
 

 

 

COMPUTER MODELLING & NEW TECHNOLOGIES 2014 18(11) 621-625 Zhang Hao 

621 
   Operation Research and Decision Making.. 

Short-term traffic flow forecast of highway network  
based on chaos time series method 

Hao Zhang* 

Department industrial engineering, Tsinghua University, Beijing, China, 100084 

Received 1 August 2014, www.cmnt.lv 

Abstract 

With the construction of the highway network and the growing traffic flows, demand for real-time control and guiding service have 
become increasingly prominent. As for short-term forecast of highway network, it is not only the basis and foundation of the real-
time control and guiding service for traffic flows, and the precise forecast result will have a magnificent impact on improving the 
traffic capacity and service levels. This paper builds a short-term traffic flows forecast model for highway network based on chaotic 
time series analysis and prediction theory. The forecast of the traffic flows in given areas can be calculated. Results show that this 
model is feasible and has a high accuracy. 
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1 Introduction 

 
With the increasing completed highway network and traffic 
flow, the demand for real time control and guidance services 
of highway traffic flow becomes increasingly prominent. 
Short-term traffic flow forecast of highway network not only 
is the foundation and basis of real time control and guidance 
services of highway traffic flow, and the accuracy of 
prediction results is important to improve traffic capacity 
and level of service of highway network. 

According to the traffic flow prediction for different 

purposes, the focus and requirements of the prediction are 

also different. On the one hand, for long-term traffic flow 
forecasting, the demand for prediction accuracy is not 

high. On the other hand, in order to make network traffic 

control scheme, especially to make traffic control and 

guidance service, the prediction period is greatly reduced. 

Known for short-term traffic flow forecast, it requires 

high precision. At present, short-term traffic flow forecast 

mainly serves for real-time control and guidance services 

for city traffic so it requires high real-time control. The 

maximum period of traffic control is 2.5-3min generally 

and traffic guidance is 5min. Thus, the period of short-

term traffic flow forecast of city traffic is generally no 

more than 15min. However, with the development of 
highway network in China, traffic congestion is increa-

singly frequent and serious in the local highway. 

Therefore, the demand for real time control and guidance 

services of highway traffic flow is increasingly urgent. 

Due to the difference between the highway traffic flow 

characteristics and city road network, it is necessary to 

study short-term traffic flow forecast of regional highway 

network. 

 

2 Choosing short-term traffic flow forecast method of 

highway network 

 
Traffic flow forecast is to speculate the future traffic flow 
according to the present traffic flow data, namely to make 
real-time prediction of traffic flow for the next time t+ ΔT 
and subsequent several times at the moment t. Usually, the 
traffic flow within 15min is called the short-term traffic 
flow, so to predict the traffic flow between t and t+Δt which 
does not exceed 15min is short-term traffic flow forecast. 

There are many prediction methods for short-term 

traffic flow forecast [1-3,5,7], but generally can be divi-

ded into two categories: one is based on traditional 

statistics methods, such as regression prediction, time 

series prediction, Kalman Filtering model and so on; the 

other category is the forecast method based on neural 

network, fuzzy mathematics and nonlinear theory, which 

does not pursue mathematical derivation strictly and clear 

physical meaning of the object but pay more attention to 

the fitting effect of the real traffic flow phenomena. 
Among the above prediction methods, historical mean 

method and regression method use least square estimation 

to compute parameters, which is a simple calculation but 

the uncertainty and nonlinear of the traffic flow are 

difficult to reflect and the influence of random factors are 

difficult to overcome; neural network forecasting method, 

including BP network, fuzzy neural network and the high 

order neural network trains parameters complicatedly and 

needs long computing time; Kalman Filtering method and 

nonlinear time series method are characterized as high 

real-time and accuracy. Due to the complex feature of 
highway traffic flow whose change process is nonlinear 

and uncertain, and it is difficult to find a mathematical 

model to reflect the traffic flow characteristics in practice, 

this paper adopts second category of forecasting methods, 
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namely short-term traffic flow forecast of highway net-

work based on chaos theory. 

To predict short-term traffic flow of highway network 

based on chaos theory, it is primarily to distinguish 

whether the road network traffic flow system is a chaotic 
system. If it is a chaotic system, there can be short-term 

prediction, but not for long-term forecast; secondly, to 

determine the embedding dimension and time delay 

parameters and to find out the last known points in phase 

space, we need to use phase space reconstruction tech-

nique to make phase space reconstruction for traffic flow 

time series data; then we find out several adjacent points 

in the phase space and determine the predictive value of 

fitting function and separation in a known point as the 

center. 

