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Abstract: In the era of big data, mining data instead
of collecting data are a new challenge for researchers
and engineers. In the field of transportation, extracting
traffic dynamics from widely existing probe vehicle data
is meaningful both in theory and practice. Therefore,
this article proposes a simple mapping-to-cells method to
construct a spatiotemporal traffic diagram for a freeway
network. The method partitions a network region into
small square cells and represents a real network inside
the region by using the cells. After determining the traffic
flow direction pertaining to each cell, the spatiotemporal
traffic diagram colored according to traffic speed can be
well constructed. By taking the urban freeway in Beijing,
China, as a case study, the mapping-to-cells method is
validated, and the advantages of the method are demon-
strated. The method is simple because it is completely
based on the data themselves and without the aid of any
additional tool such as Geographic Information System
software or a digital map. The method is efficient be-
cause it is based on discrete space-space and time-space
homogeneous cells that allow us to match the probe data
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through basic operations of arithmetic. The method helps
us understand more about traffic congestion from the
probe data, and then aids in carrying out various trans-
portation researches and applications.

1 INTRODUCTION

In the era of big data that have come, people no
longer worry about the sufficiency of data to support
researches and practical applications. Instead, how to
make use of the data, which are numerous both in va-
riety and quantity, becomes a new problem concerning
researchers and engineers. It is also true in the field
of transportation. Among various transportation data,
probe vehicle data widely exist in cities nowadays.
The probe vehicle data (or probe data) are collected
by probe vehicles (or probes), which travel in the road
network as regular vehicles but upload their status in-
formation to data centers every short time interval. The
status information usually includes latitude, longitude,
instantaneous speed, moving direction, etc. Driver’s
mobile phone could provide the data potentially, while
taxis might be more reliable probes, because dedicated
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Global Positioning System (GPS) devices installed in
the taxis could communicate constantly and steadily.
Although the probe data are usually treated as vehicle
trajectories, the GPS points consisting of the trajecto-
ries widely scatter in the network due to the fact that
the sampling intervals are usually 0.5–5 minutes, i.e.,
low temporal resolution.

Besides making use of the probe data to understand
human mobility (e.g., González et al., 2008; Jiang et al.,
2009) and to estimate travel time (e.g., Jenelius and
Koutsopoulos, 2015; Li and Souleyrette, 2016), how to
visualize and extract traffic conditions and dynamics
from the probe data is an interesting and meaningful
topic that helps people learn more about the traffic per-
formance and further manage the traffic. To visualize
the traffic conditions by using the probe data, the sim-
plest way is to directly plot the positions of probe ve-
hicles in spots on a map and color them based on their
instantaneous speeds (Ferreira et al., 2013). However,
such a highly discrete manner cannot systematically pro-
vide us with traffic dynamics that continuously evolve in
time and space. Therefore, to mine more useful infor-
mation, Andrienko and Andrienko (2008) introduced a
mosaic diagram to show the variation of the speeds in
space. In the proposed diagram, a number of mosaics
were pinned on a road map, and each mosaic was em-
ployed to illustrate the temporal evolution of the traffic
covered by the mosaic. Specifically in the mosaic, the x-
axis was day of week, the y-axis was hour of day, and the
resolution was 1 day by 1 hour in the article. Tominski
et al. (2012) visualized the probe data in a hybrid
two-dimensional (2D)/three-dimensional (3D) display
(trajectory wall), in which 2D display presented the map
in space and a time dimension (3D display) grew on
the subject road to illustrate the traffic evolution. Wang
et al. (2013, 2014) took a road as a whole, and illustrated
the traffic of the road in 2D grid diagrams, where two
axes were time of day and days, and the grids were col-
ored according to traffic speed. Based on a polar sys-
tem, Jiang et al. (2015) introduced a circular pixel graph
for scalable exploration of the spatiotemporal patterns
of taxi origin-destination data. The origin, i.e., the cen-
ter of the circular graph, was a region selected by users
from a map, and a pixel inside the graph represented the
quantity of the vehicle trajectories that originated from
the center and destined to the points located on the cor-
responding radial line. Although the visualization ap-
proaches have enriched our knowledge about the traf-
fic, most of them fail to illustrate traffic dynamics, which
propagates both in time and space, such as the propaga-
tion of traffic oscillations or so-called stop-and-go waves
(Laval and Leclercq, 2010).

