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ABSTRACT Intersections are the key joint points on arterials in urban transportation networks. Congestions
at intersection areas significantly degrade human travel efficiency. Therefore, analyzing congestion and
exploring congestion detection technologies to mitigate intersection congestions is important for intelligent
transportation systems. This paper proposed the space mean speed calculation method at intersection related
areas and explored the relationship between space mean speed and the number of cellular activities around
the examined intersections. The number of vehicles in queue in each traffic signal phase-cycle at signalized
intersections in Taicang city of China was counted from videos to verify the effectiveness of our proposed
space mean speed calculation method. The results showed that our proposed calculation method of space
mean speed at intersection areas were effective in describing traffic status. The investigated relationship
between space mean speed and the number of cellular activities indicated that the number of cellular activities
near intersections was a promising indicator for congestion detection.

INDEX TERMS Intersection, congestion analysis, cellular activity data.

I. INTRODUCTION
The driving experience on arterial roads in urban environ-
ments is heavily affected by traffic congestion. The longer
queuing time and increased fuel consumption in congestion
significantly increase drivers’ negative emotions that lead to
more traffic accidents [1]. Therefore, using special sensors to
detect traffic congestion effectively is essential to address the
existed problems and to improve drivers’ driving experience.
Driving speed is the most direct measurement to identify
congestion. To comprehensively evaluate the mean vehicular
speed on roads instead of analyzing the driving speed of each
vehicle individually, two indicators (i.e., time mean speed and
space mean speed) were developed. As defined in Highway
Capacity Manual (HCM) [2], time mean speed is the average
speed of all vehicles passing a fixed location over a certain
of the period, and space mean speed is the average speed
of all vehicles occupying a given section of a road over a
specified time period. Time mean speed needs to be estimated
based on laser or radar-based technologies [3], which needs
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high maintenance, installation and operation costs to limit the
practical applications of this method [4]. Therefore, space
mean speed is usually adopted to analyze traffic state and
status [5].

However, space mean speed cannot be measured directly
in the field and it is difficult to be measured based on traffic
surveillance systems [4]. Various methods have been pro-
posed to solve this problem [6], [7]. Lee et al. used a convo-
lutional neural network (CNN) to measure space mean speed
on straight road sections based on generated images from
cameras [4]. Although space mean speed has been extensively
analyzed on straight road sections (e.g., highways), how to
measure the space mean speed at intersection related areas
has not been sufficiently studied. To fill this research gap,
this paper aims to propose an innovative method for space
mean speed estimation at intersection related areas. Based on
the calculated space mean speed, traffic status at intersection
related areas could be determined.

As the effectiveness of technologies based on cameras
is limited by night vision, bad weather (e.g., heavy rain,
snow, and fog), and occlusion, other alternative technologies
have been developed for solutions [8]. The vehicle-based
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detection system is an alternative approach to collect traffic
volume information [9]. The fundamental idea is to consider
floating probes in vehicles as mobility sensors of vehicles.
The floating probes include beacon-based probe vehicles
(e.g., Bluetooth) and cellular probe vehicles (e.g., GPS, cellu-
lar activities) [10]-[14]. Although beacon-based probe tech-
nology already shows its feasibility in traffic status detection,
only a small portion of road vehicles can be used as beacon-
based floating probes for data collection. Because of the low
penetration rate problem, the effectiveness of beacon-based
methods has encountered a bottleneck [15].

Meanwhile, researchers realized that cellular probe is
another promising technique to collect real-time data for
traffic status detection with a higher penetration rate and less
cost of equipment installation and maintenance, especially
on arterials in urban areas [16]. Cellular networks provide
mobility-related events that can be obtained during conven-
tional operations, such as Location Area (LA) update, Route
Area (RA) update, and cell update (handoff) [17]. The results
of the CPTIAL-ITS Test and Demonstration Program showed
positive potentials for using cellular data to estimate traffic
states [16]. After that, many research results reported that
cellular probe was a feasible technology to collect traffic
data [18]-[21]. The studies in freeway areas demonstrated
that cellular probe data had a good performance in day-
time [22] and uncongested situations [23]. As for arterial
roads, the experiments conducted in the municipality of Lis-
bon explored the potential of using cellular technologies in an
urban area [24]. However, the influence of various disruptions
(e.g., non-motorized traffic, signal lights, street parking) sig-
nificantly increases the difficulties for traffic status detection
on arterials [25].

