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ABSTRACT

Traffic forecasting systems could be improved significantly by the development of
interval prediction at a given probability (confidence level) as well as point prediction
which seems to have drawn mogt attention from researchers in this field so far. Not only
can the provision of interval prediction increase the user comfort by reducing error risk
associated with the information, it canalso be used to assess the predictor forwards (not
afterwards) for model selectionand preemptionin an adaptive or cooperative setting.

Few concrete research results on interval prediction seem to be presented <o far in
this area, partially because of the increasing complexity of the prediction models.
Although closed- form expressions of asymptotic estimation for prediction intervals are
not usually available for nonparametric models such as neural networks, they canbe
derived for the local polynomial predictor. This paper addresses the issue of the interval
forecasting (constructing prediction intervals for future observations) of the traffic data
time series.

Two approaches will be investigated. First, an asymptotic result will be presented.
Closed- form equations of prediction intervals for the multivariate local linear regression
model have beenderived under certain assumptions. Second, a bootstrap approach to
generate prediction intervals withbias corrections will be proposed. The bootstrap
procedure relies on few assumptions and is easy to implement for many prediction
models. Finally, a case study using real- world traffic data will be presented for both
approaches, along with the results compared with each other. Theresults coincide with

expectations and have validated the proposed methods
KEYWORDS

Interval Forecasting, Prediction Interval, Prediction Bias, Bootstrap, Local Linear
Regression, Short-Term Traffic Prediction, Nonparametric M odel
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1 INTRODUCTION

Short-term prediction by means of regression consists of two steps: The first step uses
training data (historical and/or real-time) to approximate the conditional mean regression
function (relationship) between inputs (data at one or more time instants) and the output
(data at future time instants, with respect to the input data). Once this function is
established, the second step uses it to estimate future data relative to current input.

Usually, the value of the mean function for the giveninput data is used as the prediction.

Theregression model can be parametric (such as linear regression, AR model,
Kaman filter, multifractal) or nonparametric (such as neural network, local polynomial,
wavelet, chaos). For traffic prediction, Sun et a. (2003) studied the local linear regression
model, which belongs to the family of the local polynomial regession in nonparametric
models. The conditional mean function was used to obtain the prediction

Estimating bias, variance and prediction interval is not new for most parametric
models. This is especially true for the linear regression predictor and for Gaussian data
for which strategies have beenwell established. Although such measurements are in
increasing demand in transportation application the usually low accuracy of the
parametric models for dealing with highly nonlinear, nonstationary traffic data, and the
usually high complexity of the nonparametric models, have led to little research in this
area. One related literature found so far, is a presentation by Rilett (2001) in which the
LOESS! is used to analyze historical traffic patterns such as mean, variance and
confidence limit.

Prediction intervals often can be constructed if the prediction of mean, bias and
intervals can be calculated. Besides the conditional mean function mentioned above, the
conditional variance functionis needed to obtain intervals. The derivatives of the mean
function can be used to obtain bias. All these results can be derived for the local
polynomial regression by extending the results from global models to loca models. For
example, the prediction interval inlinear models can be converted to local linear models
(Schaal et d., 1994).

! a software program for smoothing multivariate scattered data by locally weighted least square criteria.
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On the other hand, such derived expressions based on certain assumptions may
not perform very well for real-world traffic data. For example, the mean function for
traffic prediction is usually not smooth enough to have the second derivative. In that case,
the bias cannot be estimated using the equations. Also, the residual error distribution for
the small sample is often unknown instead of being assumed as normal or t-distribution
In this context, the more general bootstrap method may be proposed.

