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Abstract
The studies on the TDN (time-dependent network), in which the travel time of the same road segment varies depending on
the time of the day, have attracted much attention of researchers, but there is little work focusing on the travel time functions
prediction problem. Though traditional methods for travel time or travel speed prediction problem can be used to generate
the travel time functions, they have some limitations due to the need of less breakpoints, fine granularity, and long-term
prediction. In this paper, we study the travel time functions prediction problem for TDN based on taxi trajectory data. In order
to maintain a high degree of accuracy in fine-grained and long-predicted situations, we take into account not only the traffic
incidents but also the data sparsity. Specifically, a traffic incident detection method is proposed based on k-means algorithm
and a downstream-based strategy is proposed to estimate the speeds of segments considering the data sparsity. To make the
breakpoints of function not so much, a prediction algorithm based on classification using ELM (extreme learning machine)
is proposed, which predicts the speed classes taking both the weather and the adjacent segment conditions into account. In
addition, a transformation method is presented to convert the discrete travel speeds into piecewise linear functions satisfying
FIFO (First-In-First-Out) property. The experimental results show that ELM outperforms SVM (support vector machine)
with regard to both the training time and prediction accuracy. Moreover, it also can be seen that both the weather conditions
and the adjacent segment conditions have impact on the prediction accuracy.
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Introduction

Inexpensive GPS (Global Position System)-enabled devices
become more and more popular, which gives the opportu-
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nity to collect large amounts of trajectory data from vehi-
cles. The geo-spatial location data continuously recorded by
GPS-enabled taxi contain very rich information for urban
computing and developing intelligent transportation services,
such as route planning, traffic flow analysis, and speed
estimation, to name a few. Travel time prediction based
on these trajectory data is the key to the development of
advanced traveler information systems. With precise travel
time prediction, a route planning system can suggest opti-
mal routes to keep the users away from the traffic con-
gestion, and users can decide an optimal departure time or
estimate their expected arrival time based on predicted travel
times.

Travel time prediction is also crucial in TDN (time-
dependent network), in which the travel time of the same
road segment can vary depending on the time of the day.
TDN has attracted much attention of the temporal-spatial
database researchers because of the increasing demand of
shortest travel time by people in various applications, such
as shortest path query [1, 2], k nearest neighbor queries
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[3–5], and its variants [6–10]. In TDN, the edge functions
(travel time functions of edges) are usually presented
by continuous piecewise linear functions. However, the
experimental data of edge functions used by the existing
works is either historical data or real-time data, without
using the predicted data.

The historical data can not reflect the real-time traffic
conditions. For example, the travel time of a road segment
will increase if there is heavy rain or a traffic incident taking
place. The query results based on these historical data may
be slightly inaccurate. The real-time data and the short-term
prediction (less than 1 h) is also not enough for deciding the
optimal path if the destination point is too far away from
the source point. Take the shortest path query as an example
in Fig. 1, where the weights on the edges are the real-time
data. As we can see, the quickest path from S to D is the
path < S, v4, v5, v6, v7, D >. However, the arrival time to
v6 is 60 min later, at which time the travel time from v6 to v7

increases to 30 due to the peak hour or other reasons, which
makes the path < v6, v10, D > shorter than < v6, v7, D >.
In this case, the quickest path computed by the real-time
data may not be the quickest path in reality. Therefore, the
route planning system should predict the travel time in order
to give the optimal quickest path.

As described, edge functions prediction is very important
in the TDN studies. But predicting the functions directly
is hard to do in reality due to so many possibilities.
It is more effective to predict the speeds first and then
calculate the functions. However, to make the transformed
functions applicable in the experiments, the fine-grained
and long-term (no less than 1 h in urban road network)
speed prediction is needed. In addition, considering that too
many edge function breakpoints will bring great difficulties
to the query problems under TDN [11], the predicted
functions should have as few breakpoints as possible where
a classification method is preferred.

In this paper, we are interested in the problem of
predicting and generating the travel time functions for each

road segment in TDN from the taxi trajectory data. There
are many challenges to do this work, and the existing
works can not solve the problem very well. (1) Some
existing works only predict the travel time for the point
of interests. But in TDN, the travel times of each road
segment should be all predicted which poses a challenge
to the efficiency of the prediction algorithm. (2) Some
existing works for travel time prediction or speed estimate
only consider the historical traffic data, but do not take
the weather conditions into account. The latest literatures
[12, 13] pointed out that the weather condition has a
high effect on the traffic congestion. (3) Though there are
some existing works that consider the weather conditions,
they either only predict the degree of traffic congestion or
predict only 30 min in advance. While in TDN, 30 min is
not long enough because the cost of a path between two
points in road network may exceed 30 min, which poses
a challenge to the accuracy of the long-term prediction
algorithm.

