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o save more lives and reduce injuries from roadway crashes, agencies must identify

sections of the highways that have an increased risk of crash occurrences. Toward

that end, the U.S. Department of Transportation’s (USDOT) vision for the Safety

Data Initiative (SDI) includes the integration of big data sources as a focus area to

enhance the general understanding of crash risks and mitigate future crash occurrences. Current

crash estimation or prediction methods, such as those in the first edition of the Highway Safety

Manual (HSM) use annual average daily traffic (AADT) data along with geometric characteris-

tics to predict the annual average crash frequency of roadway segments and intersections. One

inadequacy of the HSM is the limitation of speed-related factors in crash prediction. Recent

research has made limited progress in incorporating speed measures (i.e. average daily speed,

standard deviation of hourly operating speed) into crash predictive models. To advance the state

of the practice, this study begins the work of investigating the association between crash risk and

traffic speeds using traffic speed information from big data.

Related Work

Although speed is considered as a major contributing factor of
roadway crashes, research findings are inconsistent. Abdel-Aty and
Radwan studied speed by capturing the magnitude of speeding
relative to the posted speed limit.! This speeding indicator variable
was shown to affect the crash involvement of male and young
drivers. The preliminary analysis of a study conducted by Taylor

et al. based in the United Kingdom revealed that the average

speed was negatively related to crash frequency.? Pei et al. showed
that crash risk is negatively associated with mean speed when
controlling for distance exposure, which goes with the argument
that roadway segments designed for higher speeds should deliver
better road safety performance.’ However, for time exposure, this
association was positive. Imprialou et al. showed that speed-crash
relation is positive for condition-based approach.* However, the
outcome of the link-based model is the opposite. Several other
studies examined the similar research questions.”' However, the
overall findings are not similar in nature. Few recent studies inves-
tigated the association between weather and crash outcomes.!" 2
The literature review reveals that additional research is needed to
investigate the association between crash, operating speed, weather,
roadway, and traffic measures.

USDOT SDI Pilot Study on Rural Safety
This paper is an abridged version of Das et al. study that developed
Safety Performance Functions (SPFs) by using geometric and
operational characteristics that include speed measures." '
SPFs are the statistical “base” models used to estimate the average
crash frequency for a facility type with specific base conditions.
The research addressed two research questions: 1) do different
speed measures contribute to crash outcomes, and 2) is there more
variability in speeds just prior to a crash?

This study developed an interactive decision support tool
that provides annual expected number of crashes with colored
lines based on the number of crashes per year. The transferable
framework of this tool was developed using open source R software
and its ‘Shiny’ (an interactive web technology) framework.'**

Intended Audience

The main audience for this report is practitioners who want to
assess risk on rural roadways. Some analytic methods in the report
require transportation safety modeling knowledge and skills.
However, the tool is easy to use to perform annual risk analysis by
the facility types.
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Methodology

Data Sources

The databases used for the conflation are: 1) the National
Performance Management Research Dataset (NPMRDS), and 2) the
Highway Safety Information Systems (HSIS) data. The project team
assigned the weather station data from the National Oceanic and
Atmospheric Administration (NOAA) on the conflated database.
Figure 1 illustrates the overall approach developed by Das et al.”?

Data Integration
Given the list of the data sources and the purpose of the data
analysis, the project team developed conflated datasets by
integrating information from different sources. The data integration
work has major three steps:
= Conflate the HSIS roadway network data to NPMRDS
directional network
= Determine different speed measures by temporal segregation
(for example, annual, month or daily)
= Conflate average precipitation (annual and daily) data (from
NOAA) to the NPMRDS network
It is important to note that the speed data on TMC segments
are recorded by epoch (5-minute bins in the raw NPMRDS data).
The project team averaged the annual, monthly, and daily level. For
example, monthly average speed (MAS) for a TMC segment can be
calculated as:

-—————— -
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where:

MAS, 01 LJTMC, = the average epoch e speed at segment i over a month
n = days in a month

Speeddayn)epoch JTMC, = the NPMRDS speed on day n and epoch e at
segment i

Model Development
Certain speed measures incorporated into statistical models were
found to be beneficial to quantifying safety risk. It includes all rural
facility types, and the procedures developed can be applied to other
states contributing to HSIS. Readers are referred to Das et al. study
for variable details.”® The project team developed both long-term
(annual-level) and short-term (daily-level) SPFs with the inclusion
of speed measures and weather information. For both (annual and
daily) modeling frameworks, three roadway facilities are considered
for separate SPF development:

