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DISCLAIMERS  
This tool and associated data outputs are provided for informational purposes only, and all results, 

recommendations, geographic and mapping information, and commentary contained herein are based on limited 

data available at the national scale or user uploaded data—user uploaded data may be from unverified sources. 

The project creators make no warranties, expressed or implied, concerning the accuracy, completeness, or 

suitability of the underlying source data used in this analysis or the recommendations and conclusions derived 

therefrom.  

The project creators make no representation as to the accuracy, adequacy, reliability, availability or completeness 

of the crash records or is not responsible for any errors or omissions in such records or data. Motor vehicle 

crashes are complex occurrences that often result from multiple contributing factors. The data posted available 

within this tool, including crash data, are collected for the purpose of identifying or planning safety enhancements 

for potential crash sites, improving roadway safety, or improving conditions or railway-highway crossings. Under 

federal law, this information is not subject to discovery and cannot be admitted into evidence in any federal or 

state court proceeding or considered for other purposes in any action for damages that involves the sites 

mentioned in these records (see 23 USC, Section 409). 

Louisiana data: This document and the information contained herein is prepared solely for the purpose of 

identifying, evaluating and planning safety improvements on public roads which may be implemented utilizing 

federal aid highway funds; and is therefore exempt from discovery or admission into evidence pursuant to 23 

U.S.C. 409.  Contact the Louisiana Department of Transportation and Development’s Traffic Safety Office at (225) 

379-1214 before releasing any information. 

Massachusetts Data: MassDOT makes no representation as to the accuracy, adequacy, reliability, availability or 

completeness of the crash records or the data collected from them and is not responsible for any errors or 

omissions in such records or data. Under no circumstance will MassDOT have any liability for any loss or damage 

incurred by any party as a result of the use of the crash records or the data collected from them. Furthermore, the 

data contained in the web-based crash report tool are not an official record of what transpired in a particular crash 

or for a particular crash type. If a user is interested in an official copy of a crash report, contact the Registry 

(http://www.mass.gov/rmv/). The City of Boston Police Department may be contacted directly for official copies of 

crash reports and for crash data pertaining to the City of Boston. In addition, any crash records or data provided 

for the years after 2018 are subject to change at any time and are not to be considered up-to-date or complete. 

As such, open years’ of crash data are for informational purposes only and should not be used for analysis. The 

data posted on this website, including crash records and other reports, are collected for the purpose of identifying, 

evaluating or planning the safety enhancement of potential crash sites, hazardous roadway conditions or railway-

highway crossings. Under federal law, this information is not subject to discovery and cannot be admitted into 

evidence in any federal or state court proceeding or considered for other purposes in any action for damages that 

involves the sites mentioned in these records (see 23 USC, Section 409). 
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CHAPTER 1. INTRODUCTION  

 

Over the previous decade, pedestrian and bicyclist traffic deaths have increased by over 50%, while overall traffic 

deaths decreased by 7.9% [2]. Vulnerable road users (VRUs) comprise an increasing fraction of all traffic deaths, 

growing from 12.6% in 2003 to 19.5% in 2018 [2], despite walking and bicycling combined representing less than 

12% of all trips made in 2017 [3]. This growing disparity points to a larger need to prioritize safety for VRUs. In 

response, jurisdictions have embraced initiatives (such as Vision Zero) to reduce or eliminate serious crashes. 

These initiatives rely on understanding the safety needs of pedestrians and bicyclists, and proactively and 

systemically addressing those needs across our roadway networks.  

Although bicyclist and pedestrian crashes are too common and increasing year-to-year, they are statistically rare. 

This makes evaluating and predicting VRU crash risk a data-intensive and complex process. This study aims to 

make safety analysis for VRUs easier and more accessible by:  

1. Developing a modeling framework that can estimate risk on individual network segments using widely 

available inputs, such as USDOT’s existing Pedestrian Fatality Risk Map [1], 

2. Converting outputs into cost equivalents to better link the results to planning and project scoping 

processes, and  

3. Building this functionality into an online tool and dashboard that makes the results accessible to 

practitioners without sophisticated statistical or geospatial skills.  