To address these challenges, we propose a new method to
predict the fine-grained and long-term travel time functions
based both on the taxi trajectory and weather data. The
main contributions are as follows: (1) To make full use of
the historical trajectory data, we analyze these data and use
k-means algorithm to detect the traffic incidents (“Traffic
Incident Detection”). (2) To handle the sparsity problem
of the historical trajectory data, we propose a downstrem-
based strategy to estimate the travel speed of segments
which have not sufficient data (“Travel Speed Estimation
Using Sparse Data”). (3) In order to make the breakpoints
of function not so much, a prediction algorithm based on
classification using ELM (extreme learning machine) is
proposed, which predicts the speed classes taking both the
weather and the adjacent segments conditions into account
(“Travel Time Functions Prediction”). (4) To satisfy the
need of the researches for TDN, a travel time functions
estimation method is presented in “Travel Time Functions
Estimation.”

Fig. 1 Quickest path in
time-dependent network

v1 v2

v10v9

v4
v5

v8

v6

v3

v7

D

S
24

12 24

14
1220

10

v10

v6
v7

D

14
1220

30

60m later



Cogn Comput (2019) 11:145–158 147

Related Work

Travel Time Functions Generation

Shortest path query [1, 2], k nearest neighbors query [3–
5], and its variants [6–10] based on TDN have attracted a
lot of research interests in the past few years. But in the
experiments, they either used the historical data simply or
generated the simulated data for the underlying network,
which was unserviceable as described above.

Few works describe how to create a TDN or predict the
travel time for the network. As far as we know, only the
literatures [14] and [15] focused on the problem of comput-
ing the travel time functions for TDN. The literature [14]
proposed a gravitational model method to compute road
segment average speed from trajectory data and generated
travel time functions from the computed average speeds.
The literature [15] applied a map matching technique allied
to a curve smoothing approach for generating piecewise
linear functions in order to treat outliers and incomplete
data.

However, they both computed the functions just using
the historical trajectory data, and did not consider the
functions prediction which is important for the intelligent
transportation services.

Travel Time Prediction

To predict the travel time functions of the road network, the
travel time or the travel speed can be predicted at first. There
have been a large amount of algorithms to address travel
time prediction problems. Vlahogianni et al. summarized
existing short-term traffic prediction algorithms up to
2003 in literature [16], and summarized algorithms from
2004 to 2013 in literature [17]. The algorithms for travel
time and speed prediction range from statistical model
(SM) methods, Kalman filter (KF) theory, artificial neural
networks (ANN), support vector regression (SVR), and
hybrid approaches.

The advantages of SM [18, 19] are its good theoretical
interpretability and clear calculation construction. The
literature [20] modeled the traffic time series by phase
space techniques. The literature [18] considered the effect
of upstream and downstream and proposed a vector
autoregressive model. The literature [19] considered the
effect of the trend and seasonality in data on the generalized
autoregressive conditional heteroskedasticity (GARCH)
models and proposed two-component GARCH models that
are able to model trend and seasonal components through
decomposition.

KF theory [21, 22] captured regression problem in a state
space form by minimizing variance for optimal solution.
Chien et al. [23] modeled real-time and historic data for
travel time prediction and applied KF for prediction, and
explored the factors that can affect the prediction results.
Yang et al. [24] proposed a recursive least square (RLS)
approach for short-term traffic speed prediction by means of
KF, based on the maximum likelihood method and Bayesian
rule. To improve its online-learning ability, Wang et al. [22]
proposed an extended KF method to predict highway travel
time.

Comparing to SM and KF, ANN [25, 26] has been a
widely used method in traffic prediction due to its strong
generalization and learning ability as well as adaptability.
Some algorithms utilized support vector machine (SVM)
[27–29] to map data into a high-dimensional feature space
via a nonlinear relationship and then performs linear
regression within this space to predict travel time and
speed. As every prediction algorithm has its own advantage
and applicable conditions, some hybrid models combining
different methods [30–32] are proposed and applied to
improve prediction performance.

In addition, weather change has a high impact on the
traffic conditions which is verified by Sigakova et al. [33]
and Ding et al. [12]. Abdel-Aty et al. [34] and Qiao et
al. [35] studied the problem of travel time prediction by
considering the weather conditions.

However, the above algorithms just predicted the short-
term travel time or speed and paid no attention to the
travel time function generation problem. To generate more
applicable underlying data for TDN, the algorithm should
predict the travel time within at least 1 h for each road
segment, which poses a challenge to the accuracy and
efficiency of the algorithm.

