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Negative Binomial Additive Models for Short-Term
Traffic Flow Forecasting in Urban Areas

Yousef-Awwad Daraghmi, Chih-Wei Yi, and Tsun-Chieh Chiang

Abstract—Parallel, coordinated, and network-wide traffic man-
agement requires accurate and efficient traffic forecasting models
to support online, real-time, and proactive dynamic control. Fore-
cast accuracy is impacted by a critical characteristic of traffic flow,
i.e., overdispersion. Efficiency depends on the time complexity
of forecasting algorithms. Therefore, this paper proposes a novel
spatiotemporal multivariate forecasting model that is based on the
negative binomial additive models (NBAMs). Negative binomial is
utilized to handle overdispersion, and additive models are used
to efficiently smooth nonlinear spatial and temporal variables. To
evaluate the model, it is applied to real-world data collected from
Taipei City and compared with other forecasting models. The re-
sults indicate that the proposed model is an accurate and efficient
approach in forecasting traffic flow in urban context where flow
is overdispersed, autocorrelated, and influenced by upstream and
downstream roads as well as the daily seasonal patterns, namely,
low-, moderate-, and high-traffic seasons.

Index Terms—Additive models, autocorrelation, multivariate,
negative binomial (NB), overdispersion, seasonal patterns, short-
term forecast, spatial correlation.

I. INTRODUCTION

THE TRANSPORTATION network is a complex system
where the behavior of the entire system cannot be de-

termined by examining one part of the network [1]. In the
new era of intelligent transportation systems (ITS), research
has focused on managing the transportation network entirely
through parallel or coordinated manners. In parallel or coor-
dinated traffic management, continuous forecasting of traffic
conditions for short time ahead is necessary to enable proactive
dynamic traffic control [1], [2]. Forecasting not only provides
information about future traffic conditions but also allows for
prelaunch control decision evaluation by determining the future
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impact of these decisions on traffic. Forecasting models should
have high accuracy and low time complexity to be applied
practically and efficiently.

Focusing first on accuracy, the literature of ITS reveals that
accuracy is improved by addressing multiple spatial and tempo-
ral characteristics of traffic flow; hence, multivariate forecast-
ing models (e.g., [3]–[13]) are more accurate than univariate
ones (e.g., [14]–[26]) since multivariate models account for
the spatial correlations of flows on upstream and downstream
roads [3]–[7]. They simultaneously address traffic flow tem-
poral characteristics, including autocorrelation and seasonal
patterns such as the weekly and daily patterns [3]–[5]. The most
accurate and widely used multivariate traffic forecasting models
were derived from various statistical or data mining methods.
Examples of these models are the neural-network-based models
(e.g., [3], [27], and [28]) and the time-series models such as
smoothing- and autoregression (AR)-based models (e.g., [4],
[5], and [9]).

Although previous studies provide the ITS with fundamental
traffic theories and forecasting models, overdispersion has not
been meticulously addressed. Some models did not consider
the problem of overdispersion at all. Overdispersion occurs
when the variance is greater than the mean, and it is a critical
characteristic because it reduces accuracy and causes false
judgment about the significance of correlated variables if it
is not appropriately handled [29], [30]. Traffic flow exhibits
overdispersion since vehicles in urban and signalized area
have high fluctuating arriving and leaving rates during each
traffic season [11], [20]. Therefore, overdispersion should be
handled in traffic flow forecasting models. However, the used
multivariate models such as smoothing- or AR-based models
assume equidispersion or use distributions that do not assist
in capturing rapid variations of flow in urban areas [3], [31].
Further, neural-network-based models require much time and
extensive training of homogeneous traffic conditions to handle
high variations [3].

Second, the time complexity concept quantifies the amount
of time required to run a specific algorithm. Determining the
time complexity of a forecasting model assists in judging
whether this model can be applied to real-time traffic appli-
cations or not. Although this concept is crucial to the success
of future ITS practical solutions, few studies [2], [5] have
quantified forecasting computational time. Other studies (e.g.,
[4], [6], [14], and [32]) have implicitly referred to this concept
as computational demand, efficiency, or time demand and spec-
ified that traffic systems require fast forecasting algorithms that
process data quick enough to enable real-time decisions. To
reduce computation cost, studies have used data from limited
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correlated roads instead of examining all roads. Further, studies
have tried to adopt efficient forecasting methods. However,
most widely used models such as AR- and neural-network-
based models require much computational time [4], [5], [33].

