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Abstract: In this paper, the authors present their efforts in exploring a new type of traffic data, referred to as internet-connected vehicle (ICV)
data, for traffic congestion management and operational planning. Most currently manufactured vehicles contain onboard GPS and cellular
modules, and they constantly connect to automobile manufacturers’ clouds via cellular networks and upload their status. Some automobile
manufacturers have recently redistributed the nonpersonal part of such data, such as geolocation, to third-party organizations for innovative
applications. Compared with the traditional vehicle GPS data, the ICV data contain high-resolution GPS waypoints accompanied with the
vehicles’ abnormal moving events (e.g., hard braking). The ICV data also have huge potential in congestion management and operational
planning. They explore to identify and analyze traffic congestion on both freeways and arterials using the ICV data. The ICV data adopted
for this research are redistributed by Wejo Data Service, representing 10%–15% of all moving vehicles in the Dallas–Fort Worth (DFW) area
in Texas. Through one case study for a freeway segment and one for an arterial segment, new traffic performance metrics based on the char-
acteristics of ICV data have been presented. The highlights of these efforts are as follows: (I) queue length and propagation at freeway
bottlenecks can be directly measured based on where and when most internet-connected vehicles slow down and join the queue; (II) an
internet-connected vehicle’s actual delay time on arterials can be directly measured according to its slow movement percentage, without as-
suming the nondelay travel speed; and (III) the ICV data set are also combined with the high-resolution traffic signal events to generate a
ground-truth time-space diagram (TSD) on arterials—a common visualization of arterial signal performance for transportation planning
and operations. DOI: 10.1061/(ASCE)UP.1943-5444.0000835. © 2022 American Society of Civil Engineers.
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Introduction

The era of mobile computing enables ubiquitous smartphones,
in-vehicle internet-of-things (IoT) devices, and connected and
automated vehicles. Vehicles and infrastructure are connected in
multiple ways. One approach is through crowdsourcing. The mo-
bile devices are generating rich traffic data sets of new types,
which will be supplemental to the infrastructure sensors maintained
by public agencies to better plan the traffic congestion management
heavily driven by data. Collecting and maintaining infrastructure
sensors at a large scale requires a huge amount of construction
and recurrent operational costs. Furthermore, infrastructure sensors
are fixed-spot ones, and therefore they cannot provide a full spec-
trum of traffic conditions. Most agencies today still use the traffic
data collected via fixed-spot infrastructure data for performance
monitoring, such as inductive loops, road-side cameras, and radar

sensors (Xu et al. 2016). Some agencies also adopt automated ve-
hicle identification techniques, such as Toll Tag ID (Turner et al.
2000) and Wi-Fi/Bluetooth MAC address matching (Li and
Souleyrette 2016; Araghi et al. 2016). While these techniques are
proven to be effective, bias is inevitable because the agencies
have to empirically select sensors’ locations and use a
point-to-point vehicle ID matching mechanism to represent the en-
tire highway segments. In reality, congested segments and bottle-
necks may occur at any place. Infrastructure detectors can only
report the traffic conditions at certain fixed spots. As a result, the
corresponding traffic performance monitoring is inevitably biased.
One straightforward solution is to deploy infrastructure sensors
more intensively to narrow the link segments while this option
may be not cost-effective to agencies. On arterials, while intersec-
tions are explicit bottlenecks, hidden bottlenecks often exist at mid-
block driveways or two-way left-turn lanes. Such hidden
bottlenecks can hardly be identified with traditional traffic analytics
or fixed-spot detector data.

To overcome these challenges and to provide new cost-effective
solutions, we exploit the potential of emerging internet-connected
vehicle (ICV) data in congestion management. The ICV data are
passively crowdsourced and collected by automobile manufactur-
ers. Most currently manufactured vehicles constantly connect to au-
tomobile manufacturer’s clouds and upload their real-time status
(e.g., the GMC’s OnStar, an add-on service based on subscrip-
tions). Some automobile manufacturers have recently decided to
redistribute such data sets (after removing the private info) to third-
party organizations for innovative mobility applications. Compared
with the traditional vehicle GPS data set, the ICV data contain high-
fidelity waypoint locations accompanied with abnormal events
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(e.g., hard braking) while vehicles are moving. After some prelim-
inary experiments, we conclude that the ICV data are highly accu-
rate and hold great promise in congestion management. The ICV
data are based on vehicle trips. Each trip will be allocated with a
unique ID. For each waypoint of a trip, the vehicle’s instantaneous
latitude, longitude, current timestamp, speed, and heading are pro-
vided. Abnormal vehicle maneuvers (e.g., hard braking) are also
collected from onboard units. The ICV data for this study are
procured from Wejo Data Service which is licensed by General
Motors. The penetration of the ICV data we studied represents
10%–15% of all moving vehicles in the Dallas–Fort Worth
(DFW) area, Texas.