Extreme Learning Machine

Recently, extreme learning machine (ELM) [36, 37] and
its variants [38] have attracted increasing attention from
more and more researchers. ELM has originally been
developed based on single-hidden layer feedforward neural
networks (SLFNs) and then extended to the “generalized”
SLFNs, where the hidden layer need not be neuron alike
[39, 40]. ELM randomly assigns the input weights and
the hidden layer biases, and then analytically determines
the output weights of SLFNs. ELM is less sensitive to
user-specified parameters, and can be deployed faster and
more conveniently than conventional learning algorithms
for classification. There are many applications of ELM for
regression and classification, such as adverse cardiac events
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prediction [41], surface material recognition [42], intrusion
detection [43], huge hypotheses re-ranking [44], pattern
classification [45], and optimization query for nearest
neighbor queries [46, 47].

To predict the travel time for each road segment, high
dimensions of features of the segment should be extracted
and large scale of training data should be considered. ELM
is a potential neural network to solve the problem due to its
extremely fast learning speed, that is why we use ELM as
our classifier in this work. Ban et al. [48] implemented the
new neural networks based on ELM and designed a real-
time traffic index in the data of a real-world city of Nanning
in South China. The experimental results show that ELM
provides good generalization performance at extremely fast
learning speed and high accuracy compared with other
state-of-art algorithms. However, this work did not take
the weather conditions and the traffic incident data into
account and cannot predict the travel time within 1 h in high
accuracy.

Overview

Preliminaries

Definition 1 (GPS Trajectory) A GPS trajectory T is a
point sequence p1 → p2 → · · · → pn linked by the time
stamps of the GPS points. Each GPS point pi is a triple
( pi .lat, pi .lng, pi .t) which are its latitude, longitude, and
time stamp respectively.

Definition 2 (Time-Dependent Network (TDN)) A time-
dependent network is a directed graph G(V, E, C), where
V = {v1, · · · , vn} is a set of vertices representing the
intersections and terminal points of the road segments. E =
{(vi, vj )|vi, vj ∈ V, i �= j} is a set of edges representing
the road segments. C = {c(vi ,vj )(t)|(vi, vj ) ∈ E} is a
travel time function which represents the weight for (vi, vj )

depending on a time instant t ∈ [0, T ].

For each edge (vi, vj ), a function c(vi ,vj )(t) gives the
cost of traversing (vi, vj ) at the departure time t ∈ [0, T ].
The formalization about the function cost is defined as
follows:

Definition 3 (Travel Time Functions) The function
c(vi ,vj )(t) is a piecewise linear function where each edge
(vi, vj ) is associated with a street segment si , observing the
timestamp T Si , and the total time T Ti . The piecewise is
the

∑
scei(T Ti, T Si), where T Ti is the travel duration, and

T Si is the time of beginning of the edge (vi, vj ), for all
objects.

We assume that the travel times of the edges in the
network follow the FIFO property, i.e., an object that starts
traversing an edge first has to finish traversing this edge first
as well. The general time-dependent shortest path problem
in which the departure is immediate, i.e. the user departs
exactly at the time t , and in which waiting is disallowed
everywhere along the path through the network is NP-hard
[1], but it has a polynomial time solution in FIFO networks.
Since the travel times satisfy the FIFO property, waiting in
an intermediary vertex in a path is not beneficial.

Framework

Figure 2 presents the overall framework of this paper. The
framework consists of two major parts: the offline training
and the online predicting.

In the offline part, there are two tasks. The first task is to
prepare data for the ELM classifier due to that the original
trajectories data may have some errors or not sufficient
enough to the prediction as mentioned above. Another task
is to generate the classification models for prediction.

Firstly, the collected taxi trajectories are projected into
the underlying road network to get the information of the
segments using a map-matching algorithm. The obtained
original trajectory only contains the spatial and temporal
information of the taxi and the road segments, and need
to be processed in the second step. Specifically, since the
location of the taxi may be not exactly located in the vertices
(i.e., junctions) of the network when uploading its longitude
and latitude to the server, the average travel speed should
be recomputed to obtain the historical travel time for each
segment by using some analysis and processing methods.
Considering that the historical trajectory data may contain
some abnormal data, we conduct a k-means algorithm to
discover the traffic incident data which is useful for the
prediction when an incident happens in the similar road
segment. In addition, the trajectory data are too sparse to
obtain the full information for each road segment. Hence,
we propose a downstream-based strategy for the travel
speed estimation utilizing sparse data. Thirdly, the speed
data combined with the weather conditions data are used to
feature selection, where the traffic conditions of the adjacent
segments are considered. At last, the selected features are
used to train the classifier ELM to obtain the models for
each future time interval.

The task of the online part is to predict the travel time
functions. Firstly, the real-time traffic as well as weather
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Fig. 2 Overall framework

conditions data are input into the trained models. Then, the
predicted average speeds are used to create the piecewise
constant travel time functions.

