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Abstract. This paper presents a novel approach for urban road networks to
estimate traffic speeds using vehicle trajectories captured by detectors on
transportation cells. By scanning and analyzing dynamic traffic streams of
passing-vehicles, we calculate the real-time traffic speed of road segment sep-
arated by adjacent detectors, which are further synthesized to present the traffic
speed of whole road. Compared to driving routes data with limited coverage or
floating GPS data with occasional missing that are both frequently utilized for
traditional road speed estimation, our approach utilizes the full coverage detector
data and is proved to have more accurate and reliable results in its application
for two large cities of China. An analysis and visualization system was hence
developed, whose successful operation in several transportation departments
indicated the efficiency of our approach. It helps to guide travelers the optimal
driving routes, which greatly relieves the huge traffic stress of city road.
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1 Introduction

With the rapid development of economy and society, the numbers of vehicles in large
cities increase dramatically [1]. Not only the developed countries, but also the devel-
oping countries suffer seriously from traffic congestion. As we all know, estimating
dynamic road traffic speeds helps the drivers to find out the optimal routes to their
destinations, and therefore relieve the huge stress of city road network [2, 3].

Currently, there are two types of data source that are most frequently employed to
estimate the traffic speed: the floating-vehicle-based data captured from moving
vehicles and the cell-based data captured from detectors installed along transportation
cells [4, 5]. Compared to the floating-vehicle data, cell-based data have the following
advantages [6–8]. (1) They cover almost all trajectories of all vehicles running on the
major roads of city. Thus, they are far more representative of the traffic condition of
whole city. (2) The geographical position and moving directions can be accurately
captured when all vehicles pass through the detectors along transportation cells.
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(3) Different from fixed patterns due to the driving preferences of some floating
vehicles, such as taxis, the randomness of cell-based data enhances the accuracy of
estimation greatly.

In this paper, by utilizing vehicle trajectories captured from the detectors installed
along transportation cells, we present a novel approach to estimate road traffic speeds.
By scanning and analyzing the traffic streams of passing-vehicles in real time, such as
plate number, passing time, the detector passed-by etc., we calculate the real-time
traffic speed of the road segment separated by adjacent detectors, which are further
synthesized to present the traffic speed of whole road.

The structure of the paper is as follows: Sect. 2 is an overview of previous work in
road traffic speeds estimation. In Sect. 3, we present a detailed description of our
approach to estimate real-time road traffic speeds from cell-based vehicle trajectories.
Section 4 demonstrates the application of our approach in two Chinese cities for their
road traffic relief with a corresponding system introduced in the end. We conclude the
paper and present future directions in Sect. 5.

2 Related Works

A large number of studies have been carried out on road traffic speed estimation due to
its importance in road network traffic relieve. According to Wang et al., methods for
traffic speed estimation can be classified to into two categories: traffic theory based
methods and data-analysis based methods [9].

Traffic theory based methods requires for well-established theoretical background
in transportation field. They take the effects of various factors into consideration when
establishing the estimation models, like incidents, road works, traffic control measures,
etc., and are usually able to better simulate the actual traffic situation. However, better
simulation usually needs more complicated and intensive computation, which further
led to lower method efficiency [10]. In addition, many parameters that are needed in the
methods should be defined in advance, which greatly enhances the difficulty to precede
the study [11].

Data analysis based methods are easier to implement since they are data–driven
models who aims to mine the patterns using traffic data and conduct estimation based
on those patterns [12]. Nowadays, with the development of traffic surveillance systems,
more and more real-time high-frequency traffic data become available. The develop-
ment of data analysis technology also accelerates the study and utilization of
data-driven methods. Linear regression [13], time series [14], kalman filtering [15],
nonparametric regression [16], artificial neural networks (ANNs) [17] and many other
data analysis models have been utilized to predict road traffic speeds.

Generally speaking, the majority of both types of above-mentioned methods for
traffic speed estimation address the problem in two steps [18]: (a) map-matching and
path inference, where the optimal path (usually the shorted path) is planned and chosen
on the road map (see for example [19–21]); (b) travel speed calculation and estimation,
where real-time data are input and calculated to dynamic speed of every road (see for
example [22, 23]). In our study, the similar two steps are adopted and detailed process
is as follows: historical detector data are first utilized to generate adjacent detector pairs
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and to calculate the shortest path between them, then dynamic detector data are used to
estimate real-time traffic speed of every road segment separated by detector pairs and
the results are synthesized to present the traffic speed of whole road further.

