),�vn,n+2(t)],�vn,n+3(t) are
represented as follows [17]:
Case (i): Lgn,n+1 ∈ [0, 0.5Lgmax]
V

[
�xn,n+1(t),�xn,n+2(t),�xn,n+3(t)

]

= V
[
(1 − 2pn)�xn,n+1(t) + 2pn�xn,n+3(t)

]
(7)

G
[
�vn,n+1(t),�vn,n+2(t),�vn,n+3(t)

]

= (1 − 2pn)�vn,n+1(t) + 2pn�vn,n+3(t) (8)

Case (ii): Lgn,n+1 ∈ [0.5Lgmax, Lgmax]
V

[
�xn,n+1(t),�xn,n+2(t),�xn,n+3(t)

]

= V
[
(2pn − 1)�xn,n+2(t)+2(1− pn)�xn,n+3(t)

]

(9)
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G
[
�vn,n+1(t),�vn,n+2(t),�vn,n+3(t)

]

= (2pn − 1)�vn,n+2(t) + 2(1 − pn)�vn,n+3(t)

(10)

3 Energy consumption model

In this study, we present an energy consumption model
including the travel resistance power loss, motor power
loss, regenerative braking power, and ancillary power
loss.

3.1 Travel resistance power loss Pt

According to basic physics, the required tractive effort
for an EV driving on certain conditions is determined
by four major resistances as described by the following
equation:

F = Fm + Fa + Fr + Ft (11)

where F is tractive effort (in N); Fm, Fa, Fr , Ft are the
forces associated with the acceleration of EV, aerody-
namic drag, rolling resistance and wheel/axle bearing
friction, respectively. And they are given by [18–20]:
⎧
⎪⎪⎨

⎪⎪⎩

Fm = ma
Fa = αv2 = 0.5ρCDA f v

2

Fr = frmg
Ft = bv

Rt

(12)

where m is the vehicle mass (in kg); a is acceleration
(in m/s2); v is the vehicle velocity (in m/s); α is aero-
dynamic resistance constant determined by air density
ρ (in kg/m3), frontal area of the vehicle A f (in m2) and
coefficient of drag CD . fr is rolling resistance constant
and g is gravity acceleration (g = 9.81m/s2); b is the
bearings damping coefficient and Rt is an effective EV
tire radius.

Hence, the travel resistance power loss Pt for EV
with the velocity v can bemeasured using the following
equation:

Pt =
(

αv2 + frmg + bv

Rt

)
· v (13)

3.2 Motor power loss Pm

According to the electricity theory, the power losses
could be described as a product of the square of the

current (I ) and the resistance of the conductor (r).
Therefore, the motor power loss is given by:

Pm = I 2r (14)

On the other hand, the tractive effort F is generated
by the torque of the motor, which can be simplified as
a product of the armature constant (Ka), magnetic flux
(φd), and current (I ):

F = J

Rt
= Ka · φd · I

Rt
(15)

where J (in Nm) is the torque; Ka is the armature con-
stant; φd (in webe) is the magnetic flux; and I (in A) is
the current.

For simplicity, by defining K = Ka · φd and we
obtain:

F = K · I
Rt

(16)

Based on Eqs. (11), (14), and (16), the motor power
loss can be rewritten as [18,19]:

Pm = r · Rt
2

K 2

(
ma + αv2 + frmg + bv

Rt

)2

(17)

3.3 Regenerative braking power Pg

Compared to internal combustion engine vehicles, one
of the most advanced features of an EV is its ability
to capture and store energy through the RBS, which
uses the electric motor to recharge the battery by apply-
ing negative torque to the drive wheels and converting
kinetic energy to electrical energy. The initial kinetic
energy is transformed into electrical energy by the gen-
erator and is then converted into chemical energy by
the battery [20]. The regenerative braking power can
be described as follows [18,19]:

Pg = η · mav (18)

where η is the efficiency of the generator.

