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With the popularization of the Internet and the widespread application of mobile terminal, travelers are increasingly dependent
on trafc information. It is particularly important to construct and develop more accurate discrete trafc state prediction models.
Considering that most of the previous studies about trafc state prediction are essentially a prediction of specifc parameters, this
paper proposes a generalized fractional diference (GFD)-auto regressive moving average (ARMA)-Fisher combined model that
can directly predict the discrete trafc state. First, using the original historical trafc fow data as training samples for cluster
analysis, we obtain diferent trafc state classifcation samples. Ten, using the Fisher discriminant method, we develop a discrete
trafc state recognition model based on the trafc state classifcation samples. Te model can help us identify the discrete state of
the future trafc fow when we input a set of predicted trafc parameters to it. In order to improve the accuracy of the model
prediction, this paper creatively proposes to apply the GFD method to the stabilization of original trafc fow data and then
develop an ARMAmodel to predict the trafc parameters processed by GFD (GFD-ARMA). Last, we obtain the predicted discrete
trafc state using the calibrated Fisher discrimination model whose inputs are the parameters predicted by the GFD-ARMA. Te
proposed method is tested using feld data from CHangzhou, China. Te results suggest that the developed GFD-ARMA-FISHER
method shows a higher accuracy for trafc state prediction and is better than other similar methods.

1. Introduction

With the rapid development of the social economy and the
constant expansion of the size of cities, people’s demands
regarding the quality and quantity of transportation have
been increasingly growing and, developing a fast and green
trafc system has become the main focus of current research.
Facing increasingly severe trafc congestion pressure, var-
ious countries around the world have adopted a variety of
countermeasures, the most important of which is the de-
velopment of intelligent transportation systems (ITSs) [1, 2].
Trafc fow parameter prediction, as the basis of an ITS, is
the prerequisite and basis for trafc fow control and induced
management [2–4]. Trafc fow parameter prediction refers
to the estimation of trafc parameters in the future based on
historical survey data. At present, the main methods used for
trafc parameter prediction can be divided into three

categories: nonparametric prediction methods, parameter
prediction methods, and combinations of these methods.

Nonparametric prediction methods are new methods
that have gradually been widely studied due to the rapid
development of artifcial intelligence and big data in recent
years. Tese methods borrow the basic idea of artifcial
intelligence and mainly achieve predictions by training a
model using observation samples. Nonparametric predic-
tion methods mainly include the nearest neighbor method
[5–7], neural networks [8, 9], the support vector machine
[10–13], machine learning [14, 15], grey theory [16–18], and
simulation methods [19]. Parameter prediction methods are
based on the potential change in law in historical trafc data.
Te development of a parametric prediction model requires
developing a parametric logical model, estimating the un-
known parameters of the model, and testing the reliability of
the unknown parameters. Parametric prediction methods
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mainly involve the historical averaging method, the
smoothing algorithm, the Bayesian combination method
[20], the fltering method [21], time series prediction [22],
and spectral analysis [23, 24].

Te most classic and widely used parameter prediction
method is the autoregressive linear analysis method, which
mainly includes the auto regression (AR) model, the moving
average (MA) model, the auto regression moving average
(ARMA) model [25–27], the auto regression integrated
moving average (ARIMA) model [9, 28], ARIMAX [29], the
auto regression conditional heteroscedasticity (ARCH)
model, the generalized auto regression conditional hetero-
scedasticity (GARCH) model [30, 31], and the combination
of these models [32–35]. Te ARMA and ARCH family
models are based on stationary time series. It means that the
ARMA model and ARCH model, which are traditional time
series analysis tools, are all based “fully or almost inde-
pendently” between two observations that are far apart in a
time series. A stationary time series is a short memory time
series with an autocorrelation coefcient decaying at an
exponential rate. If a time series is not stable, the series
should be stabilized frst, and then it is possible to perform
ARMA/ARCHmodeling on it. In general, the most common
method for stabilizing a time series is to calculate integer
order diferences. However, although integer order difer-
ences can stabilize nonstationary time series, the integer
diference process also makes the original time series lose
useful information, and this information may be able to help
develop more accurate models [36]. Terefore, how to
stabilize the original data with as much useful information as
possible is a core issue studied in this paper. Tis paper
considers introducing the generalized fractional diference
(GFD) method into the prediction process of urban road
trafc states.