This paper is organized as follows. First, we provide a brief scan of research related to evaluating crash risk on a 

network for VRUs. Next, we describe the modeling approach and methodology that the project team developed 

and built into a free and open-source web tool and dashboard called the Safer Streets Priority Finder (SSPF) [4] 

[5], including a brief validation of the tool’s output. We present an application and use case for this tool in the City 

of New Orleans. Finally, we share conclusions and recommendations for future work. 
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CHAPTER 2. LITERATURE SCAN 

 

Over the last two decades, many US cities and states have enacted plans and policies to encourage active 

transportation. However, between 2009 and 2018, the number of pedestrian and bicycle fatalities nationwide has 

continued to trend upward, with 2018 as the deadliest and costliest year for both cyclists and pedestrians since 

1990 [6]. In response, jurisdictions have embraced initiatives to reduce or eliminate serious crashes involving 

vulnerable road users. A key need of such initiatives is better understanding the safety needs of VRUs, which in 

turn calls for analytic tools for evaluating and predicting crash risk. A growing body of research has emerged 

documenting methods for crash analysis and predictive modeling. This literature scan summarizes current 

analytic methods and modeling approaches relevant to active transportation safety analysis and identifies gaps in 

knowledge and barriers to practice that the resulting tool seeks to address. 

Previous analyses have identified the locations of past crashes within a given geographic area, typically focusing 

on either top crash corridors overall or “hot spots” (typically intersections) where crashes have occurred with high 

frequency [7] [8] [9]. Hot spot analysis is useful for understanding the scope of the problem, can highlight specific, 

problematic locations and/or roadway elements with high crash volumes, and is a relatively simple analytic 

technique. Statistical tools may be applied to confirm crash clusters are significant [10] [11]. 

Hot spot analyses can identify locations (intersections, neighborhoods, roadway classifications, etc.) with a 

disproportionate share of crashes within a dataset [12] [13] [14] [15] [16]. However, it can fail to reveal corridor-

wide problems and tends to be less effective for pedestrian and bicyclist crashes, which are relatively rare and 

may have insufficient data to identify high-frequency crash locations. Bayesian statistical techniques can help to 

address this limitation by representing prior uncertainty about model parameters with a probability distribution, 

providing a more nuanced inferences about limited data [17]. Still, hot spot analyses are based entirely on 

previous crash history and spatial proximity and may not consider systemic factors that are likely to contribute to 

crash incidence in the future.  

In response to the limitations of simple crash frequency analysis, many cities have turned to the development of 

High Injury Networks (HIN) as a conceptual tool to characterize and develop effective crash reduction programs 

for urban environments [18] [19] [20] [21] [22]. The goal of an HIN is to identify a limited subset of streets where 

serious injury and fatal crash density is highest. Siding window analysis is a key analytic tool for development of a 

HIN, and is used to identify crash clusters within flexibly-sized “windows” representing overlapping segments 

along a street network rather than crashes at discrete locations with previous crash history and linear proximity, 

while potentially capturing some elements of systemic risk. Sliding windows allow us to generalize the locations of 

crashes, reflecting the stochasticity in where crashes occur, while still respecting the fact that locations along 
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corridors tend to share characteristics. The result is a flexible measure of crash density that allows for more 

consistent evaluation of crash injury distribution, which can greatly aid in project prioritization [23]. However, this 

technique requires advanced GIS capabilities and a robust network dataset, and still relies exclusively on prior 

crash history. Ultimately, a HIN only identifies areas where a disproportionate share of injurious crashes has 

already occurred; it may not account for factors likely to impact future risk. Particularly in the context of ongoing 

rapid changes to roadway networks, improved, predictive analytic methods that look at the underlying 

characteristics of streets, rather than just past crash incidence, are also needed. 

The systemic safety approach recognizes the limitations of looking at crash history alone; networks are screened 

for conditions linked to crash outcomes – whether or not any one of those locations specifically have had crashes. 

