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Abstract 
Based on the Nagel-Schreckenberg model, an improved cellular automaton 
traffic flow model is proposed, in which the random deceleration probability 
of each vehicle is no longer fixed, but is adaptively adjusted according to the 
local traffic density in its vision and its current velocity. The numerical simu-
lation results show that the maximum traffic capacity of the improved model 
under the same parameters is greater than that of the Nagel-Schreckenberg 
model, and is closer to the measured data. In addition, the traffic flow and 
vehicle velocity under different meteorological conditions are simulated by 
using the improved model, and the synchronized flow phenomenon consis-
tent with the actual traffic is reproduced. Meanwhile, the results show that 
under the same parameters, when the traffic density is equal to 0.3, the traffic 
flow of the improved model increases by about 11% compared with the orig-
inal model, and when the traffic density increases to 0.6, the traffic flow in-
creases by about 27%.  
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1. Introduction 

In recent years, the problem of traffic flow has attracted widespread attention of 
the scientific community due to its complex nonlinearity and the non-equilibrium 
phase transition observed in the actual measurement, and has gradually become 
an important subject of current scientific research. There are three kinds of 
models commonly used in traffic flow research: hydrodynamics model based on 
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continuous description, gas-kinetics model based on probabilistic description, 
and cellular automaton model based on discrete description [1] [2] [3] [4] [5]. 

The traffic flow composed of a large number of vehicles is actually a discrete 
system, so it has unique advantages to use the essentially discrete cellular auto-
maton model to describe the actual traffic phenomenon. The cellular automaton 
traffic flow models can flexibly set vehicle operation rules according to the actual 
situation, and have good parallelism, so they have been widely used in the field of 
traffic flow research. Among them, the most famous model is the one-dimensional 
cellular automaton traffic flow model, referred to as NaSch model [6], proposed 
by two German scholars Nagel and Schreckenberg in 1992. 

The NaSch model divides the lane into a one-dimensional lattice chain with 
equal distance, and labels all vehicles from left to right, which are 1,2,3, , N , 
where the position of the ith vehicle is marked as ix , and its velocity is marked 
as iv , and assumes that all vehicles have the same maximum velocity maxv . The 
vehicle motion is updated in parallel according to the following rules. (R1) De-
terministic acceleration, ( ) ( ){ }maxmin 1,1 3i iv t v t v+ = + ; (R2) Deterministic 
deceleration, ( ) ( ) ( ){ }2 3 1mi 3n ,i i iv t d t v t+ = + , in which  

( ) ( ) ( )1 1i i id t x t x t+= − − ; (R3) Random deceleration,  
( ) ( ){ }1 max 1,02 3i iv t v t+ = + − . This behavior occurs with probability p; (R4) 

Updating of position, ( ) ( ) ( )1 1i i ix t x t v t+ = + + . This classic model takes into 
account the stochastic slowing of uncertainty, and shows the phase transition of 
vehicle flow from free moving phase to local blocking phase for the first time, 
which has attracted wide attention from the international academic community. 

2. Model 

Although the developed transportation has brought endless convenience to 
people, it has also increased many security risks. Vehicle overspeed, overload, 
overrun and other behaviors violating the road traffic safety law will lead to fre-
quent traffic accidents. At present, the vast majority of traffic safety accidents 
occur in severe weather conditions (rain, snow, ice on the road, fog, etc.), so it is 
particularly important for every driver to drive safely under the adverse condi-
tions. The impact of adverse weather conditions on driver’s driving behavior 
mainly includes the following three aspects: the first is braking distance and 
braking characteristics; the second is the driver’s vision; the third is the beha-
viors of other traffic participants on the road [7] [8] [9]. 

The real traffic scenario is as follows: when the traffic density in the driver’s 
field of vision is large, the vehicle spacing is small, and the deceleration proba-
bility is large, otherwise, the reverse. The higher the vehicle velocity, the greater 
the probability of accidents between vehicles. Once a vehicle decelerates sud-
denly, it will cause the following vehicles to have no time to decelerate and cause 
accidents. Therefore, the higher the vehicle velocity, the greater the deceleration 
probability. 

So we have reason to believe that there is a certain correlation between the 
random deceleration probability and the traffic density in the driver’s field of vi-
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sion and the velocity of the target vehicle [10] [11] [12] [13] [14]. We assume 
that the correlation function is [ ]maxlp v v βαρ= , in which lρ  is the local traf-
fic density within the driver’s field of vision, l  is the driver’s visual distance, 
α  and β  are adjustable power exponents for different road conditions and 
weather conditions. The value of lρ  is calculated by the formula  

( ) 1

1 x l
l nn xx

l
ρ λ+

= +
= ∑ . Here x is the position of the target vehicle, nλ  is a Boolean  

variable. If the nth lattice is occupied by a vehicle, then 1nλ = , otherwise 
0nλ = . 