Bootstrap is a simple resampling procedure which generates samples by randomly
resampling the original training set with replacements (Enfron et a., 1993). The idea
borrows the spirit similar to Monte Carlo simulation. It has found wide applicationin
solving all kinds of “hard” real-world problems, in estimating bias and interval when the
data distribution is unknown or sample size is small. Care must be takenin applying the
bootstrap in nonparametric situations and dependent data such as time series. Several
papers by Freedman and Peters (1984; 1987) documented the fact that the bootstrap does
not give the correct answer for multivariate regression situations where the number of
variablesis of asimilar order as the number of observations. This paper will propose a
method of applying bootstrap to time series prediction when implemented by the local
linear model. A bootstrap procedure that is plausibly similar for prediction interval was
described by Cho et al. (2003), however, the prediction interval in that paper refers to the
interval of prediction error which was calculated based on feedback errorsof prediction
in order to verify the accuracy of the forecast, which could be treated as a measure of
uncertainty of the forecast. That is, the interval was calculated after the observations.
Instead, the prediction interval in this paper is constructed for future observations before
they arrive.

This article is organized as follows Section 2 will describe the closed-form
equation and the bootstrap scheme of interval prediction, bothfor the local linear
regression model. Section 3 will be devoted to numerical study. Discussion and future

research directions will be provided in Section 4.
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2METHODOLOGY

2.1. Asymptotic Prediction Interval for theLocal Linear Regression M odel

This section will, first, briefly review the mean prediction of the local linear model and
address the variance prediction. Then the estimator bias and variance will be introduced.
Finaly, interval prediction will be derived.

2.1.1. MEAN AND VARIANCE PREDICTION
Given the observations {(X,Y,): i = 1, ..., n} of the multivariate covariate X and a

univariate response Y, the relationship between X and Y can be modeled as:

Y=m(X) +s(X)e, (@D}
where X and e are not necessarily independent, e is the additive error term with

E(e]X) =0 @
and

Var(elX) = 1. 3
Here n is the number of the observations,

X = (X1, ..., Xa)' (4)
And

Xi = (Xit, -, Xig)" (5)

with d the dimension of X.

It is of interest to estimate the mean regression function

m(x) = E(YIX = Xx) (6)
and the possible heteroscedasticity (conditional variance function)

s2(x) = Var (VX =x), (7
where

X" = (X1,1., Xa) )
isapointin RY.

Once the estimated mean regression function (denoted as m( )) is obtained, the
fitted regression is used as a mechanism for prediction of response values. That is, if the
prediction of Yat X = x isdenoted as § (x), then

§ (x) = M(x). )
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¥ (X) may be viewed as the estimated response. It is the estimated mean response at X =

X.

2.1.1.1. Mean
A local polynomia modd is formed at the query point x, much as a Taylor series model,
afunction in the neighborhood of a point. In the local linear model, the Taylor expansion
terms up to the first (linear) order are used to make the loca approximation. That is, the
function m is estimated locally by alinear model:

m(X) » m(x) +g'(X - x), (10)
where g = (b1, ..., bg)". For the convenience of a matrix expression, redefine the vectors

taking into account the constant term. Write

b = (bo, by, ..., ba)", (12)
where

bo = m(x), (12)
and

X =(LX-907, (13)
Then

m(X) » b X (14)

The observations {(X[,Y,): i =1, ..., n} are used as training data to estimate

b. The weighted least square criterion is used to obtain the fit (Fan et al., 1996). The local
model will fit nearby training points well with less concern for distant points by the
weighting functions (kernels) with the bandwidth defining the validity region of the local
model. The effective number of training points is modulated by the bandwidth of the
kernels.

Theestimationof b

R = agmin (y- X R) Wy -X,R) (15)

OT= (XTwx, ) XTwy (16)

where
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8’-3* X=X o Xyg- %30
Xq = gl X21- X, e de '- Xd: (17)
gl an- X oo Xnd_ Xda
W = diag{ Kg(Xi- X)}, (18)
y=(Ye, oo Yo)T (19)
And
Ke (U) = &K(Bu), (20)

where K( - ) isamultivariate probability density function with mean zero and the
covariance matrix of my(K)l4, with 14 thed™ d identity matrix. B is called bandwidth
matrix and |B| denotes its determinant. In this study, the weighting kernel K is chosenasa
Gaussian function and B = hlg, where h is called bandwidth. That is,

K (u) = e (s (21)
The distance function dis( - ) used in this study is the Euclideandistance.
dis(u) = vu'u (22)
Thus
mx) =b,, (23)
and
fm -
(E)(x): b,,j=1...,d (29)
The prediction value § isequal to BO.Tham IS,
9 ()= M) =b,=q"b =g (X;Wx, ) XIwy
=py=a pY, (25)
i=1
where
q=(1,0,...,0)". (26)

The vector py, also written as p(x), will be useful for calculating the bias and

variance of the local model.

