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A new reliable cellular automaon (CA) model designed to account for stochasticity in traffic flow induced by hetero-
geneity in driving behavior is presented. The proposed model differs from most existing CA models in that this new model
focuses on describing traffic phenomena by coding into its rules the key idea that a vehicle’s moving state is directly deter-
mined by a driver stepping on the accelerator or on the brake (the vehicle’s acceleration). Acceleration obeys a deformed
continuous distribution function when considering the heterogeneity in driving behavior and the safe distance, rather than
equaling a fixed acceleration value with a probability, as is the rule in many existing CA models. Simulation results show
that the new proposed model is capable of reproducing empirical findings in real traffic system. Moreover, this new model
makes it possible to implement in-depth analysis of correlations between a vehicle’s state parameters.
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1. Introduction
To investigate dynamic traffic flow behavior on road seg-

ments in heavily populated cities, and to obtain a clear un-
derstanding of traffic phenomena, a number of models have
been proposed. These models can be classified into macro-
scopic, mesoscopic, and microscopic models according to
different scales of stepping mechanism. Macroscopic mod-
els, which mainly include fluid-dynamics models[1] and gas-
kinetic-based models,[2] describe traffic in aggregated quanti-
ties. Microscopic models, which mainly include car-following
models[3] and cellular automaton models,[4] focus on describ-
ing the status of each vehicle. At the intersection between
macroscopic and microscopic models, the mesoscopic mod-
elling applies principles of non-equilibrium statistical mechan-
ics to kinetic theory to model the traffic flow.[5] For details on
available traffic simulation methods and tools which can be
used at various modelling levels, the reader can redirect to the
work of Barceló.[6]

Cellular automaton (CA) model in traffic flow simulation
was first proposed by Nagel and Schreckenberg in 1992. Four
step updating rules were developed in NaSch model includ-
ing acceleration, deceleration, random delay, and position up-
date which laid a good foundation for reproducing the phe-
nomenon of real traffic flow.[7] The classic NaSch model is
however, limited in that it cannot reproduce some essential
features of traffic flow such as phase separation and the hys-
teresis effect, etc.[8,9] Kerner therefore proposed a three-phase
theory of traffic,[10] which divides congested traffic into two

phases: synchronized flow and wide moving jams. Many
models based on Kerner’s theory followed,[11–16] and were
able to successfully reproduce the fundamental diagram of
traffic and the spatiotemporal shapes of the different traffic
phases. Moreover, there are many studies on traffic flow be-
havior in different scenarios based on CA models,[17–22] which
all prove that CA models are able to provide considerable in-
sight into traffic behavior and are very promising alternatives
to modeling traffic flow and understanding its behavior de-
spite that different models usually have different advantages
and disadvantages.[23]

The biggest common advantage of CA models is local
rule-based mechanism, which means that vehicles make de-
cisions based on their goals, their current situation, and in-
teractions with their surroundings. This peculiarity ensures
that CA models are able to capture micro-level dynamics.[24]

However, there is a disadvantage of CA models in micro-
level step updating mechanism which received little atten-
tion in the last decades when we look into models’ micro-
level dynamics. Most existing CA models include the rule
that vehicles adjust their velocity directly according to the
headway distance and take into consideration the stochastic-
ity in traffic flow by introducing a certain probability in con-
trol of changes in vehicles’ velocity.[25–27] Consequently, ve-
hicles tend to change speed abruptly, exceeding the real vehic-
ular acceleration/deceleration capabilities and producing er-
ratic acceleration/deceleration behavior.[28] Some CA models
introduce limited acceleration/deceleration capability into the
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CA traffic flow model[29] and set the acceleration and decel-
eration rates to be specific constants with a certain probabil-
ity according to the traffic condition. This setting is able to
overcome the erratic acceleration/deceleration problem. How-
ever, these models are still unrealistic since it is known, from
many observed trajectories in real traffic, that different accel-
erations/decelerations induced by heterogeneity in driving be-
havior usually are continuously distributed random variables
and are highly related to safe distance[30] and relative velocity
between adjacent vehicles.[31,32] In brief, despite plentiful re-
search on CA modelling application, insufficient attention has
been paid to improving models’ fundamental micro-level step
updating mechanism coupling with the consideration of safe
distance and relative velocity between adjacent vehicles. This
motivated the writing of this paper.

In this paper, a new CA model accounting for stochastic-
ity in traffic flow induced by heterogeneity in driving behavior
is proposed for traffic flow, which is both simple and reliable.
Our model also introduces the concept of safe distances to give
a more reasonable upper limit to acceleration of vehicles. The
two main new features introduced are: (i) A vehicle’s moving
state is directly determined by a driver’s action of accelerating
or braking (acceleration of a vehicle), rather than assuming ve-
locity is directly determined by the headway distance; (ii) The
acceleration rate in this model obeys a deformed continuous
distribution function according to the annual research report
prepared for the U.S. Department of Transportation.[33] These
new features make our proposed model more realistic in traffic
flow simulation.

The remainder of this paper is organized as follows. Sec-
tion 2 presents methodology, Section 3 shows the study sce-
nario and Section 4 shows the results and model verification.
Finally Section 5 concludes this paper.