We only make one improvement on the NaSch model, that is, replace the 
constant random deceleration probability with the adaptive random deceleration 
probability. Consequently, we need to determine the adaptive random decelera-
tion probability before the evolution rules of the original NaSch. Thus, (R0) 

( ) ( )( ) ( ) maxi l i ip t x t v t v
α β

ρ =      is added to the original NaSch model, in 
which i is the identifier of the vehicle, ( )ix t  and ( )iv t  are its position and 
velocity at time t respectively. The rule R0 here and the rules from R1 to R4 in 
the introduction constitute the whole of the improved model. 

In this simulation, we use a one-dimensional discrete lattice chain with length 
1000L =  to represent a one-way lane. In order to ensure the constant number 

of vehicles on the road, the periodic boundary condition is adopted. Each cell 
corresponds to a road with an actual length of 6 m. Unless otherwise stated, the 
maximum velocity of the vehicle is set to max 5v = , which is equivalent to the 
actual velocity of 108 km/h. 

3. Results 

In this section, we report the impact of adaptive random deceleration on road 
traffic. The common method is to introduce two parameters, namely average 
velocity and traffic flow. The average velocity is given by the calculation formula  

1

1 N
iiv v

N =
= ∑ , in which N is the total number of vehicles on the road. The traffic  

flow is obtained from the calculation formula J vρ= , in which N Lρ =  is 
the global traffic density. We change the deceleration probability values in the 
simulation process by adjusting the values of α  and β , thus affecting the 
change trend of corresponding traffic flow and average velocity. 

Figure 1(a) shows the relationship between average velocity and traffic flow 
of the improved model. Each data point in Figure 1(b) is obtained by averaging 
the measured data within 6 minutes on a highway in California [15]. Comparing 
Figure 1(a) with Figure 1(b), we can find that the maximum traffic flow obtained 
by numerical simulation is very close to the measured data. Obviously, the im-
proved model proposed in this paper can truly reflect the nonlinear relationship 
between velocity and flow in actual traffic. In the initial free flow phase, the traf-
fic density is small, and all vehicles can freely choose the desired driving velocity, 
so the average velocity of the system is roughly equal to the maximum allowable 
velocity. When the traffic density is higher than the critical point, with the 
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Figure 1. The relationship diagrams between average velocity and traffic flow obtained 
from two kinds of different ways. (a) the numerical simulation; (b) the actual measure-
ment. The parameters are set to max 5v = , 30l = , 1.0α =  and 1.0β =  in the left pan-
el. 
 
increase of traffic density, the traffic flow gradually changes from free flow to the 
wide moving jam, and some areas begin to appear blocking, resulting in a rapid 
decline in traffic flow. In the velocity-flow diagram, the curve quickly regresses 
from the maximum flow point to the origin where the velocity and flow are both 
zero. 

In order to visualize the evolution process of vehicles from free movement 
phase to blocking phase, we simulate the relationship diagram between vehicle 
position and movement time during vehicle movement. The simulated spatial 
position range is 200 - 700, and the time step is 10,200 - 10,600. The parameters 
are set to max 5v = , 30l = , 1.0α =  and 1.0β = . 

Figure 2(a) shows the relationship between vehicle position and movement 
time at 0.15ρ = , where a black dot represents a vehicle. The density of vehicles 
on the lane is low, and the traffic flow is in a free flow state. With the increase of 
time, the vehicle moves forward, and the position changes almost linearly with 
time. In order to clearly see the change of vehicle velocity, we draw the evolution 
diagram of vehicle velocity with time, as shown in Figure 2(b). Figure 2(b) shows 
that most vehicles can drive at maximum velocity, but with the passage of time, 
there will be sporadic low-velocity vehicles on the road. The distribution of ve-
hicles is relatively uniform, and there is no static vehicle on the road. 