3.4 Ancillary power loss Pa

Part of the electricity energy of EV may be consumed
by some vehicle ancillaries. Examples are user-related
systems such as air conditioner, external lights, and
audio, as well as systems necessary to regulate battery
temperature. Thus, the ancillary power loss is given by
[20]:

Pa = Pac + Pbm + Pel + Pau (19)
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Table 1 The values of parameters in the car-following models

Parameter Value Unit

k 0.85 s−1

λ 0.5 s−1

vmax 2.0 m/s

hc 2.0 m

N 11 –

L 500 m

V1 6.75 m/s

V2 7.91 m/s

C1 0.13 m−1

C2 1.57 –

lc 5.0 m

where Pac, Pbm, Pel , Pau are energy consumptions of
air conditioner, battery management, external lights,
and audio, respectively. Note that all of the above ancil-
laries energy consumption are independent of velocity.

Based on the foregoing discussion in Sects. 3.1–3.4,
an EV’s instantaneous power can be measured by:

P = Pt + Pm + Pg + Pa (20)

4 Numerical experiments

To perform the simulations, the values of parameters
used in the car-following and the energy consumption
models are summarized in Table 1 [10–17] and Table 2
[2,18,19], respectively. Moreover, in order to analyze
the effect of lateral gaps on the energy consumption of
EV traffic stream, we compare simulation results based
on FVDmodel without lateral gap, NLBCFmodel with
one-sided lateral gap, and TSFVD model with two-
sided lateral gaps under the start, stop, and evolution
processes, respectively. The initial condition is as fol-
lows. Eleven EVs are distributed in a road with the
equal space headway of 7.4m. The 11th vehicle is the
leading one.

4.1 Start process

The start process is set up as follows. Initially, the traffic
signal is red, and all EVs are waiting behind the signal
with the uniform space headway. At time t = 0 s, the
signal changes to green and the EVs start to move. The

Table 2 The values of parameters in the energy consumption
models

Parameter Value Unit

m 1500 kg

fr 0.015 –

CD 0.3 –

A f 1.8 m2

ρ 1.2 kg/m3

r 0.11 �

η 0.3 –

g 9.81 m/s2

Rt 0.3 m

b 1.0 m

Pa 2.0 kW

leading vehicle starts to accelerate until it reaches the
optimal speed. The other vehicles follow the leading
vehicle to accelerate. Eventually, all vehicles travel at
the same optimal velocity. For comparison, the veloc-
ity, acceleration, and power consumption profiles of
FVD model, NLBCF model, and TSFVD model are
illustrated in Figs. 4, 5 and 6, respectively.

Figure 4 demonstrates that TSFVDmodel with two-
sided lateral gaps is the most responsive, followed by
NLBCF model with one-sided lateral gap, then FVD
model without lateral gap. It indicates that the lat-
eral gap can increase the responsiveness of velocity.
Here, the responsiveness of EV traffic stream means
that vehicles react to accelerate/decelerate quickly. Fig-
ure 5 demonstrates that the magnitude of acceleration
for FVD model is the largest, followed by NLBCF
model, then TSFVD model. Specifically, the maxi-
mum acceleration in TSFVD model is about 3m/s2,
which is less than that of FVD model and BLBCF
model. It shows that lateral gaps reduce the magni-
tude of acceleration. On the other hand, vehicles in
FVD model and NLBCF model start to accelerate one
by one with a transition period. In contrast, vehicles
in TSFVD model start to accelerate in a short time.
Based on Eqs. (13), (17), (18), and (20), the power
consumption is relevant to the velocity and accelera-
tion of EVs. Figure 6 shows that there are three stages
in the power consumption profile for all models. In the
first stage, the power consumption increases sharply
due to the increase in velocity and acceleration. In
the second stage, the power consumption decreases
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Fig. 4 The velocity profile of EV traffic stream starting from a
green traffic signal: a FVD model; bNLBCF model(pn = 0.3);
c TSFVD model (pn = 0.7)