2. Methodology
2.1. Basic settings of the new CA model

The new proposed model is defined on a lattice of length
L, where each cell can be empty or occupied by just one vehi-
cle. The system consists of N vehicles moving in one direction
in a single lane, therefore overtaking and lane changing are not
permitted. The speed of each vehicle can take on one of the
(Vmax + 1) allowed integer values v = 0,1, . . . ,vmax. For sim-
plicity, we only consider one type of vehicle in this paper and
therefore, the same maximum velocity vmax will be used for
all vehicles. ±M denotes the maximum acceleration rate in
quick start (emergency braking). ±µc denotes the comfortable
acceleration (deceleration) rate. ts denotes the time step. xn (t)
and xn+1 (t) denote the location of the vehicle n and n+ 1 re-
spectively at time t. vn (t) and vn+1 (t) denote the velocity of
the vehicle n and n+1 respectively at time t. an (t) denotes the

acceleration of vehicle n at time t. dn(t) denotes the actual dis-
tance between vehicles n and n+ 1, that is the distance from
the front bumper of vehicle n to the rear bumper of vehicle
n+1. dn (t) = xn+1 (t)− xn (t)− lvehicle, where lvehicle denotes
the vehicle length. It is assumed that the position of a vehicle
is denoted by the cell that contains its rear bumper.

2.2. Safety criteria and the distribution function of accel-
eration in the new CA model

A definition of safe distance dsafe is introduced before
considering the micro-level step updating mechanism of the
model. Suppose there are N vehicles in total, denoted by
1,2,3, . . . , i . . . ,N. The safe distance between vehicle n and
n+1, denoted by dsafen(t), can be calculated by

dsafen (t) =
(vn(t)+an(t))divM

∑
i=0

[vn (t)+an (t)− i×M]

−
(vn+1(t)−M)divM

∑
i=0

[(vn+1 (t)−M)− i×M] , (1)

where M is the absolute value of the maximum acceleration
of the vehicles. XdivY is the integer division, meaning that
XdivY = dX/Ye, where “/” is normal division, and dze is the
floor function. The value of dze should be the integer closest
to z, but smaller than z. dsafen(t) depicts a safe distance in the
extreme situation: the preceding vehicle breaks sharply at time
t, while the following vehicle accelerates at a rate an (t). The
following vehicle will become aware of the emergency situa-
tion, and brake sharply at time t +1. In this situation the first
term of the polynomial denotes the distance traveled by the
following vehicle while the second term of the polynomial de-
notes the distance traveled by the preceding vehicle. Thus the
difference, dsafen(t), denotes the safe distance, which means
that these two vehicles must keep at least this distance apart to
avoid a collision. Correspondingly, the value of dsafen(t) can
be recorded as dacc Mn(t) when an (t) = +M, dkeepn(t) when
an (t) = 0 and ddec Mn(t) when an (t) = −M. Suppose that
bn(t) denotes the solution of the following equation if the so-
lution set exists:

dn (t) =
(vn(t)+bn(t))divM

∑
i=0

[vn (t)+bn (t)− i×M]

−
(vn+1(t)−M)divM

∑
i=0

[(vn+1 (t)−M)− i×M] . (2)

Then the interval of the acceleration An (t) can be calculated
by Eq. (3). The lower limit of the acceleration interval contin-
ues to be −M in different situations because it is a common
belief that drivers pay more attention to deceleration than to
acceleration for safety reasons.[34] It is possible for drivers in
real life to maintain a constant velocity or to decelerate even
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when acceleration is allowed due to the heterogeneity in driv-
ing behavior

An (t) =


[−M,+M] , if dn (t)> dacc Mn (t) ,
[−M,bn (t)] , if dkeepn (t)6 dn (t)< dacc Mn (t) ,
[−M,bn (t)] , if ddec Mn (t)< dn (t)< dkeepn (t) ,
{−M} , if dn (t)6 ddec Mn (t) .

(3)

Here bn (t)> 0 if dkeepn (t)6 dn (t)< dacc Mn (t) while bn (t)<
0 if ddec Mn (t)6 dn (t)< dkeepn (t).

According to many previous studies, if a driver decides
to accelerate or decelerate they prefer to use the comfortable
acceleration ±µc.[28] However, there is also a possibility that
the rate of acceleration will deviate ±µc. Considering that a

Gaussian distribution describes the distribution of the acceler-
ation well,[33] a deformed Gaussian distribution is introduced
to describe the distribution of the acceleration because the up-
per limit (lower limit) of the acceleration distribution is a spe-
cific integer value in our CA model, instead of positive infinity
(negative infinity) in normal Gaussian distribution functions.

