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Abstract—Road traffic speed prediction is a challenging problem in intelligent transportation system (ITS) and has gained increasing

attentions. Existing works are mainly based on raw speed sensing data obtained from infrastructure sensors or probe vehicles, which,

however, are limited by expensive cost of sensor deployment and maintenance. With sparse speed observations, traditional methods

based only on speed sensing data are insufficient, especially when emergencies like traffic accidents occur. To address the issue, this

paper aims to improve the road traffic speed prediction by fusing traditional speed sensing data with new-type “sensing” data from

cross domain sources, such as tweet sensors from social media and trajectory sensors from map and traffic service platforms. Jointly

modeling information from different datasets brings many challenges, including location uncertainty of low-resolution data, language

ambiguity of traffic description in texts, and heterogeneity of cross-domain data. In response to these challenges, we present a unified

probabilistic framework, called Topic-Enhanced Gaussian Process Aggregation Model (TEGPAM), consisting of three components,

i.e., location disaggregation model, traffic topic model, and traffic speed Gaussian Process model, which integrate new-type data with

traditional data. Experiments on real world data from two large cities validate the effectiveness and efficiency of our model.

Index Terms—Traffic prediction, gaussian process, topic modeling, multi-source data

Ç

1 INTRODUCTION

1.1 Background and Motivation

ROAD traffic monitoring is of great importance for urban
transportation system. Traffic control agencies and

drivers could benefit from timely and accurate road traffic
prediction and make prompt, or even advance decisions
possible for detecting and avoiding road congestions. Exist-
ing methods mainly focus on raw speed sensing data col-
lected from cameras or road sensors, and suffer severe data
sparsity issue because the installation and maintenance of
sensors are very expensive [1]. At the same time, most exist-
ing techniques based only on past and current traffic condi-
tions (e.g., [2], [3], [4], [5]) do not fit well when real-world
factors such as traffic accidents play a part.

To address the above issues, in this paper we introduce
new-type traffic related data arising from public services:
1) Social media data, which is posted on social networking
websites, e.g., Twitter and Facebook. With the populariza-
tion of mobile devices, people are more likely to exchange
news and trifles in their life through social media services,
where messages about traffic conditions, such as “Stuck
in traffic on E 32nd St. Stay away!”, are posted by drivers, pas-
sengers and pedestrians who can be viewed as sensors

observing the ongoing traffic conditions near their physical
locations. Meanwhile, traffic authorities register public
accounts and post tweets to inform the public of the traffic
status, such as “Slow traffic on I-95 SB from Girard Ave to Vine
St.” posted by local transportation bureau account. Such text
messages describing traffic conditions—and some of them
tagged with location information—are accessible by public
and could be a complementary information source of raw
speed sensing data. 2) Car trajectory data, which is obtained
from moving cars by applications installed in the drivers’
cell phones. Real-time map and traffic services, e.g., Google
Map and Uber, featured by location and navigation func-
tions make travel more convenient. Given an origin-destina-
tion (OD) pair on a map, such services can recommend
optimal route from the origin to the destination with least
time, and trajectories can be collected once drivers use the
service to navigate. Here a trajectory is a sequence of links for
a given OD pair, and a link is a road segment between neigh-
boring intersections. Correspondently, a trajectory travel time
is an integration of link travel times, which are related to the
real-time road traffic speeds. Longer trajectory travel time
indicates that some involving road links may be congested
with lower traffic speed. Trajectory data is useful for a wide
range of transportation analyses and applications [2], [6].

Based on the above observations, where traditional traffic
sensing data are limited while new-type data from social
media and map service begin to spring up, our goal is to
predict the road-level traffic speed by incorporating new-
type data with traditional speed sensing data. To motivate
this scenario, consider a road traffic prediction example
depicted in Fig. 1. Those links in red question marks are not
covered by traditional speed sensors, but may be passed
by trajectories attached with travel time information, or
mentioned in tweets describing traffic conditions, so their
speeds can be inferred fusing multiple cross-domain data.
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1.2 Challenges

When integrating traditional traffic speed data (e.g., sensing
data) with new-type data (e.g., Twitter data and trajectory
data) to predict road traffic speed, technical challenges arise
due to the characteristic of each data source:

� Location uncertainty of low-resolution data. Tweet
data and trajectory data are called low-resolution
data because we cannot directly locate them into
specific road links. Most tweets have no location
tags, so geographic location language is the main
clue, which however is vague. For example,
expression like “Stuck in traffic on E 32nd St. Stay
away!” covers the whole street without precise
road locations. Meanwhile, travel time of a trajec-
tory is an aggregate measure based on the speed
of multiple links, which may vary widely. Thus a
strategy is required to disaggregate the data to
specific road links.

� Language ambiguity of traffic description in tweets. The
expressions depicting traffic conditions are diverse,
and may denote different speed values. Fig. 2 shows
an example of word frequency distribution over the
degree of congestion when people use congestion-
related words. Meanwhile some words not directly
related to traffic may also have strong implication to
link speed, such as words complaining bad weather.
Thus a linguistic model is required to capture the
patterns between discrete descriptive words and
continuous speed values.

� Heterogeneity of multi-source data. Cross-domain data
sources have diverse properties and contain latent
relations with road traffic speed. For example, tweets
possess latent topics which cluster based on speed
levels, and negative correlation existed between tra-
jectory travel time and traffic speed of involving
links. Therefore a unified framework is required to
model these properties and aggregate the latent rela-
tions between heterogeneous data to predict speed
synthetically.

1.3 Contributions

In spite of the good potential of these new-type data, to the
best of our knowledge, the problem of road-level traffic
speed prediction using multiple data sources has not been
well explored before, especially with the aforementioned
challenges. In this paper, we propose a unified statistical
framework, entitled Topic Enhanced Gaussian Process
Aggregation Model (TEGPAM) fusing multi-source data,
which includes traditional speed sensing data, and new-
type “sensing” data from social media and map services.
The framework combines the location disaggregation model
to decompose vague locations into specific links, the traffic
topic model to handle the language ambiguity in tweets and
the Gaussian Process model to capture the spatial correla-
tion in traffic sensing data. Specifically, this paper makes
the following contributions:

� Integration of data from multiple cross-domain sources.
We implement the idea of improving traffic speed
prediction by integrating speed sensing data with
new-type traffic-related data, such as tweets and
trajectories.

� Formulation of the unified TEGPAM framework. We
propose a unified probabilistic framework TEGPAM
that combines the disaggregation model, topic model
with Gaussian Process model and is learned by vari-
ational methods and a stochastic EM algorithm.

� Extensive experiments to validate the performance of the
proposed method. We validate our approach using
real-world data collected from two large American
cities. The extensive experiments show the effective-
ness of TEGPAM, as well as the model efficiency and
reliability.

� Elaborate analyses of introduced traffic-related data. We
explore the impacts of different data sources, by
decomposing TEGPAM into sub models and chang-
ing the combination ratio of datasets. Comparative
experiments demonstrate the effectiveness of each
data source.

The rest of this paper is organized as follows. Section 2
reviews related works. Section 3 gives a preliminary to
Gaussian Process. Section 4 defines the problem and presents
the model design. Section 5 gives model inference. Section 6
analyzes the results of experiments on real data. Section 7
concludes the paper and suggests future directions.

