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ABSTRACT

Surrogate road safety approaches, as part of road improvement programs, have gained traction in recent
years. Thanks to emerging technologies such as computer-vision and cloud-computing, surrogate methods
allow for proactive scanning and detection of safety issues and address them before collisions and injuries
occur. The objective of this paper is to propose an automated and continuous monitoring approach for
road network screening using connected video cameras and a cloud-based computing analytics platform
for large-scale video processing. Using the wide network of traffic cameras from cities, the proposed
approach aims to leverage video footage to extract critical data road network screening (ranking and
selection of dangerous locations). Using the City of Bellevue as an application environment, different
safety metrics are automatically generated in the platform such as traffic exposure metrics, frequency of
speeding events, and conflict rates. Using Bellevue’s camera network, the proposed approach is
demonstrated using a sample of 40 cameras and intersections. The results and platform provide a
proactive tool that can constantly look for dangerous locations and risk contributing factors. This paper
provides the details of the proposed approach and the results of its implementation. Directions for future
work are also discussed.

Keywords: Computer vision, video-based traffic monitoring, network screening, surrogate safety, vision
zero
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INTRODUCTION

Road safety has been a fundamental concern globally, costing most countries around 3% of their
gross domestic product. Road crashes kill approximately 1.35 million people annually, placing them in
the top ten causes of death, and making them the leading non-disease cause of death world-wide. More
than half of these deaths are among vulnerable road users, making them more high risk (1). In the United
States, the annual death rate due to road crashes is 38,000 (resulting in 12.4 deaths per 10,000
inhabitants). 4.4 million additional road users have injuries requiring medical attention. This amounts to
$871 billion in societal and economic costs, making the United States the most affected high-income
country by the consequences of crashes. In addition, the number of pedestrian and cyclist fatalities have
been on the rise since 1990 (2).

In response to these road safety concerns, many cities have adopted road safety programs to
achieve Vision Zero. One of the main goals of Vision Zero is to eliminate traffic fatalities and serious
injuries to ensure that all road users can safely move around their communities. This concept was
introduced in 1995 and has since been adopted in 24 countries world-wide and in over 40 cities in the
United States alone_(3). Vision Zero recognizes that road users make mistakes or can be confronted with
dangerous situations and that public roads should be designed to accommodate for these modes of
failure—in the jargon of safe systems engineering, public roads should be fault tolerant.

Two major components of the program include managing safe travels and collecting, analyzing,
and using data to understand the causes of traffic deaths and their effects. This requires the establishment
of safety programs and goals that include educational, enforcement, and engineering countermeasures.
This implementation requires following the road safety management process (RSMP) which offers a
systematic approach to the site identification, improvement selection, and evaluation (4). The process
starts with a network screening process to determine the locations of interest. Once the locations are
selected, diagnosis is performed to identify the crash-risk contributing factors in order to then select the
proper countermeasures. A cost-benefit analysis is then performed, and projects are prioritized. Finally,
safety effectiveness evaluations are performed at multiple levels — on the project level, countermeasure
level, and/or program level (5).

Several steps in the RSMP are currently heavily reliant on the use of crash data. This creates a
significant obstacle for achieving Vision Zero, due to the long time required to obtain this data, in
addition to the issues surrounding data gaps, under-reporting, cross-jurisdictional inconsistencies, and the
ethical concerns with acting on crashes only after they happen. This necessitates the use of more proactive
measures, known as surrogate safety measures. These measures are used to reflect the current state of
road safety by providing information on crash risk (6). Due to the granular nature of the data required to
provide these measures, various technologies have been used in the context of diagnosis and safety
evaluation. These include cameras, LIDAR, and GPS, each with its documented advantages and
shortcomings-(7)(8)(9)).

Additionally, obtaining surrogate safety measures for network screening purposes adds another
layer of complexity as massive amounts of data need to be derived in a systematic and continuous
manner. Previous works have investigated the use of GPS data for network screening purposes with
documented success (9). However, despite the latest research developments, a limited number of studies
have explored the use of computer vision and available city infrastructure (network of traffic video
cameras and management center facilities) to perform continuous and automatic network screening.
Traditional network screening methods can only be performed at discretized intervals on a scale of years.
With the use of connected city cameras, computer vision, and surrogate safety measures, network
screening can be performed on a daily-, hourly-, or minute-by-minute-basis if desired. This new approach
enables city engineers to monitor changes in traffic patterns and respond proactively to emerging safety
warnings with countermeasure improvements.