P =P = (Py(X), P2 (X) 4 oy P, (X))T
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= (xpwx ) xw] 27)
It is easy to find that
p'p, = ' (Xjwx, ) ' Xjw (qT(XZWXd)'lxlw)T
= g7 (XJwx, ) g (28)
and
Spi(x) = 1. (29)
2.1.1.2. Variance
Atkeson et al. derived (1997) an estimate of s2(x), the local noise variance, that is,
the variance for the traffic data in our study. First, some additioral quantities in terms of
the weighted variables are defined. A locally weighted linear regression centered at a
point X produces loca model parameters b(x). It also produces errors (residuals) at all
training points. The weighted residual ri(x) is givenby:
ri(x) = wi(x) X! b(x) - wi(x)Y; (30)
where
wi(x) = /K(d(X;,x)) . (31)
The training criteria which are the weighted sum of the squared errorsiis:

C(x)=a r*(

= (y-XoB) W(y-X,R) (32)
A reasonable estimator for the local value of the noise variance is

At _ cx

S *(x)= = (33
n,x n, (X
where n | isamodified measure of how many data points there are:
al(X;,x) 9
N (X) —aW aK ( )¢ (34)

i=1 h ﬂ
Inan analogy to unweighted regression (Myers, 1990), the bias of the estimate
S ?(x) can be reduced by taking into account the number of parameters in the local linear

regression:
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nLL (X)

S0 =800 T 60

_ é. r(x)
n|_|_ (X) - pu_ (X)

where p,, (X) isameasure of the local number of the free parameters in the local model:

(35)

pLL(X):é \Ni4XiT(ngXd)_lXi (36)

2.1.2. ESTIMATOR VARIANCE AND BIAS
For any estimator m(x), define
Bias(M(x)) = E{ M(x) | X=x} —m (x) (37)
Var(m(x)) = Var {m(x) | X=x} (38)
=E{[M)-E{Mm) |X=x}]*| X=x}
Mean Squared Error:
MSE (x) = E{[ M (x) -m ()]* | X=x}
= Bias’(x) + Var(x) (39)
An important aspect of local polynomial learning is that it is possible to estimate
the prediction error and derive confidence intervals (bounds) on the predictions. In order
to develop the intervals, the parameter Var(y (x)) must be determined. A standard error

Sy Of ¥ (X) can be interpreted as the standard error of the estimator of mean response,

conditional on x. The notion standard error, of course, evokes the image of precision or
variation. In this case, it reflects the variation of § at X, if repeated regressions were
conducted, based on the same X-levels and new observations on Y each time.

The variance and bias of the multivariate local linear estimator are shown below
as given by Atkeson et al. (1997).

E (9 () =E (@ (X;WX,, ) *XTwy )= E (p.y)
= m(x) +pe (M-Xeb)
=m(x) +peTt (40)
where
m = [M(Xy), ..., m(Xo)]" (41)
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and
t=m-Xd . (42)
Var (9 (x)) = Var(m(x))
=E[§()-E(y )
=5%(x) px'Px (43)
From (40), it is easy to get
Bias (¥ (x)) = Bias (M(x)) = E (¥ (X)) - Yirue(X)
=E(§ () —m(x) = p<" m-m(x)
=p t=p (M=Xdb) (44)
Since the estimate of s%(x) can be given by (35), the estimator variance can be
computed by using (43). If the estimator s2(x) is substituted by s?(x), from (43) the

standard error of prediction can be defined as

Sy0 =S ,/pTP, (45)
Assessing the bias requires making assumptions about the underlying form of the
true function, and the data distribution. The local linear model exactly matches any linear
trend in the data
Using Taylor’'s expansion (Fan et al., 1996) of m(X), the bias (44) can be
estimated.
m(X) = m(x) + g'(X - x) + higher terms of (X - X)
= Xgb + higher termsof (X - X) (46)
According to (44), the bias depends only on the terms higher than the linear term.
Therefore, the bias of the local linear model can only be handled if m(X) is modeled as
higher than the linear degree polynomial. That means, some degrees of smoothness of m
arenot used by m. Denotet; = m(X;) — Xd¢b = higher termsof (Xi - x) andt =[t1t ...
tn]", theestimation of Bias ( § (x)) is

