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Abstract—Intelligent Transportation Systems (ITSs) are sup-
posed to constantly provide drivers with useful navigation
information (e.g., the shortest driving paths, real-time traffic
conditions, and other road condition data) by collecting raw
data from physical sensors and various media. Previous work
mainly considers how to develop ITS frameworks and how to
extract useful information from physical sensors. Meanwhile, the
relatively rich user-contributed postings which contain valuable
information about traffic and road conditions was not leveraged
to enhance the effectiveness of ITSs. To address such a research
gap, this paper presents a relatively new approach of extracting
and analyzing useful driving navigation information from the big
data archived on online social media, the so-called social sensors.
In particular, we advocate a topic model-based computational
method to extract relevant semantics (e.g., traffic conditions,
road conditions, drivers’ conditions, etc.) from the relatively
noisy user-contributed postings on online social media. Then,
a classification ensemble method is proposed to automatically
identify specific traffic related events, and transmit these useful
navigation hints back to an ITS for dissemination to other
drivers. Evaluation based on real-world user postings from
Twitter and Sina Weibo demonstrates that the proposed social
sensor analytics method is effective in identifying main traffic
events when compared to other baseline methods. Our work
opens the door for the development of the next generation of
ITSs which can leverage the big data archived on online social
media to enhance the richness and the quality of traffic navigation
aids provided by ITSs.

I. INTRODUCTION

With the rise of intelligent transportation systems (ITSs),
drivers are provided with real-time navigation information
(e.g., the shortest driving paths, real-time traffic conditions,
traveling time, and other road condition data) to facilitate
their driving [1]. These ITSs first collect raw data from
physical sensors installed on roads or vehicles, and weather
forecasts or event data from various media and transportation
control centers. The raw data are then consolidated and
analyzed to generate useful driving advices for subsequent
dissemination to drivers registered in the ITSs. Previous work
mainly examines issues such as the design of efficient ITS
frameworks, the design of real-time communication protocols,
and the computational methods of extracting useful data from
physical sensors to estimate traveling time [2], [3]. However,
the relatively rich user-contributed postings which contain
valuable information about traffic and road conditions was not

Fig. 1. Traffic Condition Covered by a Tweet

Fig. 2. Traffic Condition Covered by a Weibo Message

leveraged to enhance the effectiveness of ITSs. To address such
a research gap, this paper presents a relatively new approach
of extracting useful driving navigation information based on
the big data archived on online social media, the so-called
social sensors, for the generation of useful driving advices in
real-time. The notion of social sensors has been explored in
various contexts such as earthquake prediction [4], epidemic
tracking [5], and traffic monitoring [6]; these sensors have been
shown useful for providing vital data for various prediction
tasks.

Our proposed approach differs from the previous methodol-
ogy of leveraging social media data for providing navigation
support [6] in that we advocate a topic model-based com-
putational method to extract relevant semantics (e.g., traffic
conditions, road conditions, drivers’ conditions, etc.) from
the relatively noisy user-contributed postings on online social
media. In fact, previous research acknowledged the inherent
problem of extracting useful and relevant information from
noisy social media data [6]. For example, the keyword “heavy
traffic” embedded in a tweet may refer to traffic condition on
roads, or it may actually point to something totally irrelevant
such as “heavy traffic radio” (e.g., the writer of a tweet is
listening to the Heavy Traffic Radio station). Our research
just aims to address such a problem by using rich semantics
captured in topic models to identify and filter noisy postings
on online social media such as Tweeter or Sina Weibo. After978-1-5386-2723-5/17/$31.00 c© 2017 IEEE



semantically rich message filtering, a classification ensemble
method is then applied to automatically classify a variety
of traffic related events such as road accidents, traffic jams,
sudden extreme weather, and so on. Finally, automatically
extracted traffic events are consolidated and transferred to
other drivers on the road via the proposed ITS. Experiments
based on real-world user postings from Twitter and Sina Weibo
confirms that the proposed topic modeling-based message
filtering method is more accurate than the classical keyword-
based filtering method. Moreover, the proposed ensemble-
based classification method is more effective than individual
classifiers in traffic event classification.