To identify traffic congestion and understand traf-
fic dynamics, transportation researchers prefer a spa-

tiotemporal traffic diagram, in which x-axis is time, y-
axis is space, and the color inside (or z-axis) represents
speed. The information-rich spatiotemporal diagram is
a popular and powerful tool in the study and prac-
tice of transportation, such as fusing data (Treiber and
Helbing, 2002; Van Lint and Hoogendoorn, 2010;
Treiber et al., 2011), understanding traffic characteris-
tics (Wilson, 2008; Kerner, 2009), and proposing and
validating models (Duret et al., 2011; Ramezani and
Geroliminis, 2015; He et al., 2015b). Traditionally, it is
constructed by using stationary detector data, such as
Chen et al. (2004), Kerner et al. (2004), Laval et al.
(2009), Wieczorek et al. (2009), and Yildirimoglu and
Geroliminis (2013). Few researches really focus on the
construction using the probe data. Kerner et al. (2013)
and Herrera et al. (2010) directly plotted the probe
data with high temporal resolution into a time-space
plane, and the traffic dynamic was roughly visualized. A
premise of doing this was that they mastered the map-
matching and Geographic Information System (GIS)
techniques and had a digital map for the road network,
so that the probe data can be matched on the corre-
sponding road.

However, there are two obstacles hindering us from
making use of the map-matching and GIS techniques to
construct the spatiotemporal diagram. The first one is
the map-matching and GIS techniques. Map-matching
is a well-known challenging task (Quddus et al., 2007;
Quddus and Washington, 2015), in particular for the
probe data with low temporal resolution (Hunter et al.,
2014). Also, it may be difficult to acquire them in a short
time, although related techniques and software widely
exist. In particular, these techniques are rather like com-
plicated tools than real interests for the transportation
engineers and researchers who are less relevant to GIS
research. Moreover, it should not be ignored that the
commercial GIS software is usually expensive. The sec-
ond one may be worse, i.e., no digital map that allows
researchers and engineers to match the probe data. Our
case is like this. A company provided us a large num-
ber of probe data in months, but was not willing to
share the map to protect the intellectual property. Other
open-source digital maps may not well match these data.
Thus, it seems impossible to analyze the data without
the aid of a digital map. We believe that the lack of a
proper map happens somewhere else, in particular for
the data that are not dedicated to academic research,
when we cannot easily obtain a map, or in the countries
where geographic information is restricted.

Therefore, to visualize traffic dynamics completely
from the probe data and accomplish it in a simple man-
ner, this article proposes a simple but efficient mapping-
to-cells method to construct the spatiotemporal traffic
diagram for a freeway network. The method is simple,
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Fig. 1. A flowchart of the mapping-to-cells method.

because it is purely based on the probe data and without
making use of any additional tool, such as GIS software
or a digital map. The researchers and engineers who are
not familiar with the map-matching and GIS techniques
could master it in a short time. The method is efficient
and potentially suitable for online applications, because
it transforms the continuous network space into discrete
and homogeneous cells, and we can match GPS points
with the cells through simple calculation. The efficiency
rather than accuracy may be more meaningful to pro-
cess big data. By taking the urban freeway in Beijing,
China, as a case study, the mapping-to-cells method is
validated and its usefulness is demonstrated. To the best
knowledge of the authors, it is the first time that the spa-
tiotemporal traffic diagrams of Beijing urban freeways
are presented in such a resolution, which is thanks to
the mapping-to-cells method.

The rest of the article is organized as follows: Section
2 addresses the mapping-to-cells method, including con-
struction of a cell network, determination of traffic flow

direction in cells, and construction of the spatiotem-
poral diagram and congestion identification. Section 3
demonstrates the method in a case of an urban freeway
in Beijing, China, where the method is validated and
stochastic congestion maps are constructed besides the
illustration of constructing the spatiotemporal traffic
diagrams. A conclusion is made at last. Moreover, we
summarize the structure of this article in Figure 1,
which includes the procedures of the mapping-to-cells
method, the brief description of each procedure, and
the corresponding results in the case of Beijing urban
freeway.

2 MAPPING TO CELLS: THE METHODOLOGY

2.1 Construction of cell networks

This subsection introduces the conversion from a real
freeway network to a network composed of square cells.
Note that sometimes, one refers to the freeway with two
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opposite directions as a single freeway; here, we treat
each direction of the freeway as a separate freeway.

First, we select a network region containing the sub-
ject freeway and partition the region into homogeneous
square cells. Generally speaking about the selection of
the cell size, the denser the GPS data are, the smaller
the cell size that we can choose is. If we choose a large
size, like over 500 m, we should make sure that a cell
does not cover two parallel freeways with the same di-
rections, i.e., the road density should be considered. If a
cell covers two or more parallel freeways with the same
directions, the method will fail because the proposed
method cannot distinguish the traffic on such freeways.
If we choose a small size, like tens of meters, we may
not have such dense GPS data capable of falling into
most of the cells during a short time interval like 1 or
2 minutes, i.e., the density of GPS data should be consid-
ered. In addition, the cell should not be smaller than the
width of a freeway. For a method of analyzing empirical
data, it is difficult to give an optimal value or a method
to determine the optimal value under the condition of
lacking complete data. However, considering various
factors, we recommend a cell between 50 × 50 m2

and 200 × 200 m2. In the Beijing case, we will show
that the proposed method is not very sensitive to the
selections.