Bias (§ (X)) = py' t @7

For example, if m(X) isalocally quadratic model, then

M(X) = mx) + g'(X - ) + % (X-x)TH(X-X), (48)
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where H is the Hessian matrix of second derivatives of m(X) at x. The estimated bias is

Bias (§/060) = 58 ()X, -x)" H(X,-x).

i=1

= % P’ (X-X)TH(X-X), (49)

H can be estimated if m(X) is modeled as a locally quadratic model. But this demands a
new model and additional computation. Also, due to the roughness of the m(X) in the
data which was used in the present study (refer to Figure 1 and 2), another approach,

instead, is chosen to estimate bias.

2.1.3. ASYMPTOTIC PREDICTION INTERVAL
To derive confidence intervals requires the distribution of the error. Here, the
error is assumed normal, e ~ N(0,1). From Equation (1), Y~ N(m(x), s (x)).
If m(x) islinear in X, the local linear estimator is unbiased (Atkesonet al. (1997)).
That is,
Bias (§ (x)) = E (M(x)) —m(x)
=E( () - Youel) = 0. (50)
The following section will first give the derivation of the prediction interval for
the unbiased case and then will discuss the biased case. Under the condition of normal
errors, ¥ (x) isnormal, and a confidence interval at the 100(1- a)% confidence level for
E(Y] x) can be written
Y () £1, 20 250 (51)
The expression in (51) is, indeed, that of a confidence interval and is not to be
confused with the prediction level on a new response observation at X = x. The latter
reflects bounds in which the analysts can redlistically expect an observation of y at X = X
to fall.
The statistics § (x), the point on the regression line at X = X, serves the dual

purpose for the estimate of mean response and the predicted value. The standard error of

prediction, given by (45), is used in constructing a confidence interval on the mean
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response. However, it is not appropriate for establishing any form of inference on a future
single observation. Suppose the mean response at a fixed X = x is not of interest. Rather,
one is interested in some type of bound on a single response observation at X. Consider a
single observation at X = x denoted symbolically by ynew(X), independently of § (x). A
prediction interval on y can be constructed by beginning with ynew(X) - ¥ (X).

One way to derive confidence intervals for the predictions from local linear
learning is to assume alocal corstant variance s(x) at the prediction point x and to use
the result of Var (Y (X)) (Equation 43).

Considering

Var (ynew(X) - § (x)) = $2(x) + 5(x) px"px
=s%x)(1+pTp,) (52)

This reflects both the additive noise in sampling at the new point (s(x)) and the
prediction error of the estimator (s 2(X) px' px).

Under the assumption (50),

E [Ynew(X) - ¥ ()] = E(MX =Xx) - E (Y (X))
= m(x) — E(M(x))
= -Bias( ¥ (x)) =0,
then,
Yo I\ 01y (53
s (X)y1+p’p,

under the normal theory assumptions. Since in many nonparametric regression situations,

there may be only afew loca data points in the neighborhood of x and the asymptotic
normality is not close enough. Replace s by s (see Grayhill (1976)) and

ynew(x)_ 9()() -

"2
S(x)|/1+p P,

From (54) a probability bound or prediction interval can be placed on Ypey, i.€., @n

(54)

interval in which yhey is contained with a fixed probability (1-a).
This prediction interval is given by

Y () £ty ,8(x)y1+ pl—px (55)
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This expression of the prediction intervals is independent of the output values of
the training data ;, and reflects how well the data is distributed in the input space (see
Equation (27)).

When the bias is not zero, however, the variance only reflects the difference
between the prediction and the mean prediction, and not the difference between the
prediction and the true value, which requires knowledge of the predictor's bias. Only
when the local model structure is correct will the bias be zero.