Moreover, although there are many studies on “trafc
state” estimation or prediction, the “trafc state” mentioned
in these studies is actually a generalized concept charac-
terized by various trafc parameters, including the volume
[37], travel time, speed [38], capacity [39], density, cumu-
lative number of vehicles [40], and so on. Terefore, “trafc
state” prediction is actually the prediction of these param-
eters. Tese prediction parameters are useful and important
for determining the degree of trafc congestion, but they are
not intuitive and easily accepted parameters for travelers
especially for people who are used to relying on trafc
guidance information.Terefore, in this paper, we propose a
method that can directly predict the discrete trafc state that
refects the degree of trafc congestion. In other words, the
trafc state mentioned in this paper is a narrow-sense trafc
state, which is characterized by smooth fows, general
congestion, severe congestion, etc. Te method proposed in
this paper can directly use historical trafc parameters to
make predictions about future discrete trafc congestion
states. Following these ideas, frst, this paper extracts the
trafc fow time series parameters for a day on a fxed section
of a road. Ten, a trafc fow parameter prediction model

based on the GFD-ARMA is developed. Next, using the
historical data as training samples, a trafc state recognition
model based on the Fisher discriminant is developed. Te
predicted trafc state can fnally be obtained by organically
combining these two models.

Te highlights of this paper are as follows: First, this
paper creatively proposes to apply the GFD method to the
stabilization of original trafc fow data which can not only
stabilize the original data but also make the stabilized data
retain more efective information as much as possible. Tis
practice provides a prerequisite for developing a more ac-
curate prediction model. Second, diferent from the goal of
only predicting trafc parameters in the past, this paper
proposes a method that can directly predict discrete trafc
states which is easy to adopt in practice. Finally, the new
trafc state prediction method proposed in this paper
combines the ideas of cluster analysis and discriminant
analysis and cleverly uses the results of the cluster analysis as
training samples for the calibration process of the dis-
criminant analysis model, making full use of the efective
information contained in the original data.

Te rest of this paper is organized as follows. Section 2
mainly describes the GFD-ARMA-FISHER analytical
framework. Section 3 introduces the data used in this paper;
Section 4 gives the calibration process of the GFD-ARMA-
FISHER combined model and the prediction results of the
model; and fnally, Section 5 gives the main conclusions and
discussion.

2. GFD-ARMA-FISHER Analytical Framework

2.1. GFD-ARMA

2.1.1. Te Model. For a time series yt , defne ∇kyt as the
kth step (k is a positive integer parameter) diference of yt. It
can be calculated as follows:

∇kyt � yt − yt− k. (1)

Let L be the delay operator.Ten, for the time series yt ,
defne yt− k � Lkyt. Ten, we can obtain the following
equation:

∇kyt � 1 − L
k

 yt. (2)

Defne ∇dyt as the d-order diference of yt. When d is a
positive integer parameter greater than or equal to 1, it can
be calculated as follows:

∇d
yt � ∇d− 1

yt − ∇d− 1
yt− 1. (3)

When d � 1, ∇yt � yt − yt− 1.
It is clear that∇dyt can be written equivalently as follows:

∇d
yt � (1 − L)

d
yt. (4)

According to the polynomial expansion rule, (1 − L)d

can also be written as follows:
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We refer to the above methods (equations (4) and (5)) to
calculate the diference in a time series as the integer dif-
ference method. However, when d is not just a positive

integer but is also a general positive fractional parameter,
(1 − L)d can be written as follows:
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where k is a preset positive integer and represents the
memory length of the time series. We refer to the above
method (equations (4) and (6)) to calculate the diference in
a time series as the generalized fractional diference (GFD)
method.

We state that a nonstationary time series yt  can be
ftted by the GFD-ARMA model if it can be ftted by the
ARMA after it is stabilized by the GFD. Te whole GFD-
ARMA model can be expressed as follows:

φ(L)(1 − L)
d
yt � θ(L)εt + c. (7)

εt is a white noise series (E(εt) � 0, Var(ε2t ) � σ2,
E(εtεs) � 0 s≠ t), and c is a constant. In the actual modeling
process, whether the model contains c depends on whether c
is a constant. In the actual modeling process, whether c is
included in the model depends on the needs of the model
(especially the impact on the goodness of ft of the model).
φ(L) � 1 − (φ1L + φ2L

2 + · · · + φpLp), p is the lag order of
the auto regression, φi (i � 1, 2, · · · , p) is the parameter of
the lag term yt− i, θ(L) � 1 − (θ1L + θ2L2 + · · · + θqLq), q is
the lag order of themoving average, and θj (j � 1, 2, · · · , q) is
the parameter of the moving average lag term εt− j.

Te unknown parameters that need to be estimated in
Model (7) include dφi(i � 1, 2, · · · , p)θj (j � 1, 2, · · · , q).
However, before estimating the parameters, we must frst
determine the lag term of the model. In this paper, we frst
estimate parameter d, then determine the lag term of the
model, and fnally, estimate parameters φi (i � 1, 2, · · · , p)

and θj (j � 1, 2, · · · , q).Tese parameters can be estimated as
follows.

2.1.2. Parameter Estimation. Estimate parameter d.
First: Initialize d � 0, and set a small step size δ, such as

δ � 0.1.
Second: Test the stationarity of the sequence

(1 − L)dyt  (for a time series yt , diferentiate it using the
GFD method (equations (4) and (6)). If it is stable, then d �

0 and end the process; otherwise, let dnew � d + δ.

