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A genetic resampling particle filter

for freeway traffic-state estimation
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On-line estimation of the state of traffic based on data sampled by electronic detectors is important for intelligent

traffic management and control. Because a nonlinear feature exists in the traffic state, and because particle filters have

good characteristics when it comes to solving the nonlinear problem, a genetic resampling particle filter is proposed

to estimate the state of freeway traffic. In this paper, a freeway section of the northern third ring road in the city of

Beijing in China is considered as the experimental object. By analysing the traffic-state characteristics of the freeway,

the traffic is modeled based on the second-order validated macroscopic traffic flow model. In order to solve the particle

degeneration issue in the performance of the particle filter, a genetic mechanism is introduced into the resampling

process. The realization of a genetic particle filter for freeway traffic-state estimation is discussed in detail, and the

filter estimation performance is validated and evaluated by the achieved experimental data.
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1. Introduction

Traffic congestion is becoming a serious problem
in urban road networks, so it is necessary to reinforce
traffic management by advanced technologies. On-line
traffic-state estimation is an important part of traffic
management systems. Many proposed solutions for
estimating aggregated traffic states are based on the
application of the Kalman filter or extended Kalman
filter.! —3! Furthermore, most solutions are under the
assumption of the Gaussian distribution of the noises
and based on the linearization of the state model and
the observation model. However, traffic-state data
show strong nonlinear features, and the Kalman fil-
ter can therefore obtain poor estimation results and
even cause serious filter divergence. The particle filter
is a promising solution to the general nonlinear and/or
non-Gaussian filtering problem.[*=¢ The central idea
of the particle filter is to represent the posterior prob-
ability density functions (PDF) of state by a set of
particles with associated weights, and the estimation
can be computed as the expected value of the discrete
PDF. However, the problem of particle degeneracy ex-
ists in particle filters, that is, only a small number
of particles have large weights, while most particles
will have negligible weights. Then the inference is de-
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graded because it is made by using only a very small
number of particles. Resampling is proposed for the

[l The idea of resampling is to re-

degeneracy problem.
move the particle trajectories with small weights and
replicate the trajectories with large weights. However,
resampling will bring about the loss of particle di-
versity because the important particles are replicated
many times, which reduces the estimation accuracy.
So in order to improve the estimation accuracy, the
problems of degeneracy and diversity should be con-
sidered strongly in the application of the particle filter.
In this paper, by applying the genetic mechanism to
the resampling,[™®! the genetic resampling particle fil-
ter is investigated and proposed to estimate freeway
traffic states. The genetic resampling particle filter
can increase particle diversity firstly based on ensur-
ing the effectiveness of the particles, so it has good
estimation accuracy for freeway traffic states.

The rest of this paper is organized as follows. In
Section 2, the traffic-state characteristics of a freeway
section of the northern third ring road in the city of
Beijing in China are discussed, and the macroscopic
freeway traffic flow model is constructed. In Section
3, the design of a traffic-state estimator is addressed

based on the genetic resampling particle filter algo-
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rithm. In Section 4, experiments are conducted to

evaluate the filter estimation performance, and finally

the main conclusions are summarized in Section 5.

2. The traffic low model of a free-
way

2.1. Description of an example freeway

A freeway section between LianXiangqgiao Bridge
and JiMenqgiao Bridge located in the northern third
ring-road freeway in Beijing is considered for the ex-

segment 1

segment 2

perimental investigations. As shown in Fig. 1, the
whole stretch is divided into three segments with three
lanes, and each segment is 500 m long. Four detectors,
D1, D2, D3, and D4, are used to detect the traffic flow,
speed, and density. The location of D1 and D4 are,
respectively, at the entrance and exit of the stretch,
while D2 and D3 are installed, respectively, at the up-
per and lower boundaries of the related segment. The
traffic data sampling period of each detector is 2 min,
and the representative example of the entrance traffic
state in 3 h between 7:30 AM and 10:30 AM on 13
May 2010 is shown in Fig. 2.
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Fig. 1. (colour online) The layout of the experimental freeway.
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Fig. 2. Entrance traffic-state example.

2.2. The macroscopic traffic flow model
of a freeway

The well-known second-order validated macro-
scopic traffic flow model in the discrete space-time
form is employed to describe the dynamic behaviour
of traffic flow along a freeway in terms of appro-
priate aggregated traffic variables, which are traffic
density, space mean speed, and traffic flow.?=11 In

general, a stretch of freeway is subdivided into a

number of segments (say, N segments) with length
L;, ¢ = 1,2,..., N, while the time discretization is
based on time step T and the discrete time indices
kE=0,1,2,...
off-ramp is in the freeway stretch, so for segment ¢,

In Fig. 2, neither the on-ramp nor

the stochastic nonlinear difference equations of the
second-order macroscopic traffic flow model are sim-
plified as follows:!

di(k+1) = di(k) + %[qi_mk) —g®), )

il +1) = (k) + —[o(di(k)) — vi(b)]

+ invi(k)[vifl(k) — vi(k)]

v(d) = vsexp {; <dd>] : (3)
ai(k) = di(k)vi(k)A; + & (k). (4)

In the functions (1)—(4), the variables and param-
eters are denoted as follows.