Historical Data Processing

We use the trajectory data downloaded from DATATANG,1

which were collected by 12,000 taxis in Beijing during
November 2012. The size of the zip file is 15.1 GB before
decompression, and there are 48,156 files and each file
contains 20,200 records. These data should be analyzed and
handled firstly before used to feature selection.

Trajectory Mapping

Each record of the historical trajectory data contains
time, longitude, latitude, speed, direction, and other useful
information, and should be projected into the underlying
road network firstly before used. In this paper, we use the
interactive voting-based map matching (IVMM) algorithm
proposed by Yuan et al. [49] which considers both the
position context of GPS points and the road network

1http://www.datatang.com/data/44502

topology. The IVMM algorithm consists of four phases:
candidate preparation, score matrix building, interactive
voting, and path finding. In the first phase, a range query is
issued to select the candidate road segments and candidate
points for each sampling point, then in the second phase, a
candidate graph is constructed by performing a spatial and
temporal analysis of the position context. After that, a static
score matrix is built according to the candidate graph. The
mutual influence is modeled utilizing a weighted score matrix
which is constructed dynamically. Based on the weighted
score matrix, all the candidate points vote in parallel for
their best matching paths in the last phase. Then, a global
optimal path is selected according to the voting result.

Historical Travel Speed Computing

In this subsection, we will describe how to compute and
record the travel time for the segments using the historical
trajectory information and the historical weather data. Since
the points in the trajectory may be not exactly located in
the vertices (i.e., junctions) of the network, to obtain the
historical travel time for each segment, the average travel
speed should be recomputed.

Take Fig. 3 as an example, there is one trajectory which
consists of a point sequence p1, p2, p3. Firstly, the travel

http://www.datatang.com/data/44502
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time ti,j between each two adjacent points pi and pj

belonging to the same trajectory is computed. In this figure,
the travel time between p1 and p2 is 20121101061535 −
20121101061445 = 50 s and it is 12 s between p2 and p3.
Secondly, the distance di,j of the shortest path of pi and
pj is computed according to the network. The shortest path
between p1 and p2 is p1 → v1 → v2 → p2, and the
distance d1,2 is 300 m. While for p2 and p3, the shortest
path is p2 → v3 → p3, and d2,3 is 120 m. Thirdly, the
average speed of the edges si,j involved in the shortest path
is estimated by di,j /ti,j , which is 6 m/s for p1 and p2 and
10 m/s for p2 and p3. That is to say, the average speeds of
e1, e2, and e3 are all 6 m/s, and 10 m/s for e3 and e4. As for
e3, the average speeds is (6 + 10)/2 = 8 m/s.

The travel time is time-varying and shows a regular
change with daily and weekly patterns. For instance, daily
patterns distinguish rush hour and late-night traffic and
weekly patterns distinguish weekday and weekend traffic.
Moreover, the travel time is also sensitive to weather
conditions. Therefore, when we record the computed
average speed for segments, we also record the time, the
day, and the weather conditions. We split one day from 6:00
to 22:00 into 96 bins, corresponding to 10-min intervals.
As for the weather, we obtain the historical weather data
of Beijing in November 2012 from the Internet2 and
divided the weather conditions into two classes which are
sunny (denoted by 0) and rainy/snowy (denoted by 1).
For example, in Fig. 3, the starting time of p1 to p2 is
20121101061535, which belongs to the 38th interval of one
day. That day was Thursday, and a sunny day. Therefore,
for the edge e3, we will record 〈6, 4, 38, 0〉, which denotes
that the travel speed of e3 is 6 m/s during the 38th interval
on Thursday on a sunny day. If there is a new record
for e3 obtained by another trajectory with the same day
and the same interval, the travel speed will be updated by
averaging these two records after verifying that it is not an
outlier record (please refer to “Traffic Incident Detection”
for details). For example, in Fig. 3, e3 has another record
according to the path p2 to p3, which is 〈10, 4, 38, 0〉. It has
the same day and the same interval with the last record, so
the record will be updated with the average speed, which is
〈8, 4, 38, 0〉.

Traffic Incident Detection

Since the traffic incident has a high impact on the travel
time in urban network, it is necessary to detect the traffic

2http://lishi.tianqi.com/beijing/201211.html

incident from the historical trajectories. One purpose is to
predict the travel time more accurately when a real incident
happens, and another purpose is to improve the accuracy
of the computed historical travel time. In this paper, we
conduct the k-means algorithm to detect the outlier records.