Tird: Test the stationarity of the new sequence
(1 − L)dnew yt . If it is stable, then d � dnew and end the
process; otherwise, let dnew � dnew + δ and repeat the third
step.

Determination of the lag terms of the model: Generally
speaking, in practice, it is difcult to determine the lag terms
of the model accurately due to the complexity of the actual
data. Although the Box-Jenkins method [41] is used to
estimate the lag terms in many studies, this paper believes
that the Box-Jenkins method error may increase for data
with greater noise. Terefore, based on the Box-Jenkins
method, this paper proposes a method to determine the lag
terms, which is suitable for the data in this paper. Te
process is as follows.

First: For a stationary time series yt , calculate its
autocorrelation coefcient (AC) and partial autocor-
relation coefcient (PAC) and test its signifcance. Let
the set of all terms with signifcant AC parameters be
Pm � · · · , pi, · · · , pj, · · ·  (there are m terms that are
signifcant) and the set of all terms with signifcant PAC
parameters be Qn � · · · , qi, · · · , qj, · · ·  (there are n

terms that are signifcant).
Second: Develop sparse ARMA(Pm, Qn) models,
where Pm and Qn are subsets of Pm and Qn,
respectively.
Tird: Test the residual sequences of these models.
Discard the model if its residual series are correlated.
Fourth: Compare the ft goodness of the remaining
models. Te model with the best ft will be selected as
the fnal model. If the two models have an equal
goodness of ft, then choose the model with the smaller
AIC value. Ten, p and q can be determined.

Te current estimation methods for parameters φi

and θj are relatively mature, and the related details of the
estimation methods can be found in reference [42, 43].
Tis paper estimates these parameters using the
Eviews10.
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2.2. Fisher Discriminant Analysis Method. Te Fisher dis-
criminant analysis method is a supervised classifcation
method that is based on the idea of projection (or dimen-
sional reduction). Te Fisher discriminant analysis method
uses a few linear combinations of p variables (x1, x2, · · · , xp)
(called discriminants), where
y1 � a’

1x, y2 � a’
2x, · · · , yr � a’

rx (generally, r is signifcantly
smaller than p), to replace the original p variables
(x1, x2, · · · , xp) to achieve dimensionality reduction.
Moreover, using the r discriminants y1, y2, · · · , yr, the as-
signment of samples is discriminated. It is supposed that the
p-dimensional observed values of group πi are xij, where
j � 1, 2, · · · ni and i � 1, 2, · · · k, which are projected to a p

-dimensional constant vector a. Tis process obtains the
projection points that separately correspond to the linear
combinations yij � a’xij, where j � 1, 2, · · · ni and
i � 1, 2, · · · k. In this way, all the p-dimensional observed
values are simplifed into one-dimensional observed values.
Let yi denote the mean of yi in group πi and y stand for the
mean of all yijs in group k; that is,

yi �
1
ni



ni

j�1
yij � a′xi,

y �
1
n



k

i�1


ni

j�1
yij � a′x,

(8)

where n � 
 k
i�1ni, xi � 1/ni

 ni

j�1xij, and x � 1/n
 k
i�1nixi.

Te specifc process of Fisher discriminant analysis is as
follows.

Step 1: Calculate the sum of squares and the cross
product sums of yij between groups: B � 

k
i�1 ni(xi −

x)(xi − x)’.
Step 2: Calculate the sum of squares and cross product
sums of yij within a group:
E � 

k
i�1 

ni

j�1(xij − xi)(xij − xi)
’. (if 

k
i�1 ni − k≥p ).

Step 3: Calculate the total nonzero eigenvalues of E− 1B,
which are separately displayed as λ1 ≥ λ2 ≥ · · · ≥ λs > 0
and separately correspond to the eigenvectors
t1, t2, · · · , ts. Terefore, s discriminants (y1 � t’1x, y2 �

t’2x · · · · · · ys � t’sx) can be acquired.
Step 4: Calculate the group mean of the discriminant
yij.
Step 5: Calculate the cumulative contribution


r
i�1 λi/

r
i�1 λi of the frst r discriminants. If the cu-

mulative contribution of the frst r discriminants
reaches a high proportion, then the frst r discriminants
can be used for discrimination. Te discrimination rule
is shown as follows:

x ∈ πlif 
r

j�1
yj − ylj 

2
� min

1≤i≤k


r

j�1
yj − yij 

2
. (9)

2.3. Te Combined Analytical Framework. Te discrete
trafc state prediction process studied in this paper is shown
in Figure 1. First, this paper extracts historic trafc fow time

series parameters to develop the trafc parameter prediction
model using the GFD-RAMA method. In addition, the
trafc state training samples are obtained by the k-means
cluster method.Ten, using the trafc state training samples,
we develop the trafc state recognition model using the
Fisher discriminant analysis method. Last, the new trafc
state can be predicted via the comprehensive application of
these two models.