(i) Traffic density d;(k) (in (veh/km)/lane) is the
number of vehicles in segment i at time k7T, divided
by the segment length L; and lane number \;.

(ii) Space mean speed v;(k) (in km/h) is the aver-
age speed of all vehicles included in segment 4 at time
ET.
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(iii) Traffic flow ¢;(k) (in veh/h) is the number
of vehicles leaving segment ¢ during the time period
[kT, (k + 1)T], divided by T.

Variables 7, v, k, and a are model parameters
which are given the same values for all segments.
ve denotes the free speed, d., is the critical density,
and a is the exponent of the stationary speed equa-
tion. &Y(k) and &/(k) denote zero-mean Gaussian
white noise acting on the empirical speed equation
and the approximate flow equation, respectively, to
reflect modeling inaccuracies.

The model parameters are normally unknown and
may vary with environmental conditions. However,
the model results are known to be most sensitive to
variations in the free speed, critical density, and ex-

ponent.

2.3. The model of traffic measurement

Consider a traffic-state detector installed at the
boundary of two adjacent segments, as illustrated in
Fig. 2. For the speed of segment ¢, we have the speed

measurement function as

Zj (k) = vi(k) + & (k), ()

where Z?(k) denotes the mean speed measurement
during the time period [(k — 1)T, kT], and &Y(k) de-
notes the corresponding speed measurement noise.

For the density of segment ¢, we have the density
measurement function as

Z3(k) = di(k) + £X(k), (6)

where Z%(k) denotes the mean density measurement
during the time period [(k—1)T, kT] and &% (k) denotes
the corresponding density measurement noise.

3. The genetic resampling parti-
cle filter for freeway traffic-
state estimation

3.1. An outline of the particle filter the-

ory

According to the following discrete-time stochas-
tic model of the dynamic system

= fr(Tp—1, wp—1), (7)

Yk = hi(Tk, vr), (8)

where zj, represents the state vector at discrete time k,
Yk represents the observation vector at discrete time k,
fx is the nonlinear state transition function, and hg
is the nonlinear observation function. The stochas-
tic processes wj, and v represent the state noise pro-
cess and the measurement noise process, respectively.
The available information at time step k is the set of
i=1,2,...,k}. Tt is as
sumed that the initial probability density function of

measurements Z, = {y; :

the state vector p(zo|Zy) = p(xo) is available. Accord-
ing to the Bayesian estimation theory, we have

p(zk|Zi—1) :/p(xk‘xkfl)p(xkfl‘Zkfl)dxkfh 9)

P(yk|Tr)p(wr| Zr—1)
(Y| Zk-1)

P\ Zon) = / p(uelzi)p(el Zeor)day. (1)

p(wk|Zi) = (10)

Because it is very difficult to solve the integration
in Eq. (9), the particle filter uses Monte Carlo tech-
niques and the sequence importance sampling (SIS)
method to solve the equation. The particle filter esti-
mates the posterior PDF according to the N samples
from the important distribution function, that is,

N
p(wk|Z) = wid(wy, — ), (12)
=1
) wt
Wi = ", (13)
o pluklzy)p(alT_y)
wk = wk_l ) (14)

gz |zl _y, un)

where w,i is the weight of each particle and w}g satis-
fies 0 < wi < 1, and ¢ is an important distribution
function. To obtain a good estimation accuracy, the
important distribution function should be close to the
real posterior distribution of state.

The particle filter is suitable for both nonlinear
and non-Gaussian applications. However, in the free-
way state estimation of the particle filter, the degen-
eration problem should be considered. The genetic
resampling particle filter used to solve the problem is
investigated to estimate the freeway state.

3.2. The genetic resampling particle fil-
ter algorithm
As a theoretical basis of the evolution idea, the ge-

netic mechanism provides a new way to solve the parti-
cle degeneration problem. The genetic mechanism not
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only selects excellent individuals using the selection
operator, but also produces the new individuals using
the crossover and mutation operators.!'? Therefore,
the genetic mechanism can be used in the resampling
procedure, and by appropriately setting the selection,
crossover and mutation probabilities, the effectiveness
and the diversity of the particles are both embodied.
That is, firstly, each particle state is coded to be in
binary form. Then each particle state is calculated by
the selection, crossover, and mutation operators ac-
cording to a certain probability, respectively. Finally,
after each particle is decoded, the optimized particle
set is built. Each optimized particle is duplicated by
the resampling process. The realization steps of the
genetic resampling particle filter for freeway traffic-
state estimation are as follows.