If X ∼ N(µ,σ2), the distribution function for the random
variable X is

Fs (x) =
1√

2πσ

∫ x

−∞

exp
[
− (t−µ)2

2σ2

]
dt. (4)

The probability density function of the acceleration proposed
in this paper is

f (an(t)) =



1
Fs(M)−Fs(−M)

1√
2πσ

exp
[
− (an(t)−µc)

2

2σ2

]
, an(t) ∈ [−M,M], if dn(t)≥ dacc Mn(t),

1
Fs(bn(t))−Fs(−M)

1√
2πσ

exp
[
− (an(t)−µc)

2

2σ2

]
, an(t) ∈ [−M,bn(t)], if dkeepn(t)≤ dn(t)< dacc Mn(t),

1
Fs(bn(t))−Fs(−M)

1√
2πσ

exp
[
− (an(t)+µc)

2

2σ2

]
, an(t) ∈ [−M,bn(t)], if ddec Mn(t)< dn(t)< dkeepn(t).

(5)

In the above equation, the terms 1/(Fs (M)−Fs (−M)) and
1/(Fs (bn (t))−Fs (−M)) are constant adjustment terms to en-
sure that the integral of the probability density function for
a specified interval equals one. When dn (t) > dkeepn (t), the
mathematical expectation of the distribution is +µc, which il-
lustrates that the vehicle tends to accelerate at a comfortable
rate. Of course, there is a small possibility that the vehicle will
decelerate, since some drivers do not like to accelerate even if
the gap between his/her vehicle and the preceding vehicle is
large enough. When dn (t) < dkeepn (t), the mathematical ex-

pectation of the distribution is −µc, which illustrates that the
vehicle tends to decelerate at a comfortable rate. The vehicle is
not permitted to accelerate in this situation to avoid collision.

The value of acceleration should be a discrete integer in
CA models. Thus, the probability of acceleration, P(an(t)),
can be calculated by Eq. (6). Suppose that the upper limit
(lower limit) of the interval of acceleration is Limitu (Limitl).
From the above analysis we can see that Limitu = M or bn (t)
while Limitl =−M. Suppose that X is an integer in the inter-
val [Limitl,Limitu].

P(an (t) = X) =


∫ min(X+0.5,Limitu)

max(X−0.5,Limitl)
f (an (t))d (an (t)) , here X ∈ [Limitl,Limitu] , if dn (t)> ddec Mn (t) ,

1, here X =−M, if dn (t)6 ddec Mn (t) .
(6)

2.3. Updating rules of the new CA model

One update of the system consists of the following con-
secutive steps.

Step 1 Calculate the interval of acceleration An (t). In this
step, we should obtain the values of dacc Mn (t), dkeepn (t), and
ddec Mn (t). Determine An (t) by comparing the value of dn(t)

with dacc Mn (t), dkeepn (t), and ddec Mn (t).

Step 2 Determine the acceleration of each vehicle an (t).
First, we calculate the probability density function of the
acceleration f (an(t)) and then determine the acceleration
of each vehicle according to the probability of acceleration
P(an (t) = X).

Step 3 Change the velocity of vehicles by calculating
vn+1 (t),

vn (t +1) =

 0, if vn (t)+an (t)< 0,
vn (t)+an (t) , if 0 6 vn (t)+an (t)< vmax,
vmax, if vn (t)+an (t)> vmax.

(7)

Step 4 Realize vehicle movement. Each vehicle moves
forward using its new velocity determined in Step 3:

xn (t +1)→ xn (t)+ vn (t +1) . (8)

Here xn(t) and vn(t) respectively denote the position and ve-
locity of vehicle n at time step t (it is assumed that vehicle
n+1 precedes vehicle n).
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3. Simulation scenario

The simulation scenario used for the simulation study is
described below. We assume that private cars are the only ve-
hicle type for the simulation. According to a previous study,
it is plausible to assume that these moving vehicles occupy
5× 5 cells if the size of one cell is 1 m×0.5 m.[35] The time

step should be set to a driver’s reaction time such that after
a preceding vehicle brakes sharply, the following vehicle will
react by also breaking sharply at the next step. We used a
time step ts of one second, which is an average person’s reac-
tion time.[36] Here the model is defined on a lattice of length
L = 103 m = 103 cells. This simulation scenario is shown in
Fig. 1.

Direction along the road segment

Lateral direction

…

injecting cell

extracting cell

lane segregation

injecting flow extracting flow

vehicle number: n

location: xn↼t↽

velocity: vn↼t↽
acceleration: an↼t↽

vehicle number: n⇁

location: xn⇁↼t↽

velocity: vn⇁↼t↽
acceleration: an⇁↼t↽dn↼t↽

Fig. 1. The simulation scenario in this study.

The speed limit on urban roads in China is 70.00 km/h
when there is only one lane in each direction. For this study,
the maximum velocity is set to be vmax = 90.00 km/h =

25.00 m/s = 25.00 cells/s, considering that the speed lim-
its of some urban highways are usually a little higher
than 70.00 km/h. The maximum acceleration ±M in
quick start (emergency braking) is set to be M (−M) =

5.00 m/s2(−5.00 m/s2) = 5.00 cells/s2(−5.00 cells/s2).[37]

Suppose that an (t)∼ N(µc,σ
2), then σ is set to be 1.00 m/s2

as a case study. σ represents the significant degree of
deviation in the distribution and can be easily modified
if necessary. The comfortable acceleration (deceleration)
±µc is set to be µc(−µc) = 2.50 m/s2(−2.50 m/s2) =