because the acceleration is reduced although the veloc-
ity keeps increasing. In the third stage, acceleration
becomes zero, and the power consumption becomes
stable maintaining the ancillary power usage. Table 3
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Fig. 5 The acceleration profile of EV traffic stream starting from
agreen traffic signal:aFVDmodel;bNLBCFmodel (pn = 0.3);
c TSFVD model (pn = 0.7)

demonstrates that vehicles in FVD model consume the
least energy, and vehicles in TSFVD model consume
the most energy. This is because vehicles in TSFVD
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Fig. 6 The power consumption profile of EV traffic stream start-
ing from a green traffic signal: a FVD model; b NLBCF model
(pn = 0.3); c TSFVD model (pn = 0.7)

Table 3 The total energy of EV traffic stream

Model FVD NLBCF TSFVD

In the start process (106 J) 3.6258 4.1743 4.4702

In the stop process (106 J) 3.2113 3.9070 4.0539

In the evolution process (106 J) 2.8361 2.8422 3.0849

modelwith two-sided lateral gaps accelerate earlier and
thus travel longer distance and consume more energy
than those in FVD model and NLBCF model. There-
fore, considering lateral gaps under non-lane discipline
increases the energy consumption in the start process.
In addition, Fig. 6 shows that the power consumption
starts from a nonzero value, this is because we consider
the ancillary power loss which is a constant value in the
energy consumption model.

4.2 Stop process

The stop process is set up as follows. Initially, the traf-
fic signal is green and all EVs are traveling at the same
constant velocity. At time t = 0s, the signal changes
to red and EVs begin to slow down. The leading vehi-
cle begins to decelerate until it reaches a full stop. The
other vehicles follow the leading vehicle to deceler-
ate. Finally, all vehicles fully stop behind the signal.
For comparison, the velocity, deceleration, and power
consumption profiles of FVD model, NLBCF model,
and TSFVD model are illustrated in Figs. 7, 8, and 9,
respectively.

Figure 7 demonstrates that TSFVD model is the
most responsive, followed by NLBCF model, then
FVD model. This pattern is the same with the start
process, which indicates the lateral gap can increase the
responsiveness of velocity. Figure 8 demonstrates that
the magnitude of deceleration for TSFVD model is the
largest, followed by NLBCF model, then FVD model.
This pattern is opposite to the start process. Specifically,
the maximum deceleration in TSFVD model exceeds
−4m/s2, which is more than that of FVD model and
NLBCF model. It implies that lateral gaps increase
the magnitude of deceleration. In Fig. 9, the value of
power consumption is negative, which implies the bat-
tery is recharged through the RBS during the decelera-
tion phase. There are also three stages in the power con-
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Fig. 7 The velocity profile of EV traffic stream stopping at a
red traffic signal: a FVD model; b NLBCF model (pn = 0.3); c
TSFVD model (pn = 0.7)

sumption profile. In the first stage, the power consump-
tion decreases sharply due to the decrease in velocity
and deceleration. In the second stage, the power con-
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Fig. 8 The deceleration profile of EV traffic stream stopping at
a red traffic signal: a FVD model; b NLBCF model (pn = 0.3);
c TSFVD model (pn = 0.7)

sumption increases. In the third stage, the velocity and
deceleration are zero, the power consumption becomes
stable maintaining the ancillary power usage. Table 3
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Fig. 9 The power consumption profile of EV traffic stream stop-
ping at a red traffic signal: a FVD model; b NLBCF model
(pn = 0.3); c TSFVD model (pn = 0.7)

indicates that vehicles in TSFVDmodel recuperates the
most energy, and vehicles in FVD model recuperates
the least energy.

4.3 Evolution process

In this section, the evolution process combining the
start and stop processes is discussed. The leading vehi-
cle first starts to move from the zero velocity, and then
decelerates to a full stop. The other vehicles follow
the leading vehicle according to FVD model, NLBCF
model, and TSFVD model, respectively. For compari-
son, Figs. 10, 11, and12 show thevelocity, acceleration,
and power consumption profiles.