The objective of this paper is to introduce the concept of automated and continuous monitoring
for road network screening using available infrastructure (connected cameras and cloud computing) and a
video analytics software solution referred to as BriskLUMINA. Using the wide network of traffic cameras
from cities, the proposed concept aims to leverage video footage to obtain useful data that can be
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searched, managed, and used to provide city road safety authorities with detailed information on traffic
volumes, speeds, conflicts and other driver behaviors so that they can respond more rapidly to road safety
issues. This paper presents the concept using the City of Bellevue as an application environment and
using various traffic flow and safety metrics (such as traffic exposure, over-speeding, near-miss indicators
based on frequencies and rates, etc.). This screening provides the City with data on which locations
experience road safety issues for motorized and vulnerable road users for a particular time, day, or traffic
movement.

LITERATURE REVIEW

In recent years, many communities have been looking beyond crash records for data-driven safety
analysis. Studying collision data is reactive; safety evaluation takes place after collisions occur, making it
nearly impossible to achieve the goal of zero traffic deaths and serious injury collisions. Additionally, the
infrequent nature of traffic collisions necessitates years of observation to achieve statistical significance
— up to 5 or even 10 years of data in the cases of studies involving single sites and/or low-traffic volume
locations, during which these locations may change significantly. Furthermore, it is well-documented that
traffic crashes and injuries are under-reported in many localities and there are societal barriers in using the
general public to test unknown safety countermeasures (10).

These concerns have led Vision Zero cities to use surrogate safety measures to proactively
identify locations that have a high risk of crashes but where the risk has not yet resulted in actual crashes.
These surrogate safety metrics are collected from analysis of road-users’ trajectory data and near-collision
data. A wide variety of surrogate safety measures exist, including speed, delay, violations, deceleration
distribution, etc. (6). Two very popular metrics of crash risk are divided into measures of proximity and
crash severity with time-to-collision (TTC) and post-encroachment time (PET) being measures of
proximity and speed, and with acceleration, object size, and collision angle being measures of severity.
TTC is “the time required for two vehicles to collide if they continue at their present velocity and on the
same path” (11). PET is the time difference between when the first road user leaves the conflict point and
the second road user arrives at the conflict point (12). TTC is computed continuously and depends on the
predicted motion of the two road users whereas PET requires the two road users to have intersected paths
at some point. TTC is better suited for road users whose paths coincide for more than a single point of
their trajectories such as two road users originating from the same lane or merging into the same lane.

Many research groups have researched and developed the applications of computer vision to
surrogate safety with promising results (13). The use of video analytics to obtain surrogate safety data has
been growing in popularity due to the richness and granularity of the data that can be obtained. This
approach offers an alternative method of obtaining the desired metrics that is relatively inexpensive and
quick. Unlike traditional traffic safety evaluation methods, video-based monitoring is detailed enough to
identify near-crashes, classify road user types and their movements, and detect speeding infractions and
lane violations. Cameras capture high-resolution data for all road users and modes of transportation
within the field of view of the camera, compared to GPS sensor data, which only capture some of the road
users (8)(9). Unlike LIDAR, cameras are relatively easy to deploy and maintain alongside a traditional
surveillance system (7). Lastly, videos are easy for people to review and understand, unlike many other
data collection technologies that simply provide numerical data.

Despite recent developments in the literature on surrogate safety, most of the work has been
focused on the proposition of new surrogate safety methods or the use of surrogate approaches for safety
diagnosis or before-after studies (14)(15). Very little work has been published using large-scale studies. In
particular, to our knowledge, no studies have been published using a large network of connected cameras
for proactive network screening — which is the first step of the classical RSMP.

METHODOLOGY

The implementation of the network-wide continuous monitoring system with connected cameras
consisted of several steps. For the methodology implementation, the City of Bellevue’s connected camera
network was used as an application environment. First, the locations at which the analysis was to be
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performed were selected. Then, the analytics system was deployed at those locations and calibration was
performed. Finally, the numerical and visual data were generated and then analyzed.

Location Selection

The criteria for location selection were: 1) presence of a camera at the road segment, 2) camera
having an appropriate field of view, 3) rank with respect to the High Injury Network (16), and 4) variation
in land use, urban density, and road geometry.

The City of Bellevue’s up-to-date camera infrastructure and modern traffic management centers
ensured the smooth implementation of the system. The city has a network of high resolution connected
cameras at approximately 110 of its 200 intersections with fibre optic video streaming capabilities. All
cameras are mounted on traffic signals or poles between 20 and 40 feet high making them appropriate for
this type of deployment.

The presence of a camera was the most important selection criteria, narrowing down the number
of possible locations. Of these locations, the fields of view of all the cameras were assessed to eliminate
the locations where the camera’s field of view did not cover the entire intersection. Another important
criterion was the inclusion of a variety of locations along the City’s High Injury Network (HIN) (and with
a variety of ranks within that network — high, medium, and low) and locations not on the HIN (16).
Additionally, the intersections selected were also geographically spread out throughout the city, had
varying urban densities, and different land uses. Finally, the selection of intersections took into
consideration varying road geometry and infrastructure.