Fig. 2. The distribution of word frequencies when people use words
“congestion” and “slow” to describe traffic, w.r.t. the ratio between cur-
rent speed and a reference speed, which is defined by INRIX as the
“uncongested free flow speed” for each road segment. X-axis denotes
the speed ratio and Y -axis denotes the frequency scaled w.r.t. the
biggest value.Fig. 1. Problem setting. Our goal is to predict the traffic speed of specific

road links, as shown with the red question marks, given: 1) Some speed
observations collected by speed sensors, as shown in blue; 2) trajectory
and travel time of OD pairs. Note that speeds of passed road links are
either observed or to be predicted; 3) tweets describing traffic conditions.
Note that the location mentioned by a tweet may be a street covering
multiple road links.
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2 RELATED WORKS

Traffic prediction problem can be broadly classified into
short-term and long-term prediction [7], considering three
main basic traffic measurements: traffic flow, an equivalent
flow rate in vehicles; speed, mean of the observed vehicle
speeds; lane occupancy, the percentage of time that the sen-
sor is detecting vehicle presence. This paper focuses on the
short-term traffic speed prediction combining multi-source
heterogeneous data, which, as far as we know, has not been
well explored before. This part gives a summary on short-
term traffic speed prediction and the exploration on fusing
multiple information sources.

Short-Term Traffic Speed Prediction. The presented meth-
ods can be classified into two categories:

1) Parametric methods, assume that traffic speed follows
a probability distribution based on a fixed set of
parameters. Time series analysis technique is applied
in traffic speed prediction based on the periodicity of
traffic speed during a day or a week. Auto-Regressive
Moving Average (ARMA) model and Multivariate
Spatial-Temporal Auto-Regressive (MSTAR) model
are adopted to include dependency among observa-
tions from neighboring locations [5], [8]. Auto-Regres-
sive Integrated Moving Average (ARIMA) time series
methods are reviewed for modeling and forecasting
vehicular traffic flow [9]. ARIMA and Winters expo-
nential smoothing techniques are used to forecast
urban freeway flow [3]. A single Space-Time Auto-
Regressive Integrated Moving Average (STARIMA)
model is proposed to describe the spatiotemporal evo-
lution of traffic flow in an urban network [10], which is
essentially a constrained Vector Autoregressive Mov-
ing Average (VARIMA) model [11] with constraints
that reflect the topology of a spatial network and result
in a drastic reduction in the number of parameters.
A Generalized Space-Time ARIMA (GSTARIMA)
method is proposed to extend ARIMA in spatial and
temporal dimension and is more flexible because
parameters are designed to vary per spacial location
[12]. Kalman filter-based approaches are used and
show advantages for on-line estimation of traffic flows
[13], [14]. Markov logic network is used to simulta-
neously predict the congestion state [15]. A structured
time series model is proposed in multivariate form for
short-term traffic prediction [16].

2) Non-parametric methods, make no distribution assum-
ptions and the number of parameters scales with the
number of training data. K-nearest neighbor (KNN)
nonparametric regression methods find the k-nearest
neighbors using Euclidean distance and calculate the
weight [2], [17], [18]. Neutral Networks (NNs) are
trained to approximate any nonlinear function given
adequate traffic sensing data and a proper network
architecture [19], [20]. NNs have many derivatives
for short-term prediction, such as back propagation
neutral network with genetic algorithms [7] and
wavelet networks [21]. Travel speed of each road
segment is computed using the GPS trajectories by a
context-aware matrix factorization approach [22]. To
adaptively route a fleet of cooperative vehicles under

the uncertain and dynamic road congestion cond-
itions, a GP probabilistic model is proposed to cap-
ture the spatial and temporal relationships of travel
speeds over road segments and temporal contexts
[23], [24], especially with estimating the mean and
covariance of the GP prior from the historical data.
Geostatistical interpolation techniques named Krig-
ing are proposed to capture spatial and temporal
evolutions of traffic flows [25].

Traffic Modeling with Multi-Source Heterogeneous Data. Traf-
fic modeling problems gain further insights through fusing
heterogeneous data frommultiple sources, e.g., road sensors,
social media and floating cars, to handle external factors such
as traffic accidents [26], [27], mobile sensors [28], [29] and
weather [30], [31]. [30] reviews the literature on the impact of
weather on traffic demand, traffic safety, and traffic flow rela-
tionships. A trajectory-based community discoverymethod is
proposed [32], where the trajectory similarity is modeled by
several types of kernels for different information markers
(e.g., semantic properties of the locations and the movement
velocity). The prediction problem of rents/returns bike num-
ber is tackled usingmultiple features, e.g., time andmeteorol-
ogy, as measures of similarity functions in multi-similarity-
based inference model [33]. While [32] and [33] introduce dif-
ferent information sources as new features for computing the
similarity, our work assumes the latent relations between
these informations, and constructs a Bayesian generative pro-
cess. As crowdsourcing data from a crowd of online social
platform become more available, researchers begin utilizing
social content to estimate traffic conditions. Twitter data are
matched to detect traffic incidents in [26], [34], [35]. In [28],
traffic anomaly detection uses crowd sensing with two forms
of data, human mobility and social media, and the detected
anomalies are described bymining representative terms from
the social media that people posted when the anomaly hap-
pened. Few methods incorporate social media text data (e.g.,
Twitter data) to improve traffic speed prediction. [36] extends
spatiotemporal GP in [24] to three dimensional topic-aware
GP, where topics on road links are probabilistic modeled
based on the user, space and time of tweets. [37] do not tackle
the location uncertainty problem of tweets, because the infer-
ence of traffic status based onwords of tweets only focuses on
the average regional traffic flow, which is insufficient for pre-
dicting road speed.

3 GAUSSIAN PROCESS PRELIMINARIES

Gaussian Processes (GPs) have been widely studied in
many fields, such as spatio-temporal modeling [24], [38].
Given a set of road segments S under a specified time
stamp, we spatially model the traffic speed of road seg-
ments via a function f : S ! Rþ, which outputs the traffic
speed for a given road link s.

Assume that f is sampled from a Gaussian process prior:
fðsÞ � GPðmðsÞ; kðs; s0ÞÞ, which is fully specified by the
mean function and the covariance, or kernel, function

mðsÞ ¼ E½fðsÞ�

kðs; s0Þ ¼ E½ðfðsÞ � mðsÞÞðfðs0Þ � mðs0ÞÞ�:
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An important property of GP is that if two sets of varia-
bles are jointly Gaussian, the conditional distribution of one
set conditioned on the other is Gaussian, that is the basis to
compute the posterior analytically [39].

Suppose that there are currently observed links SS � S
with speed observations VV ¼ fvs; s 2 SSg, where the traffic
speed vs for each link s 2 S follows vs � NðfðsÞ; s2Þ,
where s2 is i.i.d. Gaussian noise. Then we can calculate the
posterior distribution given the prior distribution with
mean and kernel function, and the current observations VV ,
which is still a GP distribution

vsjVV ;m; k � GPðmpost; kpostÞ; (1)

where

mpostðsÞ ¼ mðsÞ þ kkðSS; sÞ>½KK þ s2II��1ðVV � mmÞ (2)

kpostðs; s0Þ ¼ kðs; s0Þ � kkðSS; sÞ>½KK þ s2II��1kkðSS; s0Þ; (3)

where mm is the mean vector and KK is the kernel Gram
matrix, which are generated through historical speed
records at observed links SS

mm ¼ ½mðsÞ�s2SS 2 RjSSj

KK ¼ ½kðs; s0Þ�s;s02SS 2 RjSSj�jSSj:

Column vector kkðSS; sÞ is the kernel values between s 2 S
and every current observations in SS

kkðSS; sÞ ¼ ½kðs1; sÞ; . . . ; kðsi; sÞ; . . . ; kðsjSSj; sÞ�>si2SS 2 RjSSj:

Eq. (2) implies that the posterior mean mpostðsÞ is deter-
mined by its prior mean mðsÞ and the deviation between the
historical observations and their prior means. If the positive
covariance kðs; s0Þ between road links s and s0 is high, the
current observation of s0 will have more impacts on mpostðsÞ
with ðvs0 � mðs0ÞÞ. Eq. (3) presents the property that the pos-
terior covariance kpostðs; s0Þ between s and s0 will decrease
if we have more current observations related to s and s0.
Meanwhile, the posterior kpostðs; s0Þ decreases faster with
high kðs; s0Þ between s and s0.