2.50 cells/s2(−2.50 cells/s2) in this study.[28]

4. Results
4.1. Feature diagrams of the system with periodic bound-

ary conditions

Simulation results for a single-lane road segment with pe-
riodic boundary conditions are shown here. The injecting cells
and the extracting cells are coincident in the periodic boundary
conditions. The global density ρ is defined as

ρ = N/L. (9)

N denotes the number of vehicles involved in this system. A
virtual monitoring probe is positioned at the row of the extract-
ing cells. The time-averaged flow q is defined as

q =
1
T

t0+T

∑
t0+1

np(t). (10)

Here np (t) = 1 if a vehicle’s rear bumper arrives at the extract-
ing cell row and the vehicle’s velocity is not zero. This ensures
that the vehicle (veh) will only be counted once, even if it is in
the extracting cell row for continuous time steps.

Initially, the vehicles stop near the injecting cells in a line
and then start up one by one based on the proposed model. In
order to get to a stable state of the system, each simulation,
with different values for density ρ , is conducted for 3.6×103

time steps after a spin-up period of the first 103 time steps.
Flow, velocity, and density are the commonly used parame-
ters which represent the most important macroscopic traffic
characteristics.[38] If the flow is measured in “vehicles/h”, the
relationship between density ρ and flow q, and the correlation
between vehicles’ average velocity and density ρ are shown in
Fig. 2.
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Fig. 2. The fundamental diagram and the correlation between density
and velocity of the proposed model.

The density–flow relationship and the density–velocity
relationship obtained from the simulations of this model are
consistent with the classical and empirical findings obtained
in some other prevalent models such as the BJH model,[37]
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the Slow-to-start model,[39] and the comfortable driving (CD)
model.[40] Our proposed model is also able to reproduce the
hysteresis phenomenon and the three phases (free flow, syn-
chronized flow, and jammed flow) observed in real traffic, as
is shown in Fig. 2. When the density ρ < ρc1, the traffic flow
is in free-flow mode. The critical density ρc1 ∼= 25 veh/km,
which is consistent with various findings in the real world
(∼ 25 (1/km)).[41] When ρc1 < ρ < ρc2, phase separation is ob-
served, and the traffic flow comprises free flow and congested

flow at the same time. As is well known, congested flow in-

cludes synchronized flow and jammed flow. When ρ > ρc2,

free flow disappears and traffic flow is congested.

The spatiotemporal shapes of different traffic phases (free

flow, synchronized flow, and jammed flow) for different simu-

lation scenarios are depicted in Fig. 3. In these scenarios, the

density ρ increases from 20 vehicles/km to 180 vehicles/km,

in steps of 20 vehicles/km.
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Fig. 3. The spatiotemporal shapes of different traffic phases in different densities: (a) 20 veh/km, (b) 40 veh/km, (c) 60 veh/km, (d) 80 veh/km, (e)
100 veh/km, (f) 120 veh/km, (g) 140 veh/km, (h) 160 veh/km, and (i) 180 veh/km.

From Fig. 3, we see that the traffic flow shown in panel (a)
is free, where the flux can be increased along with an increase
in car density ρ . In free flow, the space–time trajectories cor-
responding to different vehicles moving forward can be easily
found. Figure 3(b)–figure 3(i) show congested traffic flow with
jams moving backwards. With increasing densities, jammed
flow gradually pushes out synchronized flow.

To depict the three traffic states (free flow, synchronized
flow, and jammed flow) more clearly, figure 4 describes the
one minute average flux against the density of the proposed
model under periodic boundary conditions. The simulation
data are obtained by a virtual probe. This virtual probe can
record the flux and velocity of the vehicles which pass through
a vertical section perpendicular to the road. We record the flux
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qlocal and average velocity v̄local using the virtual probe and
then calculate the value of the local density by

ρlocal = qlocal/v̄local. (11)

The most important difference between Fig. 2 and Fig. 4
is that figure 2 describes overall traffic conditions using data
points of average values in one hour, while figure 4 describes
the local traffic conditions based on the simulation results in
one minute. It means that data points in Fig. 4 only repre-
sent the situation of one phase or two consecutive phases for
the traffic flow has only moved a short distance. Therefore,
figure 4 can discern between the different traffic phases (free
flow, synchronized flow, and jammed flow) more clearly. The
upper scatter boundary with an average velocity of 90 km/h
represents the free-flow mode while the lower scatter bound-
ary with an average velocity of 3.6 km/h forms the split be-
tween synchronized flow, and jammed flow. Figure 4 shows
that the new proposed model can simulate free flow, light syn-
chronized flow (where the average velocity of vehicles is close
to the free-flow velocity), and heavy synchronized flow at the
same time. As we know, vehicle velocity can vary greatly in
real traffic flow in cities. Vehicles can advance at maximum
velocity when traffic flow is sparse, but can be stopped for pe-
riods of time in jammed traffic. Thus the field of application
of the model needs to be broad enough so as to be capable of
simulating all the scenarios of real traffic flow. In this respect,
the performance of our proposed model is superior to some of
the prevalent models such as CD and MCD models.[40,42] In
CD model, the average velocity of the upper scatter boundary
is 60 km/h which means that the model is not suitable for light
synchronized flow simulation. While in MCD model, the av-
erage velocity of the lower scatter boundary is 24 km/h which
means the model is not suitable for heavy synchronized flow
simulation.
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Fig. 4. One minute average flux against density.