In this paper, we adopt negative binomial additive models
(NBAMs) derived from generalized additive models (GAMs)
and negative binomial (NB) distribution, and we propose a
novel spatiotemporal multivariate NBAM. The GAMs require
low computational complexity to capture data nonlinearity and
nonstationarity by nonparametric smoothing of all covariates
[34], and the NB is the best overdispersion handling method
[29], [30]. Therefore, the proposed model efficiently handles
overdispersion and smooths multiple nonlinear spatial and tem-
poral variables [30]. For evaluation, the proposed model is
applied to data collected from Taipei City and compared with
other classic forecasting models. The results show that the accu-
racy and the efficiency of the proposed spatiotemporal NBAM
are very satisfactory. In summary, this paper first contributes
accurate and efficient spatiotemporal multivariate NBAMs for
forecasting traffic flow in low-, moderate-, and high-traffic con-
ditions. Second, it outlines that overdispersion is an important
characteristic that should be treated by forecasting models.
Third, it reduces computational cost by using an efficient model
and by employing statistical measures to identify all significant
spatially correlated roads instead of assuming correlation from
specific roads.

II. THEORETICAL BACKGROUND

A. GAMs

The GAMs are based on the additive models, which assume
that the mean of a response variable depends on predictors
through a nonlinear function. To illustrate additive models, let
Y be a random variable (RV) that is correlated with a set of
other RVs (predictors) X1,X2, . . . ,Xr. The dependence of Y

on the predictors is defined as follows:

yi =

r∑

j=1

sj(xij) + εi (1)

where yi and xi are the ith observations in data of size n,
sj(xij) is a smooth function of the ith observation of covariate
j, and εi is the residual that is independent of the covariates
where εi ∼ NID(0, σ2) [34]–[36]. If the dependence of Y on
X is not linear, summarizing it with a straight line, as in linear
regressions, would be inappropriate. Therefore, the additive
models replace the usual linear function with an unspecified
smooth function [34], [36].

The additive models are nonparametric since no parametric
form is imposed on the smooth functions; however, they are
iteratively estimated in the fitting phase by using scatterplot
smoothers such as a regression spline or a cubic spline [34]–
[36]. Smoothers fit a smooth function of one covariate with data
by generating a continuous curve consisting of small sections
joined together through knots [34], [36]. The total number
of sections in one curve is z, and each small section has an
equation such as linear regression or a cubic polynomial. Each

equation is composed of a base function and a coefficient. The
base functions of the curve form model matrix Xn×z , and the
coefficients form parameter matrix βz×1. Details on calculating
the base functions and model matrix X are in [35] and [36].
The degree of smoothness is controlled by parameter λ, which
is calculated in cross-validation procedures so that the mean
square error is minimized [34], [36]. λ determines the number
of sections (z) in a single continuous curve. When multiple
covariates exist, their smooth functions are simultaneously
fitted via a backfitting algorithm in an iterative manner where
smoothers are called in each iteration [34], [36].

The idea behind GAMs is generalizing the additive models to
allow the response variable to follow an exponential distribution
or have a known mean variance relationship [34]–[36]. The
GAMs extend the generalized linear models, which assume
linear dependence, by allowing the dependence to be nonlinear
[34], [36]. Consequently, they allow greater flexibility than
the parametric models and enable the discovery of a hidden
structure in the relationship between the response and the pre-
dictors. In GAMs, the mean μ of Y, which is μ = E(Y|X1 =
x1, . . . ,Xr = xr) is linked to the predictors by

G(μ) = s0 +

r∑

j=1

sj(xij) + εi (2)

where G is a link function, and s0 is the intercept that is equal
to the overall mean of the dependent variable Y [34], [36]. A
likelihood function is usually formalized to enable better fitting
with data. The smooth functions in GAMs are estimated using
a local scoring algorithm that maximizes a likelihood function
[34]–[36]. To avoid overfitting, the generalized cross-sectional
validation is used [35].