Essentially, the kernel function k, generated from histori-
cal observations depicting the relation between road links,
captures the spatial correlation of road network. If the
covariance of two road links s and s0 is high, we may intui-
tively infer that they are close in the network structure.

4 MODEL DESIGN

This section begins by formalizing the speed prediction
problem in Section 4.1. Then we introduce three models
from Sections 4.2, 4.3, and 4.4 to tackle the challenges afore-
mentioned in the introduction, i.e., a disaggregation model
for location uncertainty in tweet and trajectory data, a traffic
topic model for tweet language ambiguity and a GP model
for capturing the spatial correlation of speed sensing data.
Section 4.5 integrates three models dealing with different
information source into a novel probabilistic model, named
TEGPAM, under the Bayesian framework.

4.1 Problem Formulation

Consider a road network denoted by S ¼ f1; . . . ; Sg contain-
ing S road links, and a time duration denoted by T ¼
f1; . . . ; Tg containing T time stamps. Our goal is to predict
traffic speed of some links at a certain time stamp using the
past and current observations from multiple data sources,
including traffic sensing data, Tweets and trajectories. The
terms and formal definitions used throughout this paper
are listed as follows.

Traffic Condition. Road traffic condition is described by
two variables: continuous traffic speed and binary traffic
status. The speed at time t 2 T and link s 2 S is denoted by
vt;s 2 R, and the status is denoted by xt;s 2 f0; 1g, where 1
refers to congested traffic and 0 refers to normal traffic.
Denote SSt � S as speed-observed links at time t, and
VV t ¼ fvt;s; s 2 SStg correspondingly as observations.

Traffic Related Tweet. A tweet d is depicted as a tuple
ðt; SSd; wwdÞ, where t 2 T denotes the time that the tweet is
posted, SSd � S is the set of possible links implied by the
tweet text, and wwd ¼ fw1; . . . ; wNd

g denotes the sequence of
traffic related words in the tweet text. Note that SSd will con-
tain multiple links if the location mentioned in tweet d is not
specific, such as a street name containing multiple road seg-
ments without finer information. Denote Dt ¼ fd1; . . . ; dDtg
as the traffic related tweet set at time t.

Trajectory and Travel Time. A trajectory or path p is
denoted as a tuple ðt; SSp; cpÞ, where t 2 T is the time when
the trajectory is generated given an OD pair, SSp � S repre-
sents consecutively connected links in the trajectory and
cp 2 R is the time cost traveling through the trajectory.
Denote Pt ¼ fp1; . . . ; pPtg as the trajectory set at time t, then
Ct ¼ fc1; . . . ; cPtg is the corresponding travel time cost set.
The road length is represented as LL 2 RS with each compo-
nent ls equal to the road length of link s 2 S.

Problem Formulation (Road Traffic Speed Prediction Fusing
Multi-source Data). Consider a set of road links S in the time
duration of T , given a traffic related tweet corpus D ¼
fDtjt 2 T g, a set of travel times C ¼ fCtjt 2 T g with known
road length LL, and speed observations VV ¼ fVV tjt 2 T g, our
problem is to predict these unobserved traffic speed variables
fvs;tjt 2 T ; s 2 S � SStg.

4.2 Location Disaggregation Model

To handle the challenge of location uncertainty of new-type
data, this section presents a disaggregation strategy to map
the low-resolution data, which are tweets and trajectories,
into specific road links.

4.2.1 Disaggregation of Tweets

Since only 1 percent of tweets have geo-coordinates [40], most
location information are extracted from tweet text by map-
ping road names or alias. However, the difficulty lies in the
low-resolution of road names mentioned in tweet contents,
for example, if d says “E 32nd St. is stuck”, each link in the
street has a probability to be congested. Based on the observa-
tion, we assume that if a tweet expresses congestion, one or
more links involved in that locationwill be congested.

Recall that a tweet d is represented by ðt; SSd; wwdÞ, where SSd

is a set of possible links geocoded by d, and the traffic status
expressed by tweet d at time t is denoted by hðxt;sÞ 2 f0; 1g.
We define a rule to express the assumption as
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hðxt;sÞ ¼
1 if 9xt;s ¼ 1; s 2 SSd;

0 otherwise:

�
(4)

Denote xxt ¼ fxt;s; s 2 Sg as statuses over all the links at

time t, IDt;d ¼ f0; 1gS as indicative function of links
involved in tweet d, and the indexes of those nonzero com-
ponents constitute SSd. Eq. (4) is transformed to

hðxxtÞ ¼ 1�
YS
s¼1
ð1� IDt;d;sxt;sÞ; (5)

where hðxxtÞ is 1, when the traffic status expressed by the
tweet is congestion, as long as the status value xt;s of at least
one component in IDt;d;s is 1.

4.2.2 Disaggregation of Trajectory Travel Time

The time traveling through a trajectory is a sum of time cost
on each link. Recall that vt;s is the traffic speed at time t and
ls 2 LL is the road length of link s. By denoting vvt ¼ fvt;s; s 2
Sg as speeds over all links at time t, and IPt;p ¼ f0; 1gS as

indicative function of links passed by trajectory p, we define

a function as

yðvvt; LLÞ ¼
XS
s¼1

1

vt;s
IPt;p;sls; (6)

to disaggregate travel time of a trajectory into the speed of

specific links. Assume that travel time is corrupted by i.i.d.

Gaussian noise, we define the distribution of travel time

cost ct;p as: ct;pjvvt; LL � Nðyðvvt; LLÞ; s2Þ.

4.3 Traffic Topic Model

To address the challenge of language ambiguity and capture
the traffic description in tweets, a traffic topic model is pro-
posed, similar to [41]. Fast or slow speed vt;s indicates differ-
ent traffic status xt;s, and the binary traffic status is first
modeled by a Bernoulli distribution using a Logistic function

xt;sjvt;s � Berðgðvt;sÞÞ; gðvt;sÞ ¼
1

1þ edðvt;sþbÞ
; (7)

to map numerical value vt;s 2 R to binary value xt;s, so that
we can distinguish the traffic speed between two traffic sta-
tus: congested or normal.

Different status will trigger different tweet topic. Assume
that at time t, each tweet d is assigned to a single topic
zt;d 2 f1; . . . ; Kg and K refers to the number of topics. We
model tweet topic as a multinomial distribution [42] condi-
tioned on the traffic status expressed by the tweet

zt;djxxt � MultiðcchðxxtÞÞ; (8)

where cchðxxtÞ 2 ½0; 1�
K , and recall that hðxxtÞ ¼ f0; 1g, calcu-

lated by Eq. (5), is the status of the tweet expression. Condi-
tioned on traffic status expressed by this tweet hðxxtÞ, there are
two distributions over topicmodeling free or congested traffic
conditions: Multi(cc0) and Multi(cc1). Given a traffic related
vocabulary, each word of the tweet text is sampled from a
multinomial distribution depended on the tweet topic

wt;d;njzt;d � Multiðffzt;d
Þ; (9)

where ffzt;d
2 ½0; 1�M , andM refers to the vocabulary size.