Systemic evaluation involves the identification of which built environment and contextual factors influence crash 

frequency and severity and the degree of this influence [24] [25]. As a result, the entire roadway network may be 

screened to determine where crashes are more likely to occur, even if those locations show no crash history. A 

variety of studies have identified potentially significant factors, including traffic characteristics, land use attributes, 

transit access, and socioeconomic characteristics [26] [27] [28] [29] [30] [31] [32] [33] [34] [35]. 

However, many of the tools available for systemic safety analysis have heavy data input requirements or require 

sophisticated geospatial or statistical techniques; both become barriers for agencies and jurisdictions aiming to 

reduce or eliminate deaths and serious injuries on their roadways [36]. Operationalizing findings from systemic 

analyses and identifying significant factors presents additional challenges. Development of many analytic tools to 

assess and address traffic risk systemically (e.g., Safety Performance Functions, Crash Modification Factors, 

areawide crash rates) require exposure data which most jurisdictions currently lack [37] [38].  

 Mansfield et al. [1] combined the facility-level factors (transportation system), neighborhood-wide data, and 

pedestrian fatality records from the Fatality Analysis Reporting System (FARS) between 2012-2016 to anticipate 

pedestrian fatality risk at census tract level across the US, and used the results to develop a statistical model of 

fatal pedestrian crashes nationwide and a map viewer of the estimated number of fatal pedestrian crashes in 

each Census tract. This model considers various factors to estimate risk for pedestrian fatalities, including Vehicle 

Miles Traveled (VMT) density by roadway functional classification, intersection density, employment density, 

residential population density, activity mix index, and sociodemographics. This model was validated against a HIN 

for Los Angeles and provides a systemic approach to understanding crash risk and has been pre-calculated for 

the United States using existing data, addressing one of our core challenges (data availability and barrier to 

entry). However, this model does not link results to specific network locations, which is a missing element allowing 

practitioners to prioritize projects. The Pedestrian Fatalities Model (PFM) is foundational to the rest of the work 

presented in this report (e.g., see Chapter 3. Analysis Approach and Methodology). 

Overall, pedestrian and bicycle safety analysis has advanced considerably in recent years, providing a variety of 

complementary tools for analyzing crash data and a robust suite of research identifying potentially significant 

factors that may be used to develop predictive crash models. However, some analytic approaches lack specificity 

at a sub-corridor level or do not account for built environment factors and cannot provide significant insight into 

the root causes of crash risk. Moreover, performing more sophisticated analyses often involves large data 

requirements and requires adoption of advanced data mining and analytic techniques, for which many local 

jurisdictions lack capacity. Finally, most analyses lack clear methods for linking model outputs to planning 

processes. Inputs for benefit-cost analyses, such as a “no-build” cost value, are needed to help local and state 

officials and practitioners to make defined, targeted decisions around small-area and corridor-level investments 

with the greatest potential to prevent serious injuries and fatalities for vulnerable road users, and to provide end 

users with a means of calculating associated costs of inaction where risks have been identified.   
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CHAPTER 3. ANALYSIS APPROACH 

AND METHODOLOGY 

 

As described in this report’s introduction, our team’s goals for this project were to develop a method that could 

estimate risk on individual network segments using widely available data: to link the outputs to crash costs; and to 

embed any advanced geospatial processing in a user interface to make the analysis more accessible to 

practitioners. The USDOT Pedestrian Fatality Model (PFM) achieved some, but not all, of our project’s objectives 

[1] – it estimates pedestrian fatality risk using publicly available data with coverage of the entire US using an 

output unit that links to cost. The inputs reflect a broad range of factors associated with pedestrian deaths, 

including roadway conditions (functional class, VMT density, intersection density), land use characteristics 

(destinations, population and employment density), demographic/economic characteristics (race, ethnicity, age), 

and exposure correlates (transit/walking commuting) [1]. However, the tract-level model could not account for 

variation within each tract; nor could it resolve risk for the busy arterials that define tract boundaries. 

