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Abstract
With the rapid development and deployment of vehicle sensing and communication technology, vehicle trajectory data is
becoming increasingly available for urban traffic network applications. However, it is difficult to use raw trajectory data points
generated from global navigation satellite system (GNSS) coordinates without matching them to traffic networks. Real-world
trajectory data is also prone to noise and errors. This paper proposes a trajectory data processing pipeline to serve different
urban traffic network applications. The steps of the pipeline include matching the trajectory points to a well defined network
representation, splitting them into different movements, and extracting distance information from their GNSS coordinates.
Smoothing and filtering algorithms also reduce the influence of noise and errors. Based on the processed trajectory data, this
paper also proposes algorithms for calculating different mobility performance indices including vehicle delay, number of stops,
space-mean speed, and coordination measurements. These performance indices provide comprehensive evaluations of urban
traffic network from different perspectives. Our case study uses real-world trajectory data collected from the Ann Arbor
Connected Vehicle Test Environment. Different mobility performance indices are calculated and visualized. The proposed
methods and algorithms are efficient, robust, and scalable, and could be applied to large-scale urban traffic networks.
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In recent years, vehicle trajectory data from different sources
such as connected vehicles, ride-hailing services, and online
navigation software has become readily available. Such data
can be utilized for different applications such as traffic state
estimation (1–3), traffic control and management (4, 5), and
safety evaluations (6–9). However, it is difficult to use raw
trajectory data points generated from global navigation sat-
ellite system (GNSS) coordinates without matching them to
traffic networks. In addition, noise and errors in the real-
world trajectory data need to be filtered and smoothed.

Many existing studies have explored different aspects of
trajectory processing including data cleaning (10–12), map
matching (13–15), encoding, and compression (16–18).
Refer to Zheng (16) and Wang et al. (17) for a comprehen-
sive survey of basic trajectory processing and applications.
This paper builds on these studies by developing a compre-
hensive trajectory data processing pipeline to serve urban
traffic network applications such as intersection mobility

performance evaluation. The proposed trajectory process-
ing pipeline includes several main steps: matching the raw
trajectory data to a well defined network representation,
extracting distance information from the raw GNSS coor-
dinates, and splitting each vehicle trip into different move-
ments at each signalized intersection. Essential smoothing
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and filtering algorithms are also required that can reduce
noise and errors in the real-world data. The overall pipeline
provides a solid foundation for different applications, espe-
cially for movement-level analysis at signalized intersections.

Mobility performance evaluation is one of the most
important applications of trajectory data (19–21). It pro-
vides guidance for urban traffic control and helps traffic
engineers quickly pinpoint critical locations for further
analysis. For example, Saldivar-Carranza et al. (21) uti-
lized vehicle delay and number of stops to generate differ-
ent visualization plots. Herrera et al. (19) conducted a
comprehensive field experiment including trajectory data
collection and travel speed estimation using the collected
data. In this paper, we propose a suite of algorithms to cal-
culate mobility performance metrics such as vehicle delay,
number of stops, and arrival on green. Spilt failures and
spillovers can also be detected based on these basic perfor-
mance indices. By interpolating the trajectory data in the
spatial-temporal space, we can also calculate the space-
mean speed. Most of these mobility performance indices
are already well established transportation analysis
metrics. Instead of developing new metrics, this paper
focuses on providing a robust calculation of these standard
indices from trajectory data with noise and errors. Both
the trajectory data processing methods and the mobility
index calculation algorithms are designed with an empha-
sis on scalability and robustness. In this way, we can
extract high-quality trajectory and mobility performance
indices from large-scale raw noisy trajectory data.

To sum up, the main contributions of this paper are
twofold: (i) a complete trajectory data processing pipe-
line that can support different urban traffic applications,
especially for movement-level signalized intersection per-
formance evaluations, and (ii) robust and scalable algo-
rithms for calculating standard mobility performance
indices including control/stop delay, number of stops,
queue distance, and space-mean speed.

This paper is organized as follows: the following sec-
tion introduces the trajectory data and urban traffic net-
work representation. Then, we will introduce the
trajectory data processing procedure, including trajec-
tory data map matching, trajectory splitting, basic
smoothing, and filtering algorithms. With the processed
trajectory data, we then introduce the algorithms that
generate different mobility performance metrics. The
case study verifies the proposed methods and algorithms.
We conclude the paper with remarks on future applica-
tions and research directions.

Trajectory Data in Urban Traffic Networks

Vehicle trajectory data can be collected by road-side units
(RSUs) through vehicle-to-infrastructure communication
(22, 23). Other sources include position information from

mobile devices in the vehicle—for example, ride-hailing
services and online navigation software. The pipeline pre-
sented in this paper does not require any specific type of
trajectory data; the trajectory data source only needs to
follow the requirements below:

1. Attributes: Each trajectory point should have at
minimum a unique trajectory ID, timestamp, and
geometric coordinates (e.g., latitude and longi-
tude). Additional attributes such as velocity and
acceleration are preferred but not required.