The paper is organized as follows. First, literature on traffic data
collection and applications is reviewed; then a scalable framework
for processing the ICV data is presented. Second, two case studies
are conducted to find the hidden highway bottlenecks, accompa-
nied by new performance metrics based on the ICV data sets.
Third, we present new traffic performance metrics on arterials
based on the ICV data and high-resolution traffic control log data.

Literature Review

Congestion management on highways focuses on bottleneck iden-
tification and mitigation. Traditional methods to discover bottle-
necks mostly are based on infrastructure sensors. With fixed-spot
detectors, Chen et al. design a statistical method to identify the pos-
sible appearance of bottlenecks on freeways by comparing the
speed differences between the upstream and downstream locations.
If the speed difference is more than 20 mi/h (32 km/h), then a bot-
tleneck is identified (Chen et al. 2004). Other than the speed reduc-
tion between locations, bottlenecks on freeways can also be
identified by the duration of speed reduction at certain locations
(Banks 2009), by the reduction of traffic volumes (Bertini 2003),
and by occupancy changes (Hall and Agyemang-Duah 1991;
Zhang and Levinson 2004). The advantage of the fixed-spot detec-
tors is that they can almost capture 100% of vehicle presence (if
lane-by-lane detection is configured) and therefore reported results
are accurate. However, the selection of sensor locations is very im-
portant, and hidden bottlenecks may be difficult to find.

Transportation agencies also explore to capture and match a
small portion of vehicle signatures to collect segment travel time
samples. The vehicle signatures refer to unique in-vehicle IDs.
Through various roadside sniffing devices deployed at different lo-
cations, those unique vehicle IDs can be captured and rematched.
The time difference between road-side devices is considered as a
segment (i.e., space) travel time sample. Available vehicle signa-
tures include, but are not limited to, probe vehicles with known
IDs (Hofleitner et al. 2012), toll tags series numbers (Turner
et al. 2000), license plate numbers (Bertini et al. 2005; Xu et al.
2011), cellphone locations (Qiu et al. 2009), vehicle’s optical
image identification (Kuroiwa et al. 2006), vehicles’ magnetic
signature matching (Charbonnier et al. 2012; Kavaler et al. 2011;
Kwong et al. 2009; Sanchez et al. 2011a, b), and Bluetooth
MAC address matching (Bakula et al. 2012; Barcelo et al. 2010;
Brennan et al. 2010; Haghani et al. 2010; Hainen et al. 2011;
Quayle et al. 2010; Richardson et al. 2011). Segment travel time
is a direct indicator of road congestion and is considered superior
to the estimated travel time by the fixed-spot detectors. Nonethe-
less, there are also challenges in leveraging between screening
the sample outliers and sample sizes. For instance, in the commonly
used Bluetooth-based travel time estimation method, the sample
size is usually less than 5%. To increase the capturing rate, high-
gain antennas (with a sensing radius of 1,000 or more feet) must

be used, resulting in large measurement errors. In the meanwhile,
vehicles are not tracked between two locations and their abnormal
behaviors (e.g., pullover) cannot be tracked. As a result, the sample
outliers must be screened. Other techniques also have their draw-
backs. Many research efforts have been dedicated to addressing
these issues. For example, a framework including multiple heuristic
steps to process the Bluetooth-based travel time samples were de-
signed by Haghani et al. (2010). In their framework, a set of
24-h historical travel time samples are selected to infer the travel
speed distributions. A moving standard deviation is designed by
Quayle et al. (2010) to screen the Bluetooth-based travel time out-
lier samples. Li and Souleyrette (2016) propose a Kalman filter
framework to estimate the time-varying travel time with collected
Bluetooth travel time samples. These techniques fall into the cate-
gory of the passive sensing technique. Roadside capturing devices
are typically needed at different locations for travel time
estimations.