The project team developed a method that built from the PFM, translating its tract-level outputs into segment-level 

estimates. Our approach blends the PFM outputs with a Sliding Window process to transpose outputs onto the 

network. Sliding Windows Analysis, the precursor to developing a HIN, generalizes risk along corridors that tend 

to share similar characteristics—a gesture in the direction of systemic analysis, even if the specific roadway risk 

factors are not analyzed. By combining these two approaches, we built an analytical framework that incorporates 

systemic pedestrian environment issues with observed crashes. 

For the model to be effective and appropriate, it needed to 1) be able to function with a limited amount of 

observed crash data, 2) be able to incorporate existing and future work into its process, 3) be scalable at the 

national level, 4) provide information and a clear, understandable output for users with limited technical 

capabilities.  

To achieve these goals, the project team determined a Bayesian approach would be most suitable. Amongst 

other reasons, a Bayesian approach exhibits the following traits: 

• Conducive for merging multiple models into one. 

• Allows for implementation of prior information into the model, rather than a reliance on purely observed 

data. 

• Has no limit on the amount of data needed to create an estimate. 
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• Allows for easy updating of results as more information is gained over time (i.e., as crashes are 

observed). 

• Allows for adjustment by tuning parameters, and relatively easy expansion of the model in future work. 

SLIDING WINDOWS ANALYSIS 

Sliding Windows Analysis is used to summarize crashes on the network by mode and severity. Window segments 

are set to 0.5mi (800km), and they are stepped through the network in 0.1mi (160m) increments. The window 

segments containing counts of crashes, by mode and severity, along them form the unit of analysis for the model 

described below. Additionally, the tool calculates a severity-weighted crash score for each mode to build a 

traditional HIN and the output is provided separately from modeled outputs in the SSPF interface. 

MODEL FORMULATION 

The Safer Streets Model (also called Bayesian Network Model, or NM) is formulated to estimate the expected rate 

of crashes by mode and severity for each window segment, given the following inputs: 

1. The observed crashes by mode and severity on each window segment and in each tract,  

2. PFM output for the area containing the segment, and  

3. National crash rates per mile for the functional class within the window segment.  

The latter two pieces of information are used to calculate our Bayesian Priors. The observed crashes in each tract 

and on the window segment are then used to update this information and estimate a posterior likelihood of 

crashes occurring on the window segment. The NM itself contains two sub-models. Both sub-models utilize 

compound distributions--a Gamma-Poisson and a Beta-Binomial. In both instances, conjugate priors are used to 

ensure the approach is both updatable and tractable.  

MODEL 1 
The first sub-model (NM-GP) uses a Gamma-Poisson distribution to estimate the number of crashes occurring in 

each Census tract, using the PFM output as a prior, which factors in variables related to both roadway risk and 

exposure. This model is applied separately for each mode and severity (note that PFM output – estimate of fatal 

pedestrian crashes – is used as a prior for all modes and severities). The model is formulated as follows: 

Let: 

• 𝑦𝑡 = number of observed crashes for a given mode and severity in the past 𝑁𝑜 years in Census tract 𝑡 

• 𝑝𝑓𝑚𝑡 = PFM output of annual fatal pedestrian crash rate 𝑝 in Census tract 𝑡 

• 𝑁𝑜 = number of years over which crashes have been observed – typically 5 

• 𝑁𝑤 = number of years equivalency used to weight PFM-based prior – equal to 𝑁𝑜 for fatal and serious 

injury crashes, and 
𝑁𝑜

5
 for lower severity crashes 

The prior distribution for each tract is defined by shape parameter 𝛼0 and rate parameter 𝛽0, defined as follows: 

• 𝛼0 = 𝑝𝑓𝑚𝑡 ∗ 𝑁𝑤  

• 𝛽0 = 𝑁𝑤  

Then these values are updated to incorporate observed crashes: 

• 𝛼 = 𝛼0 + 𝑦𝑡  

• 𝛽 = 𝛽0 + 𝑁0  

Our final distribution is described, 𝜆~𝛾(𝛼, 𝛽) 
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MODEL 2 
The second sub-model (NM-BB) uses a Beta-Binomial distribution to allocate the tract’s crashes to window 

segments, using national crash rates by functional class as a prior, as a proxy for roadway design elements 

associated with risk of both a crash occurring and the crash’s outcome being severe (e.g., motor vehicle travel 

speeds, number of lanes, motor vehicle AADT). This model is applied separately for each mode and severity. 