Under certain regularity conditions, extending the univariate case by Fan et al.
(1996), it can be shown that asymptotically

Sy()
Therefore, the prediction interval can be estimated as

§ (x) - Bias (§ () £t,,,,,5(X)1+p P, (57)
Since the t-distribution may not be valid for our data, the bootstrap method is proposed.

2.2. Bootstrap Prediction Interval

The bootstrap is a method for estimating the distribution of an estimator or a test statistic
by resampling one's data or a model estimated from the data. The bootstrap principle is
that the distribution of (resampled — sample), which can be computed directly from data,
approximates the distribution of (sample — true). Often, the bootstrap provides
approximations that are more accurate than those of the first-order asymptotic theory.

The bootstrap method provides a direct computational way of assessing
uncertainty in settings where no formulas are available, by sampling from the training
data. Bootstrap is a popular method despite its disadvantage of being time consuming. In
some sense, bootstrap isa versatile approach In terms of obtaining prediction intervals, it
could be applied to many prediction models and needs few assumptions. Bootstrap can
provide areliable solutionand it is easy to implement when the asymptotic equations are
not available or not valid. This may occur due to a small sample size, or because of the

limitations set by the problem characteristics such as smoothness of the mean function.
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From an origina sample

Y o= (Y, Y Y)~F
draw a new sample of n observations among the original sample with replacements, each
observation having the same probability of being drawn (= 1/n). A bootstrap sampleis
often denoted

Y =0, Y, Y,:)TFn the empirical distribution
The behavior of arandom variable ci =q(Y,, F) can be studied by considering the
sequence of B new values obtained through computation of B new bootstrap samples. An
approximation of the distribution of the estimate ci =q(Y,, F) isprovided by the
distribution of

q°=q(Y>" F)b=1,..B

2.2.1. BOOTSTRAP BIAS
In generd, let g be a parameter and d an estimate. Let ci be the bootstrap estimate
calculated in the same way as ci . Then the bootstrap assessment of the bias is

Bias= Mean of (q°) - q (58)
The bias-corrected estimate of ¢ is then

q =g - Bias=2q - Meanof (q") (59)

2.2.2. BOOTSTRAP PREDICTION INTERVAL
A residual-based bootstrap with bias correction is used to compute the prediction interval
based on the percentile method (Efron et a., 1993).

Denote the bootstrap distribution of q° by G (t) = P @ £1), approximated by
G (t)=#q £t}/B

The percentile method consists in taking the 1-2a confidence interval for q as

being
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(G, '(a).G, (- a)] (60)

Theoretically thisis equivalent to the replacement of the unknown distribution
G(t,F)=P. (@ £t) by the estimate G(t, Fy).

The bootstrap interval prediction procedure can be divided into three steps:
1. Given training data { (X ,Y,):i=1, ..., n} of sizen (n= 14 for our case study), fit the
loca linear model m(X) and calculate the corresponding residuals € =Y - y. = -
m(Xi),i=1, ...,n. Since Ee =0 and Var e = 1 are assumed by our model (Equation 2 and
3), € needsto bedivided by the square root of Var( § (x)) (Equation 45) before

standardizationto avoid a system error in the bootstrap. The standardization includes

centering by subtracting the average (Freedman, 1981)

§=6-

S|

k
asé k=1, ..n. (61)
k=1

2. Then, draw B bootstrap errors{ e (b),i =1, ...,n;b=1, ..., B} each of sizen with
replacement from the sample distribution given by the centered residuals. Finally B

bootstrap outputs are formed as Y (b) = ¥+ e’ (b) to get B bootstrap training datasets