3 Methodologies

3.1 Model Architecture

The architecture of our approach is given in Fig. 1. As we can see, various data are
integrated and applied to realize the real-time estimation of road traffic speeds,
including Map Data, Detectors Data and Passing-Vehicle Data. The core of the model
consists of two main modules, namely, the module of Generating Adjacent Detector-
Pairs, which generates adjacent detector pairs and calculate their shortest path based on
Road Networks data (Map Data) and Detectors Data, and the module of Calculating
Traffic Speed, which estimates the real-time traffic speed of the road segment separated
by adjacent detectors based on Passing-Vehicle Data and further synthesize to present
the traffic speed of whole road. Eventually, the estimated results are visualized to
demonstrate the traffic situation of the whole study area.

3.2 Data Sources

For our approach, various data source are integrated and applied. The three main data
sources are listed as follows: (1) Map Data, vector geographic data which contains the
road ID (unique number), coordinate of the two endpoints and the midpoint of each
road. (2) Detectors Data, dynamic data which contains the detector ID (unique number)
and coordinate of each detector installed on the intersection or along the road.
(3) Passing-Vehicle Data, real-time data which contains license plate number, vehicle
pictures, passing detector ID and passing time, of each moving vehicle when passing
detectors.

Fig. 1. The model architecture
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3.3 Generating Adjacent Detector Pairs

Historical detector data and passing-vehicle data were used to generate adjacent
detector pairs and to calculate the shortest path between them. The detailed process is
shown in Fig. 2 and described as follows:

Step 1. Initializing Map Grid
The study area is divided into map grids composed of meshes with same size. A road is
regarded to locate in a certain mesh if its midpoint is inside the mesh. A “Mesh-Road
List” is thus kept to record which mesh each road locates in.

Step 2. Identifying Adjacent Detector Pairs
Two detectors passed sequentially by a certain large number of vehicles are identified
as an adjacent detector pair and their info are stored into a list called “Adjacent
Detector Pair Set”.

Step 3. Calculating Shortest Paths between Adjacent Detector Pairs
The process of calculating the shortest path between adjacent detectors is as follows
(Fig. 3): (1) Find the exact mesh where the detector locates according to its coordinate.
(2) Find all the roads which locate in the aforementioned mesh and acquire its
neighboring 8 meshes from the “Mesh-Road List”. (3) Calculate distance between the
detector and each road. The detector is considered to locate on one specific road if the
distance between the detector and the road is the shortest. The calculation of shortest
path between two adjacent detectors is therefore converted into the calculation of
shortest path between two roads where the detectors locate. (4) Construct a “Path
Ladder” (PL) that consists of multiple meshes and continuously covers these two

Fig. 2. Generating adjacent detector pairs

Real-Time Estimation of Road Traffic Speeds 223



adjacent detectors. (5) Construct a “Traffic Region Graph” (TRG), in which the vertex
represents the road in PL, whereas the edge represents the line connecting two adjacent
vertexes, i.e., two roads with the same endpoint. The weight of edge is equal to the sum
of the distance from the midpoint of each road to their connecting endpoint. (6) Find
the shortest path along the map between two roads, which is as the shortest path
between two adjacent detectors, using Dijkstra’s algorithm.

3.4 Estimating Real-Time Traffic Speed

Real-time detector data and passing vehicle data were used to estimate real-time traffic
speed of every detector and every road further, and then to visualize the traffic situation
of the whole study area. The detailed process is as follows:

Step 1. Creating “outMap”
In order to estimate traffic speed, we first create an “outMap” to store the latest driving
information of vehicles. The inner structure of “outMap” is as following: “plate
number” —> (“detector number”, “passing time”).