B. NBAM

The NBAM is a special case of the GAMs. The NBAM was
derived to overcome the main limitation of GAMs, which is the
ability to model only data with an exponential distribution [30].
The response and the predictors may not only have nonlinear
dependence but also follow other distributions mainly when
overdispersion exists, i.e., the variance is greater than the mean.
In this case, the best distribution is the NB [29]. The NBAMs
extend the GAM framework to handle overdispersion by allow-
ing Y to follow an NB distribution [30]. The NB distribution
handles nonstationarity and high fluctuation of data by allowing
the variance σ2 of Y to exceed the mean as σ2 = μ+ ϕμ2,
where ϕ is the overdispersion parameter [29]. To additively fit
the NB model for Y given covariates X1, X2, . . . ,Xr, a natural
log link function is chosen. The NBAM can be written as

logE(μ) = s0 +

r∑

j=1

sj(xij) + εi (3)

where the smooth functions are iteratively trained using a local
scoring algorithm by estimating μ and ϕ that maximize a log-
likelihood function given in [30].

Modeling a large data set from complex context such as
urban traffic data, which contain many correlated variables,
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requires much computational time. To minimize computational
demand, it is necessary to consider only significant predictors
for the forecast accuracy. This optimizes the NBAM to the
best-fit model that contains only the significant covariates and
fits the data with minimum error. Significant predictors are
determined using evaluative measures, including the P -value,
the Akaike information criterion (AIC) score, the generalized
cross-validation (GCV) score, and the deviance explained (DE)
score [29], [35]. A covariate is significant when its P -value is
smaller than the significance level, and its significance increases
when its P -value decreases [35]. The AIC, GCV, and DE are
given by

AIC = 2(par)− 2 ln (�(Mi)) (4)
GCV =nD(n−Dof)2 (5)
DE = − 2(�(M5i− 1)− �(Mi) (6)

where Mi is the new model when a new covariate is added,
�(Mi) is the value of the maximum-likelihood function of the
model Mi, par is the number of estimated parameters, and Dof
is the degree of freedom [29], [35].

The GAM forecasting models require a set of data, model
matrix X, and model parameter matrix β [35]. The set of data
contains observations of predictors that are used to know the
future values of the response. These data are used to calculate
the model matrix, which is referred to here as prediction matrix
Xp. The prediction matrix maps the model parameters β to the
forecast of the response (Y̌) as

Y̌ = Xpβ (7)

where the model parameters β are obtained in the training phase
[35]. The total time complexity of the NBAM is O(n), i.e., it
depends mainly on the data size of one covariate [34], [36].
The GAM-based models are not affected by a small amount of
missing data [29], [35]. Different examples about GAM-based
models are shown in the literature as in [37]–[40].

III. SPATIOTEMPORAL NBAMS

Here, we accommodate the NBAM to vehicular traffic by
proposing a spatiotemporal NBAM. To study the spatial cor-
relation, all road segments are analyzed in turns. For a targeted
road segment (dependent) Ri, we classify other segments into
upstream segments, downstream segments, and adjacent road
blocks. The upstream segments should be included in the model
because they are the main source of traffic flow to the targeted
segment. The downstream segments should be also included
because the downstream traffic may affect the upstream during
high traffic, mainly when road segments are short [4], [9], [41].
Finally, the adjacent road blocks containing merging/diverging
maneuvers and parking lots should be included because they
contribute to the traffic on the dependent road.

Let road i have sets of upstream roads, downstream roads,
and adjacent road blocks U , D, and B, respectively. Let vi,t be
the response variable corresponding to traffic flow on road i at
time t and vj→i,t−1 be the predictors corresponding to traffic
flow on any spatial segment j at time t− 1(j ∈ U ∪D ∪B).
The temporal autocorrelation can be controlled by including

a one-step lag flow of the dependent road as a predictor, i.e.,
vi,t−1. The proposed spatiotemporal NBAM can be written as

log vi,t=μi+sTemp
t (vi,t−1) +

∑

j∈U∪D∪B
sSpat
j→i (vj→i,t−1)+εt.