In sum, the main contributions of our research work reported
in this paper are as follows: (1) we advocate a social sensor-
based framework for extracting vital transportation intelligence
from online social media to enhance the effectiveness of ITSs;
(2) we develop a topic modeling-based method for filtering
noisy social postings so as to extract traffic related messages
from online social media; (3) we design an ensemble-based
classification method to improve traffic event identification
from social sensors; (4) we empirically validate the effective-
ness of the proposed framework and computational methods
based on real-world user postings extracted from bilingual
social media data sets. To the best of our knowledge, this is
the first successful research of exploiting a semantically rich
topic modeling method for extracting and identifying traffic
events from social sensors. The practical implication of our
work is that the big data (e.g., huge volume of user-contributed
real-time messages) archived on online social media can be
tapped into for enhancing the richness and the quality of traffic
navigation aids provided by ITSs.

The remainder of the paper is organized as follows. Sec-
tion II describes the overall framework of the proposed social
sensor-based intelligent transportation system. The computa-
tional details of the topic modeling-based message filtering
method and the classification ensemble-based traffic event
identification method are then illustrated in Section III. Sec-
tion IV describes the evaluation of the proposed framework
and computational methods. Finally, we offer concluding
remarks and describe future directions of our research work.

II. A SOCIAL SENSOR BASED FRAMEWORK FOR
INTELLIGENT TRANSPORTATION

Figure 3 depicts an overview of the proposed framework
for social sensor based intelligent transportation system. For
the first step, user-contributed messages are extracted from
online social media by using standard APIs provided by the
source (e.g., the Twitter Streaming API) or dedicated crawler
programs. For the second step, a preliminary message filter
is applied to extract eligible social postings. For example, a
message with a minimal length (e.g., containing at least 10
words) and containing certain named entities (e.g., a loca-
tion) is selected while a message containing purely numbers,
pictures, or URLs are filtered. For named entity recognition
(NER), we apply the open source Stanford NER tool [7]
for location identification in online postings. For the third

Fig. 3. A Framework of Social Sensor Based ITS

step, the selected unlabeled messages are then fed into a
Latent Dirichlet Allocation (LDA) [8] based topic modeling
module for unsupervised topic mining. Some of the mined
topics contain semantically rich descriptions about various
traffic events. To identify traffic relevant events for subsequent
event classification, we utilize a seeding set of common traffic
event keywords to label a set of user postings in step 4.
For the fifth step, a language modeling based probabilistic
inference method [9], [10] is applied to infer the label of
mined topics based on the labeled messages generated in
the forth step. Suppose that a continuous text stream from
online social media is extracted by the sixth step. Armed
with labeled topics about various traffic events, the language
modeling based probabilistic inference method is then applied
to identify and filter traffic related messages in the seventh
step. Finally, a classification ensemble method is applied to
identify specific traffic events. If the classified message comes
with a geographic tag (e.g., GPS tag), the exact coordinates of
the traffic event location are obtained. If such information is
not available in the message, the location name embedded in
the message is passed to the Google Map API to extract the
relevant coordinates [6]. After obtaining the exact coordinates
of the identified traffic events (e.g., road accidents, natural
disasters, etc.), this information can then be passed to the ITS
for routing to other drivers.