Video-based Traffic Monitoring Platform Deployment

After the locations of interest were finalized, vision-based traffic monitoring was performed. This
process involves 1) livestreaming the video footage, 2) calibration and validation, 3) video-based Al
processing and safety analysis, 4) quality control and data filtering, and 5) presentation of analytics results
on the dashboard. This process is depicted in Figure 1.

©©

1. Obtain Video 2. Calibration 3. Video-based 4. Quality 5. Analytics
Footage & Validation Al Processing Control Results on
& Safety Dashboard

Analysis

Figure 1 Video-analytics process for safety analysis

The video footage from the intersections of interest was live streamed. The intersection meta-
data, alongside a short sample of video footage, was then input on the platform to perform the calibration.
During the calibration process, a coordinate transformation is performed using the camera view and an
aerial image for mapping purposes. The portion of the camera’s field of view of interest is then isolated
and the relevant movements are defined. Once calibration is complete, result validation is performed to
ensure accurate results (proper mapping and movement definition). Additionally, random 15-minute
manual traffic counts are compared to automatic counts to ensure count accuracy.

Once the validation process is complete, the video footage can be continuously processed. During
processing, computer vision is used to detect, classify, and track each of the road users in the traffic
stream. For this purpose, state-of-the art algorithms have been developed and integrated in the
BriskLUMINA platform. (17) Once the detection and tracking algorithms are implemented, the platform
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automatically generates a set of traffic flow and safety outcomes. This includes graphs, heat maps, and
video clips as well as risk indicators at different levels (scenario and intersection level). The results are
then quality controlled to ensure a high-level of accuracy, removing any false positives in the outcomes.
Once all of this is complete, the results are available on the online safety dashboard.

Output Analytics

The outputs from the video-analytics cloud platform (BriskLUMINA) provide information on
traffic flow (volumes and speed measures) and safety (in the form of near-misses and violations). The
outputs of the video analytics provide granular information on every single road user observed in the
video footage as well as more aggregate data at the scenario and intersection level in the form of charts
and heatmaps. Some of the typical outputs of the analytics are provided in Figure 2.

Video Analytics

Outputs
Traffic Flow Safety
Volumes Speeds Near-Misses Speeding Violations
Road Users hy Turning Road User Median Event Data Event Data
Movement Speeds
Road Users by Type Road g::;dtsonflict Conflict Videos Speeding Videos
Average Annual Daily Speed Distributions Conflict Heatmaps

Volumes

Speed Heatmaps &

Trajectory Images Stream Maps

Figure 2 Output analytics

The following data was used throughout the network screening process.

e Traffic volumes: Data is available on every road user captured. The road users observed are
bound by the field of view of the camera. Depending on the intersection, this extends between 0
to 30-feet from the stop line of each approach. Each road user is identified as a road user type
(truck, bus, car, motorcycle, cyclist, pedestrian, etc.) and is associated with a movement (eg.
northbound through or East crosswalk). The data can be obtained on more aggregate bases, such
as on a 15-minute, daily, site, or network basis.
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—— East Crosswalk
Nerth Crosswalk
—— South Crosswalk
—— Nerth Through
—— North Left Turn
—— North Right Turn
= South Through

Speed measures: For each road user, speed measures are calculated on a frame by frame basis.
Ultimately the speed vector assigned to each road user can be used to compute mean, median
speed, 85" percentile or other measures of speed using their trajectory data. Just as with the
volume data, this data can be obtained for each road user or aggregated over various desired
parameters.

Near-misses or conflict events: Near-miss events are quantified using PET as the indicator (or
optionally, also using TTC). Data is available for all events that involve the interactions of two
road users with a PET < 10 s, for relevant scenarios. Relevant scenarios are scenarios involving
two road users whose trajectories intersect, excluding events involving two pedestrians. In this
paper, events with PETs < 2 s are denoted as critical conflicts. Critical conflict rates were
calculated based on the total number of critical conflicts per 10,000 road users for the study
period.

Speeding events: Speeding violations or events, as defined by the traffic video analytics output,
occur when a road user is traveling above the posted speed limit for more than 20% of their
moving trajectory. Speeding is limited to motorized road users and uses the speed limits of
through movements as the assigned speed limit for the intersection. Anyone driving above the
speed limit will have an excessive speed value, defined as the median speed value of the vehicle’s
speeding trajectory. In this paper, speeding incidence rates were calculated based on the total
number of speeding road users per 10,000 road users for the week of the study period. Other
traffic violations can be extracted in an automated way but this application is limited to over-
speeding.