(8)

Lag values vi,t−1 are included to account for the short-term
persistence of flow and to continuously update the model with
the data trend. Moreover, lag value vj→i,t−1 is included to
account for travel time on road segments and the delay in data
collection. Equation (8) is for fitting the smooth functions to
data according to the NB distribution and calculating model X
and parameter matrices β, which will be used for forecasting as
in (7).

The step-forward approach, where covariates are added one
at a time, is followed to find the best-fit model. The code in
Algorithm 1 describes the procedure to compute the smooth
functions and determine the significance of each covariate.
Line 7 calls the local scoring and backfitting algorithms (pro-
posed in [34]) to compute the smooth functions. Each time the
smooth function of the covariate is estimated, the evaluative
measures, including the P -value, AIC, GCV , and DE scores,
are calculated to test the significance of the added covariate and
the new model [29], [35]. This has two advantages: First, it re-
duces the computational demand of forecasting by incorporat-
ing only significant roads instead of dealing with a large number
of variables. Second, it allows examining all correlated roads in
one area instead of choosing some roads and ignoring others.

Algorithm 1 Model Training (dependent variable Y, covari-
ates X1,X2, . . . ,Xr)

INPUT
1: yi // flow on the dependent road i
2; x1, x2, . . . , xr // flows on temporal and spatial covariates

BEGIN
3: M = ∅ // initializing the model
4: s0 = Mean(yi)
5: set j to covariate index
6: for j = 1 to r do
7: Compute sj(xj), P -value of sj(xj), AIC, GCV , DE
8: if P -value of sj(xj) < 0.05 then
9: if |M | = 0 then
10: AICm = AIC; GCVm = GCV ; DEm = DE
11: M = {j}
12: end if
13: if AICm < AIC and GCVm < GCV and

DEm > DE then
14: M = M ∪ {j}
15: else
16: AICm = AIC; GCVm = GCV ; DEm = DE
17: end if
18: update model y = s0 +

∑
j∈M sj(xj)

19: end if
20: end for
21: return model y = s0 +

∑
j∈M sj(xj)
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Fig. 1. Map of selected roads in Taipei City.

Fig. 2. Traffic flow on selected roads. (Upper part) Weekly pattern. (Lower part) Daily pattern.

Algorithm 1 is in the simplest form, whereas in reality, for
obtaining improved results, a brute-force search is applied
to select all possible significant covariates. The proposed
model can be generalized to other networks as traffic flow on
most urban networks shares the same characteristics: spatial
correlation, autocorrelation, and M-shape traffic demand (as
in [32]).

IV. APPLICATION OF THE MODELS

Here, we apply the proposed models and the other models for
comparison to a data set, and we present the empirical findings.

A. Traffic Flow Data Set

The data consist of traffic volumes recorded every 2 min from
13 signalized arterial segments in Taipei City. Fig. 1 shows the
traffic flow direction, the road segments, and the adjacent road
blocks in the Zhongxiao Fuxing area. Microwave radar vehicle

detectors were used to record the data in January, February, and
April of 2008. The volumes on the road blocks are estimated
based on the flow conservation principle by calculating the
difference between the number of vehicles entering and leaving
a road segment. The collection of dense data from three lanes
per direction with a short distance between two measuring sites,
i.e., from 200 to 400 m, and with short aggregation time, i.e.,
2 min, is necessary to capture all flow patterns and variations in
such a busy and crowded area.

Before starting the data analysis, the data were inspected, and
invalid records were found, including missing values, negative-
volume values, and zero-volume values, when speed is greater
than zero. The invalid data resulted from detector malfunction
or failure. The number of the invalid records of each road is
less than 20 records (2%) per day, which is not large and does
not affect GAM accuracy. To fix an invalid data record, we
used an interpolation function that calculates the average of
values measured at the same time of the day from the previous
weekdays.
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TABLE I
MEAN, VARIANCE, AND DISPERSION VALUES ON SELECTED

ROADS DURING THE THREE TRAFFIC SEASONS

B. Traffic Flow Characteristics

The traffic volumes of roads are represented by time series
that are plotted in Fig. 2 for selected roads during 19 days and a
single day. The figure illustrates how the data have weekly and
daily seasonal patterns, which are periodically repeated. The
weekly pattern includes the workday pattern and the weekend
pattern. The daily pattern includes different seasons, which we
categorize as: 1) a low-traffic season when the volume is less
than the mean and that often exists in the early morning from
00:00 to 06:00; 2) a high-traffic season when the volume is
greater than the mean and that occupies time periods from
07:00 to 09:00 and from 17:00 to 19:00; 3) a moderate-traffic
season when the volume is around the mean. These patterns
are common in urban transportation and called the M-shape
because the daily traffic demand is similar to the letter M [32].