After collecting all the records for segments according to
the trajectories, we conduct the famous k-means (we set k

equals to 1) algorithm for those records who have the same
day and the same interval, as well as the same weather flag,
to detect the outlier records (the abnormal speeds). These
abnormal records should be further verified to distinguish
the sudden incident from the sampling error. When an
incident happens, the travel speed may have a sudden drop
rather than a sudden rise. In addition, the travel speeds of the
adjacent edges and the other trajectories containing the same
segment may all slow within several minutes. Therefore,
if the outlier records detected by k-means algorithm have
a high travel speed, they will be regarded as the sampling
errors and discarded from the records. If there are more than
two outlier records with sudden deceleration at the close
time and the adjacent edges under the same time interval
have similar abnormal speeds, they will be regarded as the
incident records. The incident records will be recorded by
adding another flag to the tuple of the record of the edge,
and they will be used to predict the travel time when there
is an incident around this edge in real-time.

Algorithm 1 Traffic incident detection

Input: trajectories records for road segments;

Output: the incident records sets for road

segments

1 for ( =1 to ) do

2 conduct -means algorithm for the trajectories

records in of the road segment with the

same to obtain the

center speed and outlier records set ;

3 for ( =1 to ) do

4 if (the speed of ) then

5 delete from ;

6 for ( =1 to ) do

7 if 1 then

8 = 0;

9 for (each adjacent edge of ) do

10 if 0 then

11 ++;

12 if ( 2 ) then

13 add each record of into the ;

http://lishi.tianqi.com/beijing/201211.html


Cogn Comput (2019) 11:145–158 151

Fig. 3 An example of computing travel speeds

Algorithm 1 shows the details of the proposed traffic inci-
dent detection method. For each road segment, we conduct
the k-means algorithm on the trajectory records which have
the same day, the same interval, and the same weather con-

dition (line 2). Then, the obtained outlier records (those
outside the cluster) will be checked one by one to distin-
guish the traffic incident data from the sampling errors by
comparing the speed with the center speed cs (lines 3–5).
Note that the number of outlier record set is not fixed. Based
on the observation that if there is an incident, the speeds of
the adjacent edges usually will fall off. Therefore, if there
are at least two outlier records in the adjacent edges, it is
considered a traffic incident and the records will be put into
the incident record sets for this road segment (lines 6–13).

Travel Speed Estimation Using Sparse Data

As mentioned above, we collect historical travel time under
three dimensions for each road segment, which are different
days (Monday to Sunday), different time intervals (1 to 96),
and different weather conditions (sunny or rainy/snowy).
According to these different conditions, each segment has at
least 7×96×2 = 1344 records. However, trajectory data are
sparse as a driver can only travel a few road segments in a time

Fig. 4 One-day trajectory of one taxi in Beijing
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interval as illustrated in Fig. 4, which shows 1-day trajectory of
one taxi in Beijing. Even with millions of trip observations,
there are a lot of road segments not covered by any trajectory
because of the non-uniform spatial distribution of taxi
locations in the city. In addition to the spatial sparseness,
the trajectory data are temporally sparse too. Even if a road
segment is covered by a few trajectories, these trajectories
may not be sufficient to estimate the dynamic travel time
that varies under different conditions (e.g., peak time and
weekends). Hence, the estimation of historical travel time
is not accurate due to the limited number of trajectories
covering the road segment. To estimate travel speed more
accurately, we propose a downstream-based strategy to
handle the coarseness problem of trajectories.

Due to the topology of the road network, the movement
of vehicles forms a traffic pattern. It leads to the spatial
correlation of traffic features within a local area. In other
words, the travel speeds of upstream traffic are correlated
to those of downstream traffic. For example, Fig. 5 is a
directed road network. The travel speed of v3 → v4 is
related to the speeds of v4 → v2, v4 → v5, and v4 →
v7, and we believe that they have the similar fluctuates.
Therefore, we estimate the travel speeds for segments by
considering both the speed of their own in other times and
the speed pattern of their downstream segments.

More specifically, a k-means algorithm is conducted
on each day (Monday to Sunday, sunny to rainy/snowy)
of the segments to get two centroid values. The obtained
two values are regarded as the base speeds of the off-
peak hours (denoted by vbo) and peak hours (denoted by
vbp), respectively. And the difference values between the
actual speeds and vbo or vbp are regarded as the fluctuation
margins (denoted by vf m), which are used to estimate the
speeds for the missing date of other segments. The road
which has the least missing data compared to 1344 will
be handled with high priority, while the roads which have
no record will be handled in the end. For the segment
ei , which has no record on the interval m in n (Monday
to Sunday) day on a w (sunny or rainy/snowy) day, the
averages of the fluctuation margins under the same setting
of its downstream segments are computed firstly. The result
is just the fluctuation margins of ei , denoted by vf m(im,n,w).
The speed on the interval m is estimated by vf m(im,n,w)

+ vbo(i) or vf m(im,n,w) + vbp(i). For the segment ej ,
which has no record at all, the base speeds vbo(j) and
vbp(j) are estimated firstly. They are represented by the
average of vbo or vbp of its downstream segments. And
then the speeds on each interval and each day on two
weather conditions are all estimated by the same method
as ei .