III. THE COMPUTATIONAL METHODS

A. Topic Modeling Based Message Filtering

For the proposed computational framework, Latent Dirichlet
Allocation (LDA) [8], a hierarchical Bayesian topic model, is
used to learn semantically rich concepts (i.e., topics) about var-
ious traffic events from an unlabeled message corpus. In LDA-
based topic modeling, each document (message) d ∈ D of an
unlabeled training corpus D is characterized by a multinomial
distribution θ, which is sampled from a Dirichlet prior with



Fig. 4. LDA-based Topic Modeling Process

a hyper-parameter α [8]. Z represents the set of latent topics
characterizing D. A latent topic zi ∈ Z (i.e., a semantically
rich concept about a kind of traffic event) is selected according
to the multinomial distribution θ. Given the topic zi, a term
tk is then generated according to the multinomial distribution
φ, which is sampled from another Dirichlet priori with a
hyper-parameter β. In Figure 4, plate notation is applied to
describe the probabilistic generation process of a message
corpus. For the plate notation, shaded and unshaded circles
indicate observed and latent variables, respectively. Plates (i.e.,
the rectangles) indicate repeated sampling, with the number
of iterations defined by the variable shown at the bottom right
corner of each plate.

Our ultimate goal is to infer the conditional probability
Pr(tk|zi) which represents a latent topic (i.e., a concept). In
other words, we want to establish the multinomial distribution
φ. Nevertheless, directly computing the multinomial distribu-
tions φ or θ is computationally expensive. Accordingly, various
methods, such as variational inference [8], expectation prop-
agation [11], and Gibbs sampling [12] have been applied to
approximate φ and θ. In our framework, Gibbs sampling [12],
a Markov chain Monte Carlo algorithm, is used to estimate
the conditional probabilities of the corresponding topic model.
For Gibbs sampling, a Markov chain (a model of transitions
among successive states) is established by repeatedly drawing
a latent topic for each observable term, based on its condi-
tional probability over other variables [11]. Based on previous
work [11], [13], the approximations φ and θ of the multinomial
distributions φ and θ are computed as follows:

φ =
CV Zmn + β∑

m′∈V C
V Z
m′n

+ |V |β
(1)

θ =
CZDnp + α∑

n′∈Z C
ZD
n′p

+ |Z|α
(2)

where CV Zmn is a count matrix that captures the number of times
that term tk = m is assigned to latent topic zi = n, excluding
the current term position. The notations m and n represent the
indices in the count matrix CV Zmn . The set of vocabulary V is

used to compose the collection D, and the set Z represents
the set of latent topics characterizing the collection D. For
our proposed topic model, the vocabulary V contains all the
terms appearing in the corpus. The count matrix CZDnp records
the number of times that the latent topic zi = n is assigned
to a document dj = p, excluding the current document under
consideration. The terms n and p are the indices of the count
matrix CZDnp . In Eq. 1, the term CV Z

mn+β∑
m

′∈V
CV Z

m
′
n
+|V |β is used to

approximate the probability of the term tk given the latent
topic zi, whereas

CZD
np +α∑

n
′∈Z

CZD

n
′
p
+|Z|α is applied to approximate

the probability of zi given the document dj in Eq. 2.
With reference to Figure 4, the probability of zi given the

observed variables tk and dj is computed as follows.

Pr(zi|tk, dj) ≈
Pr(tk = m|zi = n) · Pr(zi = n|dj = p) ≈

CV Z
mn+β∑

m
′∈V

CV Z

m
′
n
+|V |β ·

CZD
np +α∑

n
′∈Z

CZD

n
′
p
+|Z|α

(3)