3. Data Preparation and Preprocessing

3.1. Trafc Parameter Data. Te data used in this paper are
from a section of Bo’ai road in the center of Changzhou city
from 7/10/2008∼9/10/2008. Te data include four types of
trafc parameters (average quantity, average speed, average
occupancy and average headway). Tese four types of pa-
rameters are denoted as Quantityt, Speedt, Occupancyt and
Headwayt, respectively, in this paper. Te data are divided
into two types: one type is used to calibrate the model, and
the other type is used to validate the model. Te model is
calibrated with data from 7/10/2008 (Tuesday, a workday),
and the model is validated with data from 8/10/2008 and 9/
10/2008.Te descriptive statistics of all the data are shown in
Table 1.

3.2. Trafc State Sample. Te premise of developing a trafc
state recognition model is to have a large number of trafc state
classifcation samples. However, it is well known that, in
practice, although trafc fow parameter data are usually easy to
obtain, trafc state data are usually not easy to obtain for the
following reasons. First, the trafc state parameter is not a
parameter that can be directly collected. Te trafc state pa-
rameter is secondary data after processing the original trafc
fow parameters. In addition, diferent cities and regions have
diferent standards for the defnition and classifcation of trafc
states (for example, some cities use speed as the only criterion
for classifying trafc conditions, and some cities use manual
judgment results as judgment criteria). Second, because dif-
ferent roads have diferent attributes and diferent travelers have
diferent perceptions of trafc conditions, it is almost impossible
to construct a unifed and absolute classifcation standard for
trafc states. Although an absolute trafc state classifcation is
not easy to obtain, we can still obtain relative trafc state
classifcations using some methods (such as classifcation
methods based on unsupervised learning).Tis paper appliesK-
means clustering to unsupervised learning and the classifcation
of trafc states. Te purpose is to obtain classifcation samples,
lay the foundation for developing the recognition model, and
verify the accuracy of the state predictionmodel. In our opinion,
this classifcation method is more general and objective. Te
classifcation of the trafc states of a road by the model can
indicate the relative congestion of the road. Considering that
this paper mainly hopes to use classifcation samples to build a
trafc state prediction model and discuss the accuracy of the
state prediction model, it divides the relative trafc state into 3
classes and 5 classes (that is, for K-means clustering, set the
number of classifcations to 3 and 5, respectively, in advance).
Te accuracy of the model prediction results under diferent
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numbers of classifcations is discussed separately as well.
According to the clustering process below, we can obtain the
classifcation results of the trafc state.

Step 1: Determine the number of classes that need to be
clustered, that is, the number of clusters.
Step 2: Initialize the cluster center. Choose k data
randomly as the initial k classes. Obviously, each datum
is also the cluster center of each class.
Step 3: For each datum, calculate its distance from each
cluster center (Euclidean distance). A datum will be
divided into a certain class if it is closest to the cluster
center of this class. Ten, k new classes are generated.
Step 4: Calculate themean value of each new class as the
new cluster center.
Step 5: Terminate the process. If the distance between
the new clustering center and the original clustering
center is less than a certain threshold, then terminate
the process; otherwise, repeat Steps 3 to 5.

Preset the number of categories to 3 and 5, respectively
(clustering the trafc congestion status into 3 and 5 cate-
gories, respectively), using the K-Means clustering method,
we can get the classifcation results of the road trafc states
samples, Table 2 shows the cluster centers of three states and
fve states.

As shown in Table 2, State 2 has the smallest average
Quantity, the largest average Speed, and the smallest average
occupancy compared to the other states. State 3 has the
largest average Quantity, the smallest average Speed, and the

largest average occupancy compared to the other states. State
1 lies between states 1 and 3. Terefore, state 2 can be
interpreted as the smoothest state, state 3 is the most
crowded state compared to state 2, and state 1 is between
state 2 and state 3. According to the same reason, we can
arrange the states in Table 2 from smooth to crowded in the
following order: state 5, state 3, state 1, state 2, and state 4.
Tis shows that the state clustering obtained by the K-means
clustering method can be used as a method of discrete trafc
state classifcation (Table 3).

3.3. Stabilize the Data. Te stability test is the premise of
developing a stationary time series model, which can ef-
fectively avoid a spurious regression. Tis paper uses the
ADF test method to test the stationarity of the trafc pa-
rameters. Te results are shown in Table 4.

As seen from the above table, the T statistics of the ADF
test of the four types of parameters are all greater than the T
values at the signifcance levels of 1%, 5%, and 10%, which
means that the four types of parameters are unstable.
Terefore, the parameters should be stabilized before
modeling and analysis.