Traffic flow in the data exhibits spatial correlation among
different roads in the upstream and downstream directions.
Further, as shown in Fig. 2, the flow is temporally autocorre-
lated and is not stationary as the daily seasons have different
lengths, and within these seasons, the mean and variance are
time dependent and have different values. These characteristics
are presented in related studies which demonstrated that traffic
flow is always autocorrelated and has nonstationary behavior.

Additionally, the traffic volume has overdispersion since the
variance of the volume for each road is greater than the mean,
as shown in Table I. The table presents the mean, variance, and
dispersion for several roads during the three seasons. Overdis-
persion is identified when the dispersion value (the Pearson
statistic (χ2) divided by the degrees of freedom) is greater than
1 [29]. In the data set, all volumes are overdispersed since their
dispersion values are greater than 1. In these data, fluctuation
is also high during high-traffic seasons, which is similar to the
results in [15].

The volume overdispersion is related to the volume variations
within seasonal patterns and to volume fluctuation due to traffic
lights. Red light increases the volume, and green light decreases
it. The examined area has ten different timing plans in each
weekday. This increases the variation mainly as the time for the
red/green light in each plan depends on the flow patterns and
the lane location. For example, in the middle lane, the green
and red lights periodically switch every 60 s during low traffic
(00:00–01:00), whereas the green light lasts 108 s and the red
light lasts 92 s during high traffic (07:00–09:00). The left lane

has different timing since vehicles must wait for the flow in
the other direction to stop. In this paper, we consider only the
flow in the middle lane for the analyses to control the value
of overdispersion as the middle lane has the same light timing
on roads R1, R4, R5, R8, R9, R12, and R13. The variations
may be also caused by other effects such as changing weather
conditions, road work, and driving behavior [15].

C. Training the Models

We perform analyses on roads R4, R5, R8, R9, and R12
because the data of their upstream roads, downstream roads,
and road blocks are available. To train the models of these
roads, we use the data recorded in January and February,
excluding weekends because they have different patterns. The
total number of days is 44 (23 Jan and 21 Feb). In all analyses,
the significance level is set to 5% as the confidence interval
is 95%.

1) Spatiotemporal NBAM: We model each traffic season
separately using three two-month-long training data sets: a set
for low-traffic season from 00:00 to 07:00, a set for moderate-
traffic season from 09:00 to 17:00 and from 20:00 to 00:00,
and a set for high-traffic season from 07:00 to 09:00 and
from 17:00 to 20:00. Consequently, each season will have a
forecast model. This is because each season has a different
spatial correlation. For instance, the downstream segments have
a significant impact on its upstream roads during high traffic but
not during low or moderate traffic. In addition, a model for each
season eliminates outliers and reduces the amount of variability
and irregularity as the flow does not fluctuate between peak and
off-peak.

The estimation starts by choosing a dependent road and
estimating the smooth functions of the covariates. To simplify
the estimation process, a new covariate is added in the follow-
ing sequence: the temporal autocorrelation covariate, upstream
roads, downstream roads, and road blocks. As we may have
many correlated road segments in a complex traffic network,
we need to select only the significant segments for the forecast
accuracy using the evaluative measures, including the P -value,
AIC, GCV , and DE scores [29], [35]. This optimizes the
NBAM to the best-fit model that contains only the significant
covariates and fits the data with minimum error. The analyses
were conducted using the R mgcv package introduced in [35].
This package contains all coding libraries for estimating smooth
functions, evaluative measures, and forecast results.