2. Resolution: The temporal resolution should be
within a few seconds depending on the applica-
tion of interest; otherwise, additional interpola-
tion might be required and the algorithm’s
performance will suffer. For most mobility appli-
cations in this paper, 1 to 5 s should be sufficient.

3. Location: This paper deals with trajectories in
urban traffic networks.

4. Accuracy: The accuracy of the GNSS coordinates
does not affect the overall processing methods.
Although higher accuracy is always preferable, a
standard variance within 3 to 5m is sufficient for
mobility evaluation purposes.

It is difficult to use the raw vehicle trajectory data if it
is not matched to a traffic network. Network representa-
tion and intersection geometry are the basis for urban
traffic network applications. In this paper, we design our
own urban traffic network representation composed of
different basic elements including links, segments, and
junctions, as shown in Figure 1. Generally, an urban traf-
fic network is a directed graph composed of junctions
and links G = fN ,L g. The junction set N can be fur-
ther categorized into end junctions N e and intersection
junctions N i; that is, N =N e [N i. Intersection junc-
tions include signalized and unsignalized intersections,
while end junctions are entry or exit points of the

Figure 1. Urban traffic network representation.
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network. In Figure 1, junction n is an example of an inter-
section junction, while junction m is an example of an end
junction. A link is defined as a directed road that connects
junctions, as shown by the blue lines in Figure 1.

As shown in Figure 1, a link that connects two junc-
tions can be further divided into a list of segments. A seg-
ment is defined as a road segment that has homogeneous
road parameters such as road class, number of lanes, and
speed limit. For example, the link p in Figure 1 is split into
two segments, i and i+ 1, since there is an additional dedi-
cated left-turn lane as it approaches the junction.

We also define a movement as a pair of links at an
intersection: one upstream of the intersection and the
other downstream. This definition of movement is consis-
tent with the NEMA (National Electrical Manufacturers
Association) dual ring structure for signalized intersec-
tions (24). In most cases, each movement at a signalized
intersection corresponds to a traffic signal phase. A stan-
dard four-leg intersection has four through movements
and four left-turn movements.

In this paper, we do not match the trajectory data to the
lane-level network but only movement level, since it would
already be sufficient for most offline mobility-related stud-
ies. Therefore, lane-level map data is not required. For
example, we use OpenStreetMap (25) as the raw map data
in this paper. Although it does not provide lane-level geo-
metry, it satisfies the requirements of the proposed network
representation perfectly. In general, mobility-related stud-
ies do not require a high-definition map compared with
safety-related studies. In the following section, we will also
see that, for high-resolution trajectory data, the map data
is only used for trajectory map matching and providing the
location of each intersection, and the accuracy of the map
geometry does not influence the calculation of the distance
from the raw GNSS trajectory data.

Trajectory Data Processing

Figure 2 illustrates the overall pipeline of the trajectory
data processing. The input is the raw trajectory data that

is usually provided as raw GNSS coordinates (latitude
and longitude); the output is the matched trajectory
points with map and distance information. There are
three main trajectory processing procedures, as shown in
the pipeline: trajectory data map matching, splitting the
trajectory into movements, and extracting distance infor-
mation from the raw GNSS coordinates. There are also
several data smoothing/filtering steps labeled over the
arrows in Figure 2. In this section, we will first go
through the three main procedures and then briefly dis-
cuss data smoothing and filtering.

Trajectory Data Map Matching

Trajectory data map matching matches raw trajectory
data to the urban traffic network according to the GNSS
coordinates. To match the trajectory data to the network
representation introduced in the previous section, we
only need to match each trajectory point to a segment.
With the segment information, it is easy to add all the
other network components such as link, segment, and
upstream/downstream junctions to each trajectory point.

The hidden Markov model is the most commonly
used formulation for trajectory data map matching (13).
The goal is to find the most likely route considering both
the distance of the raw trajectory points to the route and
path feasibility (Figure 3). The blue line and the blue
cross points are raw trajectory points, while the two pink
lines are candidate routes. If we only consider the dis-
tance between the trajectory and the candidate route,
Point A and Point B will be assigned to Route 2.
However, this violates path feasibility since clearly the
trajectory belongs to Route 1 before Point A and it can-
not jump to Route 2 directly. With the matched segment
for each trajectory point, it is easy to find the matched
points (A’ and B’ in Figure 3) of the original trajectory
(the closest points on the roadway to the original GNSS
Points A and B). The distance between the matched tra-
jectory Point A’ and the raw GNSS Point A is denoted
as dA. We can also calculate the distance between the

Figure 2. Overall procedure of the trajectory data processing.
Note: GNSS = global navigation satellite system.
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matched trajectory point to the upstream/downstream
junctions as shown by sA in Figure 3.