According to the process given in 2.1.2 the parameter d can
be estimated. At a signifcance level of p � 0.05, the estimated
value of d can be obtained (dQuantity ≈ 0.7, dSpeed ≈ 0.6
,dOccupancy ≈ 0.7, and dHeadway ≈ 0.7). Te data processed by
the GFD method are shown in Figure 2. (Te parameters
processed by the GFD method are denoted as
Quantityf, Speedf,Occupancyf, and Headwayf).

History traffic
flow parameters

data (Model
calibration)

GFD-ARMA
method

Traffic parameter
prediction model

K-means clustering
method

Traffic
state

Fisher discriminant
analysis methodtraining Traffic state

recognition model

Predicted traffic
flow parameters

Model calibration

Predicted traffic
state

New traffic
flow

parameter
data

Figure 1: Trafc state prediction process.

Table 1: Descriptive statistics of sample data.

Data type Sample size
Data for model calibration Data for model testing

Date: 7/10/2008 Date: 8/10/2008 Date: 9/10/2008
Min Max Mean Sd Min Max Mean Sd Min Max Mean Sd

Quantity 480 0 78 34.4 22.0 0 76 34.0 21.6 0 77 34.6 22.1
Speed 480 34 70 46.0 5.6 21 70 45.6 6.3 31 70 45.6 5.5
Occupancy 480 0 18.3 6.9 5.0 0 45.44 7.0 5.7 0 27.91 6.9 5.3
Headway 480 4.73 180 33.51 44.96 4.95 180 33.27 44.52 5.62 179 32.96 44.25
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Te stability test results are shown in Table 5. As seen
from Table 4, after GFD processing, at the 1% signifcance
level, all types of parameters passed the ADF test.

4. Model Calibration and Prediction Results

4.1. Estimate Parameters φ(L) and θ(L). Using the estima-
tionmethod described in 2.1.2, after a large number of model
comparisons and analyses, we fnally determine the lag terms
of the three types of parameters and then estimate the pa-
rameters φ(L) and θ(L). Te results are shown in Table 6.

It can be seen from Table 6 that the AR lag terms of the
ARMAmodel of the trafc fow parameter Quantityf are the
1st, 2nd, 3rd, and 4th terms, and that the MA lag terms are the
frst and second terms, respectively. Using the lag term as the
explanatory variable to develop the parameter-predicted
ARMAmodel, each item is signifcant at the 0.05 signifcance
level according to t-tests (the corresponding signifcance
probabilities of the terms are all less than 0.05). In the same
way, it can be seen that the AR lag terms and the MA lag term
of Speedf are the 1st, 9th, 10th, and 12th terms and the 1st term,
respectively, and that the AR lag terms and theMA lag term of
Occupancyf are the 1st, 2th, 3th, 6th, 7th, and 8th terms and the

1st term, respectively. To test the efect of the developed
model, we performed a serial correlation test on the re-
siduals of the model. Te QLB test results of the residual
sequence correlation are shown in Figure 3. As seen from
Figure 3, the residual sequences of the three types of pa-
rameters all show sequence independence (the Prob values
of the QLB statistics are all greater than 0.05), so it can be
considered that the developed model can fully extract the
regular information included in the original data. Te data
ftted by the model (Table 5) are compared with the original
data, as shown in Figure 4. It can be seen from Figure 4 that
the law of the data after ftting are basically consistent with
the original data, which shows that the model can better ft
the original data.

4.2. Parameter Prediction Model. Using the collected his-
torical data (such as Quantityt− 1,Quantityt− 1,· · ·,
andQuantity1), the GFD series (including Quantityft− 1
,Quantityft− 1,· · ·, and Quantityft− k), and the calibrated
model (shown in Table 4), the fow parameters at the future
time t can be predicted.Te prediction model is expressed as
follows:

Quantityt � Quantityft + 
k

i�1
(− 1)

i+1 d(d − 1)(d − 2) · · · (d − k + 1)

k!
Quantityt− i,

Speedyt � Speedft + 
k

i�1
(− 1)

i+1 d(d − 1)(d − 2) · · · (d − k + 1)

k!
Speedt− i,

Occupancyt � Occupancyt + 
k

i�1
(− 1)

i+1 d(d − 1)(d − 2) · · · (d − k + 1)

k!
Occupancyt− i,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(10)

where

Table 2: Cluster centers of every state.

3 states 5 states
State 1 2 3 1 2 3 4 5
Quantity 38 8 58 39 51 23 64 6
Speed 45 50 42 46 43 48 40 50
Occupancy 7.10 1.18 12.87 7.23 10.7 3.58 14.75 0.82

Table 3: ADF test results.