Figure 10 demonstrates that TSFVD model is the
most responsive, followed by NLBCF model, then
FVD model, which is consistent with the observations
in the start and stop processes. Figure 11 demonstrates
that vehicles in FVD model and NLBCF model start
to accelerate/decelerate one by one with a transition
period. Vehicles in TSFVD model, however, acceler-
ate/decelerate more quickly. In Fig. 12, the energy con-
sumption can be divided into two parts in general: (1)
power consumption during the acceleration phase and
(2) power recuperation during the deceleration phase.
Overall, vehicles in FVD model consume the least
energy in thefirst part, and recuperate the least energy in
the second part. In contrast, vehicles in TSFVD model
consume the most energy in the first part, and recuper-
ate the most energy in the second part.

The total power consumption profile of FVDmodel,
NLBCF model, and TSFVD model in the evolution
process is shown in Fig. 13. Figure 13 demonstrates
that considering lateral gaps under non-lane-discipline
environment will consumemore of total energy. To ver-
ify this point, the values of total energy consumption
of the three different car-following models are shown
in Table 3. Table 3 shows the total energy consumption
of FVD model, NLBCF model, and TSFVDmodel are
2.8361 × 106 J, 2.8422 × 106 J, and 3.0849 × 106 J,
respectively. Note that we give the total energy con-
sumption of the 8 following EVs in the traffic stream
for comparison, because the 9th, 10th, and the 11th
vehicles are the boundary in the TSFVD model.

Based on Sects. 4.1–4.3 discussed above, the main
findings can be summarized as follows: (1) Consider-
ing the effects of lateral gaps, the EV traffic stream con-
sumes more energy in acceleration phase and recuper-
ates more energy in deceleration phase than the case of
without lateral gap. This is because vehicles in the car-
following model under the non-lane-based discipline
reactmore quickly than the lane-based discipline. It can
represent the scenario that drivers operate their vehicles
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Fig. 10 The velocity profile of EV traffic stream evolution: a
FVD model; b NLBCF model (pn = 0.3); c TSFVD model
(pn = 0.7)

more aggressively on a road without lane-discipline.
(2) Considering the effects of lateral gaps, the EV traf-
fic stream is more responsive to accelerate /decelerate.
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Fig. 11 The acceleration profile of EV traffic stream evolution:
a FVD model; b NLBCF model (pn = 0.3); c TSFVD model
(pn = 0.7)

(3) The influence of two-sided lateral gaps is greater
than that of the one-sided lateral gap in the non-lane-
discipline road system.
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Fig. 12 The power consumption profile of EV traffic stream
evolution: a FVDmodel; bNLBCFmodel (pn = 0.3); cTSFVD
model (pn = 0.7)
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Fig. 13 The total power consumption profile ofEV traffic stream
evolution

5 Conclusions

This study analyzes the effects of lateral gaps on the
energy consumption of EV traffic stream based on car-
following models. To evaluate the effects of lateral
gaps, three car-following models, FVD model with-
out lateral gap, NLBCF model with one-sided lateral
gap, and TSFVDmodelwith two-sided lateral gaps, are
used for comparison. An energy consumption model
consisting of the travel resistance power loss, motor
power loss, regenerative braking power, and ancillary
power loss is adopted to study the energy consumption.
Numerical experiments are performed to illustrate the
effects of lateral gaps on the velocity, acceleration, and
energy consumption profiles in the start, stop, and evo-
lution processes.

Simulation results show that, under a road system
without lane discipline, the EV traffic stream consumes
more energy although it can recuperate more energy
back to the battery. The reason is mainly because the
EVs aremore responsive, resulting in a earlier accelera-
tion representing the aggressive driving behavior under
non-lane-discipline environment. It highlights the pol-
icy need to regularize traffic stream to follow the lane
discipline, from the perspective of improving energy
efficiency. In addition, the findings of this study pro-
vide insights into analyzing the formation of EV pla-
toon in the non-lane-discipline road system, consider-
ing the capacity improvement and energy consumption
reduction.
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