Most of the traffic status detection approaches based on
cellular technologies are based on handoff activities [26].
The limitation is that even the same cellphone passes the
same link multiple times, the handoff events may occur at
different locations. Therefore, it is uncontrollable to esti-
mate speed based on handoff events, which in turn means,
detecting congestion is highly unreliable. Besides, due to
the fact that handoff events are generated when cellphones
have activities (call, text, etc.) passing the handoff area, the
sample size is quite small [24]. A handoff only occurs when
a cellphone in call, text, or other data exchange activities
switches from one cell station to another due to the poor
signal strength received from the previous cellular station.
However, cellular activities include full records of real-time
cellphone communication signals generated by cellular tow-
ers while maintaining cellular services both on- and off-call
[17], [27]. Such signal data may be related to phone calls,
texting, web browsing, video and audio streaming, location-
based service and other cellphone activities. Previous studies
mainly focus on the capability of handoff information in
traffic status detection without comprehensively considering
the other available information like location update.

In summary, two research questions are going to be
addressed in this study including: (1) how to measure space
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mean speed at intersection related areas, and (2) what is
the relationship between cellular activities and space mean
speed. A field experiment was conducted to collect traffic
volume data, and cellular activity data were obtained from
a Chinese cellular carrier. Space mean speed at signalized
intersections was calculated using our developed method.
The relationship between cellular activities and space mean
speed or the number of vehicles in the queue was analyzed.
The main contribution of this study includes: (1) anovel space
mean speed measurement method for urban intersection areas
was proposed, and (2) the relationship between cellular activ-
ities and space mean speed at intersection related areas was
investigated.

The rest of this paper is organized as follows. Section II
introduces how the used data in this study were collected
and pre-processed. Section III proposes the methodology to
investigate the connections between cellular activities and
traffic status. Section IV presents the results and discussions.
Section V concludes this paper.
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FIGURE 1. Map of the research area in Taicang city.
TABLE 1. Intersections included in this study.
No. Name
1 XianFu@Dongting
2 Shanghai@Dongting
3 Xianfu@Dongcang
4 Shanghai@Dongcang
5 Xianfu@Taiping
6 Shanghai@Taiping

Il. TRAFFIC DATA COLLECTION

A. EXAMINED ARTERIALS AND INTERSECTIONS

The field test data used in this study were collected from
Taicang, a county-level city located in the southeast of
Jiangsu province, China. This city has 719 thousand regis-
tered residents on the total area of 620 km?. Two arterials
(Shanghai Road and Xianfu Road) were selected as the area
for data collection. See Figure 1 and Table 1 for the map of
the selected research area and the details of the intersections,
respectively.
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FIGURE 2. Snapshot of Shanghai and Dongting intersection video data.

B. TRAFFIC STATUS INVESTIGATION

Since there were no loop detectors or other fixed-location
detecting infrastructures in the research area, other data
sources to obtain the traffic status data were needed. In this
study, the intersection video recordings were used to extract
traffic status information. To obtain the traffic status of the
examined intersections, video data collected at the intersec-
tions were used. See Figure 2 for a snapshot of the collected
videos. The number of vehicles stopped for waiting in each
red phase of the signal circles was manually counted. Only
the video data during the morning (8:00 am to 9:30 am) and
evening (4:30 pm to 6:30 pm) peak hours were provided by
the traffic management administration in Taicang. In total,
the data in 105 signal circles each day were collected from
Monday to Friday. Thus the total number of collected signal
circles was 525.

C. SPACE MEAN SPEED

To examine the speed in different traffic situations,
we employed the space mean speed for evaluation. As defined
in HCM, space mean speed is the average speed of all vehicles
occupying a given section of a road over a specified time
period. The frequently used accuracy of travel time in traffic
status detection is based on space mean speed. To obtain the
space mean speed at the examined intersections, we proposed
a novel method for calculation which can be divided into two
elements. The first element is to calculate the space mean
speed in the red time interval. It is assumed that the time
for clearing the queue is included in the first element. The
calculation is described as follows:

L

smst = " x (2000 <L (1)
¢ “\RTxL+D

D = 0.5xrxQ )

where SMS'1 is the first element of space mean speed (km/h),
r is the time length of the red phase (s), c is the time length of
a complete signal cycle (the time length of each signal phase
can be obtained from the collected video data), L is the length
of the arterial (km), RT is the traveling time per km (s/km),
D is the time of delay (s), Q is the number of vehicles in queue.