Trend and intercept Intercept None
t-statistic Prob.∗ t-statistic Prob.∗ t-statistic Prob.∗

Quantity − 0.839 0.960 − 1.393 0.586 − 0.732 0.398
Speed − 2.661 0.253 − 2.764 0.064 − 0.344 0.560
Occupancy − 0.366 0.988 − 1.196 0.677 − 0.695 0.415

Test critical values
− 3.977 1% − 3.443 1% − 2.569 1%
− 3.419 5% − 2.867 5% − 1.941 5%
− 3.132 10% − 2.569 10% − 1.616 10%
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Table 4: ADF test results (the data are processed by the GFD method).

Trend and intercept Intercept None
t-statistic Prob.∗ t-statistic Prob.∗ t-statistic Prob.∗

Quantityf − 4.770 0.0006 − 4.645 0.0001 — —
Speedf − 16.419 0.0000 − 16.349 0.0001 — —
Occupancyf − 4.832 0.0005 − 4.776 0.0001 — —

Test critical values
− 3.977 1% − 3.443 1% − 2.569 1%
− 3.419 5% − 2.867 5% − 1.941 5%
− 3.132 10% − 2.569 10% − 1.616 10%
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Figure 2: Data processed by the GFD.
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Quantityft � c + 
 n

i�1φi ∗Quantityft− i − 
n

i�2

θi ∗ et− i + et− 1ifφi ≠ 0θi ≠ 0,

Speedft � c + 
 n

i�1φi ∗ Speedft− i − 
n

i�2

θi ∗ et− i + et− 1ifφi ≠ 0θi ≠ 0,

Occupancyft � c + 
 n

i�1φi ∗Occupancyft− i − 
n

i�2

θi ∗ et− i + et− 1ifφi ≠ 0θi ≠ 0.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(11)

Using the parameter prediction model (10), the trafc
fow parameters on 8/10/2008 and 9/10/2008 are predicted.
Te predicted results are measured by the indexSE, as
shown in formula (12), and the results are displayed in
Table 7. Moreover, the predicted results are shown in
Figure 5.

SE �

�������������


 n
i�1 yt − yt( 

2

n



. (12)

4.3. FISHER Recognition Model Calibration. In Section 3.2,
we take the trafc fow parameters from 7/10/2018 as the
sample data and use K-means clustering analysis to

Table 5: Lag terms and parameter estimation results.

Lag terms and parameter estimation results of Quantityf

Lags Constant AR (p) MA (q)
C 1 2 3 4 1 2

Parameter estimation results — φ1 φ2 φ3 φ4
θ1 θ2

1.172 − 0.150 0.158 − 0.182 − 1.728 0.753

Signifcance test t-statistic — 9.125 − 2.057 2.547 − 2.267 − 14.467 6.803
Prob (t-statistic) — <0.001 0.040 0.011 0.023 <0.001 17.646

R-squared 0.303
Adjusted R-squared 0.295

Lag terms and parameter estimation results of Speedf

Lags Constant AR (p) MA (q)
C 1 9 10 12 1

Parameter estimation results 7.599 φ1 φ9 φ10 φ12
θ1

0.387 0.117 0.062 0.131 − 0.699

Signifcance test t-statistic 6.016 3.757 2.160 3.897 − 13.194 − 14.467
Prob (t-statistic) <0.001 <0.001 0.031 <0.001 <0.001 <0.001

R-squared 0.117
Adjusted R-squared 0.106

Lag terms and parameter estimation results of Occupancyf

Lags Constant AR (p) MA (q)
C 1 2 3 6 7 8 1

Parameters estimation results — φ1 φ2 φ3 φ6 φ7 φ8
θ1

0.405 0.197 0.225 0.134 0.110 − 0.083 − 0.908

Signifcance test t-statistic — 9.086 5.240 6.056 3.502 2.521 − 2.079 − 32.161
Prob (t-statistic) — <0.001 <0.001 <0.001 <0.001 0.012 0.038 <0.001

R-squared 0.280
Adjusted R-squared 0.270

Table 6: SE of the predicted parameters.

SE.of .quantity SE.of .speed SE.of .occupancy
Day 8/10 7.41 4.82 2.81
Day 9/10 7.13 4.46 1.99

8 Mathematical Problems in Engineering



obtain the classifcation results of the trafc state. Next,
we use this classifcation result as a training sample and
use the Fisher discrimination introduced in Section 2.2
to calibrate the trafc state recognition model.

Case 1. 3 trafc states
As seen from Figure 6, n1 � 142,n2 � 168,n3 � 170, and

n � n1 + n2 + n3 � 480. Let X1,X2, and X3 denote the pa-
rameter samples of trafc state 1, trafc state 2, and trafc

state 3, respectively: x1 �

37.06
45.22
6.92

⎛⎜⎝ ⎞⎟⎠,x2 �

8.26
50.68
1.22

⎛⎜⎝ ⎞⎟⎠

,x3 �

58.16
42.19
12.52

⎛⎜⎝ ⎞⎟⎠, and x �

34.45
46.06
6.91

⎛⎜⎝ ⎞⎟⎠.