= Rural two-lane roadways

= Rural multilane roadways (both divided and undivided)

= Rural interstate roadways

Annual-level analysis
The project team developed the following SPFs (Washington only,
Ohio only, and Two-state model) by major facility types using

SPFs by facility
type (by state)
[Total, Fatal &
Injury]
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Decision Support
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Figure 1. The Framework of “Rural Speed Safety Project.”
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aggregated annual data for: total (KABCO)' crashes, fatal and
injury (KABC) crashes, and property damage only (PDO) crashes.

Certain speed measures were useful for annual crash prediction. It
is important to note that the current study did not examine the speed
variability between the vehicles as NPMRDS provides aggregated
speed measures. Different variable combinations and various model
forms were examined to identify the best possible relationship
between the number of crashes and independent variables.

Readers can consult Das et al.” report for the detailed modeling
techniques. Table 1 shows a summary of the impacts on the crash
frequency of the variables examined for the developed models. The
key findings from annual level analysis are below:

= Increased variability in hourly operating speed within a day

and an increase in monthly operating speeds within a year
are both associated with increased crashes.

= Multilane, non-freeway roads with higher free-flow speeds

are expected to experience a higher crash frequency than
those with lower free-flow speeds. However, crash frequency
decreases for interstate roadways, which is due to their more
robust highway design standards.

=  When operating speed difference between weekends and

weekdays is greater, all roadway types experienced a higher
number of crashes.

* K= Fatal, A= Incapacitating Injury, B=Non-incapacitating Injury, C=Minor Injury, O= No Injury or Property
Damage Only (PDO)

Table 1. Impact of Variable Changes on Annual Crash Frequency.

= Increased non-peak and non-event speed (average operating
speed excluding peak hours and hours with events) is
associated with an increase in crash frequencies on rural
two-lane roadways. However, the opposite is true for the rural
interstate model. This finding for decreased crash frequency
on the interstate could be because of high design standards.

= Findings from precipitation-crash association is counter
intuitive. Further investigation is needed to examine this
finding by including other variables such as pavement
condition, water on roadway, and skid number.

Daily-level analysis

Prediction based on annual information limits the SPFs’ ability to
quantify the effects of variables such as operating speeds, operating
speed variance, or seasonal differences that fluctuate more often

than year-to-year. Agencies require the ability to accurately assess

what seasonal or daily changes could affect crash outcomes.

To address this, the study developed statistical models for the

segment daily level based on crash severity and roadway type. The

Poisson-Tweedie statistical model is applied in the analysis due to

the infrequent nature of crashes that requires zero inflation.” The

project team used the Poisson distribution with rate A to select a

number # independent, and the identically distributed variables

** TMCs with zero annual crashes are also included in the model

Crash Frequency On

Rural Interstate Rural Two-Lane | Rural Multilane
Traffic volume increases Increases Increases Increases
Segment length increases Increases Increases Increases
Lane width increases — Decreases —
Percentage of horizontal curves increases Mostly Increases Increases Increases
(Decreases in OH model)
Intersection is present — Increases Mostly Increases
(Decreases in WA KABC model)
Road is undivided NA NA Increases
Percentage of days with precipitation increases = Decreases Decreases
Operating speed difference between weekend and weekday increases Increases Increases Increases
Average hourly operating speed variability within a day increases — Increases Mostly Increases
(Decreases in WA KABCO model)
Operating speed variability by month within a year increases — Increases Increases
(OH PDO model only)
Average hourly non-peak non-event operating speed increases (free Decreases Increases
flow) increases
Average hourly speed increases — — —
Note: at 95 percent confidence level: Increases (crash frequency goes up), Decreases (crash frequency goes down), —(not significant), NA= not applicable.
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were then summed to generate a sample of the compound Poisson
distribution. In the Tweedie case, these variables come from the
gamma distribution with shape parameter o and scale parameter p.