After entering the era of mobile computing, most vehicles be-
come probe vehicles via drivers’ smartphone apps and onboard
units. These vehicles share their information regularly. The infor-
mation can be collected through drivers’ smartphones, in-vehicle
global positioning system (GPS) receivers, and many more. Most
new vehicles today are equipped with in-vehicle GPS receivers
for location services (e.g., General Motor’s OnStar service). Such
services require vehicles to constantly share their locations and
therefore the collected location data are essentially crowdsourced,
and the nonpersonal part of such data sets is a novel traffic data
set with massive sample sizes and broad coverages. The commer-
cial probe vehicle data are typically provided in two forms: (I)
dynamic link travel times/link travel speeds according to aggre-
gated GPS trajectories; (II) individual vehicle trips containing all
the trip waypoints at small time intervals (3–15 s). Both types of
GPS probe data are currently used in congestion management.
For example, Gong and Fan (2018) design a framework to identify
freeway bottlenecks using the large-scale link travel time aggre-
gated from vehicle GPS trajectories. They combine both probe
data sets and traffic management center data to identify bottlenecks.
Zhao et al. (2013) use commercial vehicle GPS trajectories with a
time interval of 15 s or longer to evaluate traffic progression in
Washington. Waddell et al. (2020a, b) investigate to estimate traffic
signal performance along arterials using the vehicle GPS trajecto-
ries and automated traffic signal performance metrics (ATSPM).
Deng et al. (2018) use GPS trajectories to model intersections.

Congestion management based on large-scale connected vehicle
trajectories and events data is a relatively new concept. Some
researchers have recently used such data sets to explore the conges-
tion management on intersection operations (Hunter et al. 2021b;
Saldivar-Carranza et al. 2021), work zone management (Desai
et al. 2021; Sakhare et al. 2021), and impacts from connected
vehicle penetration (Hunter et al. 2021a).

Framework for Processing the Raw ICV Data

A big challenge of using the ICV data for transportation manage-
ment is how to reduce the ICV data size to a manageable level
for specific purposes. Due to the rich information and high resolu-
tion, even a few weeks of ICV data set will be hundreds of giga-
bytes or even terabytes of text files. They are beyond the
capability of traditional data processing tools. To overcome these
challenges, we propose a scalable data processing framework to fil-
ter out irrelevant information from the raw ICV data including
out-of-scope waypoints. Also, we develop efficient map-matching
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algorithms to map vehicle GPS traces onto road links. Fig. 1 dem-
onstrates the proposed ICV data processing framework.

Data Reduction for the Scope of Interest

The first core process in this framework is to reduce the data size
and screen out irrelevant data sets. The ICV data are often delivered
in-vehicle traces covering the entire area while the scope of conges-
tion management only includes much smaller areas along the high-
ways whose shapes are likely irregular. Checking whether
geolocation points are within an irregular polygon at a large scale
is computing intensive. To address this issue, we adopt an efficient
approach proposed by Li and Li (2010). The data-reduction method
due to Li and Li is to first convert vector Geography Information
System (GIS) maps into raster maps and use each pixel’s value
to represent a link ID. In light of this idea, we first rasterize a
broader bounding rectangle on a GIS map. We only focus on the
waypoints that are within the bounding rectangle. We then set all
the pixels within the polygon of interest as one value that is differ-
ent from those pixels out of the polygon. Each waypoint within the
bounding rectangle will be assigned a corresponding pixel value.
At last, all waypoints are grouped and filtered according to their as-
signed values. More details are provided as follows.

The congestion management is typically carried out for a city or
a region within which the unit distances of longitude are viewed as
constant (i.e., the city or region can be viewed as a flat plane).
Therefore, we can safely map the vehicle GPS waypoints from
the WGS84 coordinate system (latitude–longitude coordinates)
into the local coordinates in a customized rectangular coordinate
system.