For more details on trajectory map matching, refer to
Newson and Krumm (13). If the trajectory data is col-
lected within a certain range of a specific intersection,
like basic safety message (BSM) collected from an RSU
through dedicated short-range communication, a simpler
algorithm proposed in Wang et al. (23) is sufficient. In
this paper, we implement the method proposed by Yang
and Gidofalvi (15). The underlying philosophies are the
same for all mentioned map matching algorithms. In
summary, map matching can provide the complete net-
work information of each trajectory point including its
segment, link, upstream/downstream junctions, matched
GNSS coordinates, distance to the matched point, and
the distances to the upstream or downstream junctions.
In this paper, we do not match the trajectory data to the
lane level since the algorithms and methods proposed in
this paper do not rely on lane information.

Split Trajectories into Movements

With all additional network information added to each
trajectory point through the trajectory data map match-
ing, we can split trajectories into different movements. A
movement is defined as an upstream and downstream
link pair connected by a junction. The method to split
the trajectories into different movements is straightfor-
ward: whenever the trajectory traverses a junction over a
certain distance, it will enter a new link from the
upstream link; then we can truncate the trajectory and
assign it into the corresponding movement.

Figure 4a is an illustration of trajectory splitting. The
example trajectory in the figure traveled across the whole
arterial from the west to the east and markers in the map
are locations of signalized intersections (junctions). The
complete trajectory is split into different movements
labeled as different colors; it is truncated whenever it
passes the junction over 20m:

Splitting trajectory into different movements provides
convenience for movement-level analysis of signalized
intersections. As aforementioned, the movement defined
in urban networks follow NEMA dual ring structure;
generally, each movement will correspond to a certain
traffic signal phase. By associating both trajectory data
and signal phase and timing data (SPaT) to the corre-
sponding movement, we can get the controlled signal
state for each given trajectory. We do not necessarily
need to know the lane information to get the controlled
signal state; the movement information inferred from the
upstream/downstream links is sufficient.

GNSS Coordinates to Distance

After splitting trajectory data into different movements,
we can convert original GNSS coordinates (latitude and
longitude) to distance information. As shown before in
Figure 1, trajectory data map matching can provide the
matched trajectory Point A’ and distance sA from A’ to
the downstream junction M. sA can be roughly regarded
as the distance to the downstream junction of Point A.
However, this estimation method will have a large esti-
mation error if the road geometry is not accurate enough.
For example, the widely used open-source map data
OpenStreetMap (25) usually does not have accurate geo-
metry for different lanes but only the center of the road-
way even for two-way roads.

Wang et al. (23) provided another method to convert
GNSS coordinates to a distance that is suitable for high-
resolution trajectory data. The intuition is to first calcu-
late cumulative travel distance given GNSS coordinates
and then set a certain point as zero distance point. For
example, we can set the center of the intersection as the
reference point and find the closest point in the trajec-
tory as the zero distance point as shown by Point C in
Figure 3. In this way, the map data is only used for tra-
jectory data map matching and providing the location of
the intersection. The distance is calculated from the tra-
jectory itself and it is not dependent on the map geome-
try. Therefore, the accuracy of the distance will not be
influenced by the map data.

Figure 4, b and c, shows an example of converting the
original GNSS coordinates to distance using such a
method. The example trajectory traveled from the west
to the east, while the color shows the velocity of each tra-
jectory point; the pink marker is the center of junction
which is set as the zero distance point. Figure 4c shows
the time-space diagram—that is, distance to the center of
the intersection with respect to time. A negative distance
corresponds to the upstream of the junction, while a pos-
itive distance corresponds to the downstream. For traffic
signal evaluation, we might need the distance to the stop-
bar instead of the center of the intersection. It would be

Figure 3. Hidden Markov trajectory map matching model.
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easy to either directly set the location of the stopbar as
the zero distance reference point or shift the time-space
diagram by the distance between the stopbar and the
center of the intersection.

Data Filtering and Smoothing

Data smoothing and filtering are important for real-
world data with noise and errors. Since the choice of the
smoothing and filtering methods are largely dependent
on different features of different data sources, we will
not go to details but briefly introduce some essential data
filtering and smoothing steps shown in Figure 2.

Raw Trajectory Point Filtering and Smoothing. Given the raw
trajectory points in GNSS coordinates, we can first
remove outliers and then apply some basic smoothing

algorithms. The outlier removal algorithm is usually
developed based on specific causes of the error from the
different data sources. For the data smoothing, there are
many choices such as the median filter, Gaussian filter,
and local regression. In this paper, the outlier points are
detected as points with large spatial or temporal shifts
and a simple Gaussian filter is applied to smooth the raw
GNSS coordinates.

Remove Off-Road Trajectories. The trajectory map matching
can provide the distance between the raw GNSS point
to the matched point shown by dA for Point A in Figure
3. This distance can be used as a metric to evaluate the
trajectory data map matching results. If the network
data is correct, a large distance dA indicates that Point
A is away from the network roadways and could be
removed.