The output of this stage is a smooth function for each
covariate with an associated P -value, a model matrix X, and
a model parameter vector β as well as AIC, GCV, and DE
for the final model. Due to space constraints, we only provide
results for R8. We do not provide the model matrices and the
coefficient vectors since they are very large. Each covariate has
a λ value of around 0.002, making the number of sections in
a curve very large. Table II presents the main outputs of the
NBAM when R8 is the dependent variable. The values of ϕ in
the table are greater than zero, which justifies the use of the NB
to handle overdispersion.

The autocorrelation part of R8 is the most significant during
the three seasons since the P -value is the smallest (see Table II).
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TABLE II
MAIN OUTPUTS OF THE NBAMS WHEN R8 IS THE DEPENDENT ROAD

This indicates that the volume is mostly correlated with its
previous values. The upstream segments (R4, R5, R6, and R7)
are significant during all traffic seasons as their P -value is
smaller than 5%. The significance of R5 and R6 is higher
than the significance of R4 as their P -values are smaller than
the R4 P -value. The significance of upstream roads decreases
when the distance between the targeted road and the upstream
road increases. We can also notice that although R7 is in the
direct upstream, its significance is low since few cars turn
left on that intersection. The downstream segments (R9 and
R12) are significant during the high-traffic season only as the
P -values (∗ in Table II) become smaller than 5%. Segment R9
is more significant than R12. Road blocks R8 and O-R8 are
only significant during the moderate-traffic season as indicated
by the P -value (∗∗ in Table II). The distant upstream and
downstream road segments such as R1 and R13 are insignificant
as their P -values are greater than 5%. Adding insignificant
segments to the model increases the AIC and GCV scores and
decreases the DE.

To evaluate the fitted models, we compare the fitted values
of each covariate with its observed values as in Fig. 3, and we
also perform residual analyses as in Fig. 4. The residual plots
against the covariate show that the residual points are randomly
dispersed around the x-axis. The last plot is the residual his-
togram, which illustrates that the residual has an approximately
normal identical distribution. The residual analyses show that
the models fit with data with minimum errors.

The aforementioned results are also found for other roads
(R4, R5, R9, and R12). The NBAMs should incorporate the
temporal autocorrelation covariate and some spatial covariates.
In agreement with traffic flow theories and previous studies [3],
[4], [9], [27], the upstream roads are found to be always sig-
nificant, and the downstream roads are only significant during
high traffic due to the backward spread of traffic. Additionally,
the results determine how far we can go in the upstream and
downstream directions. This minimizes the computational com-
plexity of the model by including only significant upstream and

Fig. 3. Example of the smooth function of R5 during the moderate-traffic
season.

downstream segments. The above analyses assist in reducing
the three forecasting models to a single model by adding a
categorical variable k = 0 or 1. The downstream segments are
multiplied by k = 1 during high traffic and k = 0 for other
seasons. The adjacent road block is multiplied by k = 1 during
average traffic and k = 0 for other seasons.

2) Other Models: The HW, ARIMA, MSTARMA, and
MST are trained, and their parameters are estimated using
the assumptions in the original papers; however, they are ac-
commodated to our training data set. For example, the HW
coefficients for the level, trend, and seasonality are estimated
as in [17] using one day cycle of length 720. The coefficients
are presented in Table III.

As shown in Table III, the trend coefficient is zero, which
means that the overall trend of the flow is zero, but there is only
seasonal pattern expressed by the high seasonal coefficient.

The ARIMA model is estimated using one day cycle of
length 720. Seasonal differencing is used to remove nonstation-
arity as in [17]. Different variations of ARIMA coefficients are
used to find the best model that has the lowest AIC and MSE.
The best variation is ARIMA(2, 1, 2)(0, 1, 0)720. This means
that the model contains two nonseasonal AR components,
two nonseasonal moving-average components, and no seasonal
lags. The ARIMA coefficients are shown in Table IV.

The MSTARMA is estimated using six templates corre-
sponding to peak (daytime from 07:00 to 20:00) and off-peak
(nighttime) for three sets of days (Mon and Fri; Tue, Wed,
and Thu; and Sat and Sun) as in [5]. The time lag is set to
two, which means that each template will have two spatial
correlation matrices, e.g., mat(a = 1, 1) and mat(a = 1, 2).
Because we have 13 road segments, the size of each matrix
is 13 × 13, and an element (i, j) of mat(a = 1, 1) is one if
vehicles on road i reach road j within one time step (2 min
in our data). The model in [5] is fitted to data using the training
data set. Examples of the autocorrelation coefficients are shown
in Table V for R8 in the “Tue, Wed, and Thu” peak template.