Each data point in Figure 3(a) is obtained by averaging the respective random 
deceleration probability of each vehicle within 1000 time steps. The statistical 
average value of adaptive random deceleration probability of all vehicles on the 
current lane is equal to 0.127. Figure 3(b) shows the space-time evolution of the 
classic NaSch model with the same parameters. The only difference between the 
current model and the classic NaSch model is that the random deceleration 
probability of the current model is uneven, and their average value is 0.127. In 
the NaSch model, each vehicle has the same random deceleration probability, 
and they all take 0.127. It can be seen from Figure 3(b) that there are some spo-
radic static vehicles on the lane and form some small blocking areas, but they 
soon dissipate and the whole lane is in a state of oversaturation. Comparing 
Figure 2(a) with Figure 3(b), we find that the improved model obtains a more  
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Figure 2. The spatial-temporal diagram (left panel) and the snapshot of velocity evolu-
tion (right panel) of the present model at the traffic density 0.15ρ = . The right panel 
depicts the details of the left panel. Due to the space limitation, the right panel only de-
scribes a small amount of information on the left panel, not all of it. The vehicles are 
moving from left to right. A vehicle is represented by a black dot in the left panel. The ve-
hicle is represented by its velocity value in the right panel, while an empty cell is depicted 
with a blue dot. The time axis is vertical down. Other parameters are set to max 5v = , 

30l = , 1.0α =  and 1.0β = . 
 

 

Figure 3. (a) The statistical average diagram of adaptive random deceleration probability 
of each vehicle in the present model. The statistical average value of adaptive random de-
celeration probability of all vehicles is equal to 0.127. (b) The spatial-temporal diagram of 
the NaSch model for 0.127p =  at the traffic density 0.15ρ = . Other parameter set-
tings in Figure 3(b) are also equivalent to Figure 2(a). The only difference between the 
present model and the NaSch model is that the random deceleration probability in this 
paper is adaptive, while the NaSch model treats each vehicle in a fixed way. 
 
homogeneous space-time evolution diagram under the same parameters, which 
improves the traffic capacity of the road. 

We change the values of α , keep 1β =  unchanged, and obtain a series of 
fundamental graphs, as shown in Figure 4(a). By the way, the fundamental dia-
gram in the traffic flow theory is the common name of the curve of flow chang-
ing with density. The findings suggest that the parameter α  only affects traffic 
flow at medium density, and has little effect on the traffic flow at low and high 
density areas. The relationship curves between average velocity and density un-
der the same parameters are shown in Figure 4(b). The difference of the four 
curves in Figure 4(b) mainly occurs in the low density areas. At the same densi-
ty, the greater the value of α , the greater its average velocity. With the increase 
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of density, the influence of α  on the deceleration probability gradually de-
creases until it disappears, resulting in the final overlap of the four curves. 

Next, we change the values of β , keep 1α =  unchanged, and obtain a series 
of fundamental graphs, as shown in Figure 5(a). When 0β ≠ , the traffic flow is 
not sensitive to the change of β , and the weak impact only occurs in the me-
dium density areas. The relationship curve between flow and density at 0β =  
is obviously different from that at 0β ≠ . In other words, it is impractical to ig-
nore the influence of vehicle velocity in adaptive random deceleration probabili-
ty. The relationship curves between average velocity and density under the same 
parameters are shown in Figure 5(b). In low-density areas, the traffic flow is at 
the stage of unimpeded traffic, and all vehicles are expected to travel at maxi-
mum velocity. However, affected by the adaptive random deceleration probabil-
ity, with the increase of density, the average velocity before the critical point de-
creases slightly, and the average velocity after the critical point decreases sharply. 
The relationship curve between average velocity and density at 0β =  is slightly 
different from that at 0β ≠ . 
 

 

Figure 4. (a) The fundamental diagram obtained by numerical simulation. (b) The rela-
tionship diagram between average velocity and density. Besides the parameter settings on 
the panels, other parameters are set to max 5v = , 30l = , and 1.0β = . 

 

 

Figure 5. (a) The fundamental diagrams obtained by numerical simulation. (b) The rela-
tionship diagrams between average velocity and density. Besides the parameter settings 
on the panels, other parameters are set to max 5v = , 30l = , and 1.0α = . 
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4. Application 

The characteristics of traffic flow are different under different weather condi-
tions. Different weather conditions, such as heavy fog, heavy precipitation, wind 
and snow, dust and other climatic factors, lead to reduced visibility, affecting 
driving velocity and traffic flow [16] [17] [18]. Our proposed model can simulate 
the flow, velocity and vehicle operation status under different weather condi-
tions. Bad weather conditions can easily cause poor vision and narrow vision of 
drivers. In this paper, the impact of visibility on traffic flow and driving velocity 
is quantitatively studied. The parameter setting of the model is as follows: the 
maximum driving velocity will be reduced by 20% for every 30 m of visibility 
reduction. 