Figure 4. Typical cases for the mobility performance index calculation: (a) split the trajectory into movements (trajectory traveled from
the west to the east), (b) trajectory points of certain movement, and (c) time-space diagram.
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Time-Space Diagram Smoothing. After converting the raw
GNSS coordinates to distances, we can apply another
round of the data smoothing using the basic smoothing
algorithms. More advanced algorithms such as the
Kalman filter would perform better if the speed and
acceleration are also available for each trajectory point.

Mobility Performance Evaluation

This section provides several algorithms to generate
mobility performance metrics using the trajectory data
processed before. These performance indices include
vehicle delay, number of stops, and signal coordination-
related measurements. We will also introduce space-
mean speed estimation by using linear interpolation at
last.

Trajectory State Segmentation

Before we go to specific mobility performance index cal-
culation, we will first introduce a trajectory state segmen-
tation algorithm. The trajectory state segmentation
algorithm splits the entire trajectory into different states
including free-flow state, transition state, and stop state
according to its speed profile. Free-flow state is defined

as the state when a vehicle travels at a high speed while
stop state is defined as the state when a vehicle stops; the
transition state connects the free-flow state and stop
state.

Figure 5 shows the details of the trajectory state seg-
mentation algorithm. The overall algorithm includes two
steps, the first step is to get the preliminary trajectory
state split according to the speed profile; the second step
is to filter the preliminary state split results. In the first
step, a vehicle is considered to be in the stop state if the
speed is less than a threshold vs while in the free-flow
state if the speed is larger than a threshold vt; the state
between the two thresholds is assigned to the transition
state. The stop speed threshold vs is chosen as 1m=s, while
the free-flow speed threshold vt should be related to speed
limit of the roadway; in this paper, 80% of the speed
limit is used.

After getting preliminary segmentation results accord-
ing to the speed profile, the second step is vehicle state
filtering. Vehicle state filtering is designed to improve the
robustness of the overall vehicle state segmentation algo-
rithm by removing some outliers such as short states
caused by noise of the speed profile or abnormal driving
behavior. Figure 5 shows details of the vehicle state fil-
tering. Generally, there are two filtering steps for both

Figure 5. Illustration of trajectory state segmentation.
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stop state and free-flow state: state consolidation and
short state removal. State consolidation is to combine
two close states of the same category if time and distance
gap are both less than certain thresholds. As shown in
Figure 5, Point A, there are two stop states split by a
short transition state; if the duration of the transition
state and the distance traveled during this period are
both less than predefined thresholds, then the two stop
states will be combined together as a longer stop. In this
paper, the duration threshold is chosen as 3 seconds
while the distance gap threshold is chosen as 10 meters
Short state removal is to convert short stop state to tran-
sition state as shown in Figure 5, Point B. If the duration
of the stop state is less than a certain threshold (which is
chosen as 3s), the stop state will be converted to a transi-
tion state. After the state consolidation and short state
removal for stop state, we can do the same for free-free
state. Then we will be able to get the final segmentation
results shown by the time-space diagram at the bottom
in Figure 5.

As aforementioned, vehicle state filtering is to
improve the robustness of the trajectory segmentation
algorithm. Stop state consolidation can help to avoid
over-estimation of number of stop states. As shown in
Figure 5, the stopped vehicle moved forward a short dis-
tance at Point A; this could happen when the driver just
slightly reduces the following distance with the leading
vehicle. We should consider this situation as a long con-
tinuous stop instead of two stops. The short stop state
removal is designed to reduce the influence of the noise;
a valid stop state should at last for a certain duration.
More examples about vehicle state filtering will be dis-
cussed in the case study section.

Mobility Performance Index Calculation

With the trajectory state segmentation introduced
before, this subsection will introduce the mobility perfor-
mance index calculation for each trajectory. Figure 6 is
the illustration of the algorithm based on the trajectory
segmentation results while Table 1 is the full list of the
performance indices.

Free-Flow Speed, Free-Flow Arrival Time. Free-flow speed is
defined as the desired speed of the vehicle when not
blocked or influenced by the background traffic (26). Free-
flow speed is an important parameter to estimate the con-
trol delay as well as whether a vehicle will arrive during
green time. Different drivers have different free-flow speeds
because of various driving behaviors. With the trajectory
segmentation results, free-flow speed can be estimated as
80th percentile of the speed during all the free-flow states
denoted by the green color in Figure 6, which is is better
than average speed or the median value, since the free-flow
state might contain a small proportion of slowing-down or
start-up period.With the free-flow speed, we can calculate
the free-flow arrival time, which is defined as the estimated
arrival time if the vehicle is not blocked by any back-
ground traffic or the traffic signal. As shown in Figure 6,
we can extend the first trajectory Point A by a dashed line
with the slope as the free-flow speed to get free-flow arrival
time at Point B. That is,

tB =
sB � sA

vf

= � sA

vf

ð1Þ

where sB = 0 if we set the location of the stopbar as the
distance zero point.