As shown in Fig. 1, the broader bounding rectangle, denoted as
BR, is first defined to cover all the road segments of interest. The
irregular area of interest is denoted as A. The bottom-left corner
of BR is the origin with coordinates (0, 0) in the local rectangle co-
ordinate system, denoted as P1. From an online map engine (e.g.,
Google Map), we can then find P′

1s latitude–longitude coordinates,
denoted as (lonm, latm). Second, the latitude–longitude coordinates
of the top-right corner are denoted as P2, which is identified as
(lonM, latM). Third, the rectangular BR is further divided into xM× yM
smaller cells. Using the cells as the units, then the local coordinates
for P1 and P2 are (0, 0) and (xM, yM), xM∈N+, yM∈N+. A larger xM
or yM means a small cell size (i.e., higher resolution) along with the
x or y directions. The aforementioned conversion function from

latitude–longitude coordinates(lon, lat) to local coordinates (x, y)
in BR can be formulated as follows:

(x, y) = F(lon, lat) =
xM × (lon − lonm)

lonM − lonm
,
yM × (lat − latm)

latM − latm

( )
(1)

For each latitude–longitude point, (lon, lat), (1) will convert it into a
local point, (x, y), in BR.

With (1), the coordinates of polygon A’ vertices, denoted as
{(lonvi , lat

v
i ), i ∈ {0, 1, 2, . . .}} can be converted into the local

rectangle coordinate system as follows:

(x̂i, ŷi) = F(lonvi , lat
v
i ) (2)

To identify if a waypoint falls into A, the waypoint must be com-
pared with all vertices of polygon A. This process, if carried out
in sequence, will be time-consuming but can greatly speed up
with advanced computing tools. In this context, because the pro-
posed data-reduction process is similar to processing an image
comprised of pixels, we adapt a computer-vision library, referred
to as the OpenCV (Version 4.5.4), to perform this process. We for-
mulated this problem as an image processing problem.

We constructed a binary matrix,M, with dimensions of xM× yM.
Each element represents a cell defined previously in analogy of
image pixels of BR and A, and can be indexed by the row number
i and column number j. Each element in M is initialized as 0 and
those elements within A are then adjusted to 1. A function, M:
ℝ ×ℝ→ {0, 1}, can be constructed from the matrix M. For a
point, (x, y), within the BR, the value of M(x, y) is the value of the
element in matrix M indexed by row x+ 0.5 and column y+ 0.5.
For the points outside of BR, the value is 0. This is described by
the following equation:

M (x, y) =
(M x+0.5, M y+0.5), x ∈ [0, xM ), y ∈ [0, yM )
0, o.w.

{
(3)

A latitude–longitude waypoint (lon, lat) will first be converted into
the local coordinates (x, y) in BR. We used the OpenCV library to
mark down the corresponding latitude–longitude waypoints that
are within A, that is, {(lon, lat)|M (F(lon, lat)) = 1, ∀(lon, lat)}.
The aforementioned data-reduction process inspects each waypoint
independently, allowing for parallelization. The GPS waypoints in
this study are also delivered in multiple text files for each hour.

Fig. 1. Illustration of data reduction with the OpenCV library.
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Map Matching of Vehicle GPS Waypoints
to Time-Dependent Road Link Sequences

Traffic congestion is typically evaluated based on road segments.
Therefore, it is critical to map the vehicle trajectories onto road
links and convert vehicle trips to a time-dependent link sequence
for quantitative analysis. For the real-world problems with the
ICV data sets, the map-matching task often requires matching mil-
lions of vehicle GPS waypoints to tens of thousands of road links.
There are plenty of commercial GIS packages including the map-
matching functions. However, after exploring most of the existing
tools, we conclude that most tools are not suitable for processing
such a magnitude of vehicle trajectories targeted in this paper
even though the outputs are accurate. As such, the map-matching
algorithm must be designed in such a way that it can significantly
reduce the matching space and can parallelize the tasks into multi-
ple CPU cores or computer clusters. To meet these goals, we design
the map-matching algorithm as follows:
• Step 1: Grid the road network
The purpose of gridding the road network into cells is to exclude
those road links irrelevant to a GPS waypoint. Fig. 2(a) demon-
strates the grid road network in the Dallas–Fort Worth region. If
a waypoint falls into Grid X, the algorithm does not need to com-
pare those links in Grid Y.