Second, to represent a freeway by using the cells, we
need to select sample trajectories of vehicles that travel
on the freeway. The trajectories will clearly make the
freeway emerge under the condition without a digital
map. To the end, we first plot all GPS points within a
time interval on a latitude–longitude plane, where a ba-
sic image of the entire network emerges. With the visual
aid of the image, we could specify an origin and a desti-
nation for the freeway. Then, any trajectory that travels
between them and meanwhile moves along the freeway
is qualified to select. Note that the trajectories do not
have to start and end within the origin and destination;
passing them is accepted. Moreover, the trajectories do
not have to appear at the same time interval, because
we only need them to specify the freeway in space. If
the temporal resolution is low, we may select more tra-
jectories, and the GPS points coming from different tra-
jectories but belonging to the same freeway will make
the network emerge. It is usually enough if the number
of the selected trajectories can make sure that there is at
least a GPS point within every distance equal to the cell
length. If the freeway is so long that few trajectories can
cover the entire freeway, we can first split the freeway
into subfreeway, then select trajectories separately, and
combine all the qualified trajectories at the end.

At last, we represent the real freeway or network us-
ing the square cells. Since all cells are homogeneous
squares, it is obvious that there are eight neighbors for

Fig. 2. Basic of a cell network: (a) a cell and its neighbor cells
and (b) searching direction in mapping a freeway network to

a cell network.

a cell in center, which can be numbered such as shown
in Figure 2a. To depict the real freeway, we further
define the following downstream and upstream relation-
ship for the center cell: Given an upstream cell, three
downstream cells and two lateral cells of the center cell
are taken as the potential downstream cells (PDCs) of
the center cell. The three downstream cells are defined
as level-1 PDC, and the two lateral cells are defined as
level-2 PDC. As shown in Figure 2b and taking the case
at the upper left corner of the figure as an example,
neighbor 7 is the upstream cell of the center cell, and
neighbors 1–5 are the PDCs of the center cell, where
neighbors 2–4 are level-1 PDC and neighbors 1 and 5
are level-2 PDC. It is obvious that there are total eight
possible cases.

Based on the fact that vehicles only travel on roads,
it is reasonable to believe that the real downstream cell
will contain more GPS points than the other PDC. Thus,
we select the cell in level-1 PDC that contains most GPS
points coming from the sample trajectories. If there is
no GPS point in any level-1 PDC, we then check level-
2 PDC and select the cell in level-2 PDC that contains
most GPS points. Selecting in two levels is to give a pri-
ority to the forward growth of the cell network, i.e., first
select in level-1 PDC, because most urban freeways are
usually straight, or in the curved section of a freeway,
the direction changes are smooth and gradual (unlike a
sharp turn at an intersection). Retaining level-2 PDC as
the second option is to ensure that we can find cells to
depict sharp curves of a freeway.

Now, after initially specifying a cell overlaying the
freeway (denoted by n0) and its downstream cell (de-
noted by n0 + 1), we can determine the downstream
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Fig. 3. An illustration of specifying the traffic flow direction for a cell.

cell n0 + 2 from the PDC of the downstream cell n0 +
1 following the above rule of selecting from the PDC.
Repeat the process until the entire freeway is repre-
sented by the cells. It is noted that selecting the sample
trajectories in advance is indispensable to guarantee the
effectiveness of the process. Moreover, this is a one-shot
automatic process, i.e., we only need to do the process
once, and then obtain the cell network to incorporate
the large amount of probe data and other applications.

Although we have already had the cell network, it is
common that a cell contains GPS data in two opposite
directions when it geographically covers two freeways
with opposite directions, and it may even contain sev-
eral different flows when being close to ramps or inter-
changes. To purify the GPS data and only retain those
belonging to the subject freeway, we specify a range of
traffic flow directions for every cell as follows (also see
Figure 3 for an illustration). First, select all GPS points
falling into the cell from the sample trajectories travel-
ing on the freeway. Note that these data completely be-
long to the freeway because they come from the sample
trajectories. Then, simply take an average of the mov-
ing directions of these data points as the center of the
direction range of the cell, and extend it to a range by
adding a predefined degree as the width of the range.
The fact that allows us to do this is that in a short free-
way section, such as a section of 50–200 m long, all pass-
ing vehicles usually maintain similar moving directions,
which we will further validate in the following case
study.

2.2 Construction of the spatiotemporal traffic diagram
and congestion identification

After having the cell network and the traffic flow direc-
tions pertaining to each cell, we are now ready to con-
struct the spatiotemporal traffic diagram for a freeway.

Given a time interval, we match all GPS points through
their longitude and latitude with the regions of the cells
in the cell network, and compute the average speed of
all GPS data falling into the range of the traffic flow
directions, which is the aggregated traffic information
of the cell during the time interval. According to the up-
stream and downstream relationship of the cells in the
cell network, the spatiotemporal diagram can be con-
structed, where we set x-axis to be the time of day, y-
axis to be cells, and color the diagrams according to the
speed in cells or set z-axis to illustrate the speed.