Figure 6. Mobility performance index calculation for single trajectory.
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Arrival on Green. A vehicle is referred to as arrival on green
if it will arrive at the green time traveled by free-flow
speed. It is determined by the traffic signal state at the
free-flow arrival time tB. Arrival on green is an important
parameter to evaluate the coordination among intersec-
tions; a good coordination will lead to a high proportion
of vehicles that arrive at the green time.

Control Delay, Level of Service. Control delay is defined as
the temporal difference between the actual travel time
and free-flow travel time (21, 26). With the free-flow arri-
val time at point B, the control delay tc can be easily cal-
culated as:

tc = tD � tB ð2Þ

where tB is the actual time that the vehicle passes the
stopbar. Based on control delay, HCM (26) also pro-
vides the rating from A to F as level of service (LOS).

Stop Delay, Number of Stops, and Queue Distance. Vehicle
stop is another important measurement for mobility per-
formance. With the stop state obtained from the trajec-
tory segmentation, total stop delay is calculated as the
total duration of all stop states shown in Figure 6. The
number of stops just equals the number of stop states,
while queue distance is defined as the distance to the
stopbar of the first stop state.

Split Failure. Split failure occurs when green time is not
enough for a certain movement. Split failure detection is
important for traffic signal optimization since it usually
leads to a large delay and might be improved significantly
by optimizing the green split or the cycle length. The typi-
cal phenomenon of split failure is that a vehicle trajectory
fails to pass the intersection within one cycle; as a result,

the control delay of the vehicle will be larger than the red
time of a cycle. Based on this observation, a trajectory is
labeled as a split failure if both conditions are satisfied:
(i) its control delay is larger than the red light duration
and (ii) number of stops is larger than 1.

Spill-Over Warning. Spill-over refers to the situation when
stopped vehicles occupy the whole roadway or dedicated
left-turn lane. Spill-over could lead to gridlock of urban
traffic networks, which would cause a significant capac-
ity drop for the whole urban traffic network. Spill-over
can be divided into left-turn spill-over and through
movement spill-over. Left-turn spill-over occurs when
stopped vehicles occupy the dedicated left-turn lane,
while through movement spill-over occurs when stopped
vehicles occupy the whole link. In this paper, we use the
queue length occupation rate to estimate the risk of left-
turn spill-over and through movement spill-over. The
queue length occupation rate is defined as the queue dis-
tance divided by length of dedicated left-turn lane or the
entire link for the left-turn and through movement spill-
over accordingly. If the queue length occupation rate for
a certain trajectory is larger than 80%, we will post it as
a spill-over warning.

Space-Mean Speed Calculation

At last, we will introduce an algorithm to estimate space-
mean speed, which is another important mobility perfor-
mance measurement for urban traffic networks (27). As
shown in Figure 7, the time-space diagram is split into
different cells with a certain time interval Dt and distance
interval Ds. Then we can apply linear interpolation to
find the exact point that each trajectory traverses the
boundaries of cells. After linear interpolation, we can cal-
culate the total travel time tc and the total travel distance
sc for all trajectories within each cell. With total travel

Table 1. Mobility Performance Index Calculation Based on Trajectory Segmentation

Name Definition Calculation (Figure 6) Unit

Free-flow speed vf Desired speed of a vehicle not
influenced by background traffic

80th percentile of the speed of
free-flow states

m/s

Free-flow arrival time Estimated arrival time traveled by
free-flow speed

tB s

Arrival on green Whether a vehicle will arrive during
green time

Signal state at Point B {0, 1}

Control delay dc Vehicle delay caused by traffic signal control tD � tB s
Level of service Level of service from A to F according to HCM (26) Determined by dc A–F
Stop delay ds Total stop duration before a vehicle passes intersection Total duration of stop states s
Number of stops ns Number of stops before a vehicle passes the intersection Number of the stop states 1
Queue distance q Maximum distance to the stop bar of all stop states jsEj m
Split failure Vehicle failed to pass the intersection within one cycle Determined by ns and dc {0, 1}
Spill-over warning Queue distance is larger than 80% of upstream link

or dedicated left-turn lane
Determined by q=l or q=ld {0, 1}
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time and total travel distance, the space-mean speed is
calculated as:

vc =
sc

tc

, 8c: ð3Þ

Based on this space-mean speed calculation, the speed
heatmap can be plotted to visualize the overall mobility
performance, which will be introduced in the next sec-
tion. Besides, the travel time of certain route (e.g., a cor-
ridor) might also be estimated without requiring the
trajectory passing the complete route. We leave this for
future study.