Note that national crashes by functional class only include fatal crashes due to data availability. National fatal 

pedestrian crash rate per mile for different functional classes of roads are calculated using 2015-2019 FARS data 

and 2016 mileage data from FHWA Highway Statistics. Window segments that coincide with the boundary of a 

Census tract use tract-level data pooled across all adjacent tracts. The NM-BB model is formulated as follows: 

Let: 

• 𝑝𝑤 = probability 𝑝 that a crash within census tract 𝑡 happens on window 𝑤 (versus all other windows in 

tract) 

• 𝑐𝑤 = number of observed crashes 𝑐  for a given mode and severity in tract 𝑡 on window 𝑤 

• 𝑐𝑤′ = number of observed crashes 𝑐 in tract 𝑡 on all other windows besides window 𝑤 

• 𝐶𝑓 = number of fatal crashes nationally 𝐶 happening on functional class 𝑓 

• 𝐶𝑓′ = number of fatal crashes nationally 𝐶 happening on all other functional classes besides 𝑓 

• 𝑚𝑓 = mileage 𝑚 of functional class 𝑓 in the United States 

The prior distribution for each window segment is defined by the number crashes, grouped into two mutually 

exclusive and exhaustive outcome states: “hits” (crash rate on this functional class) 𝛼0 and “misses” (crashes 

occurring on other functional classes divided by miles of this functional class) 𝛽0. 

• 𝛼0 =
𝐶𝑓

𝑚𝑓
  

• 𝛽0 =
𝐶𝑓′

𝑚𝑓
  

Then these values are updated to incorporate observed crashes: 

• 𝛼 = 𝑐𝑤 + 𝛼0  

• 𝛽 = 𝑐𝑤′ + 𝛽0  

Our final distribution is described, 𝜑~Β(𝛼, 𝛽) 

MODEL COMBINATION AND SAMPLING 
Given these two distributions, we generate random samples for each mode and severity on each window 

segment parameterized as follows: 

• 𝜃 = 𝑃𝑜𝑖𝑠(𝜆), which estimates expected rate of crashes in the tract per year 

• 𝐶𝑟𝑎𝑠ℎ𝑒𝑠 = Β(𝜃, 𝜑), given the expected number of crashes in the tract per year, estimates how many of 

them happen on this window segment 

Sampling is done using the R programming language and a package called RStan [39] [40]. The core functionality 

of the tool is implemented in R with the user interface developed using the Shiny package [39] [41], with support 

from the golemn, leaflet, markdown, bs4dash, and plotly packages, among others [42] [43] [44] [45] [46]. RStan 

generates 2,000 random samples across four Markov chain Monte Carlo (MCMC) simulations from each 

distribution for each unique combination of alpha and beta values in the study area. The results are the mean 

value across all samples from the binomial distribution. They represent an expected rate of crashes per year on 

each window segment, repeated for each mode and severity separately. Dividing by the window length in miles 

produces an annual crash rate per mile for each Sliding Window. 

This crash rate represents the crash density, which is then joined to the original street segments. This is done by 

first dicing the roads into short segments of 0.1 mi (160 m) long, or the step size. Each short segment is then 



7 

 

assigned the highest crash density associated with all the Sliding Windows coinciding with it. The short window 

crash density is then joined back to the original street segments by calculating the average crash density of its 

short segments weighted by their length. 

SEVERITY-BASED CRASH COST 

Established methodologies already exist for estimating the monetary value of deaths, injuries, and damaged 

property from traffic crashes, as well as the monetary cost of economic and societal impacts from crashes [47] 

[48]. The project team calculated national costs for crashes following the guidance set forth in Chapter 6 

of FHWA's Crash Costs for Highway Safety Analysis (2018) [49]. Costs are applied to the estimated density of 

crashes by mode and severity, following the KABCO scale (killed, injury A, injury B, injury C, or property damage 

Only). Once costs have been applied to all severity levels, the cost values are summed to produce the total cost 

density per mile by mode on each segment. The density is used for mapping and visualization. The estimated 

total cost can also be calculated by multiplying the cost density per mile by the segment’s length; this value can 

be used if the end-user brings the results into a GIS tool to aggregate the costs spatially over a corridor or study 

area. Both the cost density and estimated segment cost are included in data downloads from the tool. The tool 

applies a default discount rate of 3percent to reflect today's value of costs projected over a five-year time horizon. 