(X', Y (0),i=1,..,nb=1, ..., B Toeach bootstrap dataset a local linear model is

fitted as M™® (X) and the prediction m® (x) for the testing data query point x is computed.
To get the final prediction §® (x), bias is estimated by usingaverage of m® (x). A bias

corrected prediction

509 =20 (9 - & (¥, ©)
B =1
3. The prediction interval for § (x) with the confidence level of 100(1- a) percent is
obtained as[ § (X", § (X" Y], where § (X" isthe 100y -th percentile of the bootstrap
distribution { ¥ (x)} (b=1, ..., B) andy = 0.5a. For B = 400 bootstrap samples, a 95%
pointwise confidence bound can be formed from the percentiles of prediction values for
each x by finding the 2.5% "~ 400 = tenth smallest and largest values at each x: § (x) "

and § (x)"-**. The prediction interval will be[ § (x)-'* and § (x)*-].
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3NUMERICAL STUDY

The detailed process for obtaining data, preparing the data and providing the preliminary
data analysis and experimental design isbasically the same as in the study by Sun et al.,
(2003) for the point prediction performance of the local linear predictor. The differences
between this numerical study from that of the point prediction study should be pointed
out.

Firg is the performance index or evaluation criterion Since the main concern of
the interval prediction is the predicted bounds instead of the predicted value, therefore,
the relative mean error (RME) won't be used as the performance index. The expected
result is that the predicted bounds should include the predicted values. That is, the
predicted values should fall within the intervals formed by predicted upper bounds and
lower bounds. Provided this premise is satisfied, the narrower the prediction intervals, the
better performance. Obviously, under given confidence levels, the narrower prediction
intervals reduce uncertainty and give better results. Also, when comparing different
methods of interval prediction results over multiple experimental runs may not require to
be averaged. If consistent results for each run are observed and one-run results may be
enough to infer comparison conclusiors. In this paper, one-day results are given to
illustrate the comparison since all other days show the same trends. It is expected that the
bootstrap method is better in terms of giving narrower prediction intervals.

Secondly, results using 16-day data instead of 32-day data as the data set are
given Since it is found that the two data sets give the same comparison results for the
two interval prediction approaches. But a smaller data set has less total computation time.

In the same way, this study is based on Houston's US-290 Northwest freeway
eastbound traffic speed data collected from February 2002 to July 2002 every five
minutes. The selected road segment for study is US-290 from the cross street Sam
Houston toll way to the cross street Fairbanks. Two days form the testing set and the rest
form the training set. For each day, the first two points were deleted because certain days
missed those two points. The other missing data are replaced by the most recent time data
for that day. Thus, each day has 286 data points.

TRB 2004 Annual Meeting CD-ROM Paper revised from original submittal.



Sun et a. 17

Since the predictor uses two time instants data in covariates, the 3D figure
visualizing the relationship between the future data and the current and past data is
reproduced here (in Figure 1) for review. To some extent, the figure indicates that m(x) is
not very smooth

A resampling size (B) of 500 is used in the bootstrap procedure. Figure 2 and 3
show one-day prediction upper-bounds and lower-bounds a a confidence level of 95%
computed by asymptotic equations and the bootstrap method, respectively. Figure 3.2 isa
zoom-in view of Figure 3.1 for a clearer display. Figure 4 compares the one-sided
prediction intervals obtained by these two methods.

It is observed that the prediction intervals given by both methods can include the
prediction values. That is, the predicted upper-bounds and lower-bounds can cover the
predicted data. This is self-evident for the asymptotic method since the bounds are
derived after computing one-sided intervals. So the results validate the proposed
bootstrap procedure using the percentile method, where the bounds are computed directly
from the data. On the other hand, the similarity of the trends of both results validates the
asymptotic equations.

The asymptotic equation approach provides a one-sided prediction interval with
an average of approximately + 10Mphand a maximum of around + 16Mph.

The bootstrap approach results in a prediction interval with an average of
approximately + 0.3Mphand a maximum of about + 2.5Mph. It is much smaller and thus
better than that of the asymptotic results. This is in accordance with the expected
outcome of the experimental design.

From Figure 4, it is shown that oth approaches have a larger interval when
entering and leaving peak hours than at other times. But the bootstrap method gives much
more stable intervals than the asymptotic method. This again proves the bootstrap is

advantageous.