Algorithm 2 Travel speed estimation for sparse data

Input: historical trajectories records for road

segments; value of ;

Output: the full speed data under 3 dimensions for

road segments

1 for ( =1 to ) do

2 conduct a -means ( =3) algorithm to get three

centroid values 1 2 3;

3 set the average speeds of the off-peak hours ( )

and peak hours ( ) based on 1 2 3;

4 count the number of missing records

for road segment ;

5 sort road segments in ascending order by

;

6 for (the sorted segment =1 to ) do

7 for (the missing record =1 to ) do

8 for (each downstream segments ) do

9 compute the fluctuation margins

= actual speed of or

= actual speed of based on the

interval ;

10 the fluctuation margins of th segment is

estimated by =

AVERAGE( );

11 if ( th segments has no or no ) then

12 estimate = AVERAGE( );

13 estimate = AVERAGE( );

14 the estimated speed of th segment

= + or =

+ based on ;

Algorithm 2 shows the details of the proposed travel
speed estimation method for sparse data using the down-
stream segment strategy discussed above. Lines 1–5 is a
preprocessing phase, the purpose of which is to compute
the average speeds of the off-peak hours and peak hours for
those segments that have enough data, and sort the road seg-
ments in ascending order by their number of missing record.
Lines 6–14 estimate the speed for a segment according to
its downstream segments based on that they may have the
similar fluctuation margins. In line 9, the fluctuation mar-
gins of the downstream segments of ith segment on the mth
interval, n day, and w weather are denoted as vf m(dsm,n,w).
Then, estimate the fluctuation margins by the average fluc-
tuation margins vf m(im,n,w) of the downstream segments
of the ith segment under the same setting as the j th record
(line 10). Next, estimate the speeds of off-peak hours and
peak hours for the ith segment by its downstream segments
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Fig. 5 Downstream segments for v3 → v4

if the ith segment has no data (lines 11–14). If the interval
m belongs to the off-peak hours, the estimated speed of the
ith segment will be calculated by vf m(im,n,w) + vbo(i). Oth-
erwise, it will be calculated by vf m(im,n,w) + vbp(i) (line
14).

Travel Time Functions Prediction

In this section, the details of the travel time functions
prediction algorithm are described. Firstly, the features used
to classify the speeds are introduced. Then, the ELM based
travel speed classification algorithm is proposed. At last, the
travel time functions estimation method is presented.

Feature Selection

Feature selection plays an important role in the process
of classification and affects the predicted results to some
extent. In this subsection, we discuss which features should
be selected for travel time prediction.

As discussed in “Historical Data Processing,” the travel
time is time-varying and shows a regular change with daily
and weekly patterns. Moreover, the travel time is highly
sensitive to weather conditions and a sudden traffic incident.
And the travel time of one edge is also influenced by
the conditions of its downstream segments. Therefore, we
select the following features for each segment in the urban
network.

– Current time interval: 1, 2, · · · , 96, representing the
time of 06:00–06:10, 06:10–06:20, · · · , 21:50–22:00.

– Current date: 1, 2, · · · , 7, representing the date of
Monday, Tuesday,· · · , Sunday.

– Weather conditions: 0, 1, representing the sunny day or
rainy/snowy day respectively.

– Traffic incident flag: 0, 1, representing there is no or
there is a traffic incident respectively.

– Base speeds of the off-peak hours vbo: 1, 2, · · · , 9.
– Base speeds of the peak hours vbp: 1, 2, · · · , 9.
– Actual speeds of last 6 time intervals respectively: 1, 2,

· · · , 9.
– vbos of downstream segments respectively: 1, 2, · · · , 9.
– vbps of downstream segments respectively: 1, 2, · · · , 9.
– Actual speeds of the last six time intervals of

downstream segments respectively: 1, 2, · · · , 9.

It is worth mentioning that the travel speeds are divided
into nine classes from 1 to 9, which represent the speed
range from 0 to 2 m/s, from 2 to 4 m/s, · · · , 16 to 18 m/s.
The maximum speed is set to 18 m/s, that is because the
speed limit in urban network is usually 60 km/s, which is
about 16.7 m/s.

Travel Speed Prediction Using ELM

As mentioned above, many selected features must be
collected online, and the processing of travel speed
prediction should be finished in real-time. Hence, the
chosen classifier should have fast prediction speed. Since
ELM requires less training time and provides better
performance than traditional learning machines, it is
adopted to classify the travel speeds for the next six time
intervals within 1 h for each road segment in this paper.