During model learning, the count matrix CV Zmn which cap-
tures V × Z (term by topic) and the count matrix CZDnp
that holds Z × D (topic by document) are maintained and
updated in each Gibbs iteration. Intuitively, if a topic zi has
been assigned to many documents across the whole corpus D,
the probability of the topic zi being assigned to an arbitrary
document dj increases. Similarly, if a topic zi has occurred
many times in a document dj , the probability of an arbitrary
term being assigned to the topic zi in dj increases. Essentially,
iterations of the Gibbs sampling process just try to capture
the aforementioned intuition. As a whole, the likelihood of
a term tk being assigned to a topic zi not only depends on
how likely the term tk is associated with the topic zi but also
the likelihood of the topic zi occurs in the entire corpus D.
Each Gibbs sample consists of topic assignments to all the
terms in the corpus. The samples generated before the “burn-
in” period (e.g., the first 500 iterations of the Gibbs sampling
algorithm) are usually ignored because of the low quality of
these estimations [14]. After the “burn-in” period, successive
Gibbs samples converge to produce a good estimation of the
posterior distributions over topic assignments. In other words,
the Gibbs samples produced after the “burn-in” period should
be saved to compute θ and φ. We extend the open source Core
LingPipe API (http://alias-i.com/lingpipe/web/download.html)
to develop the Gibbs sampling algorithm for the implementa-
tion of the proposed topic model.

B. Probabilistic Language Modeling Based Inference

We propose a probabilistic language model (LM) based
method to estimate the generation probabilities of various
labeled message based on a mined unlabeled topic. A language
model is a probabilistic function that assigns a probability to
a string t drawn from some vocabulary T . Language modeling
has been applied to estimate the relevance of a document d
with respect to a query q in terms of the likelihood of in the
field of IR [10]. The basic unigram language model is defined
by [9], [10]:



ScoreLM (q, d) = P (q|d) =
∏
ti∈q

P (ti|Md) (4)

where ScoreLM (q, d) represents the document score of d
with respect to the query q, whereas Md is the probabilistic
language model of the document d. To replace the zero
probability of an un-seen query term by a small value rather
than zero, Jelinek-Mercer smoothing [9] was proposed. A
smoothed document language model is defined by:

P (ti|Md) = (1− λ)PML(ti|Md) + λPML(ti|MD) (5)

PML(ti|MD) =
tf(ti, D)

|D|
(6)

where PML(ti|MD) is the maximum likelihood estimation
of a collection language model. λ is the Jelinek-Mercer
smoothing parameter, which may take values in the range
of [0.1, 0.7] [15], [16]. tf(ti, D) represents the occurrence
frequency of ti in the entire document collection D (i.e., all
the consumer reviews).

Finally, for each mined topic, we apply Eq. 5 to Eq. 7
to compute the generation probabilities of zi with respect to
each label message LSi. If a topic with generation probability
greater than a minimal threshold for a label i, and its prob-
ability is higher than other generation probabilities for other
label j, it will be inferred with label i.

ScoreLM (LSi, zi) = P (LSi|zi) =
∏

ti∈LSi

P (ti|Mzi) (7)

C. Classification Ensemble for Event Classification

One of the base classifiers we used is support vector
machines (SVM) which have been widely used in text clas-
sification tasks. Its performance has been shown better than
that of probabilistic classifiers such as Naive Bayes [17].
For the two-class classification problem (e.g., traffic jam or
not), the basic principle is to find a hyperplane represented
by the weight vector (a normal vector perpendicular to the
hyperplane), which not only separates the message vectors into
two classes, but also guarantees the separation, or margin, is
as large as possible. This search corresponds to a constrained
optimization problem:

~ω =
∑

αici~di,∀αi ≥ 0 (8)

b = ci − ~ωi
T ~di,∀~di : αi 6= 0 (9)

where each ~di represents a labeled training example (i.e.,
labeled message), and ci ∈ {−1,+1} denotes a class of
such a binary classification problem. The term αi is the
Lagrange multiplier, and each nonzero αi indicates that the
corresponding ~di is a support vector; b is the intercept of
the binary classifier. Based on the parameters such as ωi, αi,
and b with appropriate values established through a training

set, the large margin classification function f(~di) can then be
defined, where the signum function (sgn) is applied to decide
the class label of a given test instance ~d (i.e., an unlabelled
user-contributed message). For example, a positive margin
value indicates a traffic jam, and a negative margin value
indicates a normal traffic condition. We applied the Spark
Machine Learning (MLib) library 1 to implement the SVM
classifier with a linear kernel function and adopted all the
default parameter values.