4.4 Traffic Speed Gaussian Process Model

Our goal is to model the spatial correlation of road speed, so
given recent speed observations, we can infer the speed of
unobserved links. For a set of links S, we sample a function
f : S ! RS , from the GP prior: fðsÞ � GPðmðsÞ; kðs; s0ÞÞ,
which outputs the traffic speeds for all road links.

Since the spatial correlation varies with time stamps, GPs
are assumed to be independent temporally, for example
GPs are different at different time-of-day: ftðsÞ � GPðmtðsÞ;
ktðs; s0ÞÞ. Recall that VV t ¼ fvt;s; s 2 SStg are observations at
time t 2 T , then a GP posterior distribution given observa-
tions VV t is obtained analytically: ftðsÞjVV t � GPðmpost

t ðsÞ;
kpostt ðs; s0ÞÞ. Suppose vvt 2 RS is denoted as the speed for all
links at time t, and is corrupted by Gaussian noise:
vvtjft � Nðft; "2IIÞ, then the predictive distribution is

vvtjVV t;mt; kt; " � Nðmpost
t ; kpostt þ "2IIÞ; (10)

with mean and covariance, or kernel

m
post
t ðsÞ ¼ mtðsÞ þ kðSSt; sÞ>½KKt þ "2II��1ðVV t � mmtÞ

kpostt ðs; s0Þ ¼ ktðs; s0Þ � kðSSt; sÞ>½KKt þ "2II��1kðSSt; s
0Þ;

(11)

where kðSSt; sÞ ¼ ½kðs1; sÞ; . . . ; kðsjSStj; sÞ�
> is the kernel values

between s and every observed link in SSt, mmt is the mean vec-
tor and KKt is the kernel Gram matrix generated at observed
links SSt at a time context t, which is time-of-day, or more
complex, day-of-week.

To estimate the mean mt and kernel kt for each temporal
context, one strategy is using a compact functional form,
for example a widely-used squared exponential function

kðs; s0Þ ¼ s2
1expð�d�ðs; s0Þ

2=s2
2Þ, where d�ðs; s0Þ is a distance

function, such as a Euclidean distance embedded by multi-
dimensional scaling [43]. However, designing suitable func-
tion forms thatwell approximate the equation can be difficult.
Here we adopt another data-driven strategy estimating mean
and covariance directly from historical traffic speed data [24],
correspond to “true” mean and covariance. The advantage is
that a suitable covariance function form is not required. For a
temporal context t, suppose time-of-day is denoted as pðtÞ,
then themean and variance at each link s are estimated as

mtðsÞ ¼ meanfvt0;s : ðpðt0Þ ¼ pðtÞÞ ^ ðs 2 SSt0 Þg;
ktðs; s0Þ ¼ meanfðvt0;s � mt0 ðsÞÞðvt0;s0 � mt0 ðs0ÞÞ :
ðpðt0Þ ¼ pðtÞÞ ^ ðs; s0 2 SSt0 Þg

(12)

where vt0;s is the historical traffic speed on time-of-day
pðt0Þ ¼ pðtÞ and road s, while vt0;s and vt0;s0 are belong to the
same temporal context.

Note that the link mean mm ¼ fmmtgTt¼1 and link-link kernel
matrixKK ¼ fKKtgTt¼1 for all the temporal contexts can be pre-
computed since the links and time stamps form a finite set.
Essentially, the magnitude of ktðs; s0Þ is high when s and s0

have high covariance, and observing one speed will better
help predicting the other.

However Eq. (12) should be performed on sufficient his-
torical data so each link more or less has observations, in
order to achieve a good approximation. For cases where
speed sensor data are extremely sparse and some links have
no data reported at all, data imputation techniques are
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adopted for preprocessing [44]. The issue of sparsity is fur-
ther discussed in Section 6.2.3.

4.5 TEGPAM

Integrating the components introduced in the above sec-
tions completes the design of the new probabilistic model,
named the Topic-Enhanced Gaussian Process Aggregation
Model (TEGPAM). Fig. 3 gives the graphical representation
of our model.

For each time stamp t, the model (shown in Fig. 3)
assumes the following generative process:

1. For each link s in S:
� Draw a speed vt;sjVV t;mt; kt; " � Nðmpost

t ðsÞ; k
post
t

ðs; s0Þ þ "2IIÞ
� Choose a traffic status xt;sjvt;s � Berðgðvt;s;b; dÞÞ,

where gðvt;sÞ is calculated by Eq. (7)
2. For each tweet d in Dt:
� Choose a topic zt;djxt;s �Multiðcchðxt;sÞÞ,

where hðxt;sÞ is calculated by Eq. (5)
� For each of theN words wt;d;n:

- Choose a word wt;d;njzt;d �Multiðffzt;d
Þ

3. For each path p in Pt:
� Choose travel time ct;pjvt;s; LL � Nðyðvt;s; LLÞ; s2Þ,

where yðvt;s; LLÞ is calculated by Eq. (6)

5 LEARNING TEGPAM

Given GP prior mean mm and kernel KK directly pre-
computed from historical traffic speed data as introduced in
Section 4.4, speed observations VV ¼ fVV tgTt¼1, road length
vector LL and model parameters Q ¼ fs; "; b; d;cc;ffg, the

joint distribution of travel times C ¼ fCtgTt¼1; traffic speeds

V¼fvt;sjs 2 SgTt¼1; traffic statuses X¼fxt;sjs2 SgTt¼1; topics Z ¼
fzt;djd 2 DtgTt¼1 and word corpus D ¼ fDtgTt¼1 is

pðC;V;X ;Z;DjQ; VV ;mm; KK;LLÞ

¼
YT
t¼1

�YS
s¼1

pðvt;sjmpost
t ðsÞ; k

post
t ðs; s0Þ þ "2IIÞpðxt;sjvt;s; b; dÞ

�

�
�YDt

d¼1
pðzt;djxxt;ccÞpðwt;djzt;d;ffÞ

�
�
�YPt

p¼1
pðct;pjvvt; LL; sÞ

�
;

(13)

by taking the marginal distribution of which, the problem is
formalized as a maximum likelihood estimation (MLE)

max
Q

log pðC;DjQ; VV ;mm; KK;LLÞ; (14)

then the inferential problem using TEGPAM to predict
speed is to compute the posterior distribution pðVjQ; VV ;mm;

KK;LLÞ, which, however, is intractable due to the coupling
between the latent variables. We use a variational inference
approach [45] to approximate the posterior and obtain the
lower bound of the log likelihood.

5.1 TEGPAM Inference

The goal of learning TEGPAM is to find parameters Q that
maximize the likelihood. Consider a family of fully factored
variational distribution as

qðV;X ;ZÞ ¼
YT
t¼1

qðvvtj��; n2IIÞ
YS
s¼1

qðxt;sjhsÞ
YDt

d¼1
qðzt;djggdÞ; (15)

where �� and n2II are mean and covariance for the multi-
variate Gaussian distribution since speeds at the same time
stamp are spatially correlated according to the GP model
in Section 4.4, fhsgSs¼1 are the Bernoulli parameters and
fggdg

Dt
d¼1 are the multinomial parameters.