• Step 2: Identify the list of crossing grids for road links
Regional highway networks are represented by nodes and links.
After gridding the road network, certain long links (i, j), repre-
sented by two end nodes i, j, may cross more intermediate
grids than just two grids. To ensure all crossing grids of a long
link will be recorded, we extend the scope of long links. As illus-
trated in Fig. 2(b), link (i, j) crosses three grids (upper left, central
and bottom right). We extend the list of crossing grids for (i, j) to
all the grids within the shadow. This operation will guarantee any
waypoint can always match its link even if the road network is
sparse. The shadowed area in Fig. 2(b) is an extended rectangle
on the gridded road network to cover multiple grids (upper left,
central and bottom right). The rectangle uses the upper left and
bottom right grids as diagonal corners.

• Step 3: Match GPS waypoints to links
While matching a waypoint (e.g., Grid X) to the road links, only
those road links passing Grid X will be selected for matching and
the link in the same grid with the shortest conjugate distance
from the waypoint will be identified as the matched link (Fig. 1).
After the map matching, each vehicle trip can be converted into a
series of dynamic link sequences comprised of a link list and a
time list. For instance, (l1, l2, …, ln)+ (t1, t2, …, tn) represents
that a vehicle enters a link l1 at t1, leaves l1 (i.e., enter l2) at t2,
leaves l2 (enters l3) at t3, and so on. At this time, it is ready to
analyze the link traffic performance based on the converted
ICV data sets.
Remarks: Although Step 2 ensures that a waypoint will match

the correct link, it also introduces unnecessary matching efforts.
For instance, in Fig. 2, a waypoint in those grids, which are within
the rectangle but are not crossed by the trajectories, will have to cal-
culate its conjugate distance to an irrelevant link (i, j). Nonetheless,
the long links crossing multiple grids are rare in practical road net-
works. Therefore, Step 2 will not significantly increase the comput-
ing efforts.

Framework’s scalability: Gridding the road network will dra-
matically reduce the number of links to be matched for each way-
point. Step 1 and Step 2 will jointly guarantee that the
map-matching results will not deteriorate if the grid size is further
reduced. Since the map matching for one waypoint is independent
of other waypoints, the map-matching process for multiple

waypoints can be parallelized on multiple CPU cores or computer
clusters. Therefore, the proposed map-matching method is scalable,
and it is suitable for large-scale problems.

Mismatching issue: A small portion of waypoints may be
equally away from two links. For instance, while a vehicle is pass-
ing an overpass on freeways, its waypoints may be equally away
from the freeway link and the overpass link. To avoid
mismatching, it is necessary to examine the predecessors
and successors of this waypoint within the same trip to ensure
the correct links. Comparing the vehicle’s heading (direction)
with the road direction can also help remove the mismatching issue.

ICV-Data-Based Performance Metrics
in the Time-Space Diagram

The time-space diagram (TSD) is a popular tool to reveal time-
dependent traffic performance on roads. Because the ICV data
ubiquitously cover all the locations with relatively large sample
sizes, we can divide a road link into smaller segments to reveal
the time-dependent traffic performance according to the ICVs’
waypoints at different locations over time. The new performance
metrics are designed according to the features of ICV data sets:
time-dependent link speed map integrated with slow vehicle move-
ments and degree of speed harmonization (DSH).

Time-Dependent Link Speed Map Integrated with Slow
Vehicle Movements

Time-Dependent Travel Speed
The time-dependent segment speed is calculated as the average
speed of waypoints reported within each segment and time.

�vt,l =
∑

i=1,...,n

vit,l (4)

where �vt,l = average travel time on segment l during time-of-day pe-
riod t; and vit,l(i = 1, 2, . . . n)= reported speed in a waypoint within
the segment and time-of-day period.

Vehicle Slow Movements and Queue Length
The slow movements are identified when a vehicle’s speed has re-
duced below a threshold. When an internet-connected vehicle joins
queue end at a bottleneck, its speed will significantly reduce. There-
fore, we can estimate the propagation of queue lengths at bottle-
necks according to when an internet-connected vehicle begins to
report slow movements. As illustrated in Fig. 3, the start of a stable
slow movement represents the instantaneous queue end at
bottlenecks.