Case Study

Data Description

The case study introduced in this section uses the data
collected from Ann Arbor Connected Vehicle Test
Environment, which is the largest operational deploy-
ment of connected vehicles and infrastructure (23). The
RSUs can receive BSM broadcasted by vehicles equipped
with on-board unit within the communication range;
vehicle trajectory data is extracted from these BSMs col-
lected by RSUs. Besides the trajectory data, SPaT data is
directly sent from controllers. Both trajectory data and
SPaT data have a 0.1 seconds resolution. However, it is
not necessary to have such a high resolution for mobility
applications, so we resample both data for every 10

points to change the resolution as 1 second. For safety
applications, a higher temporal resolution would be pre-
ferable but it is not within the scope of this work.

Figure 8 shows the studied network, which is a corri-
dor composed of six intersections located at Plymouth
Rd., Ann Arbor, Michigan, United States. It also shows
the moving directions from Movement 1 to Movement 8,
which is the same for all six intersections except that
some three-leg intersections do not have the complete
eight movements. Even numbers are all through move-
ments, while odd numbers are left-turn movements. Both
the trajectory data and SPaT data used in this case study
are collected from January 18, 2021, to February 14,
2021 (four weeks).

Mobility Performance Index Calculation

This subsection will show the results of the trajectory
segmentation algorithm as well as the mobility index cal-
culation. We will start with some typical cases and then
move to aggregation analysis of the movement level. The
aggregated time-space diagram and the free-flow arrival
time histogram will help to evaluate the coordination
among intersections.

Typical Cases. Figure 9 shows the time-space diagram of
some typical cases for the mobility performance index
calculation. Time-space diagrams are plotted by different
colors representing different states including stop state,
free-flow state, and transition state. For all four cases,
distance 0 is the location of the stopbar while a negative
distance indicates that the vehicle is from the upstream
of the intersection. The dashed blue lines are free-flow
arrival curves; dashed black horizontal lines show loca-
tions of the start of dedicated left-turn lane or upstream

Figure 7. Trajectory grid interpolation and space mean speed calculation.
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Figure 8. Network topology of Plymouth Rd.

(a) (b)

(c) (d)

Figure 9. Typical cases for the mobility performance index calculation: (a) common case, (b) stop state consolidation, (c) split failure,
and (d) left-turn spillover.
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link for left-turn and through movement accordingly.
Traffic signal timing is also plotted as a a horizontal line
with different colors at the stopbar (distance=0). The
legend in each figure shows some basic information and
the calculated mobility performance indices. With the
general introduction of Figure 9, then we will go to these
four typical cases individually.

Common Case. Figure 9a shows a common case of the
trajectory time-space diagram; the vehicle stopped
around 48m in front of the stopbar. There is clearly one
stop labeled by the pink color. There is no split failure or
spill-over warning for this trajectory.

Stop State Consolidation. Figure 9b is an example show-
ing why the stop state consolidation introduced before is
necessary, especially for an accurate estimation of num-
ber of stops. The example trajectory experienced a long
stop while moving forward a short distance in the middle.
If not applying the stop state consolidation, the number
of stops will probably be overestimated, which might lead
to a false alarm of split failure.

Split Failure. Figure 9c is an example of split failure.
This vehicle is in a left-turn movement, it failed to pass
the intersection for the first green time and waited for
another red light. We can clearly see the two characteristics
for the split failure trajectory: (i) control delay larger than
the red time and (ii) multiple stops. It is also a good compar-
ison between Figure 9, b and c, for the identification of num-
ber of stops. With our trajectory segmentation algorithm

introduced in before, two valid stop states should have a
large distance and time gap; otherwise, they will be com-
bined as one continuous stop.

Spillover Warning. Figure 9d shows a trajectory posted
as a spillover warning. This trajectory is in a left-turn
movement and the black dashed line is the start of the
dedicated left-turn lane. This trajectory is labeled as spil-
lover warning since the maximum queue distance is larger
than the length of the dedicated left-turn lane. The first
stop occurred before the start of the dedicated left-turn
lane; this indicated that the vehicle was blocked by the
residual queue before entering the dedicated left-turn
lane.

Aggregation Analysis. With the mobility performance index
calculation for individual trajectory, we can also aggre-
gate these indices by movement. Table 2 shows the result
using the entire four weeks’ worth of data. Each row of
the table is for each movement of a certain time of day
(TOD). The first column is the movement ID, which is
made up of the intersection name and movement num-
ber, as shown in Figure 8. ‘‘p.m.’’ and ‘‘a.m.’’ represent
8:00 to 11:00 a.m. and 4:00 to 8:00 p.m. accordingly. The
top nine movements with the most number of trajectories
are shown in the table for each TOD. Each row reports
total number of trajectories and average mobility perfor-
mance indices including control delay, LOS, stop delay,
number of stops, free-flow speed, and queue distance.
Besides, arrival on green ratio is the number of the ‘‘arri-
val-on-green’’ vehicles divided by total number of the