f(~d) = sgn

(∑
i

αici~di
T ~d+ b

)
(10)

The other two base classifiers we used include a Naive
Bayes classifier and a K-Nearest Neighbor (KNN) classi-
fier [18]. We then develop our ensemble classifier based
on a weighted voting scheme. The final classification score
is computed based on the following weighted classification
function of the three base classifiers:

f(ensem) =
∑
i

ωi × f(classi) (11)

where f(ensem) is the ensemble classification function, and
ωi and f(classi) are the weight and the base classification
function of the classifier i, respectively. For a binary classifi-
cation task, the ensemble’s decision is based on the majority
class label assigned by the individual classifiers.

IV. EXPERIMENTS AND RESULTS

To evaluate the proposed methods for filtering noisy mes-
sages and identifying traffic events from social sensors, we
performed two series of experiments based on two data sets.
We retrieved 2 million user postings from Twitter by using
a Twitter scraper. These tweets were posted between January
2014 and December 2014. In addition, we also downloaded
1.8 million user postings pertaining to the same period from
Sina Weibo by using our crawler program. We then select
a subset of messages from each data set for evaluation data
labeling. For the Twitter data set, we successfully labeled three
kinds of events such as traffic jams (400 messages), poor
road conditions (400 messages), and traffic restrictions (200
messages). In addition, there are other 1,000 messages which
are confirmed not related to any traffic events at all. Labeling
were conducted by two researchers engaging in research on
intelligent transportation systems for several years. Each label
in the evaluation data set was confirmed only when both
annotators agreed on the particular label assignment. Similarly,
these two annotators also labeled the same kinds of messages
for the Sina Weibo data set. At the end, there are 350 messages
about traffic jam, 350 messages about poor road conditions,
300 messages about traffic restrictions, and 1,000 messages
not related to any traffic events.

For the message filtering experiments, the experimental
system is the proposed topic modeling-based method and the

1http://spark.apache.org/



TABLE I
RESULTS OF THE MESSAGE FILTERING EXPERIMENTS

Experimental Baseline F-score
Dataset Recall Precision Recall Precision Improvement
Twitter 0.825 0.789 0.655 0.824 +10.56%
Weibo 0.645 0.746 0.525 0.789 +9.68%

Average 0.735 0.768 0.590 0.807 +10.12%

baseline system is the vector space model (i.e., bag of words
approach) [19]. The objective of this experiment is to test
if the topic modeling-based method can filter traffic related
message or not. There are only two classes for the filtering
tasks namely, traffic related messages or noisy (not traffic
related) messages. At the beginning, the whole message corpus
(e.g., the Twitter corpus) was fed to the proposed LDA model
for topic learning. Then, the probabilistic language model
(Eq. 5 to Eq. 7) was applied to infer the labels of these topics
based on a set of labeled messages constructed by using a
small seeding set of traffic related keywords. The vector space
baseline model utilized the same seeding set of traffic related
keywords for message filtering. A 5-fold cross validation was
applied to the filtering experiments. The common performance
measures such as recall, precision, and F-score were applied
to evaluate the performance of both systems. The performance
of these systems is reported in Table I. The values shown in
the table represent the average performance scores generated
from the 5-fold of evaluation. Similarly, we applied more or
less the same experimental procedure to evaluate the systems
with respect to the Weibo data set. However, a Chinese
word segmentation system named ICTCLAS 2 developed by
the Chinese Academy of Sciences was applied to identify
meaningful word boundaries before we invoked the respective
systems.