It is noted that since all cells are homogeneous
squares, which cell a GPS point belongs to can be di-
rectly and rapidly determined by simple calculation, i.e.,
first converting the longitude and latitude to the relative
position in the network region, and then dividing the
position by the size of the cell. Otherwise, if the cells
are in different shapes or in inhomogeneous sizes, we
have to compare the GPS point with all cells in a loop,
which is obviously time-consuming. Thus, the computa-
tional efficiency should be high determined by the dis-
crete nature, which is meaningful when we process a
large amount of data in the era of big data.

The spatiotemporal traffic diagram is composed of
time-space cells, whereas the cells in the cell network
correspond to 2D space. To distinguish the two types of
cells, the rest of the article denotes the cells in the spa-
tiotemporal diagrams by using “ST cells” and denotes
the cells in the cell network by using “CN cells.”

Although the spatiotemporal diagram has been con-
structed, not all ST cells, in practice, can be filled with at
least one GPS point, in particular for the uncongested
ST cells where GPS points are few due to low traf-
fic density. To mend these empty ST cells, we simply
take the average of the traffic conditions (if available)
of all immediate neighbors (eight in total) as the traf-
fic condition of the empty ST cells. The way is feasible
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because of high relevance among neighbor ST cells. An-
other prerequisite of repairing empty ST cells in this
way is that there are not too many empty ST cells.
Thus, a certain amount of GPS data is needed by the
method.

Moreover, to identify traffic congestions, we filter the
spatiotemporal diagram using a speed threshold, i.e., re-
move all ST cells with the speed greater than the thresh-
old, and only retain congested ST cells. According to
the fundamental diagram in the traffic flow theory (see
chapter 4 in Daganzo, 1997, for example), the uncon-
gested and congested traffic states are usually separated
by critical speed. Thus, filtering by a speed threshold is
like transforming the traffic conditions into binary un-
congested (removed from the diagram) and congested
(reserved in the diagram) states.

To further purify the congestion and expose major
traffic congestion, we cluster these congested ST cells as
follows: combine all neighboring congested ST cells as
congested clusters, and remove the clusters with the size
smaller than a cluster-size threshold. It is obvious that
more severe congestions will be retained with the in-
crease of the threshold. After the step, only major con-
gestions are left in the spatiotemporal cluster diagram,
and the relevant bottlenecks will be clearly exposed.

3 A CASE OF BEIJING URBAN FREEWAY

3.1 Beijing urban freeway and the probe vehicle data

Beijing is the capital of China and one of the largest
cities in the world. At present, four two-way urban ring
roads (urban freeways or expressways), i.e., rings 2–5,
enclose the urban area of Beijing, and are linked by
eight connecting urban freeways. The lengths of rings
2–5 are 33, 48, 65, and 98 km, respectively. All these
urban freeways are surrounded by auxiliary roads, and
the auxiliary roads and urban freeways are connected by
exits and entrances. Although traffic signal control that
is quite common at intersections does not exist, there
are a large number of various types of interchanges for
merging or diverging traffic. The numbers of the inter-
changes are 38, 48, 53, and 47 for rings 2–5, respec-
tively. Each interchange usually corresponds to a pair
of exit and entrance. On average, there is a pair of exit
and entrance every 1 km, which are all potential bottle-
necks. For more detail about the ring roads in Beijing
and the traffic flow characteristics, one can refer to Zhao
et al. (2009), He et al. (2015a), and Yu et al. (2015), for
example.

The total population in Beijing had been over
21 million by 2013. To serve the giant number of people,
the city holds about 10,000 taxis. About every 1 minute,

each of these taxis uploads a set of instantaneous in-
formation, such as its position, moving direction, speed,
being occupied, or not occupied by passengers. These
data are well-qualified probe data providing on-road
traffic information. In this article, we demonstrate the
mapping-to-cells method by using these GPS data col-
lected on 30 workdays (6 weeks) in the first 2 months in
2015. Only the taxis that were occupied by passengers
are considered here, because the behavior of these taxis
is closer to that of regular vehicles. It is noted that those
GPS data are based on GCJ-02 coordinates, and those
online open-source maps are usually based on WGS-84
coordinates (Restrictions on Geographic Data in China,
2016). If we put GCJ-02 based data on a WGS-84 map,
the offsets between the two coordinates could result in
100–700 meter errors, which prevents us from directly
utilizing those online maps. To save the space, we only
select ring 3, one of the most important roadways in the
city, as a study case. The results of other rings and con-
necting urban freeways are similar in terms of demon-
strating the method. Ring 3 contains three lanes, respec-
tively, in the opposite directions, i.e., clockwise (CW)
and counterclockwise (CCW) directions, and the width
of each lane is 3.75 m. The speed limit is 80 km/h.