Using Jensen’s inequality [45], the variational lower
bound can be obtained

L ¼ log pðC;DjQ; VV ;mm; KK;LLÞ

	 Eq½log pðC;V;X ;Z;DjQ; VV ;mm; KK;LLÞ� þHðqÞ

¼ EV½log pðVjVV ;mm; KKKK; "Þ� þ EV;X ½log pðXjV;b; dÞ�

þ EX ;Z½log pðZjX ;ccÞ� þ EZ½log pðDjZ;ffÞ�

þ EV½log pðCjV; LL; sÞ� þHðqÞ

(16)

where each term is shown in Table 1. Note that the posterior
mean mmpost and variance KKpost are analytically obtained
by Eq. (11) using the observations VV , prior mean mm and
varianceKK, at observed links for each time stamp.

Because both the node x for topic model and c for disag-
gregation model are not conditionally conjugate, some
terms cannot be computed in closed form, so new varia-
tional parameters zz and �� are introduced by Taylor expan-
sion [46], [47]. The detailed calculation of the expectations
with Taylor expansion are presented in Appendix A, which
can be found on the Computer Society Digital Library at
http://doi.ieeecomputersociety.org/10.1109/TKDE.2017.
2718525, while the calculation of other terms are omitted,
which are direct and basic integral operations.

5.2 Parameter Updates

We optimize the log likelihood lower bound in Eq. (16), by
updating the variational parameters and the model parame-
ters iteratively. We use variational expectation-maximiza-
tion (EM) algorithm here. Note that variational EM cannot
guarantee the increase of log-marginal likelihood in each
iteration. In E-step, we maximize the lower bound with
respect to the variational parameters f��; n2; gg; hh; zz; ��g. In
M-step, we maximize the bound with respect to the model
parameters fs; "; b; d;cc;ffg. E-step and M-step are repeated
till the bound on the likelihood converges.

5.2.1 In E-Step

Updating zz and ��. The newly introduced variational parame-
ters for Taylor expansion is given by

Fig. 3. Graphical model for TEGPAM, with three parts dealing with the
three aforementioned data sources.
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zs ¼ 1þ exp dðbþ �sÞ þ
1

2
d2n2

� �
(17)

�s ¼ �
�s

IPt;p;sls
: (18)

Updating hh. The parameters for Bernoulli variational distri-
bution is given by

hs ¼ 1=exp

(
1

T

XT
t¼1

"
dðbþ �sÞ

þ
XDt

d¼1

XC
j¼1

gd;jlog
c2;j

c1;j

IDt;d;s

YS
s0 6¼s
ð1� IDt;d;s0hs0 Þ

#) (19)

Updating gg. Following [41], the parameters related to
topics are updated by

gd;j / exp

(XM
k¼1

wn
ðkÞ
t;d logfj;k þ

1

T

XT
t¼1

logc1;j

þ log
c2;j

c1;j

YS
s¼1
ð1� IDt;d;shsÞ

)
(20)

5.2.2 In M-Step

Updating cc and ff. Following [41], the updating functions are

c1;j /
1

T

XT
t¼1

XDt

d¼1
gd;j

 
1�

YS
s¼1
ð1� IDt;d;shsÞ

!

c2;j /
1

T

XT
t¼1

XDt

d¼1
gd;j

YS
s¼1
ð1� IDt;d;shsÞ

(21)

fj;k /
1

T

XT
t¼1

XDt

d¼1
wn
ðkÞ
t;d gd;j: (22)

Updating s2. The noise parameters are updated by

s2 ¼ 1

T � Pt

XT
t¼1

XPt
p¼1

��
ct;p þ 2

XS
s¼1

1

�s

�2

þ 2

�
ct;p þ 2

XS
s¼1

1

�s

�
��>Aþ ��>ðAA>Þ��þ trðAA>ðn2IÞÞ

�
:

(23)

The Gaussian parameters ��; n2 and Logistic parameters
b; d are optimized using Newton method in Appendix B,
available in the online supplemental material, and the
Gaussian noise "2 is empirically tuned because it cannot be
updated in closed form.

Eqs. (19) and (20) have intuitive interpretations. The mul-
tinomial update for gg is obtained by Bayes’ theorem,
pðZjD;XÞ / pðDjZÞpðZjXÞ, where pðZjXÞ is approximated
by the exponential of EZ;X ½log pðZjXÞ� under the variational
distribution. Likewise, the multinomial update for hh is
obtained from pðXjV;ZÞ / pðXjVÞpðZjXÞ, where pðXjVÞ is
approximated by the exponential of EV;X ½log pðXjVÞ� under
the variational distribution. Thus the variational distribu-
tion qðVj��; n2IIÞ can be viewed as an approximation to the
posterior distribution pðVjQ; VV ;mm; KK;LLÞ.

5.3 Algorithm and Complexity

Algorithm 1 trains model parameters using EM process.
Algorithm 2 tests the model by optimizing variational param-
eters and approximating posterior distributions.

Algorithm 1. TEGPAM Training

Input: VV ;D; C; LL /* link speed observations, traffic-related
corpus, travel times, link lengths */
Output: Q /*model parameters */
1: Estimate mm; KK of GP prior Eq. (12)

2: Initialize model parameters Q0 ¼ fs; "; b; d;cc;ffg
 f0; 0;medianfVV g;�1; ½1=K�K; ½1=M�Mg

3: Initialize variational parameters G0 ¼ f��; n; gg; hh; zz; ��g
 f½meanfVV g�S; covfVV g; ½1=K�K; ½0:5�S;Eqs. ð17Þ and ð18Þg

4: Calculate the initial lower bound L0  Eq. ð16Þ
5: repeat
6: repeat
7: E-step: Fix model parameters Q and update

variational parameters G.
8: until convergence;
9: repeat
10: M-step: Fix variational parameters G and update

model parameters Q.
11: until convergence;
12: until lower bound Lnþ1 converges
13: return model parameters Q

TABLE 1
The Expectation of Each Term in Lower Bound

Term Expression

EV½log pðVjmmpost;KKKKpost; "Þ� � T
2 ½log jKKnewj þ n2trðKK�1newÞ þ ð��� mmpostÞ>KK�1newð��� mmpostÞ�

EV;X ½log pðXjV;b; dÞ�1 T
PS

s¼1ðdð1� hsÞðbþ �sÞÞ � ð 1zs þ ee>EE � 1þ log zsÞ

EX ;Z½log pðZjX ;ccÞ�
PT

t¼1
PDt

d¼1
PK

j¼1 gd;jðlogc1;j þ log
c2;j

c1;j

QS
s¼1ð1� IDt;d;shsÞÞ

EZ½log pðDjZ;ffÞ�
PT

t¼1
PDt

d¼1
PK

j¼1
PM

k¼1 wn
ðkÞ
t;d gd;jlogfj;k

EV½log pðCjV; LL; sÞ�1
PT

t¼1
PPt

p¼1� 1
2 log s

2 � 1
2s2
½mðct;pÞ2 þ 2mðct;pÞ��>Aþ ��>ðAA>Þ��þ trðAA>ðn2IÞÞ�

HðqÞ
PT

t¼1½� 1
2 log jn2Ij �

PDt
d¼1
PK

j¼1 gd;jlog gd;j �
PS

s¼1ðhslog hs þ ð1� hsÞlog ð1� hsÞÞ�

1 whereKKnew ¼ KKpost þ "2II, ee ¼ ½1�Ss¼1, EE ¼
h
e
dðbþ�sÞþ12d

2n2

zs

iS
s¼1

andmðct;pÞ ¼ ct;p þ
PS

s¼1
1
�s
, vector A ¼

h
1

�2sIPt;p;sls

iS
s¼1

.
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Algorithm 2. TEGPAM Test

Input: Q, LL, VV t� ;Dt� ; Ct� /* learned model parameters,

link lengths, link speed observations at

time t�, traffic-related corpus at time t�,
travel times at time t� */

Output: ��; n2 /*posterior Gaussian */

1: repeat
2: Update variational parameters G
3: until convergence;
4: return variational parameters G

Note that the updates of GP related parameters require a
time cost of OðS3Þ with storage demand of OðS2Þ incurred
by the reversion of covariance matrix, which is unacceptable
for large scale networks. There have been many attempts to
make sparse approximations to the full GP with a low-rank
matrix. One simple way is to select a subset UU (active set) of
size U 
 S from the entire training set[43] which reduced
the complexity to OðU3Þ, and the selection can be performed
through an iterative greedy algorithm on some sort of infor-
mation criterion [48]. Another way is to select inducing vari-
ables (pseudo targets) �U�U based on the assumption that
training and test sets are conditionally independent given
�U�U[49], and those inducing variables can be found by maxi-
mum likelihood (ML). This method leads to a computa-
tional complexity of OðU2SÞ.