Step 2. Calculating Passing Records Every t Minutes
We first read vehicle passing records collected in the nearest T minutes (rollback time,
T > t) in ascending order according to passing time. Afterward, we create an “inMap”
to eliminate the influence due to the overlap between two adjacent rounds of speed
calculation, whose inner structure is the same as that of “outMap”. For each passing
record, we successively search its previous passing record with the same plate number
in “inMap” and “outMap” if it belongs to the overlapping portion; otherwise we only
search it in “outMap”. We then obtain the vehicle’s speed through dividing the shortest
distance between two detectors sequentially passed by with the passing time interval,
and save it to a list called “Detector-Speed List”. Meanwhile, we update the

Fig. 3. The generation of adjacent detector-pairs
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information in “inMap” or “outMap” for the next rounds of calculation. A sample of
handling passing-vehicle records is shown in Fig. 4 (t ¼ 1; T ¼ 5).

Step 3. Estimating Traffic Speed on Every Road
After handling all the passing-vehicle data, we employ the Grubbs’ criterion (a ¼ 0:9)
to eliminate unusual data in the “Detector-Speed List”. We then use the average value
of the remaining data as the speed of road segment separated by adjacent detectors.
Finally, considering that one road may be included in more than one path separated by
adjacent detectors, we calculate the real-time traffic speed vi of road i using the
weighted average of every calculated speed, as shown in Eq. 1:

vi ¼
P

k2Ri
wik � vk

P
k2Ri

wik
;wik ¼ li

lk
ð1Þ

where Ri is the union of all paths that include road i, vk is the traffic speed of path k, and
li and lk are the lengths of road i and path k, respectively.

4 Demonstrations

We applied the presented approach in two large cities in eastern China, namely Jiaxing
city and Quzhou city, each having more than 1 million residents.

In Jiaxing, we employed the traffic streams provided by 403 video detectors along
transportation cells while in Quzhou, 313 video detectors were employed. In the
experiment, we set the update frequency, or variable t, to 1 min, and set the rollback
time, or variable T , to 5 min. Eventually, we identified 1047 adjacent detector pairs and
11,898 roads in Jiaxing. In Quzhou, 879 adjacent detector pairs and 7,801 roads were

Fig. 4. The consecutive calculation of traffic speeds (t ¼ 1; T ¼ 5)
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identified. Based the approach described in this paper, a system called “Real-time Road
Traffic Big Data Analysis System” is developed. The system is currently steadily
operated in the transportation departments in cities like Jiaxing, Quzhou and so on, as
Fig. 5 shows.

Monitoring of Car-type and Abnormal Vehicle Detection
All types of traffic data, including map data, dynamic detector data and real-time
passing-vehicle data were integrated in our system. In this way, we’re able to select the
interested detector to see the real-time traffic conditions captured by the selected
detector. In addition, the system also provides the function of car-type identification
and abnormal vehicle detection. Figure 4(a) demonstrates the vehicles captured by
detectors at 14:48:31, November 16th, 2015. It also listed abnormal vehicles, abnormal
causes and their plate numbers.

Fig. 5. Real-time road traffic big data analysis system (a) Positions of detectors and car-type
analysis captured by these detectors (b) Visualization of estimated real-time road traffic speeds on
road maps
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Real-time Visualization of Estimated Road Speeds
Based on the integrated data and our estimation approach, road traffic speeds of all
roads are visualized on the map in our system at the frequency of one minute. Green
lines indicate unblocked roads; while yellow and red lines indicate busy roads and
congested roads, respectively. Road names and their corresponding estimated speeds
are listed in the lower right corner of the system interface for users who are interested in
detailed road traffic speeds of a specific road as in Fig. 4(b).

5 Conclusions

In this paper, a real-time road traffic speed estimation approach based on the traffic
stream captured by detectors along transportation cells is presented. It helps to guide
travelers the optimal driving routes, which greatly relieves the huge traffic stress of city
road. Compared to traditional road traffic speed estimation methods, our approach has
the following advantages. (1) The data sources of our approach are all-type vehicles
rather than just partial public vehicles such as taxis and buses. (2) Compared to driving
routes data with limited coverage or floating GPS data which suffers from occasional
missing, the data we used from detectors is more sufficient, reliable and accurate.
(3) The results that our approach calculated are two-way speeds rather than one-
direction speeds, which is more practical and close to reality.

The application of our approach in two large cities in eastern China indicated its
efficiency and accuracy, while the successful operation of our developed system
demonstrated its importance and practicality in daily life. In the future, we will try to
integrate other data sources, such as loop detectors, into our approach to achieve better
results.
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