As illustrated in Fig. 2, after the phase of historical data
processing, the obtained historical travel speed data and
the historical weather report data will be used to feature
extraction. Extracted features will be input to ELM classifier
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and trained. For each segment, six ELM classifiers will be
trained to predict the categories of travel speeds of the next
six time intervals. After getting the real-time and predicted
weather report data as well as the real-time traffic conditions
(whether there is an incident), the categories of travel speeds
of each segment within six time intervals will be predicted
by the trained six ELM classifiers respectively.

Algorithm 3 Travel speed prediction

Input: preprocessed trajectories records for road

segments; historical weather data for road

segments;

Output: the predicted speed classes for further 6 time

intervals

1 //off-line part

2 extract the features based on the preprocessed

trajectories data and historical weather data for road

segments;

3 for ( =1 to ) do

4 train 6 ELM classifiers based on the extracted

features;

5 //on-line part

6 for ( =1 to ) do

7 collect the real-time traffic conditions data,

real-time and predicted weather report data;

8 extract the corresponding features;

9 predict the speeds of the next 6 intervals using the

generated 6 ELM classifiers;

Algorithm 3 shows the details of the processing for predic-
tion.

Travel Time Functions Estimation

A TDN consists of many vertices and many edges, where
the vertices represent the network junctions, starting and
ending points of a road segment, and the edges’ connect
vertices. The cost (travel time) of traversing an edge is
a function of the departure time. Many researches have
focused on the problem of k nearest neighbor query and the
variants in TDN. In order to reduce the complexity of the
problem, the researches always assume that these functions
satisfy the FIFO property (if these functions dissatisfy the
FIFO property, the problem is proved NP-hard). In this
subsection, we describe how to estimate the travel time
functions based on the predicted speed classes of each road
segment.

Firstly, the travel times are calculated by the length and
predicted speed classes of the road segment. Take Fig. 6 as
an example, the length of this road segment is 600 m. For
the first time interval, the predicted speed classes is 3 which
means that the corresponding speed is 4 m/s. So, the travel

cost is 100 s. Then, by connecting the starting point of each
time interval, multiple piecewise functions can be obtained
easily. It is important to note that when generating these
linear functions, the y value is the travel time, and the slope
of each linear function must be larger than −1 to satisfy the
FIFO property. This conclusion can be obtained from the
following theorem.

Theorem 1 The linear function y = k × x + b satisfies the
FIFO property if k > −1, where x represents the entry time
and y represents the travel time.

Proof FIFO property means the person who has earlier
entry time will leave early. Take Fig. 6 as an example, x1

has earlier entry time than x2 (x1 < x2). FIFO wants the
departure time of x1 earlier than x2, which means x1 +y1 <

x2+y2. Now, we use the function to represent y1 and y2, and
we can obtain the following inequation x1 + k × x1 + b <

x2 + k × x2 + b. That is, (k + 1)x1 < (k + 1)x2. Since we
have x1 < x2, the inequation k + 1 > 0 holds. Hence, the
theorem is proved.

When the calculated slope of the linear function is less
than −1, we re-fit it by removing the breakpoint. For
example in Fig. 6, assuming that the slope of segment bp2

to bp3 is less than −1 (the slope is larger than −1 based
on the values in the figure, but we just make an assumption
here), bp2 will be deleted and the new linear function will
be generated by connecting bp1 and bp2 directly.

Experimental Evaluation

Experiment Setup

In this section, the performance of the proposed prediction
algorithm is evaluated. Moreover, we also compare the
performance of our ELM-based prediction algorithm with
the famous SVM.

As described in “Trajectory Mapping,” we use the trajec-
tory data generated by the taxis in Beijing and handle the
historical data using the proposed method in “Historical
Data Processing”. In addition, the road network of Beijing
contains 171,504 vertices and 433,391 edges. And the algo-
rithms proposed are applied and implemented in C++ using
STL. All the programs are run in a PC that has an Intel Quad
Core 2.4GHZ CPU, 8 GB memory under Windows 10.

We choose the real data from 11 November to 17
November as the predicting data which contains the days
from Monday to Sunday and the days from sunny day to
rainy/snowy day, and the data of other days are treated as the
training data. We issue six time intervals prediction queries
on each time interval during these seven days for all the road
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segments, and compare the prediction results with the real
speeds. The average prediction accuracy of each interval and
the training time are illustrated in the next subsection.

The details of all the examined algorithms are introduced
as follows:

– WAELM which is the prediction algorithm considering
weather conditions and the adjacent segment conditions
using ELM to classify.

– WASVM which is the prediction algorithm considering
weather conditions and the adjacent segment conditions
using SVM to classify.