6 EXPERIMENTS

Experiments on traffic speed prediction of two large Ameri-
can cities are conducted to evaluate the following perfor-
mance indicators: prediction accuracy, model efficiency,
and model stability. This section is organized as follows:
Section 6.1 introduces the experiment setting, including
datasets, benchmark methods and predictive metrics.
Section 6.2 validates our model of the overall performance
regarding the prediction accuracy and efficiency. Section 6.3
provides an elaborate evaluation of the TEGPAM’s effec-
tiveness when applied to different data combinations.
Section 6.4 discusses the model efficiency, and two factors
of model stability: 1) sensitivity to parameters and 2) reli-
ability on noisy tweets.

6.1 Experiment Setting

6.1.1 Datasets

We obtain three data sources for road traffic speed predic-
tion: 1) Traffic speed data. INRIX database [50] provides traf-
fic speeds for each road link at a 5-minute rate, from June 1,
2013 to March 31, 2014, across two cities: Washington D.C.
and Philadelphia. 2) Trajectory data. Trajectories are gener-
ated from INRIX database at a 5-minute rate. Given a ran-
dom OD pair, we synthesize a trajectory by computing the
shortest path between them (i.e., using Johnson’s algorithm
[51]). With the length and speed information of links from
INRIX, the travel time of this trajectory is obtained by add-
ing the time of each link up and corrupting it with a Gauss-
ian noise. 3) Twitter data. Tweets in the same time period
and cities are collected via the Twitter REST search API.
Traffic related tweets are preliminarily extracted by match-
ing at least one term of a predefined vocabulary developed
by domain experts, which included terms like “traffic”,

“accident”, “stuck”, “crash”, etc, then further classified and
filtered using an SVM classifier that was trained based on
manually labeled 10,000 tweets (50 percent positive and 50
percent negative tweets). With road records containing the
geo-coordinates, names and aliases, we geocode tweets to
road links by matching their geo-tag and text content to the
front end of those links, which corresponds to the driving
out direction and is denoted as Head. Different driving
directions are denoted as different road links. After geocod-
ing, there are 5 major roads with 35 road links mentioned in
the Philadelphia twitter data, and 8 major roads with 44
links in Washington D.C. respectively. Details of each data
source are show in Table 2.

6.1.2 Benchmark Methods

To validate the performance of our approach fusing multi-
ple data sources, particularly, to explore the impact of each
data source, this section designs comparative methods
based on the decomposition of our approach TEGPAM.

To make the expression clear, label data sources {traffic
speed, trajectory, twitter} as f1; 2; 3g. Denote M-i as the
model excluding the data sources i � f1; 2; 3g. Then we
design sub models in terms of different data combinations:

TEGPAM: our full model introduced in Sections 5 and 6,
using traffic speed, travel time and twitter data. The
model is learned by variational inference.

M-1: trajectory and twitter based model, without incorpo-
rating traffic speed sensing data.

M-2: traffic speed and twitter based model, without han-
dling trajectory data.

M-3: traffic speed and trajectory based model, without han-
dling twitter data.

M-13: trajectory based model.
M-23: traffic speed based model, which is essentially a sim-

plification of Gaussian Process Dynamic Congestion
Model (GPDCM) in [23].

We infer the parameters of those models based on the
same distribution assumptions, and we train parameters
under the same settings.

Baseline Methods. We also compare our approach with
three baseline methods: K-nearest neighbor model (KNN)
[18], GSTARIMA [12] and the tweet semantic based method
(TwiSemantic) [37]. KNN and GSTARIMA are based on
recent speed observations with considering the road net-
work topology. TwiSemantic combines recent traffic speed
with tweets semantics using linear regression.

In KNN, we use non-weighted algorithm and the neigh-
bor number is 5 with the best result here. In GSTARIMA,
we set the spatial weighted matrix following the paper. In
TwiSemantic, tweet semantics are mapped into the same
vocabulary as our model used, which contains 1; 857 words
and is obtained by removing stop words and words with
frequencies lower than 10 from traffic related tweets. Our

TABLE 2
Dataset Size for Each City

CityData # total links # trajectories # tweets

Philadelphia 847,714 3,888,000,000 333,764
Washington D.C. 1,286,284 7,776,000,000 404,872
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model is initialized by pre-analyzing a small fraction of
data, with d ¼ �1;b equal to the opposite value of the speed
median in the fraction, ci;j ¼ 1

K ;fj;k ¼ 1
M ; and the topic

number K is 2, denoting congested and normal. The dataset
is divided into training and testing data by time stamps. In
the training stage, the speed variables vt;s are observed to
learn the model parameters; in the testing stage, the speeds
are latent, the posterior distributions of which are inferred
with fitted model parameters.

6.1.3 Accuracy Metrics

Two criteria are frequently used to measure the prediction
error for numerical values, namely Root Mean Square Error
(RMSE) and Mean Absolute Percentage Error (MAPE).

In testing set, the number of time stamps is denoted as
Ttest, and the number of road links is denoted as Mtest.
RMSE and MAPE, which serve to aggregate the magnitudes
of errors between predicted speeds value v̂t;s and speed var-
iable vt;s into a single measure of predictive power, are
defined as

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

Ttest �Mtest

XTtest
t¼1

XMtest

s¼1
ðvt;s � v̂t;sÞ2

vuut (24)

MAPE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

Ttest �Mtest

XTtest
t¼1

XMtest

s¼1

�
jvt;s � v̂t;sj

vt;s

�vuut ; (25)

where RMSE is usually sensitive in predicting high speeds,
that is, bad predictions of high values may easily cause
huge RMSE, while MAPE is more sensitive in predicting
low speeds, which means bad prediction when congestions
happen may result in huge MAPE.

6.2 Model Validation

This part gives an overall performance analysis to TEG-
PAM, including the comparison between prediction accu-
racy and model efficiency, the predicted distribution
analysis about fitting degree and uncertainty, and the pre-
dictive performance in terms of different degrees of speed
sensor sparsity.

6.2.1 Trade-off between Accuracy and Efficiency

To show the overall performance of the proposed model,
TEGPAM learned by the variational inference is compared
with that learned by Gibbs sampling, which is named as M-
Gibbs. Gibbs sampling is a wide-used Markov chain Monte
Carlo (MCMC) algorithm for approximation from a proba-
bility distribution [52]. The comparison is conducted on pre-
diction accuracy and model efficiency, the trade-off of
which is made by the training set size of TEGPAM and the
iteration time of M-Gibbs.