4 DISCUSSION AND FUTURE WORK
The work of this study has evolved from theoretical methodologies to software
implementations in order to achieve more informational traffic forecasting by providing

interval predictions. This paper has explored two approaches to compute prediction
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intervals. First the asymptotic equations of prediction intervals were derived for the local
linear predictor. Second a bootstrap method which does not rely on specific models or
assumptions was proposed to obtain the prediction intervals. Then these two
computational approaches were implemented in an experimental test, using a set of real-
world data. Note that the bootstrap method is very adaptable to many predictors. The
experimental results for the loca linear predictor were given and have validated the
proposed methodologies. Four figures in this paper illustrate results visually, to compare
the results of the two methods. The case study results are corsistent with what are
expected. That is, both methods are valid and the bootstrap method gives better results.

Although the asymptotic prediction intervals, i.e., £10to 16 Mph, seem
somewhat large in this initial study, there may be reasons to account for this. One
possibility could be the effect of ridge parameters, which also induce bias. Thiswas not
considered in the formula derivation Also, the small sample size and the roughness of the
real-world data (shown in Figure 1) may violate the t-distribution assumptionand the
second-order smoothness assumption in the local linear model. Another aspect is the
bandwidth parameter, which is very important in both point prediction and interval
prediction. More choices of bandwidth should be tested in the numerical study to obtain
optimal results. Such factors could affect the outcome of an asymptotic prediction.
Remarkably, the bootstrap method does not rely on those assumptions and therefore it has
yielded very promising results which are much better than the asymptotic method.

Since the bootstrap method is both accurate and easy to implement, it is a
promising method and strongly recommended for traffic forecasting practice. A cautious
view to such an excellent result suggests that further investigation would be prudent
before this approach can be extended to predictors other than the local linear predictor.
This is because the refined bootstrap method, as used in this paper, requires the
computation of predictor variances, which may not be available for other predictors.
Future work also includes more study on the asymptotic results of the local linear
predictors due to the directness of its computatioral method as well as its theoretical
potential. It does not need the resampling required in the bootstrap method. Additionally,
the model selection/preemptionachieved by interval prediction should also be included in

future research.
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W) vs. VI and Yit+1), where v denotes speed, 3<=t<=206 denote time intervals

ST Sy
o

TR SRR

alll
40

Vit+1)

Figure 1. The Relationship of One-step Future Traffic Speed Data ver sus Current
and Past Traffic Speed Data for 32 days
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Asymptotic Prediction Interval at 95% Confidence Level for One-Day Traffic
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Figure 2. 95% Prediction Upper and Lower Bounds for One-Day Traffic Time
Series, Computed by Asymptotic Equations of the Local Linear Predictor
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Bootstrap Prediction Interval at 95% Confidence Level for One-Day Traffic
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Figure 3.1. 95% Prediction Upper and Lower Bounds for One-Day Traffic Time
Series, Computed by the Bootstrap Procedure for the Local Linear Predictor
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Bootstrap Prediction Interval at 95% Confidence Level for One-Day Traffic

66

64 A& 4

la A

62

60

A AN 445\ ‘A 1ia _ A‘ Ll Af:' d “" ,‘L, h
AN X g { N ! N wil | ot | B
A APSERTA A > A I T A | e e
ol BT LA oM L 2 K eV |
= )
- A S
X
—— Predicted Speed
54 4 A Bootstrap Prediction Upperbound

52

u
©

Speed (Mph)

o
o
Il

X Bootstrap Prediction Lowerbound

D

50

48

1 10 19 28 37 46 55 64 73 82 91 100 109 118 127 136 145 154 163 172 181 190 199 208 217 226 235 244 253
Time of Day (Five-Minute Interval)

Figure 3.2. Zoom-In Resultsfor 95% Prediction Upper and Lower Bounds for One-
Day Traffic Time Series, Computed by the Bootstrap Procedure for the L ocal
Linear Predictor
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Asymptotic vs. Bootstrap Prediction Interval at 95% Confidence Leval for One-Day Traffic
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Figure 4. Comparison of One-Sded Prediction Intervals at 95% Confidence Level
for One-Day Traffic Time Series, Computed by Asymptotic Equationsand the
Bootstrap Procedure for the Local Linear Predictor, Respectively.
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