Calculate the sum of squares and cross product sums
between groups:

B � 
k

i�1
ni xi − x(  xi − x( ′ �

211770, − 36240, 47650
− 36240, 6230, − 8110
47650, − 8110, 10790

⎛⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎠. (13)
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Figure 3: QLB values and corresponding probabilities of a residual sequence.
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ARMA results of quantityf
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Figure 4: ARMA model ftting results.

Table 7: State prediction results.

State
3 states 5 states

State 1 State 2 State 3 Total State 1 State 2 State 3 State 4 State 5 Total
8/10/2008
Number of samples 161 167 152 480 101 98 68 81 132 480
Number of correct 113 155 132 400 59 57 42 35 125 318
Accuracy 70.18% 92.81% 86.84% 83.33% 58.41% 58.16% 61.76% 43.21% 94.69% 66.25%
9/10/2008
Number of samples 142 173 165 480 89 115 59 77 140 480
Number of correct 107 160 139 406 53 74 41 42 130 340
Accuracy 75.35% 92.49% 84.24% 84.58% 59.55% 64.34% 69.49% 54.55% 92.85% 70.83%
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Prediction Results of Quantity (8/10)

Actual
Model results

0

10

20

30

40

50

60

70

80

Ve
hi

cle
s

100 200 300 400 5000
Time

Prediction Results of Quantity (9/10)

Actual
Model results

0

10

20

30

40

50

60

70

80

Ve
hi

cle
s

100 200 300 400 5000
Time

Prediction Results of Speed (8/10)

Actual
Model results

20
25
30
35
40
45
50
55
60
65
70

km
 (h

)

100 200 300 400 5000
Time

Prediction Results of Speed (9/10)

Actual
Model results

20
25
30
35
40
45
50
55
60
65
70

km
 (h

)

100 200 300 400 5000
Time

Prediction Results of Occupancy (8/10)

Actual
Model results

0
5

10
15
20
25
30
35
40
45
50

100 200 300 400 5000
Time

Prediction Results of Occupancy (9/10)

Actual
Model results

0
5

10
15
20
25
30
35
40
45
50

100 200 300 400 5000
Time

Figure 5: Predicted results of the models.
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Calculate the sum of squares and cross product sums
within a group:

E � 

k

i�1


ni

j�1
xij − xi  xij − xi ′ �

20030, − 3019, 4270
− 3019, 8863, − 1167
4270, − 1167, 1362

⎛⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎠. (14)

Calculate the total nonzero eigenvalues of E− 1B. Ten,
we can obtain the eigenvalues λ1 � 10.64 and λ2 � 0.17. Te

corresponding eigenvectors are t1 �

0.86
− 0.02
0.50

⎛⎜⎝ ⎞⎟⎠

and t2 �

− 0.20
0.09
0.97

⎛⎜⎝ ⎞⎟⎠.

Since ( λ1)/( λ1 + λ2) � 0.98 is already a very high value,
it is sufcient for us to choose the frst discriminants.
Terefore, the centralized discriminant is as follows:

y1 � 0.86 × quantity
∗

− 34.45(  − 0.02 × speed
∗

− 46.06( 

+ 0.50 × occupancy
∗

− 6.91( .
(15)

Te group mean of the discriminant is as follows:

y11 � 2.27,

y21 � − 25.46,

y31 � 23.28.

⎧⎪⎪⎨

⎪⎪⎩
(16)

Te fnal recognition model can be expressed as an
unknown trafc state x (it is characterized by the three
parameters of quantity∗, speed∗, and occupancy∗ ). If x can
satisfy the following conditions, then it belongs to state
Sl(S1 � state1, S2 � state2, and S3 � state3).

y1 � 0.86 × quantity∗ − 34.45(  − 0.02 × speed∗ − 46.06(  + 0.50 × occupancy∗ − 6.91( ,

x ∈ Sl, if y1 − yl1( 
2

� min
1≤i≤3

y1 − yi1( 
2
.

⎧⎪⎨

⎪⎩
(17)

Case 2. 5 trafc states
In the same way, the recognition model in fve states can

be obtained, such as formulas (18) and (19).
Te group mean of the discriminant is as follows:

y11 � − 3.02,

y21 � − 17.79,

y31 � 11.70,

y41 � − 30.48,

y51 � 29.17.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(18)

Te fnal recognition model can be expressed as an
unknown trafc state x, If x can satisfy the following con-
ditions, then it belongs to state Sl(S1 � state1,

S2 � state2, S3 � state3, S4 � state4, and S5 � state5).

y1 � − 0.96 × quantity
∗

− 34.45(  + 0.09 × speed
∗

− 46.06(  − 0.26 × occupancy
∗

− 6.92( ,

x ∈ Sl, if y1 − yl1( 
2

� min
1≤i≤5

y1 − yi1( 
2
,

⎧⎪⎨

⎪⎩
(19)