Both the crash costs and the discount rate can be customized by tool users.  

CALIBRATION 

Initial results from this model showed that intra-network relative distribution looked reasonable (i.e., the segments 

with the highest model outputs also had the most observed crashes and were consistent with local transportation 

practitioners’ understanding of high-risk portions of the network). However, the magnitude of crashes and 

corresponding costs, if summed across the network, tend to be higher than observed values over an equivalent 

period (2-3 times higher in urban areas, and much higher in rural areas). To account for this difference, we scaled 

the output crash estimates so the total crash cost from model outputs for each mode in the entire study area is the 

same as the observed crash cost. In general, we recommend caution when using the model in rural areas 

because of sparse data issues and the magnitude of calibrated outputs; in rural or smaller areas, it may be more 

appropriate to focus only on model output values relative to one another in lieu of the absolute calibrated crash 

costs.  

VALIDATION  

To evaluate the utility of the Safer Streets Model relative to HIN for correlating with future (i.e., out-of-sample) 

crashes and identifying priority investment areas, our team developed a validation methodology that compared 

analysis outputs run on 2010-2014 crash data to crashes observed between 2015 and 2019 (i.e., out-of-sample). 

Model outputs are compared to those of the Sliding Windows Analysis to observe if the model outperforms the 

Sliding Windows Analysis in identifying the segments that have crashes from the validation set.  

The input set is run through the tool’s Sliding Windows Analysis and model components. The validation set is put 

through the Sliding Window process in the tool. The results from each of these processes are joined to the road 

network and segmented by Sliding Windows in the same manner. This minimizes any biases introduced by the 

Sliding Window process in the way crashes are counted. For each street segment, this creates three outputs for 

every unique combination of mode and severity: 

1. Sliding Windows Analysis using 2010-2014 crashes 

2. Safer Streets Model using 2010-2014 crashes 

3. Sliding Windows Analysis using 2015-2019 crashes 
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Street segments are sorted based on the outputs from either 2010-2014 Sliding Windows Analysis (Outcome 1 

above) or the Safer Streets Model (Outcome 2). We grouped the streets into percentile bins (e.g., top 5%, top 

15%, etc.). For the various percentile bins of streets on these two outcomes, we summed the proportion of 

Outcome 3 that falls within this subset of the network. For example, in the top 5th percentile of the network 

according to Outcome 1, what percent of the 2015-2019 crashes falls on this network subset? We repeated this 

calculation for twenty different percentile thresholds (ranging from 5th to 100th in 5 percent increments) across 

four crash groupings: severe pedestrian crashes (Killed plus Injury A, or K+A), all pedestrian crashes, severe 

bicycle crashes, and all bicycle crashes, and across three different jurisdictions: The City of New Orleans, LA; 

Lincoln Parish, LA; and the City of Lowell, MA.  

Table 1 summarizes the results. Columns 2-3 show the cumulative Outcome 3 findings for the 10th percentile 

network, columns 3-4 show the same for the 25th percentile network, and columns 5-6 contain cumulative 

distribution diagrams showing all results from 5% to 100% of the network. Across the board, we saw that for every 

subset of the network, the Safer Streets Model’s subset contained an equal or larger share of the out-of-sample 

crashes than the Sliding Windows Analysis. For example, for New Orleans severe pedestrian crashes, 17 percent 

of Outcome 3 was contained in the top 10 percent of the network based on the 2010-2014 Sliding Window score 