According to the results shown in Table I, the experimental
system (i.e., topic modeling-based message filter) consistently
performs better than the baseline vector space model in terms
of F-score across different data sets. The reason is that the
proposed topic modeling method can extract semantically rich
topics (concepts) characterizing different kinds of traffic events
in a semi-supervised manner (a manually constructed seeding
set of traffic terms is needed). Armed with semantically rich
traffic related topics learned from a large corpus of unlabeled
messages, the proposed method can more effectively filter out
noisy messages from the test set. Since the vector space model
utilized manually identified seeding set of traffic keywords
for message filtering, the precision of the filtering process
is generally high. However, manually identified traffic terms
are limited and are likely to be incomplete. As a result, the
recall of the vector space model is very poor. The experimental
results confirm that the proposed topic modeling method for
traffic related message filtering is effective, and it achieves an
average performance improvement of +10.12%.

For the second series of experiments, we aimed to evalu-

2http://ictclas.org/

TABLE II
RESULTS OF TRAFFIC EVENT IDENTIFICATION FROM SOCIAL SENSORS

Twitter Weibo

Method Recall Precision F-score Recall Precision F-score

Traffic Jams

Ensemble 0.788 0.768 0.778 0.743 0.722 0.732

SVM 0.738 0.747 0.742 0.757 0.716 0.736

KNN 0.763 0.718 0.739 0.729 0.708 0.718

NB 0.688 0.724 0.705 0.686 0.696 0.691

Poor Road Conditions

Ensemble 0.775 0.765 0.770 0.757 0.726 0.741

SVM 0.725 0.744 0.734 0.743 0.712 0.727

KNN 0.750 0.714 0.732 0.714 0.704 0.709

NB 0.675 0.720 0.697 0.671 0.691 0.681

Traffic Restrictions

Ensemble 0.763 0.753 0.758 0.729 0.718 0.723

SVM 0.713 0.750 0.731 0.729 0.708 0.718

KNN 0.738 0.728 0.733 0.714 0.725 0.719

NB 0.663 0.726 0.693 0.686 0.676 0.681

ate the effectiveness of the proposed classification ensemble
method for traffic event identification from social sensors. In
each test run, we examined the classification performance for
a single kind of traffic event, and so it is a binary classification
task. The baseline systems include the SVM [17], KNN [18],
and Naive Bayes classifiers. For all classification methods,
we employed the word unigram features. For the proposed
weighted voting scheme, we set equal weight for each base
classifier. Similarly, a 5-fold cross validation method was
employed in this series of experiments. The performance of
various methods across different data sets is shown in Table II.
Our experimental results reveal that the proposed ensemble
method outperforms all baseline systems in all kinds of
traffic event identifications for the Twitter data set. Moreover,
the proposed method outperforms most baseline systems for
different traffic event identification for the Weibo data set.
The main reason is that the ensemble method can leverage
the merits of individual classifiers based on the weighted
voting scheme. Consequently, the classification results are
more accurate. The reason why the ensemble method does
not significantly outperform the SVM method for the Weibo
data set may be due to the challenge in accurate Chinese
word segmentation. If the Chinese words were not properly
segmented, the corresponding topical features might contain
a lot of noise, which led to poor classification results. As
a whole, we demonstrate the advantage of the proposed
classification ensemble method in both English and Chinese
traffic event identification in these experiments.

V. CONCLUSIONS AND FUTURE WORK

Though relatively rich traffic information may be extracted
from the so-called social sensors to enhance ITSs, the mes-
sages posted to online social media are generally noisy. More-
over, it is a very challenging problem of effectively identifying
various traffic events from free texts. This paper examines a
new method to address the existing research gaps, and presents
a topic model-based method for message filtering and an
ensemble classification method for traffic event identification



from social sensors. Based on two real-world social media
data sets, our experimental results confirm that the proposed
semantically rich topic modeling method for message filter-
ing is effective, and it outperform the classical keyword-
based method by 10% in terms of F-score. The proposed
classification ensemble method for traffic event identification
also outperforms classical machine learning classifiers in most
traffic event identification tasks across different data sets.
Future work involves the use of topical features extracted from
the proposed topic model to further bootstrap the classification
performance of the proposed ensemble method in traffic event
identification.
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