The result is presented in Fig. 7, with x-axis being the
[training set ratio/the iteration time], y-axis-left represent-
ing the prediction error MAPE and y-axis-right representing
the time cost. TEGPAM with more training data and
M-Gibbs with more iterations achieve a better prediction
accuracy, which becomes stable with the training set ratio
over 0.5 and the iteration time over 14,000. And the error of
M-Gibbs decreases faster than TEGPAM, which indicates

its good convergence rate. The training time of both
increases linearly, but TEGPAM is faster than M-Gibbs with
a slower growth rate, which shows the efficiency of varia-
tional inference as it obtains an analytical solution for
parameter updates. What’s more, TEGPAM is scalable for
future works on adding more information and features to
improve the accuracy. The efficiency of TEGPAM can be
further optimized by parallelization, while M-Gibbs as a
type of sequential algorithm is difficult to be parallelized.

6.2.2 Predicted Distribution Analysis

To verify how our proposed method can capture the distri-
bution of traffic speeds, we first quantify the fitting degree of
the predicted distribution, then we analyze the uncertainty
of the prediction.

Distribution Fitting Degree. To measure the fitting degree
between the predictive distribution and the true empirical
speed distribution, we adopt the Kolmogorov-Smirnov (KS)
test [53], which is widely used in statistic community to
evaluate the fitting degree of two distributions by quantify-
ing the distance between them.

For each road link s, let FT ðvsÞ denote the empirical
cumulative distribution function for T i.i.d. speed random
variables vs, and V s

t is the traffic speed of link s at time t.
The function is

FT ðvsÞ ¼
1

T

XT
t¼1

IV s
t �vs ; (26)

where IV s
t �vs is an indicator function which equals to 1 if

V s
t � vs, and 0 otherwise.
Denote the predictive cumulative distribution function as

F ðvsÞ. The KS score for these two cumulative distribution
function FT ðvsÞ and F ðvsÞ is

ZT ðsÞ ¼ sup
vs
jFT ðvsÞ � F ðvsÞj; (27)

the supremum over all distances between two functions.
For all the unobserved speeds Sm, the average KS score is

ZT ¼
PjSmj

s¼1 ZT ðsÞ
jSmj

: (28)

TEGPAM is trained and KS score is tested, with the frac-
tion of training data as 1=5; . . . ; 4=5, and the percentages of
speed sensors as pv ¼ 10; . . . ; 90 percent. A lower KS score
indicates a better fitting, the results is shown in Fig. 4.
We observe that with more training data, a better model
fit is achieved, for example, 4=5 training data with only

Fig. 4. Average KS score on datasets in two cities.
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30 percent observations obtains a similar fit with 60 percent
observations under 1=5 training data. Typically, a KS score
less than 0:1 shows a strong distribution fit, which is
achieved when more than 70 percent links are sensed even
when the fraction of training data is 10 percent.

Prediction Uncertainty. GPs provide the uncertainty of
prediction. To exploit the advantage when using GP to cap-
ture the spatial correlation of traffic speed, we profile the
prediction result by drawing true speed and the predicted
posterior mean and variance, for all links.

Since the links spread 2-dimensionally, a space-filling
Hilbert curve [54] is used to map between 2D and 1D space.
If ðx; yÞ are the coordinates of a location, and d̂ is the
distance along the curve when it reaches that location, then
locations that have nearby d̂ values will also have nearby
ðx; yÞ values. The links are mapped to 1D by a Hilbert curve,
and are ordered by the distance along the curve. Then the
prediction profile, including true speed, predicted posterior
mean and covariance, can be drawn in the link order.

Prediction profiles at 00:00, 08:00 and 17:00 on a Monday
are shown in Fig. 5. We observe that the variances (shadow
area) of nearby locations are generally similar, and the
wave patterns at different time are similar, which indicates
the stability of spatial correlation. Meanwhile, the variance
of rush hour (08:00 and 17:00) is bigger than that of plain
hour (00:00), which shows the uncertainty of rush hour
since the traffic condition is more dynamic.

6.2.3 Data Sparsity Analysis

To analyze the impact of data sparsity, consider two types
of sparsity: 1) spatial sparsity represents the missing percent-
age of speed-unobserved links at a time stamp; 2) temporal
sparsity represents the missing percentage of speed-unob-
served time stamps for a link. To achieve a good predictive
performance for extremely sparse datasets, we impute miss-
ing values through tensor factorization[44], which can
exploit spatial and temporal correlations. The incomplete
data is represented by a tensor G ¼ Rd�p�w, where d; p and
w denoted the number of time stamps a day, links and same
days of week. We use canonical (CP) factorization to obtain
low rank representation for the tensor to impute data.

Fig. 6 draws error curves of links grouping by different
degrees of temporal sparsity as f20%; 40%; . . . ; 100%g, and
each point of a curve denotes that these links are tested on
time stamps with different degrees of spatial sparsity as
f10%; 20%; . . . ; 90%g. For example, the red curve refers to
average MAPE values when testing links with completely
no historical observations, on time stamps with different

degrees of spatial sparsity. We observe that the predicting
on links with lower sparsity degree has smaller error, and
our model fusing more data performs better than purely
imputing the data by tensor decomposition, however impu-
tation will improve the prediction since it provides more
data to perform Eq. (12).

6.3 Effectiveness of Each Data Source

To validate the effectiveness of each data source, we first
give an overall comparison on prediction accuracy of six
sub models tackling different data combinations to show
the improvement of data fusion, then we separately validate
the effectiveness of each data source by comparing the pre-
diction accuracy with/without using this data and with dif-
ferent percentage of this data to give a finer analysis on the
impact of this data.

6.3.1 Overall Comparison

To show the improvement of fusing more data, we compare
the sub-models M-1, M-2, M-3 fusing two data sources and
M-23,M-13 based on one data source in the baselinemethods,
note thatM-12 is not added to this set of experiments because
of the insufficiency of only using twitter data. The percentage
of speed sensor and trajectory are all set as 50 percent, and
the fraction of testing data ranges from 1=6 to 5=6.

The result is shown in Fig. 8. We observe that TEGPAM
using 3 data sources performs steadily the best, while M-1,
M-2 and M-3 fusing 2 data sources take second place and
M-23 and M-13 using only one data source performs the
worst, which validates the intuition that speed prediction
combining more information can improve the accuracy.
Meanwhile, comparing the error of 2 data based models,
M-1 is the worst, so excluding speed sensing data impacts

Fig. 5. The prediction profiling on the true and predicted speed in terms
of different locations.

Fig. 6. Imputation and prediction error w.r.t degrees of spatial and tem-
poral sparsity.

Fig. 7. Prediction accuracy and time cost of TEGPAM inferred by varia-
tional inference and Gibbs sampling.
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the prediction most, which implies that speed sensing data
might be more affective than trajectory data while trajectory
is better than twitter data. Observing M-23 better than M-13
also proves the indication.

6.3.2 Effectiveness of Traffic Speed Data

We first compare the performance of models with or with-
out using speed sensors, to demonstrate the effectiveness
of speed data. Fix the percentage of speed sensor pv and
the percentage of trajectory coverage pp as 50 percent, then
test integrated TEGPAM, speed based M-23(GPDCM) and
speed excluded M-1 with fraction of testing data as
f1=6; . . . ; 5=6g. The results are shown in Fig. 9a. The perfor-
mance of TEGPAM is steadily better than the others, while
only using speed sensors (M-23) is insufficient and limited,
which again demonstrates the benefit of multi-source data.