The proposed performance metric is a combination of travel
speed and vehicle slow movements. This performance metric will
be demonstrated in Case study I.

Degree of Speed Harmonization on Road Segments

While the travel speed is a straightforward indicator of traffic mo-
bility, it also averages out the heterogeneity and fluctuation of indi-
vidual vehicles. As shown in Fig. 4, Vehicle 1 accelerates and
decelerates multiple times between location i and location i,
whereas Vehicle 2 only accelerates once. If we use the average
speed to represent the two vehicles’ maneuvers, then Vehicle 1’s
stop-and-go pattern will be missing.

Because vehicles’ stop-and-go characteristics directly reflect
both traffic safety hazards and congestion, we propose the
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following performance metrics to reflect the speed harmonization
on road segments.

Denote the collection of speeds of a trip p on a road link as
{vip}, i = 1, 2, . . . then nonnegative speed change value and the av-
erage speed change of p are defined as {dip} = {|(vip − vi−1p )|}, i =
2, 3, . . . and �dp =

∑
i=1,2,...n d

i
p

( )
/n, respectively. The DSH on

link l is calculated as follows:

DSHl =
∑

p=1,2,...m
�dp

( )
m

for ∀ l (5)

Eq. (5) shows the DSH of all vehicles on l during the study period.
It is similar to the definition of coefficient of variation in statistics
indicating the normalized deviation of a vehicle’s reported speeds.
DSH is related to traffic safety and vehicle emissions. The larger the
dimensionless DSH of a cell is, the more likely vehicles frequently
accelerate and decelerate, implying traffic safety hazards and ve-
hicle emission issues.

Case Study I: Using the ICV Data to Identify Queue
Propagation at Freeway Bottlenecks

The queue length at freeway bottlenecks is traditionally estimated
according to traffic counts at upstream and downstream locations.
For example, Lawson et al. (1997) proposed an approach to esti-
mate the queue length based on the vehicle cumulative counts,
also known as A–D curves; Newell (1993) proposed a so-called
three-detector method to estimate the queue length at freeway bot-
tlenecks. However, these methods of queue length estimation are
sensitive to the selected parameters (e.g., vehicle speed while mov-
ing in the queue). Using the ICV data, we can directly measure the
queue length and propagation at freeway bottlenecks. Through syn-
thesizing multiple days of ICV data, we use the performance met-
rics proposed in the “ICV-Data-Based Performance Metrics in the
Time-Space Diagram” section to identify the spatiotemporal char-
acteristics of queue lengths at bottlenecks.

The selected freeway segment on I-20 interstate highway is one of
the major corridors for travelers within the City of Arlington, Texas.
There are also six ramps along the I-20 inArlington, potentially causing
vehicles to slow down. Following the framework proposed in the
“Framework for Processing theRaw ICVData” sectionwefirst process
the raw ICV data and only reserve relevant vehicle trips. A related ve-
hicle trip is identified if at least one of itswaypoints is locatedwithin the
study scope and has a correct heading. In addition, a vehicle trip is bro-
ken into two or more if a time interval between two consecutive way-
points is longer than 2 min. In that case, it means the same vehicle may
likely have taken off the mainline and then taken on the ramp again.
Therefore, the same vehicle trip should be viewed as two separate
trips. In the preliminary data screening, a total of 36,345 vehicle trips
were retrieved from June 1, 2020 to June 7, 2020. Using the processed
vehicle trips, we then construct a 24-h time-space diagram with multi-
ple days of vehicle trips to identify spatiotemporal bottlenecks. The
speed limit on I-20 in Arlington is 70 mi/h (113 km/h). If a waypoint
speed is lower than 40 mi/h (65 km/h)—a local empirical threshold
—then the vehicle’s waypoint is labeled as a slow movement, suggest-
ing that this vehicle is in a moving queue. Because the ICV waypoints
cover the entire freeway segment, we further divide the freeway into
several subsegments with a 0.5-mi length to inspect the traffic perfor-
mance metrics at each subsegment. Furthermore, we divide 1 day
into 24 h.