Figures 3 a-e show some sample platform outputs for the week of analysis at different study
locations. Figures 3.3a and b show the detected trajectories superimposed onto the camera’s field of view.
Figure 3.3c shows a conflict heatmap, indicating the frequency of more critical conflicts at specific
locations within the intersection. Figure 3.3d aggregates all the road user speeds to show a speed heatmap.
Lastly, Figure 3.3e shows a screenshot of a car exceeding the speed limit by more than 30 mph.

Bicycle
Bus
Car

—— South Left Turn [ g = Motorcy.c\e
—— South Right Turn || % Pedestrian

East Through \ s Pick-Up Truck

—— East Left Turn N b e ; - —— Single Unit Truck

—— East Right Turn
West Through

—— West Left Turn
West Right Turn

—— West Crosswalk

Speed (km/h)

Thu Apr 16 2020 13:43:09 . g y Thu Jan 24 2015 15:18:39

c) Conflict heatmap d) Speed Heatmap
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e) Speedingvioatiovieo

Figure 3 Sample analytics platform outputs

Analyses

In addition to looking at the raw-data indicators mentioned before (e.g., the frequency or rates of
conflicts or speeding events), a statistical regression model can be used to estimate the frequency of
events for each intersection after controlling for other factors. In this case, a multi-level regression model
is used to perform a network-wide analysis. Multiple geometric and non-geometric variables were
considered as explanatory variables when fitting these models. The explanatory variables include urban
density (high or medium), land use (commercial or residential), whether or not a school is present within
less than 0.125 miles from the intersection, road user types (car driver, bus or truck operator,
motorcyclist), road user movement (through, left turn, or right turn), protected vs non-protected left turns,
pedestrian traffic phasing, number of lanes, lane width, crosswalk width, presence of bike infrastructure
(dedicated bike path, shared bike path, both, or neither), time of the day, and days of the week.

The multilevel regression analysis was estimated with intersection fixed and random effects using
the independent variables as surrogate safety measures.

Yi=PBo+Prixi1tBexipgt -+ PpxptaZite, i=1,2,....n
Where:
yi — surrogate safety measure of interest for site i, for all conflicts
Xij — regressor for explanatory variable j
p; — coefficient for explanatory variable j
aZ;. fixed effects error for site i
&i — random error of the regression estimate

Using the expected frequency of events at the site level, the sites under study were ranked to identify the
most dangerous locations according to the specific indicator.

APPLICATION

Between 2009 and 2018, 66% of all fatal and serious-injury collisions in the City of Bellevue
occurred along just 9% of streets (16). Vulnerable road users (pedestrians and cyclists) made up 5% of all
collisions during this time but comprised 46% of all serious injuries and fatalities. An analysis of the
collisions indicated that the following five road user behaviors contributed to 70% of all fatal and serious
injuries: driver’s failure to yield to a pedestrian, failure to grant right-of-way to a motorist, driver
distraction, intoxication, and speeding (16). In response to these road safety concerns, the City of
Bellevue passed a Vision Zero resolution in 2015 to strive to eliminate traffic fatalities and serious
injuries by 2030. In 2019, the City of Bellevue conducted a citywide network screening analysis to better
understand the factors that impact the safety of its transportation system and leverage this insight to
identify improvements and evaluate outcomes. Camera footage was analyzed to obtain data about
surrogate safety indicators including road user speeds and near-misses. Results are used to validate road
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improvements, determine high-risk locations, and determine the most severe conflicts and interactions at
an intersection.

For the implementation of the proposed approach, a sample of 40 intersections were selected, from

the City’s 200 intersections. Figure 4 depicts the study intersections. The selection was based off of

the aforementioned factors:

o All intersections were signalized with a connected camera with the appropriate field of view.

e From those, 34 are four-legged intersections, 5 are three-legged, and 1 is five-legged.

e Most of the intersections (31) were part of the High Injury Network.

e The majority of the intersections (31) were not in the downtown area, defined here as the area
bordered by Main St. & NE 12 and 100th Ave & 112th Ave.

o Priority was given to intersections located in commercial areas given the high pedestrian
presence. In the sample, 28 intersections were located in commercial areas as opposed to
residential areas.

o 28 intersections were in medium density locations (suburbs, big-box stores, and/or factories)
while the rest were in high density locations (multi-story dwellings and/or businesses).

Figure 4 Study locations

Results

Video data was processed using the analytics platform defined earlier. For each intersection, 112
hours of video data (6AM to 10PM) were collected and automatically processed for a total of 4,500 hours
of video footage. This corresponds to seven consecutive days of data from September 13th to 19th, 2019.
Once data was streamed to the cloud analytics platform, each camera was calibrated and detection/
tracking algorithms were implemented. This was followed by the generation of traffic flow and safety
analytics metrics. A multitude of analyses can be performed on the data obtained; however, the section
will provide a set of outcomes for illustrative purposes.