The table shows that not only the upstream roads affect R8
but also the downstream road R9 due to the backward spread of
congestion.
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Fig. 4. Residual plots against the autocorrelation covariate (R8, t-1), the upstream road (R5), and the downstream road (R9) during high traffic and the road
block (R8) during moderate traffic. The last plot is the residual histogram.

TABLE III
HW COEFFICIENTS

TABLE IV
ARIMA COEFFICIENTS

TABLE V
MSTARMA COEFFICIENTS FOR R8 IN THE “TUE, WED,

AND THU” PEAK TEMPLATE

TABLE VI
MST ESTIMATES FOR SELECTED ROADS

TABLE VII
MST CORRELATION COEFFICIENTS FOR SELECTED ROADS

Finally, the MST model is fitted to data as in [4] but using dif-
ferent lag values, i.e., τ = 1 to 720. The relationships between
variables are represented as any road is correlated with others at
one lag, and therefore, a correlation coefficient exists for each
road. The estimated trend gt, standard deviation of error σε, and
standard deviation of stochastic trend ση are shown in Table VI,
and the correlation coefficients for selected roads are shown in
Table VII.

Table VI shows high standard deviation of the disturbances
resulting from the high variation and the overdispersion of flow.
Table VII shows that there is a high correlation between road
segments and that the correlation decreases when the distance
between the segments increases.

TABLE VIII
RMSE VERSUS FORECAST HORIZON FOR R8

DURING THE THREE SEASONS

D. Forecast Results

We evaluate the forecast during each traffic season separately
using the models developed in the training phase. The NBAMs
utilize the predict function in the R mgcv package, which ap-
plies (7) to forecast future values. The forecast requires model
coefficients β and data that are used to build prediction matrix
Xp. To forecast an hour ahead, traffic flows on the dependent
road and the significant roads from the previous hour of the
same season are used, i.e., the previous 30 records of a season
are used to predict 30 records ahead during the same season. We
choose only one hour ago since the flow does not have extreme
fluctuations within one season. Moreover, considering an hour
ago enables capturing the behavior of flow during the last hour
and including real-time traffic conditions.

The models are evaluated in different days using the testing
data set recorded in April 2008. The forecasted values are
compared with real observations. The accuracy is evaluated
using RMSE and the MAPE. We also compare the results of the
spatiotemporal NBAM model with the results of other models
during different traffic seasons. The HW uses the estimated
coefficients and data from the current season (m = 720) to
forecast an hour ahead. The ARIMA and the MSTARMA
consider the number of lags to forecast a single future value.
To extend the forecast horizon, every time a t+ 1 value is
predicted, it is used to forecast the t+ 2 value. The MST
forecast uses the parameters in the current season (m = 720)
to forecast a single step or multiple steps ahead.

To test the forecast accuracy versus the forecast horizon, the
RMSE values of R8 are calculated for different horizons, as
shown in Table VIII. We notice that the RMSEs of the NBAMs
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TABLE IX
COMPARISON OF FORECASTING MODELS BASED ON MAPE

TABLE X
COMPARISON OF FORECASTING MODELS BASED ON RMSE

are smaller than those of the HW, ARIMA, MSTARMA, and
MST models during the three traffic seasons for different hori-
zons. The MAPE and RMSE values of the models applied to
several roads for a 20-min forecast horizon are presented in
Tables IX and X. For clearer comparisons, we let each model
forecast flows for 20 min ahead. The results of the forecasts
from the multivariate models during the three traffic seasons
for R8 are shown in Figs. 5–7.