Table 2. Mobility Performance Index Calculation for Movements

Movement Time
No. of
trajs

Control
delay (s) LOS

Stop
delay (s)

No. of
stops

Free vf

(m/s)
Queue

(m)
Arrival on

green
Non-stop

ratio
Split

failures
Spill-
overs

Green_3 a.m. 217 50.17 D 42.41 0.87 12.15 46.40 0.1152 0.1705 6 10
Murfin_2 a.m. 207 18.77 B 13.49 0.53 14.23 37.49 0.5217 0.5217 3 20
Murfin_6 a.m. 199 19.01 B 15.44 0.54 11.15 18.41 0.5779 0.4774 2 2
Nixon_1 a.m. 130 49.76 D 40.62 0.95 13.27 52.28 0.1846 0.1923 11 1
Green_2 a.m. 87 12.77 B 8.44 0.39 15.98 17.26 0.5747 0.6092 0 0
Nixon_2 a.m. 84 18.99 B 15.08 0.43 14.84 13.15 0.5357 0.5833 1 1
Huron_2 a.m. 71 18.46 B 14.23 0.46 15.64 18.10 0.4789 0.5352 0 0
Green_6 a.m. 69 9.19 A 6.49 0.25 18.50 7.75 0.6957 0.7536 0 0
Nixon_6 a.m. 55 18.06 B 13.03 0.47 15.60 21.86 0.4909 0.5455 1 0
Murfin_6 p.m. 233 23.14 C 19.73 0.58 11.26 21.60 0.5794 0.4292 1 10
Barton_6 p.m. 217 7.35 A 7.18 0.41 14.24 7.19 0.6682 0.6221 0 0
Mufin_2 p.m. 202 20.64 C 15.33 0.51 14.46 27.61 0.5396 0.5347 7 10
Green_3 p.m. 199 50.88 E 43.78 0.85 12.55 43.95 0.1407 0.1809 5 4
Barton_2 p.m. 197 9.21 A 8.66 0.30 17.02 33.15 0.7411 0.7563 3 9
Green_2 p.m. 175 17.50 B 12.85 0.44 15.50 20.14 0.5314 0.5600 0 0
Nixon_1 p.m. 133 61.22 E 50.68 1.04 13.30 72.73 0.2256 0.1729 20 2
Huron_6 p.m. 132 24.46 C 17.86 0.58 15.96 28.28 0.3636 0.4545 2 0
Huron_2 p.m. 122 22.93 C 19.01 0.47 14.72 14.90 0.5000 0.5328 0 0

Note: trajs = trajectories; LOS = level of service.
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trajectories, while the non-stop ratio is number of vehicle
passes the intersection without stop divided by the over-
all number of vehicles. The last two columns report num-
ber of split failures and the spillover warnings. Table 2
essentially provides a mobility performance report for
different movements of different TODs.

With the aggregation results for each movement at
certain TOD given by Table 2, we also do some basic
statistical analysis shown by Figure 10. Figure 10, a and
b, are scatter plots showing correlations between differ-
ent mobility performance indices. Each point in the scat-
ter plots represents a movement of certain TOD—a row
in Table 2—while the size of the scatters is proportional
to the number of trajectories. Dashed diagonal lines are
curves x= y, where the horizontal and vertical values are
equivalent.

Figure 10a shows the relationship between arrival on
green ratio and non-stop ratio. The two indices are quite
similar and both can be utilized to evaluate the coordina-
tion among intersections. If all vehicles travel at the free-
flow speed without being influenced by the background
traffic or the residual queue, they would be the same,
since the arrival-on-green vehicle will directly pass the
intersection without stopping. In the real world, they are
different because the vehicle approaching will be influ-
enced by the residual queue. Despite these underlying
reasons, they are still quite close, as shown by the figure;
most scatter points are close to the diagonal dashed line.
This indicates that for those intersections that the SPaT

data is not available, the non-stop ratio can be approxi-
mately utilized as an estimation of the intersection arri-
val on green.

Figure 10b shows the correlation between control
delay and stop delay. The horizontal axis is calculated as
ts + 7:979 � ns where ts is the average stop delay and ns is
the average number of stops for each movement. This
equation is obtained by using the following simple regres-
sion model:

tc = ts + r � ns where r= min
r

X

i

ti
s � ti

s � r � ni
s

�� ��2

2

ð4Þ

where the superscript i is for each trajectory. The inter-
pretation of Equation 4 is quite straightforward: the con-
trol delay tc can be decomposed into the stop duration ts

and slow-down and start-up loss time r � ns. Here we
assume that the slow-down and start-up loss time is a
constant for each stop. The regression result using all the
four weeks’worth of trajectory data gives r ’ 7:98, which
means that each stop will contribute to around 8s start-
up and slow-down loss time other than the stop itself. As
shown in the figure, almost all scatters are close to the
diagonal dashed line, showing a good correlation
between these two parameters.