To answer the questions: with other data sources, how
sparse the historical traffic speed data can be to predict cur-
rent traffic speed? We set the percentage of speed sensors as
pv ¼ 10; 30; . . . ; 90%, under the fraction of testing data and
the percentage of path coverage pp as 50 percent. The traffic
speed based models, TEGPAM, M-2 and M-23 (GPDCM) of
our approach, and KNN, GSTARIMA, are applied on the
training set. The results are shown in Fig. 10a. The score
decrease trend of each model shows that with more current
or recent observations, the missing speeds will be better pre-
dicted. However, when fewer than 70 percent speed sen-
sors, TEGPAM fusing multi-source data performs better
than the traffic speed based model (M-23/GPDCM, KNN
and GSTARIMA), especially, the RMSE of TEGPAM is
nearly 40; 50 and 15 percent less than that of M-23/GPDCM,
KNN and GSTARIMA when only 10 percent links are
observed. The results show the impact of traffic speed data

and prove the effectiveness of TEGPAM when speed sen-
sors are largely unavailable.

6.3.3 Effectiveness of Trajectory Data

Trajectory data, with time and link information, has a direct
relationship with road speeds. In a trajectory with available
travel time, more information about the speed of those road
links in this path is contained. If the travel time is big, we
will be more confident to infer that some road links in the
trajectory are congested and the speeds of them must be
low. This section validate the effectiveness of trajectory data
in predicting unobserved traffic speeds.

We first compare the prediction accuracy of models
with/without using trajectory information. Three models
are applied on the fraction of testing data as f1=6; . . . ; 5=6g:
integrate TEGPAM, trajectory based M-13 and trajectory
excluded M-2. The percentages of speed pv and trajectory

Fig. 9. Comparisons between models with/without using one data source.

Fig. 8. Comparison on different data combinations.

Fig. 10. Comparisons with changing the percentage of data.
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coverage pp remain 50 percent. The RMSE and MAPE scores
are shown in Fig. 9b. The performance of M-2 is better than
M-13, which implies that trajectory data alone is also not
good enough to predict traffic speeds. Meanwhile, compar-
ing M-2 here with M-1, and M-13 with M-23 in Fig. 9a, we
observe that speed based model M-23 has a slight advan-
tage to trajectory based model M-13, which validates the
effectiveness of speed data in some degree.

To explore how much trajectory data can help predict
speed, we set the percentage of trajectory sensor as pp ¼
10; 30; . . . ; 90 percent, under the fraction of testing data as
50 percent and the percentage of speed sensor pv as 50 per-
cent. The trajectory based models, TEGPAM, M-1 and M-13
are applied on the training set. From Fig. 10b, an obvious
decrease of error with the increase of path coverage shows
the effectiveness of trajectory data. Meanwhile, compared
with Fig. 10a when pp keeps 50 percent and pv < 50 percent,
here when pv keeps 50 percent and pp < 50 percent, the
error score of TEGPAM is slightly lower, which indicates
that traffic speed data, even sparse, can still act more
efficiently than trajectory data for speed prediction.

6.3.4 Effectiveness of Twitter Data

The traffic related information of twitter data is very dynamic,
this section is designed to answer the question: what role does
twitter data play in predicting current traffic speeds, a strong
predictor or a good supplement to other data sources?

To answer the question, we apply twitter based models,
TEGPAM, M-1, M-2 of our approach and TwiSemantic on
the settings of 50 percent speed sensor percentage and tra-
jectory coverage. From Fig. 9c, we observe that the integrate
model TEGPAM performs steadily good, and with the same
data source of speed and twitter, M-2 gains less error than
TwiSemantic, which demonstrate the effectiveness of our
model, especially the Traffic Topic model. Meanwhile, com-
paring model with and without using twitter, e.g., M-1 and
M-13 in Fig. 10b, M-2 and M-23 in Fig. 10a, we observe that
when the percentage is less than 50 percent, the models
including twitter data (M-1 and M-2) perform better than
those excluding twitter (M-13 and M-23). The results
indicate that when observed speed percentage is low,
Twitter data is a strong complement to speed sensing data.

6.4 Model Efficiency and Stability

Model efficiency is shown in Section 6.4.1. Then Sections 6.4.2
and 6.4.3 validates two factors of model stability: 1) sensitiv-
ity to parameters and 2) reliability on noisy tweets.

6.4.1 Model Efficiency

This set of experiments compare the time costs for training
and testing, incurred by TEGPAM and the baseline meth-
ods. We conducted these experiments on two city datasets
and the average values maintain as the results. For each
time stamp, we randomly choose 50 percent links to be
unobserved and need to be predicted.

We introduced inducing variables to approximate the
full-rank GP as mentioned in Section 5.3. Fig. 11 compares
the training and testing time cost at a 5-minute rate for net-
work with different link numbers, which is logarithmized
by 10 in x-axis. The computation complexity is reduced
from OðS3Þ to OðU2SÞ, and the exponential increase in terms
of log S

10 is appropriately showed in the figure. It is worth
pointing out that to handle million-size datasets, GP could
be further distributed (e.g., [55], [56], [57], [58], [59]). Over-
all, KNN is fast but performs bad when speed sensors are
sparse, and GSTARIMA has a good performance but is time
consuming. Our model costs a reasonable training time
while achieves much higher accuracy, and the efficiency
can be further improved by parallelization in our future
work.

6.4.2 Sensitivity Analysis of Parameters

Parameters mainly come from the traffic topic model,
where b; d determine the Logistic function in the Bernoulli
distribution of traffic status, cc determines the multinomial
distribution of topics, and ff determines the multinomial
distribution of words. These four parameters are perturbed
based on white noises, with means equal to 0, and varian-
ces equal to fkb; kd; kkcc; kkffg respectively. We set the per-
turbed rate s as 0.1 to 1.0, then the variances are fkb ¼ s;
kd ¼ s; kkcc ¼ ½ sK�

K; kkff ¼ ½ sM�
Mg. The results shown in Fig. 12a

indicate that our model performs stable with perturbed
rate less than 0:6.

6.4.3 Reliability Analysis of Noisy Tweets

Noise in social media is a common phenomenon. This sec-
tion studies the reliability of TEGPAM under noisy tweets
that present contents inconsistent with real traffic speeds
(e.g., saying “Rd.5 is really congested!” while the speed of
Rd.5 is actually normal). We generate simulated noisy
tweets, which contain words “congested, slow, stuck, crash”,
and inject those noisy tweets into real dataset randomly
with the empirical distributions of time stamps and road
links in the training Twitter data. The rates of noisy tweets
are noise ¼ 0:05; 0:1; . . . ; 0:5. The performance of TEGPAM

Fig. 11. Computation time for different network sizes.
Fig. 12. (a) Parameter sensitivity and (b) noise reliability.
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based on the contaminated training set shown in Fig. 12b
indicates the robustness of our model, especially the traffic
topic model, when the rate of noisy tweets is less than 0:25.

7 CONCLUSION

This paper proposes a novel probabilistic framework to pre-
dict road traffic speed with multiple cross-domain data.
Existing works are mainly based on speed sensing data,
which suffers data sparsity and low coverage. In our work,
we handle the challenges arising from fusing multi-source
data, including location uncertainty, language ambiguity
and data heterogeneity, using Location Disaggregation
Model, Traffic Topic model and Traffic Speed Gaussian
Process Model. Experiments on real data demonstrate the
effectiveness and efficiency of our model. For Future work,
we plan to implement kernel-based and distributive GP, so
the traffic prediction framework can be applied into a real-
time large traffic network.
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