Table 2 lists the variable changes and affects for the developed
models. The general findings from daily level analysis are below:

= Inall models, a segment with high variation in daily average

speeds is expected to experience a higher number of crashes
than a segment with a lower variation in daily speeds. The
strength of this finding is one of the biggest insights gained
from this study.

= Average operating speed increases were associated with

increased crashes for rural two-lane roadways. However,
average operating speed increases were associated with
decreased crashes in the Interstate models. This finding could
be because high design standards for interstate highways.

= Asthe daily average precipitation increases, so do the

number of daily crashes.

In addition, the project team developed another dataset (Data
Structure 3 as shown in Figure 1) to examine speed variation before
a crash event compared to a non-crash traffic flow condition.

Examination on a randomly selected sample dataset (with 150
crashes from Washington interstate roadways) shows that speed
variability increased for the series just prior to a crash, which was
also different from the comparison no crash series.

Decision Support Tool

The tool (RuralSpeedSafetyX) is hosted as a shinyapps.io webpage.'®
The tool has a dashboard with different dropdown menus to assess
annual risk scoring (in terms of crashes by different injury levels) at the
directional segment level. There are several flexible options to generate
heatmaps at different levels (see Figure 2a for the interface and Figure
2b-e for different drop-down options). The outcomes of this tool will

Table 2. Impact of Variable Changes on Daily Crash Frequency

Crash Frequency On
Rural Interstate

provide estimates of expected annual crashes (total and fatal/injury) at
different geographic scales, such as state, county, and facility type. The
estimates are graphically displayed in a color-coded heatmap format.
This tool also allows to download the final queried data in comma
separated value (CSV) format. Readers can consult Das et al. study for
the framework and source codes developed for this tool."”

Conclusions

This study examined the prevailing operating speeds and weather
data on a large scale and quantified how traffic speed and weather
condition interact with roadway characteristics to affect the
likelihood of crashes. The inclusion of speed information expanded
upon the existing state of practice by incorporating exposure data
as risk variables. This study has three unique contributions:

= Developed the data conflation framework using HSIS,
NPMRDS, and NOAA.

* Quantified the targeted relationship between crashes and
influential variables by developing best-fit models that address
the impact of operating speed and weather to measure safety
risk alongside traditional highway safety variables.

= Developed a scalable, flexible, and transferable decision
support tool that can be reproduced by using newer datasets.

It is important to note that this study is a starting point in

evaluating the effect of operating speed on crash outcomes. It is
recommended that other states can use the current framework and
develop similar SPFs with inclusion of speed and weather data. This
study is not without limitations. First, this research used roadway
segments based on TMC segment lengths, which are sometimes
very long. Further examination of the effects of segment length
would improve modelling reliability. Second, missing values in the
NPMRDS travel time data are higher in lower functional classes.
More robust NPMRDS data with fewer missing values would
provide more insightful knowledge on how operating speeds

Rural Two-Lane Rural Multilane

Traffic volume increases Increases Increases Increases
Segment length increases Increases Increases Increases
Number of lanes increases Decreases(OH KABC model only) NA —

Lane width increases

Increases (OH KABC model only)

Decreases (WA model only) Increases (WA model only)

Number of curvatures increases

Decreases (OH KABCO model only)

Decreases (WA KABCO model only) | Increases (OH model only)

Total length of curvatures increases —

Increases (WA KABCO model only) | —

Percentage of days with precipitation increases | Increases Increases =
Variability of daily average speed increases Increases Increases Increases
Daily average speed increases Decreases Increases —

Note: at 95 percent confidence level: Increases (crash frequency increases), Decreases (crash frequency increases), —(not significant), NA= not applicable.
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RuralSpeedSafetyX

Interactive Decision Support Tool to Improve Safety

Year

State
WA
County
All Counties
Facility
All
Severity
& All Fatal and Injury

[P L Download Data

(a) Interface of the Framework of the Decision Support Tool.

(b) Selection at State Level (c) Selection at County Level

(d) Selection at County and Facility Type Level (e) Hovering Option

Figure 2. Interface and Selection Options in the Interactive Tool.
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affect crashes. Third, the current study used a limited number of
variables. Subsequent study may examine some limitations found in
this study, particularly some missing data in the current version of
NPMRDS and zero inflation in short-term crash prediction, to see
if those limitations can be overcome by revised versions of the data
and more robust modeling techniques. itej
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