4.2. The correlations between a single vehicle’s state pa-
rameters

We also find that the performance of this proposed model
is more realistic by analyzing the correlations between one ve-
hicle’s different state parameters. A series correlation analysis

of a vehicle’s state parameters was conducted to illustrate the
performance of the proposed model in a more detailed way.

The distributions of the velocity with different headway
distances are shown in Fig. 5. When the headway distance
is 5 m, the distribution of the velocity is asymmetrical with a
small proportion of vehicular velocities exceeding 5 m/s. The
highest velocity in this distribution is 10 m/s, which is consid-
erable since the maximum acceleration in this study is set to
be M (−M) = 5.00 m/s2(−5.00 m/s2). The velocity changes
before the location, so the vehicle with a velocity of 10 m/s
will move forward with a velocity of 5 m/s only if its acceler-
ation is −5 m/s2. The velocity will decrease to 0 m/s as long
as it maintains that acceleration (−5 m/s2). In other words,
this vehicle will theoretically only move forward 5 m when
using the rules in the proposed model, and a potential colli-
sion would be avoided under this assumption. Distributions
of the velocity with other headway distances can be similarly
understood.
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Fig. 5. The distribution of velocity with different headway distances.

The distribution becomes approximately symmetrical and
the axis of symmetry moves gradually in the positive direc-
tion along the “velocity” axis, together with headway distance
increasing (headway = 10 m, 15 m, 20 m). When the head-
way distance is 25 m or 30 m, the velocity distributions be-
come asymmetrical again and present distributions with two
peaks. The second peak is at “velocity = 25 m/s”. The sec-
ond peak becomes bigger with increasing headway distances
which means that with a bigger headway distance, more vehi-
cles can move ahead with maximum velocity.

We use nonlinear curve fitting in OriginPro 9.1 to fit the
obtained data scatter points. In general, the distribution curves
(without the second peak if it exists) fit a Lorentz distribution
well in a discrete state with the following probability density
function

P(v) = p0 +

(
2ϕ

π

)
·

(
w

4(v− vc)
2 +w2

)
. (12)

The values and standard errors of the parameters, and the R-
square values of the equations are listed in Table 1.
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Table 1. The values and standard errors of the parameters in Eq. (12).

Headway/m 5 10 15 20 25 30

p0 value −3.55×10−2 −9.81×10−4 −1.59×10−2 3.83×10−3 3.39×10−3 8.22×10−3

Standard error 1.48×10−2 7.07×10−3 1.08×10−2 8.88×10−3 5.76×10−3 5.42×10−3

vc value 2.53 7.27 11.9 16.0 19.8 21.6
Standard error 0.118 0.101 0.173 0.188 0.143 0.135

w value 6.20 4.15 7.04 5.23 5.93 3.27
Standard error 0.747 0.468 1.03 0.908 0.676 0.510

ϕ value 2.21 1.21 1.70 1.14 1.23 0.797
Standard error 0.354 0.145 0.313 0.218 0.155 0.110

R2 value 0.972 0.959 0.930 0.896 0.952 0.915

From Table 1 we find that vc and headway distance have a
strong positive correlation. vc increases along with an increase
in the headway distance d. This correlation can be represented
with the following equation, where d denotes the headway dis-
tance

vc = 38.6−42.4× e−0.0313·d . (13)

Despite knowing that the average velocity increases with an
increase in headway distance, whether the model can simu-
late details of real traffic flow is worth further exploration. We
first study the correlation between headway distance and av-
erage velocity, with the simulation results grouped according
to the difference in velocity between adjacent vehicles. The
corresponding results are shown in Fig. 6(a). These results
show that the average velocity generally increases with an in-
crease in headway distance, which is in accordance with the
results shown in Fig. 5. When the headway distance is less
than ha1, the average velocity keeps increasing along with the
increase in headway distance. In this process, the average ve-
locity of vehicles is greater if the velocity difference between
the vehicle and the vehicle in front is greater. It is easy to un-
derstand that the distribution of the velocity is certain when
the value of the headway distance is known. Therefore, the
mean value of the velocity can be determined. If a follow-
ing vehicle’s velocity is greater than the vehicle in front, that
following vehicle’s velocity has a higher possibility of being
relatively greater. When the headway distance is larger than
ha1 but smaller than ha2, the average velocity tends towards
25 m/s. With an increase in headway distance, the percentage
of the velocity equaling 25 m/s is higher. When the head-
way distance is larger than ha2, the distribution of the average
velocity is almost determined. If the velocity difference is a
positive value, the average velocity concentrates at approxi-
mately 25 m/s. If the velocity difference is a negative value,
the average velocity concentrates at a value less than 25 m/s.
The mean values of the average velocities are relatively sta-
ble at a certain headway distance which demonstrates that the
proposed model performs well and stably when depicting the
correlation between the headway distance and average veloc-
ity.