Fig. 5 reveals a high correlation between travel speed and slow tra-
jectories. For instance, we can identify low-speed cells, such as those
in Areas I, II, III, and IV. We can also identify the queue propagation
in those areas, too. The colored cells and slow trajectories jointly vis-
ualize the spatiotemporal characteristics of freeway bottlenecks. In
particular, the East Bound (EB) queue length in Area III, developed

(a) (b)

Fig. 2. Gridding road networks and map matching.

Fig. 3. Identifying queue end with vehicle slow movements at
bottlenecks.

Fig. 4. Speed files of two heterogeneous vehicles with the same
average link speed.
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at a ramp, seems to have lasted a few hours, and the queue propagated
back to upstream ramps. The queue length reached the maximal be-
tween 8 p.m. and 9 p.m. and then disappeared after 11: 30 p.m.
Note that the ICV data for this case study were collected during the
lockdown period of Texas. Therefore, there were no obvious morning
and evening peak hours. The cause for the bottlenecks was road con-
struction and work zone management. The local agencies decided to
speed up road construction projects during the pandemic because
the traffic volumes dramatically decreased.

Fig. 6 reveals the DSH values in each cell. A three-grey-level
code is used to represent the DSH in each cell. We can tell that
the DSH has a low correlation with travel speed when compared
with the slow trajectories. It seems that vehicles’ DSH reduces
after they slow down and join the queue. This makes sense because
vehicles have less flexibility of speed changes due to the close
spaces with other vehicles.

Case Study II: Using the ICV Data and Traffic Control
Data to Identify Arterial Congestion

Intersections are natural bottlenecks on arterials. Compared with
freeways, the agencies typically collect various types of data via
fixed-spot infrastructure detectors and traffic signal control
events. Data-driven traffic control performance metrics are one
of the focuses of the Every Day Counts Initiatives program over-
seen by Federal Highway Administration (Wagner 2014). More
recently, researchers begin to explore integrating vehicle trajec-
tories with infrastructure traffic data to create novel traffic per-
formance metrics. The most common method to reveal the
arterial traffic bottleneck is the TSD. The TSD reveals the per-
formance of traffic signal control across multiple intersections
and the performance metrics include green bandwidth, maxi-
mum queue length, and so on. Fig. 7 is an arterial time-space

diagram based on traffic signal events (signal control records
at each intersection) and vehicle trajectories (curves between
intersections).

The high-resolution traffic signal events are footprints of traffic
control operations. Whenever a traffic controller changes its status
(e.g., capture an approaching vehicle, a green phase start or ending,
and so on), this control event will be timestamped and archived. We
can use the control events to construct the TSD using the control
events. Constructing TSDs ideally needs both high-resolution traffic
signal event data and synchronous vehicle trajectories with sufficient
penetration rate, the latter of which are not available until recently. In
this case study, we explore combining the ICV data with the high-
resolution traffic control log data and design new arterial traffic per-
formance metrics based on ICV data. The traditional TSD is solely
based on infrastructure traffic data sets. Therefore, bias is likely in-
troduced to reveal congestion under complex traffic conditions
with queue spillbacks. The traditional TSD also assumes constant
moving speeds between intersections unless vehicles join queues.
This assumption may also be questionable because vehicles may
slow down to enter a driveway, slowing down the following ve-
hicles. Or vehicles may slow down and move in a two-way left-turn
lane. These maneuvers cannot be captured by the infrastructure traf-
fic sensors and so the TSD may convey misleading information
about arterial traffic performance.

The selected arterial contains five consecutive intersections of
Cooper Street in the City of Arlington, Texas. All five intersec-
tions can archive high-resolution traffic signal events data. The
speed limit on Cooper Street is 40 mi/h (65 km/h). Because the
mainline green duration varies from cycle to cycle under actuated
traffic signal control, it will be more accurate if the high-
resolution traffic signal events and ICV waypoints are synchron-
ized. By contrast, the freeway congestion can be evaluated solely
with the ICV data set. In North America, most arterials are con-
trolled by actuated traffic signal systems. A common mechanism
in the actuated traffic signal system is early return to green,