4.1.1 Volumes

During the week of data collection, over 8.25 million road users were observed. From the total,
97.3% were motorized road users and 2.7% were vulnerable road users (2.6% pedestrians and 0.1%
cyclists). Figures 5 a-c show the concentration of each road user type across the network.
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Figure 5 Concentration of each road user across network

The average total vehicular volume per intersections was between 0.2 and 0.25 million for the
entire week of analysis. The 2 intersections with the highest volumes, at around 0.4 million, were 112th
Ave & NE 8th St and 116th Ave & NE 8th St. These high volumes were observed as both intersections
are adjacent to interstate ramps. Pedestrian volumes were less uniform throughout the study locations.
Over half of all the pedestrian volumes observed were at four downtown, high density intersections

10
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(Bellevue Way & NE 8th St, 108th Ave & NE 8th St, 108th & NE 4th St, and Bellevue Way & Main St).
For more than two-thirds of the selected locations, pedestrian volumes made up less than 2% of the total
traffic. Cyclist volumes were very low throughout all study intersections, and cyclists made up more than
1% of road user volumes at only 2 intersections (116th Ave NE & Northup Way and 100th Ave & Main
St).

Speeds
The speed for all the road users was obtained on a road user basis and was aggregated for a

9  network-wide analysis by road user type and movement type. This section looks at the temporal variation
10 inthrough vehicular speeds by land use, speed limit, and intersection location along the HIN. Other
11  analyses can be performed by looking at different road users and/or turning movements and other metrics
12 such as 85" percentile speeds, free flow speeds, coefficient of variation etc.
13 Figures 6a-c display the temporal variation of through vehicle speeds with respect to different
14  factors. On a network-wide basis, through movement speeds were relatively constant throughout the day.
15  Vehicles at residential locations had higher speeds and fluctuations compared to commercial locations. As
16  would be expected, speeds were lower at intersections with posted speed limits of 30 mph compared to
17  intersections with posted speed limits of 35 mph. Fluctuations in speeds throughout the day were slight
18  for both posted speed limits and do not appear to have a clear correlation with the time of day. Speeds
19  along the HIN were observed to be lower than speeds not on the HIN. This is due to speeds and speeding
20 limits being higher at residential land use and two-thirds of the selected locations not on the HIN were in
21  residential areas.
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Conflict Frequency and Rates
Near-misses

The safety indicator used to quantify near-misses was PET. Approximately 1.5 million events
with PETs < 10s were observed across the week of analysis. Figure 7 shows the distribution of the PET
values of these events. For this paper, data will be provided based on the number of conflicts with a PET
< 2s. This value was selected because it is slightly higher than 1.5s, the average human reaction which is
a common threshold use to identify conflicts with a relatively high-risk level, (18)(19) to ensure that no
conflicts with a slightly higher reaction time are not overlooked. These will be called critical conflicts
hereon. Twenty thousand (1.4% of all interactions) of these events were observed, while more than 80.7%
of interactions had PETs between 5 and 10 seconds which is considered to be safe passage. As would be
expected, the distribution of conflicts/interactions across the threshold values follows a pyramidal shape.

1.4%
4.8%

13.1

m Critical Conflicts (PET <2s)
Minor Conflicts (2s <PET <35)
m Potential Conflicts (3s <PET <55)
P Interactions (5 s < PET < 10 s)
B 0

Figure 7 Distribution of PET value of all events

Based on the video analytics data, several ranking criteria could be derived for identifying the
most prone intersections for safety improvements, this includes critical conflict rates defined as the
number of conflicts observed with PETs < 2s per 10,000 road users for the week of analysis. Figure 8
presents a map showing the concentration of the total number critical conflict rates per intersection. This
map is useful for identifying those intersections with a high frequency of critical conflicts. The map
indicates that 7 intersections had more than 150 critical conflicts daily.

12
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Figure 8 Concentration of critical conflicts across network

When exploring conflicts by mode, vehicular conflicts made up 97.5% of all critical conflicts
observed. Pedestrian conflicts made up only 1.9% of all these conflicts, and cyclist conflicts made up
0.6%. Even though cyclists were involved in the least number of critical conflicts, they had the highest
critical conflict rates. When comparing the critical conflict rates for each road user, cyclists were 6.5
times more likely to be involved in a conflict than a pedestrian and 8.7 times more likely to be involved in
a conflict than a vehicle. Additionally, pedestrians were 1.3 times more likely to be involved in a conflict
than a vehicle.