We next study the correlation between the headway dis-
tance and the average velocity with the simulation results
grouped according to the acceleration of vehicles. The cor-
responding results are shown in Fig. 6(b). These results show
that the acceleration is greater when the average velocity is rel-
atively slower for a certain headway distance. This is in accor-
dance with reality since in the same environmental condition,
slower vehicles generally have greater motivation to acceler-
ate, to both save themselves some time and because of inter-
actions with adjacent cars. For example, the horn of a rear
vehicle will promote the acceleration of the front vehicle. The
results show that this proposed model performs reasonably and
is in general realistic.
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Fig. 6. The correlation between the headway distance in front of a vehicle
and the average velocity of that vehicle.
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From Fig. 6, it can be seen that when the headway dis-
tance is known, the value of the average velocity will be
slower if the velocity difference is smaller or the accelera-
tion is greater. It seems that a relatively greater (lesser) ac-
celeration and a relatively lesser (greater) velocity difference
both correspond to the same average velocity. Furthermore,
we notice that previous studies have found that the effect of
velocity difference on acceleration is significant from differ-
ent field observation data and experiments.[43] For this reason,
we looked at the detailed correlation between velocity differ-
ence and acceleration. Considering the coupling effect of a
vehicle’s state parameters, including the velocity difference,
headway distance, and velocity, we first constructed a set of
state parameter groups to present the possible discrete values
of headway distance and velocity for a certain velocity differ-
ence. We then calculate the acceleration for this velocity dif-
ference using a weighted algorithm. The weighting factor is
the probability of an occurrence of each state parameter group
in the simulation.

Suppose that ∆v(n) denotes the velocity difference of
vehicle n and vehicle n+ 1; d(n) denotes the headway dis-
tance of vehicle n to vehicle n + 1; v(n) denotes the ve-
locity of vehicle n; a(n) denotes the acceleration of vehicle
n. A state parameter group G∆v,d,v,a is defined as G∆v,d,v,a =

{∆v(k) ,d (k) ,v(k) ,a(k)}k∈{1,2,...,N}. The number of times
that G∆v,d,v,a has appeared in the simulation is denoted by
M∆v,d,v,a. Thus, G∆v,i, j,a denotes a state parameter group where
d (n) = i, (n = 1,2, . . . ,N) and v(n) = j, (n = 1,2, . . . ,N). It is
important to note that d (n) and v(n) are both related to ∆v(n),
here n = 1,2, . . . ,N. Therefore, the possible values of i and j
are both related to ∆v(n) (n = 1,2, . . . ,N). Suppose that Iu∆v

(Il∆v) and Ju∆v (Jl∆v) denote the maximum (minimum) of the
set of i and j. P∆v,i, j,a denotes the probability of the occurrence
of G∆v,i, j,a,

P∆v,i, j,a = M∆v,i, j,a

/
∑

Ju∆v
Jl∆v

(
∑

Iu∆v
Il∆v

M∆v,i, j,a

)
. (14)

Therefore, it is apparent that

P∆v,a = ∑
Ju∆v
Jl∆v

(
∑

Iu∆v
Il∆v

P∆v,i, j,a

)
= ∑

Ju∆v
Jl∆v ∑

Iu∆v
Il∆v

M∆v,i, j,a

/
∑

Ju∆v
Jl∆v

(
∑

Iu∆v
Il∆v

M∆v,i, j,a

)
= 1. (15)

Returning to the study of the correlation between the velocity
difference and acceleration, the mean and standard deviation
of the acceleration are defined by the following equations:

ā∆v = ∑
Ju∆v
Jl∆v

(
∑

Iu∆v
Il∆v

a ·P∆v,i, j,a

)
, (16)

S(a∆v) =

√
∑

Ju∆v
Jl∆v

(
∑

Iu∆v
Il∆v

(a− ā∆v)
2 ·P∆v,i, j,a

)
. (17)

The detailed correlation between velocity difference and ac-
celeration is shown in Fig. 7. The mean value of acceleration

is ā∆v and the value of the positive and negative error bar is
S(a∆v). When the velocity difference is negative with a large
absolute value, the mean of acceleration is around 2.5 m/s2,
which means that most vehicles with a velocity much lower
than the vehicle in front of them tend to accelerate at a com-
fortable rate. This is determined by the rules in the proposed
model. With an increase in velocity difference, acceleration
reduces gradually from being positive to being negative. When
the velocity difference is positive with a large absolute value,
the mean of the acceleration is between−4 m/s2 and−5 m/s2,
instead of −2.5 m/s2. The absolute value of the mean of the
acceleration is less than a comfortable acceleration mainly be-
cause of the possibility of needing to brake urgently if the dis-
tance between two adjacent vehicles is too small, or the pos-
sibility that the vehicle decelerates for any reason, even where
acceleration is permitted.

Acceleration/mSs-2

Velocity difference/mSs-1
0 2 4 6 8 10-2-4-6-8-10

2

4

-2

-4

-6

Fig. 7. The correlation between velocity difference and acceleration of ve-
hicles.