The second element describes the free flow speed in the
green phase. The corresponding calculation can be expressed
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as follows:
SMS2 = FFS — - xFFS 3)
c
where SMS?2 is the second element of space mean speed
(km/h) and FFS is the free flow speed (km/h). The posted
free flow speed was 60 km/h on the examined arterials.
Considering the first and second elements together for
space mean speed calculation, it can be described as follows:

3600 x L

SMS == x (o) + (1= 2) xFFs (&)
c RT <L+ D c

A calculated space-mean speed corresponds to a complete

cycle period of a traffic light from the beginning of a red

signal phase to the beginning of the next red signal phase.

Ill. CELLULAR DATA ANALYSIS
A. GEOSPATIAL PROCESSING
It is necessary to get all links that belong to the selected arteri-
als, and the cell stations are located along with links. Usually,
the selected roads need to be separated into several small
links. Then, we can locate all cell stations into different links
based on some mathematic algorithms and can get reliable
coverage of each cell station. According to the ArcGIS map of
Taicang city, the length of links in the map is short enough to
separate all cell stations into reasonable groups so that we can
use the links from the ArcGIS map of the city directly. Based
on the recorded unique ID for each cellphone and the time
that the information exchange occurs between the cell station
and the cellphone, we can know where and when information
exchange happens between which cellphone and cell tower.
The processing steps are shown as follows: First, we added
the global direction for each link manually. In this study,
we assumed the eastbound and northbound as the positive
direction. Then, all the cell stations were located on the
corresponding roads. The assumption was that the distance
was the key feature to separate cell stations. The change in
the number of vehicles passing a link can be reflected in
the cellular activities from the cell stations close to the link.
Third, we calculated the distance between the link start points
and the projection points of each corresponding cell station.
Finally, ArcGIS gave the results including information about
the link including global direction, the corresponding cell
stations of each link, and the distance between the link start
point and the projection points. These information was used
in the feature generation as the input parameters.

B. FEATURE GENERATION

It is assumed that one cellphone represents one driver. There-
fore, the increase in cellular activities represents the increase
of vehicles in the coverage area. When the number of vehicles
in the covering area exceeds the available capacity of the road
network, congestion happens.

The main goal of this step is to generate features from the
full cellular activity data in each cell station to indicate traffic
status. Analyzing the sequence of all cell stations that one
cellphone is passing in order of time window could easily
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determine the traveling direction of the probe vehicles. One
cell station only has one related link, i.e., the cellular data
from one cell station belongs to one link. Hence, summing
all activities from cell stations that belong to the same link
could get the number of activities on the link level. Therefore,
the formula to covert features from the cell station level to the
link level is proposed as follows:

®

where ACT is the average number of activities, ACT is the
number of activities from each cell station, N is the total
number of cell stations in the link.

C. CLUSTER ANALYSIS

The unsupervised K-means clustering algorithm is a valid and
feasible approach to separate data into multiple groups [28].
Therefore, it was adopted to divide the traffic situation into
two groups, congestion and free flow. Using a pre-determined
number of clusters K, the K-means clustering method can
separate the observations into several clusters, where each
observation belongs to a cluster whose mean is closest to
its value [29]. This method uses the distance as the eval-
uation index of similarity. It means that a closer distance
indicates a greater similarity. Given a set of observations
(x1, X2, ..., Xn), where x; denotes the number of cellular activi-
ties observed at time interval j, the observations are separated
into two sets S ={S1, S2}. In other words, the objective of
the cluster analysis is to find the solution of the equation as
follows:

k
args min= ) ) (x — )’ ©)
i=1 x;€S;
where u; is the mean of S;. The algorithm is composed of
three main steps [30].

Initial Step: Select two random observations as the initial
clustering centers. Since the purpose of the algorithm is to
divide the cellular data into two groups, the values obtaining
from the following equation were used as the initial clustering
centers.

1

X1 = 5 (Xmax — Xmin) X2 =

— Xmin) @)

where x4, 1s the maximum number of cellular activities, and
Xmin 18 the minimum number of cellular activities.