– NAELM which is the prediction algorithm considering
the adjacent segment conditions using ELM to classify
but not take the weather conditions into account.

– WNELM which is the prediction algorithm considering
the weather conditions using ELM to classify but not
take the adjacent segment conditions into account.

Table 1 summarizes the parameters mentioned earlier
with their default values for those algorithms. It is worth
mentioning that to improve the prediction accuracy, we
divide the whole road network into many grids equal in size.
Different models will be generated by the classifier using
the historical trajectory data of the segments in different
grids, and further used to predict the classes of speeds of
the segments in the corresponding grid. That is to say, the
historical trajectory data of the segments which are located
in the same grid will be input to the classifier as training
data, and the generated model will be used to predict the
classes of speed of the segments in this grid. The parameter
of number of grids describes the number of the total grids
which range from 1 to 433,391, and the default value is 256.

Evaluation Results

Figure 7 illustrates the average prediction accuracy of the
prediction algorithms with different intervals using SVM
and ELM, respectively. The accuracy decreases as the
duration time gets longer, this is because the travel speed is
highly related with the latest traffic conditions and weather
conditions. Hence, it is difficult to predict the speed 1 h later
based on the current conditions like the weather forecasting.
The accuracies of WASVM and WAELM both have a
sudden drop on the third time interval, which shows that the

Table 1 Specifications of parameters for algorithms

Parameters Default value

The length of a time interval 10 min

Number of hidden nodes for ELM 150

Number of classes of speeds 9

Number of grids 256
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long-term prediction is still a challenge for the prediction
methods. Moreover, the accuracy of WASVM is lower than
that of WAELM by nearly 10% which indicates that the
ELM classifier is slightly superior to SVM in accuracy on
speed prediction.

Figures 8 and 9 illustrate the prediction accuracy and the
required training time of WASVM and WAELM with regard
to the number of grids. It is not surprising to see that the
accuracies of the two algorithms both increase smoothly as
the number of grids gets larger. This is because more grids
mean more generated models for the same network, hence
the prediction can be executed by the local model which is
more suitable than the global one. The results also show that
the travel speeds of the nearby segments are more likely to
have the similar pattern. In the extreme case, the number of
the grids is 433,391 which is equal to the number of edges of
the network. This means that the classifier generates models
for each segment, so the accuracy is higher, which is up to
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87% for WAELM. However, more generated models mean
more times of iterations which bring more required training
time as shown in Fig. 9. When the number of grids increases
to 1024, the training time has a dramatic increase. This is
why we choose 256 as the default value of the number of
grids for other experiments.

To investigate the effect of weather conditions on the
prediction accuracy, we compare NAELM with WAELM
predicting only the two days of 14th (a sunny day) and 15th
(a snowy day) November. Since the traffic conditions in
the central region of a city are more sensitive to weather
conditions than the suburbs’, only the segments located
in the center 4 grids are tested by the two algorithms.
Figure 10 illustrates the results, from which we can see
that the accuracy of NAELM is lower than that of WAELM
by nearly 10% especially for the first half hour, which
indicates that weather conditions have high impact on the
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travel speeds. For the last half hour, the gap of the accuracy
of the two algorithms becomes smaller due to that the
prediction for long-term becomes a bottleneck and the
features of weather have a relatively smaller impact on the
accuracy compared with the long time intervals. Moreover,
the average accuracy is lower than the accuracy in Fig. 7
which shows that the traffic conditions at the center are
more complex than the suburbs’.

Figure 11 investigates the effect of features of the
adjacent segment conditions on the prediction accuracy.
We test the average prediction accuracy of WNELM and
WAELM for all the segments where the data of 14th
and 15th November are regarded as the testing data. As
expected, the accuracies of WNELM-14 and WNELM-15
are both lower than those of WAELM-14 and WAELM-
15, respectively, which indicates that the conditions of the
adjacent segments have an impact on the travel speed of the
current segment. The difference of the date of 15th (a snowy
day) is much larger due to that bad weather may slow the
vehicle speeds and make the speeds more sensitive to the
adjacent segments.

Conclusion

In this paper, we study the problem of predicting the travel
time functions for each road segment in TDN from the taxi
trajectory data. A new framework consisting of two parts
is proposed. Some methods for processing the historical
data are proposed in the offline part. And in the online
part, a prediction algorithm based on classification using
ELM is proposed to predict the speeds over 10-min intervals
and up to 1 h in advance. The weather conditions and the
adjacent segment conditions are both taken into account
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to improve the prediction accuracy. The results show that
the performance of the prediction algorithm based on ELM
classifier outperforms SVM classifier.

For future work, we will analyze and detect more factors
that affect the traffic to improve the prediction accuracy,
e.g., the road type, the road region, more types of changes
of weather.
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