3.2 Construction of spatiotemporal traffic diagrams
for Beijing urban freeway

Following the procedures introduced in Section 2, we
first select a 16 × 16 km2 central region containing ring
3; see Figure 4 for the basic information about the re-
gion and the corresponding probe data. Figure 4a dis-
plays the region in an online map. Figure 4b presents
the instantaneous positions of all taxis that are occu-
pied by passengers, where the major network emerges
basically. Based on the visualization, we can determine
the network region and even distinguish major roads.
Figure 4c presents the variations of the numbers of the
GPS data within a day, which sustains around 6,000
data points during the daytime. Figure 4d shows daily
changes of all the probe data during the 6 weeks.

We partition the 16 × 16 km2 region into 160 × 160
CN cell2, i.e., each CN cell is a 100 × 100 m2 square.
Then, select the sample trajectories traveling along the
CW and CCW directions of ring 3, respectively. We
have roughly seen ring 3 in Figure 4b, and with its vi-
sual aid, it is easy to select an origin and a destination
on ring 3 for specifying the sample trajectories. Since
the ring is quite long and few taxis completely circuit
for an entire round, we arbitrarily set eight pairs of ori-
gins and destinations for two directions of the ring. See
Figure 5a, where the blue rectangles are the se-
lected pairs of origins and destinations. Based on the
pairs, we can obtain and plot all trajectories traveling
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Fig. 4. A glance of the taxis occupied by passengers in Beijing urban area: (a) a network region containing ring 3 in Beijing, (b)
positions of all GPS points at 8:00 on January 15, 2015, (c) number of the GPS points on January 15, 2015, and (d) daily average

number of the GPS points during the period from 8:00 to 20:00.

between each of them. After manually removing all tra-
jectories whose middle parts clearly deviate from ring
3, the remaining trajectories are all qualified. Although
there are usually a lot of qualified trajectories, it is not
necessary to involve all of them. In the case we select
30 trajectories, which make sure that there is at least a
GPS point in every 100 m.

Based on the sample trajectories, the cell network of
ring 3 can be constructed following the previously pro-
posed two-level rule; see Figure 5b for the results. In

Figure 5b, cells B and C are two of the level-1 PDC of
cell A, the proposed method selects cell C as the real
downstream cell of cell A, because there are more GPS
points inside cell C than those inside cell B. When we
construct the spatiotemporal diagram in subsequence,
only the data falling into cell C will be used, and the
data into cell B are discarded. Most of the data are kept
by the method (i.e., those in cell C in the example), al-
though a part of data (i.e., those in cell B) is wasted as a
trade-off of the simplicity.
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Fig. 5. The demonstration of constructing a cell network for ring 3 in Beijing: (a) selected sample trajectories along ring 3 and (b)
constructed cell network. The number inside (outside) surrounding a ring indicates a relative location along the CW (CCW)

direction of the ring. The green color indicates CCW cells, the red indicates CW cells, and the blue indicates the common cells.
The subfigure inside illustrates a relationship between the cell network and the sample trajectories.

To validate the method of determining traffic flow
directions in cells, Figure 6 presents the statistics of
all the directions of the GPS points coming from
the sample trajectories and falling into the cells. It can
be seen that the difference between the maximum value
and the mean value of all flow directions in a cell, the
difference between the mean value and the minimum
value, and the standard deviation of all flow directions
are usually quite small for straight road sections, and
are less than 20° or 30° for curve sections. It means that
the traffic flow directions of the GPS points contained
by a cell usually centralize in the mean value of all
directions, and the deviations are small. Thus, the
proposed method is feasible, i.e., taking the average as
a center and extending it to a range by adding a width.
According to the results shown in Figure 6, we set the
width of the traffic flow direction to be 30° in this case.

After constructing the cell network and determining
the traffic directions in cells, we present the spatiotem-
poral traffic diagrams for the two directions of ring 3 on
a randomly selected workday. In constructing the dia-
grams, we select 2 minutes as the time interval to ag-
gregate all the GPS points in CN cells, and all avail-
able GPS data are employed. See Figure 7, where the
first-row subfigures are directly constructed from the
GPS points in CN cells, the second-row subfigures are
the plots where empty ST cells are mended, the third-
row subfigures are filtered by a given critical speed of
20 km/h, and the forth-row subfigures present the clus-
ters containing over 50 congested ST cells. To the best

knowledge of the authors, it is the first time that the spa-
tiotemporal traffic diagrams of Beijing urban freeways
are presented in such resolution, which is thanks to the
mapping-to-cells method.