The fitting equation in Fig. 7 is shown in the following:

a∆v =−4.43+
6.84

1+ e(∆v−1.32)/1.49 , R2 = 0.994. (18)

4.3. Model verification

We use data extracted from real traffic flow by other
researchers to verify our proposed model from both macro-
scopic and microscopic perspectives, as shown in Table 2.
The data are a type of single-vehicle processed data obtained
using Autoscope Rackvision Terra, in which velocities and
time-headways of all vehicles passing the equipment can be
recorded. Error correction was performed on the data by
checking the original videos using Tracker software. The error
of every single-vehicle velocity was found to be no more than
1 m/s (3.6 km/h).[44]

Table 2. Two datasets extracted from real traffic flow.

Group Data type Flux/(veh/h)
Average velocity by

Density/(veh/km)
detector/(m/s)

1 1st real dataset 1780 13.1 37.7
2 2nd real dataset 2044 17.0 33.4

The first dataset was derived from empirical video data
on the Nanjing Airport Highway.[45] This highway is the main
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road connecting Nanjing urban areas with Nanjing Lukou Air-
port. There were 40 cameras along the 28-km-long highway
which has two lanes in each direction. The second dataset
was obtained from a large-scale construction project also sit-
uated on the Nanjing Airport Highway. Every day one of the
two lanes was temporarily closed on a 5–10-km-long section
of road. This enabled the collection of empirical single-lane
traffic flow data.[46,47] The speed limit in both traffic scenarios
was 120 km/h (∼= 33 m/s).
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Fig. 8. The comparison of real data sets and the macroscopic perfor-
mance of the proposed model.

We adjusted the maximum velocity in our proposed
model from 25 m/s to 33 m/s to make the simulation condi-
tions same as real traffic scenarios in datasets. A virtual de-

tector was set at the end of the road. Each simulation, using a
certain global density lasted for one minute, and sixty groups
of simulations with the same global density were conducted.
The sum of the fluxes from these sixty groups and the average
velocity of the vehicles that passed by the virtual detector were
recorded. Then the local densities for different fluxes were
calculated using ρlocal = qlocal/v̄local. The correlation between
average velocity and flux, along with increasing global den-
sity in the simulation group is depicted in Fig. 8(a). The cor-
relation between local density and flux along with increasing
global density in the simulation group is depicted in Fig. 8(b).
The results show that the real data sets are consistent with the
macroscopic performance of the proposed model.

The above validation proves that the proposed model is
a competitive CA model. The proposed model can simulate
traffic flow ensuring the authenticity of the features, and is
able to reproduce the empirical findings. Moreover, we found
that the acceleration of a vehicle is mostly influenced by the
velocity difference when the absolute value of acceleration is
not large. This finding is consistent with other studies which
showed that acceleration always has a linear correlation to the
velocity difference when the absolute value of acceleration is
not large.[31,32]

We compare the results produced by our proposed model
with those produced by the SVR driving behavior model. Wei
and Liu depicted the correlation between relative velocity and
acceleration for headway distances of 9 m and 12 m.[31] The
relative velocity is in an interval of [–10, 10] km/h ([–2.78,
2.78] m/s). We therefore analyzed the coupled distribution of
velocity and velocity difference in a case study using our pro-
posed model for headway distances of 9 m and 12 m. The
results are shown in Table 3 and Table 4.

Table 3. Coupled distribution (%) of velocity and velocity difference with headway distance of 9 m.

Velocity difference/(m/s)
Velocity/(m/s)

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 Sum

–6 – 0.12 – – – – – – – – – – – – – 0.12

–5 0.24 0.49 0.61 0.24 0.12 – – – – – – – – – – 1.70

–4 0.12 0.61 1.46 0.85 2.19 0.24 – – – – – – – – – 5.47

–3 – 0.12 1.95 2.19 3.78 4.02 1.46 – – – – – – – – 13.52

–2 – 0.24 – 0.85 2.07 5.36 10.72 1.10 – – – – – – – 20.34

–1 – – – 0.24 2.07 1.83 4.87 7.19 1.34 – – – – – – 17.54

0 – – 0.12 – – 0.97 1.95 3.17 4.99 0.12 – – – – – 11.32

1 – – – – – 0.37 0.85 1.95 2.56 1.46 – – – – – 7.19

2 – – – 0.12 0.12 0.12 0.24 0.85 1.58 1.10 0.85 – – – – 4.98

3 – – – – – – 0.12 0.49 1.46 1.58 1.22 0.85 – – – 5.72

4 – – – – – – – – 0.12 0.61 1.10 0.85 1.95 – – 4.63

5 – – – – – – – – 0.24 0.37 0.49 1.71 1.34 0.61 – 4.76

6 – – – – – – – – – – 0.24 0.37 0.61 0.49 0.49 2.20

7 – – – – – – – – – – – – 0.24 0.24 – 0.48

Sum 0.36 1.58 4.14 4.49 10.35 12.91 20.21 14.75 12.29 5.24 3.90 3.78 4.14 1.34 0.49 100
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Table 4. Coupled distribution (%) of velocity and velocity difference with headway distance of 12 m.