Assign Step: Assign each observation to the cluster with a
shorter distance than the other one.

S(:) (- (x,, _ m(z)) < (xp _ m}z)>2 ®)

where mgt) is cluster i, and m;t) is cluster j
Update Step: Calculate the means of the new cluster centers

after adding each new observation. The new clustering center

was updated by:
(t+1) _
W |S 2 ©)

X;€ v(t)

5 (Krmax

VOLUME 8, 2020

Pearson correlation —&—Space mean speed (km/h)

coefficient: 0.76

m/h
— ]

Number of vehicles in queue

8:00 8:10 8:20 8:30 8:40 8:50 9:00 9:10 9:20 9:30

Time of day
(a) Morning peak hours

Pearson correlation 60
coefticient: 0.68

24 40
—=— Space mean speed (km/h) 30

21 7\ 0
number of vehicles in queue 20
w 10

18:30 16:40 16:50 17:00 17:10 17:20 17:30 17:40 17:50 18:00 18:10 18:20 18:30
Time of day

(b) Evening peak hours

E
g
51
2
)
S
2
A

FIGURE 3. The relationship between space mean speed and number of
vehicles in queue in the morning and evening peak hours.

where |s}| is the total number of cellular activities in cluster i
at step 7.

Repeat the assign step and the update step until all the
observations were clustered into one of the clusters.

IV. RESULTS AND DISCCUSION

To present the effectiveness of the proposed space mean speed
calculation method, the relationship between space mean
speed and the number of vehicles in a queue in the morning
and evening peak hours is illustrated in Figure 3. As presented
in Figure 3(a), the number of vehicles in a queue in each
red phase is relatively low in the morning peak hours. Most
of the red phases had no more than ten vehicles in queue
during the morning peak hours, which indicates that not many
congestions occurred during the morning peak hours at the
examined intersections in Taicang. The relationship between
space mean speed and the number of vehicles in queue show
a negative correlation between them. The Pearson correlation
coefficient between space mean speed and number of vehi-
cles in a queue was 0.76, indicating the effectiveness of our
proposed space mean speed calculation method to evaluate
traffic status.

Interestingly, the number of vehicles significantly
increased around 5 pm, different from the trends during the
morning peak hours. See Figure 3(b). A negative correlation
between space mean speed and number of vehicles in a
queue was also observed. The Pearson correlation coefficient
was 0.68. It is obvious that congestions occurred from 5 pm
to 6 pm. The space mean speed during this hour was about
17 km/h, the lowest among the examined hours. As can
be observed from Figure 3, an observed space mean speed
threshold of 17~20 km/h can be identified as the criteria
for congestion detection at intersection related areas in the
examined county-level city.
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FIGURE 4. The relationship between space mean speed and number of
cellular activities in the morning and evening peak hours.

Figure 4 shows the relationship between the number of cel-
lular activities and space mean speed. The illustrated results
show that the numbers of cellular activities in the evening
peak hours were significantly higher than that in the morn-
ing peak hours. It can be observed in Figure 3 that there
were exactly no congestions during the morning peak hours,
and the numbers of cellular activities were relatively lower.
Differently in the evening peak hours, the number of cellular
activities significantly increased, and the space mean speed
was the lowest indicating traffic congestions. Therefore,
it can be concluded that a higher number of cellular activities
correspond to a lower space mean speed. This indicates that
the change patterns of the number of cellular activities can be
used as a potential indicator for traffic congestion detection.
Moreover, this idea could be employed in the identification of
LOS (level of service) by considering the influence of traffic
congestion.

V. CONCLUSION

This paper proposed a new space mean speed calculation
method at intersection related areas and investigated the
relationship between space mean speed and the number of
cellular activities around the examined intersections. Our
experiment results showed a negative correlation between
space mean speed and the number of vehicles in queue, indi-
cating the effectiveness of our proposed calculation method
in describing traffic states at intersection areas. A space mean
speed threshold of 17~20 km/h was identified as the criteria
for congestion detection at intersection related areas in the
examined county-level city (i.e., Taicang). The change pat-
terns of the number of cellular activities were found to be a
promising sensor for traffic congestion detection. Besides the
above findings, an interesting conclusion that can be drawn
from the observations is that few congestions occurred in the
morning peak hours in such a county-level city. The reasons
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leading to such a difference need to further investigated in
future studies.
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