From these diagrams, we can observe abundant in-
formation about the traffic on the urban freeway in
Beijing, such as pinned localized cluster and oscillating
congested traffic. The pinned localized cluster is defined
as a single localized standing traffic wave “pinned” at
a bottleneck, and the oscillating congested traffic is de-
fined as an extended congested zone with moving traf-
fic waves (chapter 17 in Treiber and Kesting, 2013).
Zoom in the regions marked in Figures 7b and d are
presented in Figure 8. It is clear that the congestion pat-
terns are consistent with the definitions, and the speed
of the moving traffic waves is about −17 km/h con-
stantly. Alternatively, the observed traffic structure can
be described as a congested pattern consisting of syn-
chronized flow and wide moving jams (Kerner, 2009).

To better understand the case, we measure the mean,
the standard deviation, and the total number of all
speeds in every cell that contains at least one GPS point,
and calculate the correlation coefficients between each
two of them. The correlation coefficients for the CW
(CCW) direction are −0.1621 (−0.1555) between the
mean and the standard deviation, −0.3799 (−0.3429)
between the mean and the total number, and 0.2873
(0.2702) between the standard deviation and the total
number, respectively. They all indicate weak relation-
ship among these indicators. It is noted that the negative
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Fig. 6. Flow directions in all cells: (a) CW direction and (b) CCW direction. Note that “Max,” “Min,” and “Mean” indicate the
maximum value, the minimum value, and the mean value of the flow directions in a cell, respectively.

correlation between the mean and the total number is
due to the fact that more probe vehicles usually appear
in traffic congestions. The positive correlation between
the standard deviation and the total number may be re-
sulted by the ST cells containing few GPS points. For
example, the standard deviation will be zero if there is
only one vehicle in the ST cell, and such cells will en-
force positive correlation.

To see more detail, we plot the empirical cumulative
distribution functions (ECDFs) of these standard devi-
ations and the total numbers in Figure 9. The ECDF
generally reflects the distribution or frequency of differ-
ent values of a variable. Since the correlations are weak,
we plot them separately. It can be seen from Figure 9a
that the standard deviation larger than 20 km/h is only
about 10%. A large percentage of the standard devia-
tions are equal to zero, which is caused by the ST cell
containing few GPS points. Figure 9b shows that there
are less than 20% empty ST cells, and a number of the
cells filled by two to six GPS points, i.e., there are usu-
ally two to six GPS points every 100 × 100 m2 during
2 minutes.

3.3 Sensitivity analysis

This subsection demonstrates the influence of selecting
CN and ST cells with different sizes. In general, the size

of the CN cell reflects the magnitude of aggregating data
in space, and the time interval of the ST cells reflects
the magnitude of aggregating data in time. Enlarging
the CN cell or the time interval of the ST cells is to man-
ually involve and average more data in space or in time.
Thus, employing smaller CN cells or shorter interval
ST cells can make the diagrams closer to real data due
to less data being averaged. However, one drawback
of the reduction is resulting in more empty cells. Then,
effectively mending empty ST cells is more crucial.
Basically, the proposed method, which is to average
data in space and time in essence, shows satisfactory
performance.

To intuitively show the influence, we construct the
spatiotemporal diagram with different settings, and fo-
cus on the same region shown in Figure 8 in order to
make comparisons; see Figure 10. Figures 10a and b
are constructed with the time interval of 0.5 minutes
and the CN cell size of 100 × 100 m2. Compared with
Figure 8, it can be seen that there are more empty
ST cells in Figure 10a, whereas the mending method
successfully fills the empty ST cells (see Figure 10b).
Figures 10c and d are constructed with the time interval
of 2 minutes and the CN cell size of 200 × 200 m2. Their
differences from Figure 8 are not obvious, although we
can still see that they are blurrier than Figure 8 by care-
fully comparing the oscillating traffic. Meanwhile, there
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Fig. 7. Spatiotemporal traffic diagrams on January 15, 2015: (a), (c), (e), and (g) CW direction; (b), (d), (f), and (h) CCW
direction; (a) and (b) original spatiotemporal diagrams; (c) and (d) after filling empty cells; (e) and (f) after filtering by speed; and

(g) and (h) after clustering congested cells.
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Fig. 8. An observation of the typical traffic congested patterns on Beijing urban freeway. The time interval of ST cells is
2 minutes: (a) original diagram and (b) diagram after empty ST cells are filled.

Fig. 9. Comparisons of GPS points in cells based on empirical cumulative distribution functions: (a) standard deviation of all
speeds in all cells, where “−10” denotes empty cells and (b) GPS point number in all cells.

is almost no empty cell in Figure 10c because the cell
with the larger size involves more GPS data. Even when
the CN cell is enlarged, the congestion and bottlenecks
are also well visualized. However, it is noted that al-
though traffic oscillations can be observed roughly, the
resolution may not be high enough to accurately ana-
lyze these waves. This magnitude is determined by the
density of the probe vehicles and sampling frequency of
the GPS device.