Velocity difference/(m/s)
Velocity/(m/s)

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Sum

–6 – – 0.17 0.34 – – – – – – – – – – – – 0.51
–5 0.17 0.17 0.17 0.34 0.69 0.34 – – – – – – – – – – 1.88
–4 – – – 1.20 0.51 1.03 1.54 0.51 – – – – – – – – 4.79
–3 – – – 0.17 1.20 1.20 2.06 3.95 1.54 0.34 – – – – – – 10.46
–2 – 0.17 – 0.17 0.34 0.69 1.72 3.43 5.49 6.86 1.37 – – – – – 20.24
–1 – – – – 0.17 0.17 0.17 0.69 4.63 6.17 9.78 0.34 – – – – 22.12
0 – – – – – 0.34 0.17 0.34 1.37 1.72 2.57 3.09 – – – – 9.58
1 – – – – – 0.17 – 0.34 0.51 0.86 1.72 2.06 0.51 – – – 6.17
2 – – – – – – 0.17 0.34 0.86 0.34 0.86 1.72 0.34 0.34 – – 4.97
3 – – – – – – – – – 0.17 0.86 0.51 2.06 0.51 0.69 – 4.80
4 – – – – – – – – – – 0.86 1.72 1.03 2.06 1.20 0.51 7.38
5 – – – – – – – – – – – 0.17 0.69 0.17 2.06 0.86 3.95
6 – – – – – – – – – – – – 0.17 0.17 1.03 1.20 5.354
7 – – – – – – – – – – – – – – – 0.17 0.17
8 – – – – – – – – – – – – – 0.17 0.17 – 0.34

Sum 0.17 0.34 0.34 2.22 2.91 3.94 5.83 9.60 14.40 16.46 18.02 9.61 4.80 3.42 5.15 2.74 100

Since, in the proposed model, P∆v,9,6,a and P∆v,12,10,a

are the maximum values in the two groups P∆v,9, j,a ( j =
0,1, . . . ,14) and P∆v,12, j,a ( j = 0,1, . . . ,15) respectively, we
chose state parameter groups G∆v,9,6,a and G∆v,12,10,a to be used
as a contrast. The results are shown in Fig. 9.
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Fig. 9. The model comparison of the proposed model and the SVR
driving behavior model.

The values of acceleration are a little higher than the re-
sults of the SVR driving behavior model, mainly because this
model’s acceleration strategy of allowing a driver to accelerate
as long as there is a safe headway distance, is more radical than
that of the SVR driving behavior model. The results also show
that the proposed model reveals the law that acceleration has a
linear correlation with the velocity difference when the abso-
lute value of acceleration is not, in general, large. Thus, the re-
sults reflect the superiority of the proposed model, in that this
model can present more detailed correlations between state pa-
rameters. The results indicate that the assumption that accel-
eration and deceleration rates can be considered to be constant
in most empirical models, needs to be reevaluated.

5. Conclusion

In this paper, we describe and then analyze a new cellular
automaton (CA) model designed to account for stochasticity
in traffic flow induced by heterogeneity in driving behavior.
The proposed model overcomes two major limitations of many
of the published CA models for traffic modeling. One is the
overdependence on directly changing a vehicle’s velocity in
the model’s updating rules, and the other is the selection of a
discrete constant value for acceleration which does not com-
pletely accord with reality. The proposed model also takes
into account using safe distances to limit the value of accel-
eration to avoid collisions between vehicles. The model still
uses discrete integer values for the state parameters of vehi-
cles in the model simulation. As is well known, the calcula-
tion and execution time of a CA model is proportional to both
the number of vehicles in the system and the number of iter-
ation steps. The calculating and executing efficiency of the
proposed model is (3.18±0.05)×10−3 s/(veh·step) when the
model runs on a computer with central processing unit (CPU)
of Intel(R) Core(TM) i7-7700 HQ CPU@2.80 GHz and ran-
dom access memory (RAM) of 16.0 GB. The high calcula-
tion and execution efficiency makes it possible to conduct real-
time simulations of urban scale traffic scenarios based on this
model.

Simulation results indicated that the new model is a
highly capable model for modeling traffic flow whose perfor-
mance is quite competitive from both macroscopic and mi-
croscopic perspectives. In particular, simulation results for a
road segment with periodic boundary conditions indicated that
the proposed model is capable of reproducing most empirical
findings, including the fundamental diagram which depicts the
three phases (free flow, synchronized flow, and jammed flow),
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and the backward movement of a traffic jam in congested flow.
This model also has a stronger ability to simulate free flow,
light synchronized flow, and heavy synchronized flow at the
same time.

This model can also take apart the detailed coupling cor-
relation between a vehicle’s different state parameters, which
is difficult for other existing CA models. This model is capa-
ble of delineating the distributions of velocity with different
headway distances, the correlation between the headway dis-
tance and the average velocity, and the correlation between
velocity difference and acceleration of vehicles. The proposed
CA model also shows that acceleration has a linear correlation
with velocity difference when the absolute value of accelera-
tion is not particularly large in general which is consistent with
common findings in other models.

We plan to extend our proposed model in future to in-
corporate more realistic urban traffic systems, taking into con-
sideration different types of vehicles and real-time updates of
traffic conditions.
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