Depending on the countermeasures or policies in place, hotspot intersections with the highest
frequency of a specific conflict scenario can be identified. Figures 9 a-c indicate the frequency of the
main conflict scenarios and their frequency for each road user, on a network-basis. The vehicular conflicts
were predominantly between through and left turning vehicles. Additionally, pedestrian conflicts with left
turning vehicles were also most common. The most common cyclist conflicts were between cyclists and
through vehicles.

0.6901.1%
Pedestrians &
Through & Through Drivers
Through Vehicles 26.1%
= Pedestrians &
Through & Left .
Turning Vehicles ‘ Left Tuming
64.3% Drivers
= Through & Right 9.6% :
. . Pedestrians &
0,
98.3% Turning Vehicles Right Turning
Drivers

a) Vehicular conflict scenarios b) Pedestrian conflict scenarios
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71.1% = Cyclist &

Merging Vehicles

¢) Cyclist conflict scenarios
Figure 9 Conflicts by scenario for every road user

Based on the above information, multiple countermeasures can be proposed in the diagnosis stage
to address the safety of these scenarios. With respect to vehicle-bicycle interactions, as cyclist volumes
were very low throughout the intersections studied, the number of conflicts observed was also low. If the
priority is targeting bicycle safety, longer periods of video data could be processed to increase the number
of observations. Given the accessibility to video data from connected cameras, extending the period of
observation is not an issue.

If the interest is to identify hotspots during critical hours of the day, critical days of the week,
and/or by land use type, conflict frequency or rates per intersection can be generated per hour or per
weekday. For instance, in this sample of intersections, conflict rates were highest in the morning around 7
AM and were the lowest after 7 PM. Intersections in residential areas had higher conflict rates than
commercial areas throughout the day, as is depicted in Figure 10.

'
bQ /\'.ro;.Qo,'.

Conflicts/10,000 Road Users
=
(6)]

S IO RSO SR @Q@Q@z«i%@

— A Commercial Residential

Figure 10 Hourly distribution of conflict rates by type of land use

Speeding

As in the case of conflicts, ranking criteria for hotspot identification could be derived from over-
speeding events — which are defined based on speed limits for each particular approach when vehicles
enter-exit the intersection. Throughout the network, around 870,000 instances of driver exceeding the
speed limit were observed, indicating that approximately 10.8 % of motorized vehicles were speeding.
The number of road users speeding at each intersection is listed in Figure 11 and the top 5 intersections
with the most speeding incidence rate can be identified.
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Depending on the city of interest, alternative ranking indicators can be derived from the data
based on factors of interest, such as the identification of those hours or days of the week in which over-
speeding occurs for each intersection. Figure 12 depicts the hourly speeding distribution across the entire
network. A volume trendline was added to the graph. The trendline only depicts the change in volume
pattern to look for clear correlations between volume and speeding. The figure shows that speeding
incidence is lowest during peak hours, closer to 5 PM.

7000

O oONOOULLE WNE

6000

Speeding Incidence Rate (Speeding
Drivers/10,000 Drivers)

6 AM 7AM 8 AM 9 AM 10 AM11 AM12PM 1PM 2PM 3PM 4PM 5PM 6PM 7PM 8PM 9PM

5 mph 10 mph 15 mph mmmm 20 mph 25 mph = 30 mph = 35 Mph  e=—\/0lume
10
11 Figure 12 Weekday hourly speeding incidence distribution
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Figures 13 a and b display the hourly variation of speeding incidence rates by land use and speed
limit. Speeding incidence rates appear to be lowest during the peak hours between 3 and 6 PM. Speeding
was more prevalent in residential areas, with 14% of vehicles speeding compared to commercial areas
where 10.6% of vehicles were observed speeding. In terms of speeding at locations with different speed
limits, speeding incidence rates did not appear to be more prevalent at either location. Looking at the
temporal variation, speeding incidence rates were slightly higher at locations with speed limits of 35 mph
in the morning; however, later in the afternoon, speeding incidence rates were slightly higher at locations
with speed limits of 30 mph. Additionally, vehicular speeding incidence was found to be higher
downtown with 15% of the vehicles speeding compared to the areas outside of downtown where 10.5% of
the vehicles were speeding.
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a) Speeding incidence rates by land use b) Speeding incidence rates by speed limit

Figure 13 Weekday speeding incidence rates by different factors

Hotspot Identification

To create both the network-wide model for the conflict data, two surrogate safety measures were
analyzed, vehicle speed and PET. These two measures were considered as PET alone is insufficient to
estimate the injury risk of a potential collision. The modeling approach, as described in the
methodological section, involves fitting a multilevel regression model to the data with random and fixed
effects at the intersection level. Once alternative models are fitted, the model with the best combination of
variables is identified based on goodness-of-fit measures. Using the model outcomes, the expected
number of conflicts or rates are estimated after controlling for other variables. This approach is similar to
the classical regression approach using safety performance functions and Empirical Bayesian models with
observed crash data.