To better compare these diagrams, Figure 11a
presents the ECDF for the speeds in Figures 8b, 10b,
and 10d, respectively. It can be seen that the shapes of
the ECDF are similar, in particular when the cell sizes

are the same (i.e., 100 × 100 m2); see the red and green
curves. In contrast, the blue curve (i.e., 200 × 200 m2,
2 minutes) deviates from the red and green ones. To
see the difference more clearly, we first fit the ECDF
curves by using Kernel density estimation, which is a
popular nonparametric method to estimate the proba-
bility density function of a random variable. Then, cal-
culate the difference between each two of the three fit-
ting curves, and present the results in Figure 11b. It can
be seen that the largest deviation of 0.04 between the fit-
ted blue curve (i.e., 200 × 200 m2, 2 minutes) and other
fitted curves occurs at the speed greater than 50 km/h.
Another relatively large deviation of −0.03 occurs at the
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Fig. 10. Spatiotemporal traffic diagrams constructed with different settings: (a) and (b) diagrams with time interval of 0.5 minutes
and cell size of 100 × 100 m2; (c) and (d) diagrams with time interval of 2 minutes and cell size of 200 × 200 m2; (a) and (c)

original diagrams; and (b) and (d) diagrams after empty ST cells are filled.

speed of 15 km/h. The deviations occurring at low and
high speeds is due to the fact that larger CN and ST cells
usually involve more GPS data and extreme values (i.e.,
low and high speed) may be smoothed.

In general, Figures 8, 10, and 11 demonstrate
good similarity in the spatiotemporal diagrams con-
structed with different settings. It implies that the
mapping-to-cells method is not very sensitive to time in-
tervals and cell sizes in this case.

3.4 Comparisons with instantaneous GPS speed

Except the above analysis, we randomly select 10 trajec-
tories out of the 30 sample trajectories traveling along
the ring, and compare all the instantaneous speed with
the aggregated speed in their corresponding ST cells.
Figure 12 presents all of the comparisons, where we

sort them by the instantaneous GPS speed to make a
clear demonstration. It can be seen that although er-
rors occur, the speeds in ST cells (blue and red spots)
are able to approximate to the instantaneous speeds
(black spots), and the low speed can also be captured
by the clusters (red spots). The comparisons are be-
tween average speed (speed in cells) and single speed
(instantaneous GPS speed from the trajectories), and
the average is taken within 100 m × 2 minutes, dur-
ing which the traffic may change. Thus, the speeds in
cells (blue and red spots) scatter around the GPS speed
(black spots). However, capturing the trend is more im-
portant for a taking-average method. It is also noticed
that when the instantaneous speeds are low (or high),
such as lower than 20 km/h (or higher than 60 km/h),
the speeds in ST cells are usually higher (or lower). This
can be attributed to the fact that the speeds in ST cells
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Fig. 11. Comparisons of the empirical cumulative distributions built by using the speeds in all cells of the zoom-in spatiotemporal
diagrams after the empty cells are filled: (a) the empirical cumulative distributions for the speeds in Figures 8b, 10b, and 10d; and

b the difference between each two of the three distributions.

Fig. 12. Comparisons between the instantaneous GPS speed and the aggregated speed in ST cells. To make the presentation
clear, we sort the comparison by the GPS speed: (a) CW direction and (b) CCW direction.

Table 1
Statistical results of the comparisons between the

instantaneous GPS speed and the aggregated speed in ST
cells

Total
number MAE RMSE MAPE PCCC

CW direction 1,470 5.68 8.78 13.1% 97.0%
CCW direction 1,515 6.10 8.77 15.0% 97.2%

are aggregated values, which smoothens extreme single
values.

Table 1 presents the corresponding statistical results.
It can be seen that both mean absolute error (MAE)
and root mean square error (RMSE) are lower than 10,

and mean absolute percentage error (MAPE) is about
15%. It is acceptable for a comparison between the
instantaneous speed and the aggregated speed in 100 m
× 2 minutes. Moreover, we propose an indicator called
percentage correctly captured by clusters (PCCCs), i.e.,
the percentage that the instantaneous speed is smaller
than the speed threshold when the GPS point falls in
a cluster ST cell. It can be seen that correctly captured
percentages are as high as about 97%, which means the
cluster is able to well reflect the congestion.

3.5 Stochastic congestion maps

To further validate and utilize the method, this subsec-
tion constructs stochastic congestion maps for the two
directions of ring 3, and analyzes the daily traffic and
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Fig. 13. Stochastic congestion maps of all 30 workdays. The spatiotemporal diagram in every single day is filtered by speed of 20
km/h, and only the clusters with more than 50 congested ST cells are reserved: (a) CW direction and (b) CCW direction.