4.4.DiscreteTrafcStatesPredictionResults. Using the trafc
fow parameter prediction data obtained in Section 4.2 (8/
10/2008 and 9/10/2008) and the identifcation models of
(17) and (19), the corresponding trafc conditions can be
predicted. Te prediction results are shown in Table 3,
Figures 6 and 7. Figure 6 shows the prediction results for
three classifcation states, and Figure 7 shows the predic-
tion results for fve classifcation states. We also compared
the state prediction results with the original state. Te
results show that in the three states, the prediction accuracy
for 8/10/2008 can reach 83.33% and the prediction accu-
racy for 9/10/2008 can reach 84.58%. Under the three states
situation, the highest prediction accuracy is State 2 (the

smoothest state), and the accuracies reached 92.81% and
92.49% for the prediction results on 8/10/2008 and 9/10/
2008, respectively. Te prediction results for the same dates
in the fve state situations are also confrmed. Te highest
prediction accuracy is state 5 (the smoothest state), and the
accuracies are 94.69% and 92.85%, respectively. We
speculate that this result may be caused by the most obvious
state being diferent from other states. In the fve states
situation, the prediction accuracy for 8/10/2008 can reach
66.25% and the prediction accuracy for 9/10/2008 can
reach 70.83%, which are signifcantly lower than the pre-
diction accuracies of the three-state situations. Tis is
because more states result in less obvious the diferences
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between these states, leading to a high misjudgment of each
state.

4.5. Result Analyses. In order to evaluate the efectiveness of
the predictionmodel proposed in this paper, we compare the
prediction results with those of previous similar prediction
methods. Tese methods mainly include parameter pre-
diction methods, such as ARIMA [28], ARIMA-GARCH
[35], ARIMAX [29], and hybrid methods such as ARIMA-
ANN [9]. Te principles and details of these models can be
referred to in the relevant literature and will not be described
here. Here, we frst compare the parameter prediction results

with GFD-ARMA and then compare the state prediction
results using the GFD-ARMA-FISHER analytical frame-
work. Te parameters of ARIMA (p, d, q) is set by ARIMA
(3, 1, 2) (for Quantity)\ARIMA (4, 1, 1) (for Speed)\ARIMA
(5, 1, 1) (for Occupancy). Te parameters of ARIMA-
GARCH is set by ARIMA (3, 1, 2)-GARCH (1, 1) (for
Quantity)\ARIMA (4, 1, 1)-GARCH (1, 1) (for Spee-
d)\ARIMA (5, 1, 1)-GARCH (1, 1) (for Occupancy). Te
input variable of the ARIMAX is Headway, the parameters is
set by ARIMAX (3, 1, 1). Specifc details of ARIMA-ANN
prediction model are shown in the literature [9], and the
ANN part adopts the BP neural network with double hidden
layers (the network structure is 5× 6× 4×1), 5 inputs and 1
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Figure 6: Tree trafc states prediction results.
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Figure 7: Five trafc states prediction results.
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output are designed. Te number of double hidden layer
neurons is 6 and 4, respectively. Te results of parameter
prediction and state identifcation are shown in Tables 8 and
9, respectively.

As can be seen from Tables 8 and 9: (1) For the quantity
parameter, the GFD-ARMA model performs better than
ARIMA-GARCH and ARIMAX, but worse than ARIMA-
ANN model. (2) For the speed and occupancy, the GFD-
ARMA model performs better than all of other models. (3)
Although ARIMA-ANN has better prediction results for
individual parameters (Quantity) than GFD-ARMA, GFD-
ARMA -Fisher shows best in predicting trafc state.Tis also
shows the advantages of GFD-ARMA-Fisher prediction
framework in trafc state prediction.

5. Conclusions

Te accurate prediction of trafc states is of great signif-
cance for trafc information managers to monitor road
trafc conditions, provide trafc guidance information, and
assist trafc engineering departments in planning and im-
proving trafc control systems. Based on the analysis of
previous studies, this paper proposes decomposing the
trafc states prediction into two parts: the prediction of
trafc parameters and the identifcation of trafc states.
Based on this idea, this paper proposes a discrete trafc state
prediction model based on the GFD-ARMA-FISHER ana-
lytical framework. Te prediction results show that in the
three states situation, the prediction accuracy for 8/10/2008
and 9/10/2008 can reach 83.33% and 84.58%, respectively. In
the fve states situation, the prediction accuracies for 8/10/
2008 and 9/10/2008 can reach 66.25% and 70.83%,

respectively, which are signifcantly lower than the predic-
tion accuracies in the three states situation. We speculate
that this is because having more states results in less obvious
diferences between these states, leading to a high mis-
judgment of each state. We also compare the prediction
method proposed in this paper with the existing research
results, and the results show that the method proposed in
this paper has obvious advantages in the prediction of the
fnal trafc state.
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