The fundamental diagrams under different visibility are obtained, as shown in 
Figure 6(a). Visibility affects the traffic capacity of roads in a large density range. 
Except for high-density areas, the lower the visibility, the weaker the road traffic 
capacity. The relationship curves between average velocity and density under the 
same parameters are shown in Figure 6(b). In low-density areas, there are few 
vehicles on the road, and there is almost no vehicle in the driver’s field of vision. 
The size of visibility does not affect the driving status, and all vehicles can drive 
at the expected maximum velocity. However, affected by the adaptive random 
deceleration probability, with the increase of density, the average velocity before 
the critical point decreases slightly, and the average velocity after the critical 
point decreases sharply. 

Figure 7 shows the relationship between vehicle position and movement time 
at different traffic densities. At the medium traffic density, the spatiotemporal 
evolution diagram of the system is compact and homogeneous, as shown in 
Figure 7(a). There is no congestion area on the lane, and all vehicles can drive at 
a slow velocity. The average velocity of vehicles on the whole lane is about 1.92 
cell/s. However, under this density, the spatiotemporal evolution diagram of the 
NaSch model emerges many ghostly blockages, as shown in Figure 8(a). Besides  
 

 

Figure 6. (a) The fundamental diagrams under different visibility obtained by numerical 
simulation. (b) The relationship diagrams between average velocity and density under 
different visibility. Besides the parameter settings on the panels, other parameters are set 
to 1.0α =  and 1.0β = . 
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Figure 7. The spatial-temporal diagrams obtained from the current model under differ-
ent traffic densities (a) 0.3ρ = . (b) 0.6ρ = . Other parameters are set to max 4v = , 

25l = , 1.0α =  and 1.0β = . 
 

 

Figure 8. The spatial-temporal diagrams obtained from the NaSch model under different 
traffic densities (a) 0.3ρ = . (b) 0.6ρ = . The settings of other parameters are the same 
as those in Figure 7. The values of the random deceleration probability in the NaSch 
model are taken from the statistical averages of the adaptive random deceleration proba-
bility of all vehicles under the corresponding traffic densities in the improved model. 
 
that, at a higher density, the system does not have a expected wide range of con-
gestion, but has emerged a low-velocity synchronized flow consistent with the 
actual traffic [19] [20], as shown in Figure 7(b). The average velocity of vehicles 
on the whole lane is about 0.62 cell/s. In Figure 7(b), the area with slightly 
darker color and uniform texture is synchronized flow. Our proposed model 
makes up for the defect that NaSch model cannot reproduce a large-scale syn-
chronized traffic flow. 

The spatiotemporal evolution diagram of NaSch model is drawn when the 
traffic density is equal to 0.3, as shown in Figure 8(a). At the medium traffic 
density, the driving vehicles are affected by other vehicles, and the degree of free 
movement is reduced. The distribution of vehicle positions is uneven, with dense 
vehicles in some areas and sparse vehicles in some areas. The movement of traf-
fic flow alternates with congestion, which is very similar to the propagation of 
wave crest and wave trough. The average velocity of vehicles on the whole lane is 
about 1.73 cell/s. In addition, the evolution diagram of traffic flow is plotted 
when the traffic density is equal to 0.6, as shown in Figure 8(b). At such a high 
traffic density, the local concentration of vehicles becomes larger, and there are 
large-scale traffic congestions in many areas. Only the vehicles in front of the 
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congestion areas can move, while the rest of the vehicles are waiting, resulting in 
a sharp decline in average velocity. The average velocity of vehicles on the whole 
lane is about 0.49 cell/s. 

Comparing the data from Figure 7 and Figure 8, we find that under the same 
parameters, when the traffic density is equal to 0.3, the traffic flow increases by 
about 11% using our proposed model, and when the traffic density increases to 
0.6, the traffic flow increases by about 27%.  

5. Conclusions 

Based on the classic NaSch model, we consider the difference of random decele-
ration probability of different vehicles, and propose an improved one-dimensional 
cellular automaton traffic flow model. In the improved model, each vehicle is no 
longer assigned the same random deceleration probability in advance, but the 
random deceleration probability is dynamically adjusted according to the local 
vehicle density and the current velocity. The numerical simulation results are in 
good agreement with the measured data, which confirms the feasibility of the 
improved model. 

With the help of our proposed model, the highway capacity under different 
visibility is simulated. The results show that when the global traffic density ex-
ceeds the critical point of the system, the traffic flow will appear a synchronous 
phase of slow driving rather than a large-scale congestion phase, thus improving 
the traffic capacity of the road, which is consistent with the actual traffic. In this 
paper, we only consider the periodic boundary conditions. It can be expected 
that under the open boundary conditions, the model is also effective, and can 
reproduce the nonlinear dynamic behavior in real traffic, which will be the focus 
of our next work. 
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