Fig. 14. Congestion map of Beijing. The arrows indicate the
major congestions, for which probability of occurrence is
over 0.8. The blue arrows: morning rush hours; the red

arrows: evening rush hours. The working and residential
areas are roughly plotted according to the findings in Dong

et al. (2015).

the recurrent congestion in Beijing. The stochastic con-
gestion maps represent the likelihood of the occurrence
of congestion based on the observations for many days
(Ban et al., 2008; Yildirimoglu and Geroliminis, 2013).
To construct the maps, we count the number of be-
ing in congested clusters for each ST cell during all the
30 workdays, and obtain the stochastic congestion maps

through dividing the counts by the total number of
the workdays; see Figure 13 for the resulting stochastic
maps. In the figure, recurrent congestions can be clearly
seen, and most of them occur with a really high prob-
ability that is greater than 0.8. It intuitively shows the
severity of the traffic problem in Beijing. It also implies
that it may not be necessary to predict the occurrence
of these recurrent congestions, because they appear al-
most every day. Predicting the occurrence of the con-
gestions, whose probability is about 0.5, is usually more
meaningful. However, such congestions are few for ring
3 of Beijing.

Taking advantage of the stochastic congestion maps,
we can stamp the detailed locations of the congestions
on a real map; see Figure 14. It can be seen that the
direction of most congested traffic in the morning rush
hour is from the south city to the north city, and the di-
rection in the evening rush hour is opposite. Such tides
are true in Beijing, because a large number of people
reside in the south side of southern ring 2 while work
in its north side (Dong et al., 2015). Meanwhile, it can
be observed that most of the high-probability recurrent
congestions occur at the interchanges between the ring
and the urban freeways connecting rings. It is not diffi-
cult to understand because the demand is usually high
at the connection of two urban freeways.

4 CONCLUSION

To unveil traffic dynamics from probe vehicle data, this
article proposes a simple mapping-to-cells method to
construct a spatiotemporal traffic diagram for a freeway
network. The method partitions a network region into
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homogeneous square cells, and builds a cell network
based on the number of the GPS points falling into
possible downstream cells. The ranges of traffic flow
directions pertaining to the cells are determined ac-
cording to the moving directions of the GPS data inside
cells, and the data within the range are aggregated
to construct the spatiotemporal traffic diagram. After
filtering by a speed threshold and clustering congested
cells, major congestion and the corresponding bottle-
necks can be identified. By making use of taxis’ data
widely existing in Beijing, the mapping-to-cells method
is demonstrated and validated. In the case study, the
cell network for one of the urban freeways, i.e., ring 3,
is constructed, and then the traffic dynamics are visu-
alized. Typical traffic patterns are clearly exposed such
as the pinned localized cluster and oscillating congested
traffic. Through the stochastic congestion maps built
based on the multiday probe data, recurrent congestion
and the severity of Beijing traffic are illustrated.

The advantages of the mapping-to-cells method can
be summarized as follows:

� Capable. This method is capable of converting free-
way networks into cell networks and extracting traf-
fic dynamics from the scattered probe data with low
temporal resolution.

� Simple. This method is simple because it is com-
pletely based on the data themselves and without the
aid of any additional tool or even a digital map.

� Efficient. This method is efficient and its computa-
tional burden is low due to discretizing the continu-
ous time and space into homogeneous square cells. It
is more meaningful in the era of big data, because we
usually have mass data to process.

Taking advantage of the mapping-to-cells method, we
can now easily visualize traffic dynamics from probe
data, which makes it possible to identify bottlenecks and
predict congestion for the freeway network without in-
stalling large-scale loop detectors. Besides, partitioning
a network region into cells is beneficial to incorporat-
ing multisource traffic data into the same platform, such
as the data collected by bus transit and mobile phones.
This will be an important direction of making use of the
mapping-to-cells method in future.

However, limited by discrete nature of the square
cells, the cell network cannot completely represent the
continuous network in reality, which is a trade-off of the
simplicity. Thus, some probe data that belong to the real
network but fall out of the cell network are wasted. It
results in somehow coarseness of the constructed spa-
tiotemporal traffic diagram. However, for basically un-
derstanding the traffic, identifying bottlenecks, or even
estimating travel time, the spatiotemporal diagram con-

structed by using the simple method might be sufficient
enough. It is also noted that constructing the spatiotem-
poral diagram by independently using probe data is not
accurate work, because the probe data are only able to
convey a part of traffic information and the aggregation
in space and time also results in inaccuracy.

It is worth noting that matching GPS data to a map
and estimating speed along a road could be applied to
extract traffic dynamics, if one has a proper digital map.
Comparing with the map-matching-based methods, one
of the advantages of the proposed method may still ex-
ist, i.e., efficient, because the proposed method simply
maps a GPS point to a cell by using basic operations
of arithmetic, while existing map-matching techniques
usually have to calculate the distance of a GPS point to
a line. Such advantage may make the mapping-to-cells
method more powerful in the age of big data.

Extending the method on city streets with signalized
intersections and quantitatively testing the constructed
spatiotemporal diagram in terms of estimating travel
time are all future work to enrich and better understand
the mapping-to-cells method.
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