The outputs of the network-wide PET and Speed models are listed in Table 1. The model
indicated that the top 5 high-risk intersections were 116th Ave NE & Northup Wy, 124th Ave NE & NE
8th St, Richards Rd & 26th St, 145th Pl SE & SE 16th St, and 130th Ave NE & Northup Wy.

With respect to the linear regression model used for the network-wide analysis, lower PETs and
higher vehicle speeds are less desirable (i.e. indicative of more high-risk situations). Higher traffic
volumes led to a reduction in speed and in PET severity. Speeds were lowest at locations with speed
limits of 30 mph followed by 40 mph and then 35 mph. PET values were lowest (indicating more critical
interactions) at locations with speed limits of 35 mph, followed by 30 mph and are highest at speed limits
of 40 mph. Both the speed and PET models indicated that motorcyclists were the most high-risk road user
as they increased the average speed by 1.15 mph and reduced PETSs by 0.21 seconds. Through and
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through interactions with PET >2s were observed to be the most prone to higher speeds but happened at
higher PETSs (closer to 10 s) indicating they were not as critical of conflicts.

TABLE 1 PET and Speed Network-wide Model Outputs

Parameter Coef. Std. t P>t 95% Contf.
Err. Interval
1-hour Volumes 0.002 0.0001 32.38 0.000 0.000 0.000
Peak 0 0 (base)
Hour 1 0.055 0.005 11.43 0.000 0.0453 0.064
Day of Weekday 0 (base)
Week Weekend -0.034  0.005 -6.68  0.000 -0.0442 -0.024
30 0 (base)
~ Is_‘i)frfi‘t’ 35 1316 -0.037 336 0000 1244 1.389
2 40 0.805 0.032 2513 0.000 0.742 0.867
§ Car -0.064  0.059 -1.14  0.225 -0.183 0.049
E Road _Bus 0.079  -0.056 534 0.000 0.0499 0.1079
a User Bicycle -0.143 0.0307 -4.65 0.000 -0.2027 -0.082
Type Motorcycle -0.207  0.04 -5.12 0.000 -0.286 -0.128
Pedestrian 0 (base)
Truck 0.028 0.0105 267 0.007 0.008 0.0490
Through & Through 0 (base)
Scenario Through & Left Turn  -0.661 0.006 -115.95 0.000 -0.672 -0.650
Left Turn & Through -0.780 0.006 -136.71 0.000 -0.791 -0.769
Left Turn & Left Turn 0 (base)
1-hour Volumes 0.004 0 -22.61 0.000 -0.002 -0.002
Peak 0 0 (base)
Hour
1 -0.617 0.038 -16.83 0.000 -0.689 -0.545
Day of Weekday (base)
Week
Weekend 0.714 0.039 1822 0.000 0.637 0.791
Speed 30 0 (base)
= Limit 35 10.876 0.283 38.37 0.000 10.32 11.431
3 40 -7.854 0.246 -31.99 0.000 -8.336 -7.37
123 Car -0.428 0.454 -0.94 0346 -1.318 1.462
8 Road Bus -2.391  0.113 -21.1  0.000 -2.614 -2.169
& User Bicycle -5.63 0.235 -2394 0.000 -6.091 -5.169
Type Motorcycle 1.849  0.309 597 0.000 1.241 2.456
Pedestrian 0 (base)
Truck -1.851 0.081 -22.96 0.000 -2.009 -1.693
Through & Through 0 (base)
Scenario Through & Left Turn 10_619 0.044 -229.13 0.000 -10.105 -9.933
Left Turn & Through  -6.501 0.044 -148.61 0.000 -6.567 -6.415
Left Turn & Left Turn 0 (base)
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In a similar manner, network-wide hotspot identification models were created based on speeding
data. To create the network-wide mode; for the violation data, the surrogate safety measure analyzed was
the speeding incidence rate. The output of the network-wide speeding model is listed in Table 2. The
model indicated that the top 5 intersection prone to speeding behavior are Bel-Red Rd & NE 30th St,
145th PI SE & SE 16th St, 118th Ave SE & SE 8th St, 150th Ave Se & SE 38th St, and 140th Ave NE &

NE 20th St.

The explanatory variables (vehicle speeding rate, maximum speed, time of day, weekday vs.
weekend, user type, and road user type) were found to be statistically significant at 99% except for the
weekend at 94% significance. Vehicular speeding rates were found to cause an increase in speed by 0.23
mph for every 1% increase in speeding rate. Peak hours, between 3 PM and 6 PM, led to a small, but
statistically significant decrease in speed by 0.15 mph compared to non-peak hours. Motorcyclists were
found to be the fastest road users, with speeds 0.97 mph higher compared to vehicles, and the slowest
motorized road users were busses, with speeds 0.69 mph lower compared to vehicles. Through vehicle
movements were found to be the fastest. Right turning and left turning movements were found to have
lower speeds by 4.82 mph and 4.27 mph, respectively. Weekends caused only a very minor reduction in

vehicle speed.