The tables and figures show that the spatiotemporal NBAMs
perform better than the other models as its results are very close
to the observed values, and its RMSE and MAPE values for
all roads are less than the other models. The spatiotemporal
NBAMs capture the flow trend and account for the flows
on other roads. Modeling each traffic season separately assist
in avoiding the flow fluctuation between low, moderate, and
high traffic. The amount of variation left in each season is
captured by the model through treating the overdispersion of
data. The tables and figures also show that the multivariate
models outperform the univariate models. All models perform
better during the high- and moderate-traffic seasons, but the
accuracy deteriorates during the low season.

Fig. 5. Comparison between the NBAM, MST, and MSTARMA for a 20-min
forecast during the low-traffic season.

Fig. 6. Comparison between the NBAM, MST, and NBAM for a 20-min
forecast during the moderate-traffic season.

The accuracy of the other models is less than the spatiotem-
poral NBAMs. The Holt–Winters and the ARIMA methods do
not handle overdispersion and do not address flow on other
roads. Although the MST and the MSTARMA are multivariate
and can include several spatially correlated road segments, their
inability to handle overdispersion makes them less accurate
than the spatiotemporal NBAMs. It is worth noticing that the
NBAM outperforms GAM as indicated by the RMSE and
MAPE values of the GAM (ϕ = 0, the variance and the mean
are equal). This states that overdispersion is an important factor
that should be handled in traffic flow modeling. Although the
accuracy difference between GAM and NBAM is very small,
this difference will become bigger if overdispersion is larger
than the one in our data set.
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Fig. 7. Comparison between the NBAM, MST, and MSTARMA for a 20-min
forecast during the high-traffic season.

TABLE XI
CPU TIME COMPARISON IN SECONDS

Our research results can be validated as the models used for
comparison achieve similar results as in the published papers.
We focus on the MAPE because it is not scale dependent as
RMSE. The HW MAPE is 11.22% in rush hour [17]. The
ARIMA MAPE values during high traffic in [14] and [17] are
11.28% and 8.82%, respectively. The MST MAPE value of
different roads in [4] for a single step forecast (15 min) range
from 3.84% to 12.81%. The HW and ARIMA MAPE values
for a 15-min forecast during low traffic in [17] are 22.11% and
28.55%, respectively. In our results, the MAPE values of these
models for a 20-min forecast during high and low traffic are
very close to the published values and within the same range.
The small difference is related to the data aggregation time,
horizon difference (15 min versus 20 min), and overdispersion.

E. Time Complexity

In terms of the computational demand, the CPU time is
measured on a 2.5-GHz Intel CPU, 46-bit operating system, and
4-GB RAM. The GAM-based model is the fastest compared
with other models and costs little time during optimizing the
smooth functions and forecasting future values, as shown in
Table XI. GAM is slightly faster than NBAM, which makes
GAM a better choice in practice. However, when overdisper-
sion increases, little computation speed can be sacrificed for
obtaining higher accuracy.

V. CONCLUSION AND FUTURE WORK

Traffic flow has spatial characteristics that include the spatial
correlation with upstream/downstream roads and adjacent road
blocks as well as temporal characteristics that include temporal
autocorrelation and seasonal patterns. Additionally, flow ex-
hibits overdispersion resulting from high and rapid variations in
urban and signalized road network. Overdispersion influences
forecast accuracy and requires special treatments. Therefore,
we have proposed a novel spatiotemporal NBAM for short-term
traffic flow forecasting in urban areas. The model addresses the
spatial and temporal characteristics and handles overdispersion.
The model is accurate and efficient during all traffic conditions.

We believe that the proposed forecasting model benefits
the application of parallel and coordinated traffic management
strategies. In these strategies, the traffic network is divided
into subnetworks, where each subnetwork is controlled by
a subcontroller. Subcontrollers communicate with each other
to provide network-wide control decisions in a process that
involves much data and computation. The latest information
and communication technology that supports distributed large
data processing and storage is cloud computing. Our final goal
is to make use of cloud computing to provide parallel and
coordinated congestion control. This is an ongoing project sup-
ported by the Ministry of Transportation and Communication
of Taiwan. The proposed forecasting model will be utilized
to provide adaptive and proactive dynamic traffic control. Its
high accuracy enables estimating traffic conditions precisely
and enables evaluating the impact of control decisions on future
traffic. Its low computational demand guarantees the efficiency
of computation and communication within the cloud system.
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