Figure 10 essentially provides a cross-validation
among different performance indices. The strong correla-
tions shown in the figures demonstrate the effectiveness

(a) (b)

Figure 10. Basic statistics analysis of the mobility performance index: (a) arrival on green versus the non-stop ratio and (b) control delay
versus the stop delay.
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and robustness of the proposed mobility performance
index calculation algorithms.

Aggregated Time-Space Diagram and Free-Flow Arrival Time
Histogram. In this subsection, we will introduce the aggre-
gated time-space diagram and the free-flow arrival time
shown by Figure 11. The whole four weeks’ worth of
data from 8:00 to 11:00 a.m. are aggregated to get the

figure for two intersections, Huron and Nixon, which are
the closest intersections in the corridor.

To get the aggregated time-space diagram, we shift the
trajectory to the same cycle by setting the green start time
as the zero time point. The green start point is labeled as
Point C in Figure 6; it is the start of the green time for
the cycle in which the trajectory traverses the stopbar.
Figure 11, a and c, show the aggregated time-space

(a) (b)

(c) (d)

Figure 11. Aggregated time-space diagram and the free-flow arrival time histogram: (a) aggregated time-space (TS) diagram (Huron),
(b) free-flow arrival histogram (Huron), (c) aggregated TS diagram (Nixon), and (d) free-flow arrival histogram (Nixon).
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diagram for Huron and Nixon accordingly. Blue trajec-
tories are from the through movement from the east to
the west, while orange trajectories are from the through
movement from the west to the east. Locations of the
stopbar and signal state are drawn as horizontal lines in
the figure; the distance increases from negative to positive
from the west to the east. From the aggregated time-
space diagram, we can clearly see the departure shock-
wave since the green start time is synchronized for all the
trajectories. Besides, we can roughly evaluate the coordi-
nation among these two intersections by the vehicle stops
in the time-space diagram.

Based on the aggregated time-space diagrams given
by Figure 11, a and c, Figure 11, b and d, are the corre-
sponding free-flow arrival time histogram. Free-flow
arrival time is defined as the estimated arrival time of a
vehicle travels at the free-flow speed labeled by Point B
in Figure 6. Before drawing the histogram, the free-flow
arrival time is also shifted to the same cycle by synchro-
nizing the green start time as the zero time. In this way,
the vehicle that the free-flow arrival time is larger than
zero corresponds to the arrival-on-green vehicle, while
the negative free-flow arrival time corresponding to
the vehicle will arrive during the red time at the free-
flow speed. Besides, the control delay of the vehicle
increases from the left to the right in the histogram
generally. With this free-flow arrival histogram, traf-
fic engineers can roughly see what will happen if the
average offset among the intersections is adjusted.
Changing the offset essentially shifts the zero time
point denoted by the vertical dashed line in the histo-
gram; the delay could be reduced if more bars are on
the right side in the histogram.

Corridor-Level Space-Mean Speed Calculation

Figure 12, a and b, show the heatmap of the space-mean
speed calculation. Space-mean speed is calculated using
the trajectories of all the through movements of the cor-
ridor. Both figures aggregate four weeks’ worth of data
of into the same day; that is, the average speed for each
element of the speed matrix is the average value for the
entire four weeks. With the space-mean speed heatmap,
traffic engineers can clearly see the speed pattern of the
whole corridor and where the congestion happens shown
by the red color.

Conclusions

This paper focuses on vehicle trajectory data in urban
traffic networks. We propose a trajectory data processing
pipeline that serves different applications of urban traffic
network analysis. The trajectory data processing pipeline
includes matching trajectory data to a well defined net-
work representation, splitting the trajectory data into dif-
ferent movements, and extracting distance information
from raw GNSS coordinates. Smoothing and filtering
algorithms are also required to reduce the influence of
noise and errors in real-world data. Based on the pro-
cessed trajectory data, we also propose a series of effi-
cient and robust algorithms for mobility evaluation of
the signalized intersections including estimating the vehi-
cle delay and number of stops and evaluating the coordi-
nation among intersections.

The real-world trajectory data collected by the Ann
Arbor Connected Vehicle Test Environment is used to
test the proposed methods and algorithms. Different

Figure 12. Space-mean speed for the through movements of Plymouth Rd: (a) west to east and (b) east to west.
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plots are generated to visualize the mobility performance
of the studied corridor. The cross-validation of different
mobility performance indices shows the effectiveness and
robustness of the proposed algorithms. The trajectory pro-
cessing pipeline and mobility evaluation algorithms suit
well for real-world implementation in a large-scale net-
work with vehicle trajectory data, which can serve as a step
stone for city-level traffic control and management. In the
future, more advanced traffic state estimation and optimi-
zation algorithms can be developed based on existing data
processing and mobility evaluation framework.
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