TABLE 2 Speeding Network-wide Model Outputs

0,
Parameter Coef. Std. Err. t P>t [95% Conf.
Interval]

Speeding Rate 0.371 0.001 1196.84 0 0.371 0.372
Maximum Speed 0.021 0.001 38.60 0 0.020 0.022

0 0 base

Peak Hour (base)
1 -0.249 0.015 -16.40 0 -0.278 -0.219

Car 0 (base)
Motorcycle 1.560 0.143 10.88 0 1.279 1.841

RU Type

Bus -1.100 0.089 -12.42 0 -1.274 -0.927
Truck 0.441 0.056 7.83 0 0.331 0.552

Through 0 (base)
Movement Right Turn -7.755 0.041 -189.66 0 -7.836 -7.675
Left Turn -6.869 0.046 -147.38 0 -6.960 -6.778

Weekday 0 (base)

Day of Week

Weekend -0.028 0.015 -1.94 0.053 -0.0579 0.000

CONCLUSIONS

This work introduces a novel network screening approach based on connected cameras and using
an automated video-analytics road-safety platform. The different steps in the systematic proposed
approach are presented through an application environment using the City of Bellevue infrastructure.
These steps include: video footage streaming, video camera calibration, video processing using state-of-
the-art computer vision algorithms, quality control, and analytics outcomes which include raw data and
ranking criteria automatically generated. Among those metrics that are used for ranking and identification
of hazardous locations one can mention: traffic volumes by mode as an exposure measure, speed
measures, near misses and violations (such as overspeeding). These metrics were generated and analyzed

for a network of 40 intersections throughout the City of Bellevue.

The most critical intersections based on each ranking criterion were identified. Following, the
road safety management process, those intersections could be considered for safety diagnosis in which
potential crash contributing factors and potential solutions are proposed. In addition to aggregate ranking
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criteria such as the total number of critical conflicts or rates, disaggregate criteria with respect to
categories of interest can be easily generated for identifying salient contributing factors and prone
locations. For instance, if an interest to identify locations with a high concentration of left-turn-through
conflicts exists, vehicle-vehicle conflict rates could be determined according to different scenarios
(through vehicles with left turning vehicle, right turns, or other through vehicles). This can help identify
the most dangerous types of scenarios and the locations in which conflicts of this type are concentrated. In
a similar fashion, the identification of hotspots for vulnerable road users or hotspots with safety concerns
related to night time or weekdays could be done using the appropriate category of conflicts or speeding
events.

In this application, the majority of the critical conflicts observed were between two vehicles, and
particularly between through and left-turning vehicles. Pedestrian conflicts primarily involved right
turning vehicles, followed by conflicts involving through vehicles (potentially indicating red light
violations). Cyclists were found to be most at-risk despite their low volumes. Conflict rates were found to
be highest at 7 AM and lowest past 7 PM, and throughout the day were observed to be higher in
residential areas compared to commercial areas. Instances of speeding were more prevalent in residential
areas as opposed to commercial areas; however, speeding was more prevalent in the downtown
intersections as opposed to the non-downtown intersections. Speeding incidence rates were not affected
by the posted speed limit at an intersection. Weekday hourly speeds and speeding incidence rates were
constant with the exception of a decrease around peak hours.

A network-wide hotspot modeling was performed using regression techniques with conflict and
speeding data. The results of the statistical models showed that higher traffic volumes and peak hours
were related to decreased PETs and speeds. Other factors affecting these outcomes are type of road user,
land use type, etc. From the models and using expected values, ranking criteria were also derived based
on the estimated frequency or rates of events. Similar to the traditional approach, regression models were
used to derived safety performance functions that then can be used to identify contributing factors and
hotspots using a Bayesian approach.

The power of surrogate safety using connected cameras and video analytics is demonstrated using
a network-wide approach for network screening for the first step of the road safety management process.
This work may be extended in various forms for future work. Longer periods of observation or a larger
set of cameras may be considered with low computing costs, given that the automated process and
availability of the analytics platform solution and connected cameras. The use of regression analysis for
hotspot identification may be expanded to the use of full Bayesian approaches considering the state of the
literature on this topic. Many other different metrics and their combinations may be derived and used for
network screening such as different violations (jaywalking, red light running, double parking, etc.)
performance metrics that affect safety such as pedestrian waiting or crossing times.
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