i) Initialization

Set the iteration variable ¥ = 0. For i =
0,1,2,..., N, particle set {z},w}} is obtained from
the initial distribution p(xo).

ii) Particle generation

For i = 1,2,..., N, sample zi ~ p(zi|zi |, Z;)
according to Eqs. (1)—(4).

iii) Weight computation

On the receipt of a new measurement by the de-
tectors in the segments, and in order to simplify the
computation of weight in Eq. (14), the weight is com-
puted

W}, = Wj,_y ¥ p(yel|z})- (15)

The normalized weight w! is computed according to
Eq. (13).

iv) Genetic resampling

a) Initial population. The size of the population
consisting of particles, of which each is coded in the
binary form, is N.

b) The prior probability density function from the
state function is considered as the fitness function of
the particle, and the parent generation particles are
selected for the reproduction of the child generation
according to the roulette selection method.

¢) Crossover operation is executed with the appro-
priate crossover probability, then the crossover gener-
ation is produced.

d) Mutation operation is executed with the appro-
priate mutation probability, then the mutation gener-
ation is produced.

e) Resampling

Drawing a random sample w; from the uniform
m—1
distribution over (0,1]. If u; satisfies > wj] < u; <
j=1

wi, the number m particle is resampled as follows:

s

1

J
wy, = wi.
v) State estimation

The approximate posterior PDF is computed ac-
cording to Eq. (12), then the state estimation is

N
Tpo= W} (16)
=1

vi) If the end condition of the algorithm is not
satisfied, k is increased by itself and return to step ii).
Otherwise, algorithm running ends.

4. Freeway state estimation ex-

periments

As described in Section 2, the experimental free-
way is composed of three segments, each with a length
of 500 m, and divided into three lanes. The segment
traffic flow, speed, and density are measured by the
detectors. The state vector x; and measurement vec-
tor Zj are set, respectively, as

Tk = [Ul(k)v dl(k)7 UQ(k)’ dQ(k)’ U3<k)7 dS(k)]Tv
Zy = [quf)’ Zij(k)7 Z§<k)’ Zg(k)7 Z§<k)’ Zg(k)]

The parameters of the traffic model in Section
2 are set to be T" = 120 s, vy = 85 km/h, d., =
60 veh/km, 7 = 20 s, v = 40 km?/s, and k =
25 (veh/km)/lane. The number of particles N = 500.
The initial state is set to be

xo = [39,42,52,27,48, 34]T.

The genetic algorithm performance is influenced
by the parameters of population size, crossover prob-
ability, and mutation probability. In the experiment,
set 500 for population size, 0.45 for crossover proba-
bility, and 0.12 for mutation probability. The fitness
function is set to be particle weight. The speed and
the density of the freeway are estimated by the genetic
resampling particle filter algorithm in Section 3.

The relative error (RE), mean square error
(MSE), and root-mean-square relative error (RM-
SRE), expressed, respectively, as formulas (17)—(19),
are used to evaluate the estimation performance of the
genetic resampling particle filter.

~

T — Xy

RE = x 100%, (17)

Ty
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MSE = (18)

3=

=1

n ~ 2
1 T — T
RMSRE =, | — E L 19

n =1 ( Li ) , ( )

In formulas (17)—(19
T; represents the estimated state.
The REs of speed estimation and density esti-

), x; represents the true state, and

mation for each segment are, respectively, shown in
Figs. 3 and 4. In the horizontal axis of the figure,
each step time interval is 2 min, which is equal to the

detector sample time.
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Fig. 3. REs of speed estimation for three segments.
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Fig. 4. REs of density estimation for three segments.

The MSE and RMSRE of speed and density esti-
mation for each segment are shown in Table 1.

Table 1. MSE and RMSRE estimation.

Error indicator

Traffic variable Speed Density
MSE RMSRE MSE RMSRE
Segment 1 2.1600 0.0509 3.0034 0.0768
Segment 2 2.9131 0.0511 2.0066 0.0733
Segment 3 3.2961 0.0565 1.8831 0.0701
Average 2.7897 0.0528 2.2977 0.0734

5. Conclusion

In theory, because the genetic mechanism is intro-
duced into the resampling process of the particle filter,
the genetic particle filter can effectively restrain parti-
cle degeneration and maintain particle diversity. The
genetic particle filter can be optimized by three ge-
netic factors, which are selection probability, crossover
probability, and mutation probability. Because the
nonlinear feature exists in the traffic state and the ge-
netic particle filter has good characteristics for solving
the nonlinear issue, the scheme proposed in this paper

has good estimation accuracy. The practical experi-

mental results show the validity of the genetic particle
filter for freeway traffic-state estimation.
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