At present, there are many achievements of chaos 

theory to predict short-term traffic flow in domestic and 
foreign application [4,6,13,18], but most of these studies 

are used for traffic flow forecasting on a section in the 

city road network, while there needs further research for 

multiple sectional short-term traffic flow forecasting 

methods and models for highway network. The following 

will discuss the use of multidimensional chaotic time 

sequence to construct multiple sectional short-term traffic 

flow forecast model of highway network. 

 

3 Short-term traffic flow forecast model of highway 

network based on chaos theory 

 

3.1 BUILDING MULTIDIMENSIONAL CHAOTIC 

TIME SERIES PREDICTION MODEL 

 

First, construction of multidimensional time series ma-

trix. 

Assumption (1): choosing traffic flow statistical data 

of M sections, corresponding M time series is obtained. 

Xi, i = l, 2, …, M.  

Assumption (2): the length of each traffic flow time 

series sample is N. Thus, a multidimensional time series 

matrix as follows: 
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2,1 2,1 2,
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Second, identification of chaotic time series. To make 

chaotic time series analysis of the traffic flow time series 

Xi respectively above, and select time delay σi and 

embedding dimension di to make phase space 

reconstruction, calculating Lyapunov index of each time 

series. If the index is greater than zero, it indicates that 

the time series is a chaotic time series, where the related 

theory and the method of chaotic time series can be used 

for analysis and modeling. 

Third, reconstruction of multidimensional phase 

space. Based on the chaotic time series, according to mul-
tidimensional phase space reconstruction method 

proposed by Liangyue Caoetal (1998), the reconstruction 

of phase space is obtained: 
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Forth, construction of prediction model. According to 

the embedding theorem, there is a smooth mapping 

function in a D dimensional space like 
1
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After establishing the prediction model, there comes 

out a phase space after reconstruction of multi-dimen-

sional chaotic time series. According to the embedding 

theorems of chaos theory, there is a smooth mapping 

function F which can reflect the law of phase space, and 
the smooth mapping function F can establish a dynamic 

mathematical model to fit it to predict the motion trace of 

phase space, which can get the forecasting results of 

highway network traffic flow. After finishing the recon-

struction of phase space through multidimensional time 

series, we adopt prediction methods like global method, 

local method and maximum Lyapunov exponent to esta-

blish the mathematical model to approximate the map-

ping function F. In this paper, we use the weighted zero 

order local forecasting method to make calculation, using 

Vn as the center point to predict Vn+1. 

 
3.2 STEPS OF WEIGHTED ZERO ORDER LOCAL 

PREDICTION CALCULATION 

 

Steps of weighted zero order local prediction calculation 

are as following based on reconstruction of phase space: 

 

First, calculating K adjacent points 
,

min

n j
V , which is the 

minimum Euclidean distance with Vn in the phase space 

after reconstruction, the distance of each point are 

respectively Rj, j = l, 2, …, K, and let Rmin be the 

minimum value. Thus, each adjacent point’s weight can 

be defined as: 

min min( ) ( )

1

/j j
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Secondly, Vn+1 is calculated according to the follo-

wing equation: 
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Lastly, according to: 
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The Vn+1 can be isolated from the final traffic flow 

prediction results as: 

 1, +1 2, +1 , +1, ,...,n n M nx x x . (8) 

There are two parts of the parameters in the above 

model. One part is the time σi and embedding dimension 

di of phase space reconstruction. The other part is the 

neighbor number K and the calculation of adjacent weight 

parameter l in the weighted zero order local forecasting 
method. In the theory of chaotic time series analysis, 

there are many ways to determine the time delay σi and 

embedding dimension di, such as the auto-correlation 

method, mutual information method and C-C method. 

Methods to determine the embedding dimension are G-P 

algorithm, the false neighbor method C -C method and 

Cao method. This paper use C-C method to determine the 

time delay and embedded dimension. The parameters K 

represents the number of neighboring points. Too few 

adjacent points leads to low prediction accuracy, while 

too many neighbor points is unnecessary because it may 
make the computational complexity increase and affect 

the prediction effect; the parameter l represents the 

weights of adjacent points, its weight is determined 

according to the proximity to the center point of the 

Euclidean distance in the forecast. In certain Euclidean 

distance, less l means greater proportion. In this paper use 

the particle swarm optimization algorithm to select the 

parameters of K and l, because the particle swarm 

algorithm is simple and effective and the solving process 

is easier. 
 