Fig. 5. Time-space diagram of dynamic travel speed integrated with slow vehicle movements. (Map data © 2021 Google.)
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returning any unused green time allocated for minor approaches
back to the mainline. As a result, the green duration on the arterial
mainline may vary from cycle to cycle. To evaluate the high-
fidelity delays, queue lengths, travel speed, and many more
given, it is necessary to avoid averaging out the cycle-to-cycle dif-
ferences. To meet these goals, we design an arterial time-space di-
agram based on the ICV trajectories and traffic signal events
across multiple intersections. Other than the common travel
speed or arrivals-on-green percentage described in other litera-
ture, we design a new performance metric between two consecu-
tive intersections: the percentage of slow movements of vehicle

trajectories. Using all the waypoints between two intersections
during the study period, the slow movement percentage is calcu-
lated as follows:

ps =

∑
i=1,..,m v′i∑
i=1,..,n vi

( )
(6)

where ps= slow movement percentage; v′i =waypoint speed which is
lower than a threshold [e.g., 5 mi/h (8 km/h)]; vi=waypoint speeds;m
=number of slow speeds; and n=number of total waypoints.

Compared with the link travel speed, an advantage of the slow
movement percentage is that it can reflect the vehicles’ actual

Fig. 6. Time-space characteristics of degree of speed harmonization (DSH).docx. (Map data © 2021 Google.)

Fig. 7. Arterial time-space diagram and mobile-sensor-based performance metrics. (Image © Google, Maxar Technologies, U.S. Geological Survey,
USDA Farm Service Agency © 2021.)
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queuing time between intersections. The link delay is defined as the
actual travel time minus free-flow travel time. In practice, vehicles’
moving speeds are seen as different from the speed limit. Therefore,
the averaged link delay time may misestimate the actual queuing
time. In Fig. 8(a), t1 is the reported link delay while the vehicle’s
actual delay time is t2+ t3 and it is greater than t1 because the ve-
hicle’s desired speed is faster than the free-flow speed. Fig 8(b)
demonstrates the other possibility, t2+ t3 < t1 because the vehicle’s
moving speed is lower than the speed limit. The driving experience,
energy consumption, and emission are more sensitive to low-speed
maneuvers. Identifying the actual queuing time accurately is impor-
tant to evaluate the traffic signal performance and vehicle energy
consumptions on arterials. To address this issue, the slow move-
ment percentage is designed to capture the real delay time between
intersections, which is critical to estimate the control delay given a
traffic signal timing. The aggregated average travel time and slow
movement percentages [speed < 5 mi/h (8 km/h)] between intersec-
tions are shown in Fig. 7, which is generated according to the ICV
data (trajectories in the TSD) and high-resolution traffic signal
events (mainline traffic control status and green band) from
12 p.m. to 1 p.m. on December 29, 2020. The actual delay time
is calculated as average travel time multiplied by slow movement
percentage.

Conclusions

In this paper, we present our efforts in exploring and exploiting the po-
tential ICV data set. The ICV data are passively crowdsourced from
the onboard positioning and communication modules in recently man-
ufactured vehicles. The raw data from the distributor, the Wejo Data
Service are well organized but have super big volumes. Therefore,
we first design efficient algorithms to screen the data set and match
the vehicle waypoints to the maps. We further design two new traffic
performance metrics and their visualizations in the time-space dia-
grams based on the characteristics of ICV data sets. One case study
is conducted on Interstate I-20 in Arlington, Texas, and the other
case study is conducted on Cooper Street in Arlington, Texas, in con-
junction with high-resolution traffic control events from the infrastruc-
ture. Cooper Street is a major arterial in Arlington. The features of the
proposed traffic performance metrics include that: (I) we can identify
the queue propagation at freeway bottlenecks, based on where and
when most internet-connected vehicles began to considerably slow
down and joined the queue; and (II) we can identify a vehicle’s actual
queuing time between intersections based on its slow movement per-
centage. The new performance metric does not need to assume a non-
delay travel time. More accurate estimation of vehicles’ queuing time
is critical for traffic signal timing design and the estimation of vehicles’
energy consumption. Based on the aforementioned findings, we

conclude that the ICV data set has a huge potential in enhancing traffic
congestion management planning both on freeways and arterials.

In the future, we will further seek how these newly proposed
concepts can be implemented in an online manner and coupled
with existing freeway/arterial ATMS and DSS systems that most
public agencies are using.
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