4 Empirical studies 

 

4.1 SOURCES OF DATA 

 

In order to test the model and the method, the traffic flow 

data comes from Jinggangao Highway, Hurong Highway, 

Huyu Highway and Yinfu Highway Yuenan Station in 

the Hubei highway network from 00:00 in September 15 

to 23:59 in September 15th, 2013. Through the corre-

lation data pre-processing and completed analysis, the 

traffic flow of Section 1, Section 2,… Section 6 are 
sources of data. The flow curves are shown in Figure 1 to 

3 (Section 1 for example). The time interval Δt is 

respectively 5 min, 10min and 15min. Then the predic-

tion results and the measured results are compared based 

on established model, parameters optimization and pre-

diction. 

 

4.2 STEPS OF THE EMPIRICAL STUDIES 

 

Firstly, to make pre-treatment of the selected section 

traffic flow data and make correlation analysis with the 

completed data. 

Secondly, calculating the time delay embedding 
dimension and Lyapunov index of each time series using 

the C-C method shown in Table 1. The lyapnuvo index is 

positive shown in Table 1, which suggests that the 6 time 

series are all chaotic time series so we can use the chaos 

theory to analyze and predict. 

 

 

TABLE 1  Result of parameters calculated under 6 time series and three intervals 

5min Section 1 Section 2 Section 3 Section 4 Section 5 Section 6 

Time delay 1 1 2 2 1 2 

Embedding dimension 3 10 4 4 7 3 

Lyapunov 1.1605 1.0095 0.712 0.8286 1.2915 0.2845 

10min Section1 Section2 Section3 Section4 Section5 Section6 

Time delay 1 1 3 3 1 2 

Embedding dimension 2 4 3 2 5 3 

Lyapnuvo 0.3905 0.5632 0.2636 0.2486 0.8283 0.2744 

15 min Section1 Section2 Section3 Section4 Section5 Section6 

Time delay 1 1 3 2 1 2 

Embedding dimension 1.75 2 3 3 5 3 

Lyapnuvo 0.379 0.381 0.31 0.4836 0.4541 0.3756 

 

4.3 COMPUTATIONAL PREDICTION AND ERROR 

 

According to the time delay and embedding dimension, 

using the multi section model of chaotic prediction and 

the use of particle swarm optimization algorithm of K and 

optimization of l parameters, the calculation results of 

traffic flow of each cross section. The prediction results 

see Figures 1-3 (in Section 1 as an example), the solid 
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part is the prediction of traffic flow, the dashed part for 

the measured traffic flow, a unit for every 5 minutes, 

every 10 minutes and a bus every 15 minutes. 

At different time intervals, each section of traffic flow 

forecast value and the actual value of average error, see 

Table 2. 
 

TABLE 2  Different time intervals of the cross-section traffic predicted and actual values of average error table 

average error Section1 Section2 Section3 Section4 Section5 Section6 

5min 0.026541 0.031395 0.031081 0.018483 0.099386 0.129176 

10min 0.01886 0.021353 0.018794 0.006982 0.04686 0.055504 

15min 0.018788 0.018246 0.012589 0.004737 0.035359 0.047582 

 

 

FIGURE 1 Under section 1 in 5min-interval actual and predicted traffic 

volume comparison chart 

 

FIGURE 2 Under section 1 in 10min-interval actual and predicted 

traffic volume comparison chart 

 

FIGURE 3 Under section 1 in 15min-interval actual and predicted 

traffic volume comparison chart 

 

FIGURE 4 Under section 3 in 5min-interval actual and predicted traffic 

volume comparison chart 

 

FIGURE 5 Under section 3 in 10 min-interval actual and predicted 

traffic volume comparison chart 

 

FIGURE 6 Under section 3 in 15 min-interval actual and predicted 

traffic volume comparison chart 

 

FIGURE 7 Under section 4 in 5min-interval actual and predicted traffic 

volume comparison chart 

 
FIGURE 8 Under section 4 in 10 min-interval actual and predicted 

traffic volume comparison chart 
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FIGURE 9 Under section 4 in 15 min-interval actual and predicted 

traffic volume comparison chart 
 

5 Conclusions 

 

Compared the actual and predicted values of traffic flow 

in section 1 and section3, it shows that the average pre-

diction error tends to decrease with the increasing time 

intervals. Meanwhile, compared with chaotic time series 

prediction values in a separate and single section, the 

prediction accuracy of multiple-sections forecasting 

method is higher than single-section forecasting 

methods. Overall, the multiple-sections traffic flow 
forecasting method in road network based on multi-

dimensional chaotic time series prediction is feasible, 

and the predictive effect is better than of the single-

section chaotic time series prediction method. On the 

contrary to the short-term traffic flow forecasting in 

urban road network, see Figure 7, Figure 8 and Figure 9 

in Section4 located at the intersection of the urban road 

network and the highway network, if the time intervals 

relatively increase in short-term traffic flow prediction of 

highway network, its predictive effect would be better.
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