(Outcome 1), whereas the top 10 percent based on the Safer Streets Model (Outcome 2) contained 37 percent of 

the Outcome 3 score. In Lincoln Parish, where our data contained fewer crashes due to both the rural context and 

missing geolocations on some crash records, the Sliding Window networks contained very few of the severe 

pedestrian or bicycle crashes. 0F1  

The magnitude of the outcomes for both models is much lower than the in-sample metrics used to characterize 

HIN (e.g., 70 percent of K+A crashes on 12 percent of the network). In our top 10 percent networks, we see the 

Safer Streets Model capturing 0 percent to 41percent of the out-of-sample crashes, and the Sliding Windows 

Analysis capturing 0 percent to 38 percent. This is expected, both because out-of-sample predictions are harder 

than predicting input/in-sample data, and because roadway investments in higher risk areas over time should 

cause the relative share of crashes on this subset to decline. Nonetheless, the Safer Streets Model outperformed 

the Sliding Windows Analysis for severe crashes in all three test jurisdictions. When looking at all crashes, the 

results were closer, with more instances of the two models performing about equally. None of the network 

thresholds for any location, mode, or severity of crashes had a result where the Sliding Windows Analysis 

outperformed the Safer Streets Model.  

Further validation is needed to compare the magnitude of model outputs to observed crashes over time and 

explore differences by mode and severity, but at this stage, the Safer Streets Model appears to perform 

comparably or slightly better than Sliding Windows Analysis, so that model output may be used alongside or 

instead of traditional High Injury Networks for informational purposes to screen for locations that may benefit from 

safety investment.  

 

1 Note that validation for severe bicycle crashes could not be calculated because there were no observed fatal or serious injury crashes with 
valid geolocations in the 2015—2019 sample. 
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CHAPTER 4. USE CASE FOR CITY OF 

NEW ORLEANS, LA AND REGIONAL 

TRANSIT AUTHORITY   

 

The project team developed the SSPF to address an identified need, to better understand both the likelihood of 

serious crashes involving people walking and bicycling on the City of New Orleans’ road network, and to 

quantitatively rank segments (and thus, potential interventions) while estimating the costs of those crashes in 

consideration of pending and proposed Complete Streets interventions and implementation of a transit network 

redesign. This section highlights how the City of New Orleans and New Orleans Regional Transit Authority have 

initially applied the SSPF tool to address outstanding safety questions. 

BACKGROUND 

In 2012, FHWA designated the City of New Orleans (City) as a pedestrian safety focus city, which led to the 

drafting of a pedestrian safety action plan. In 2015, FHWA updated this designation to include a focus on bicycle 

safety as well. This effort identified crash “hot spots” focused on severe and fatal injuries, and these findings have 

resulted in prioritized implementation of safety improvements for 20 intersections. However, this effort has not led 

to a systemic approach to improving safety outcomes or an ability to identify and prioritize specific roadway 

segments and appropriate countermeasures that will have the greatest impact on human lives. Meanwhile, the 

City is currently engaged in the implementation of a rapid-build protected bikeway network and is interested in 

developing evidence-based tools for project prioritization. The City previously conducted preliminary assessments 

toward the development of a High Injury Network (HIN), but found this method failed to account for factors likely to 

impact future risk (particularly in the context of ongoing, rapid changes to roadway networks).  
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Table 1. Out-of-Sample Validation Results for Sliding Windows Analysis and Safer Streets Model in Three Test Jurisdictions 

  
What percent of out-of-sample 
crashes overlap with the top 
10% of the network? 

What percent of out-of-sample 
crashes overlap with the top 
25% of the network? 

Cumulative Distribution: y% of out-of-sample 
crashes overlap with the top x% of the 
network (dark gray = 100%) 

  
Sliding 
Window 

Safer Streets 
Model 

Sliding 
Window 

Safer Streets 
Model 

Sliding  
Window 

Safer Streets  
Model 

New Orleans, LA 

Pedestrian K+A Crashes 17% 37% 42% 60% 
  

Pedestrian All Crashes 53% 54% 67% 75% 
  

Bicycle K+A Crashes 23% 34% 23% 54% 
  

Bicycle All Crashes 46% 53% 75% 77% 
  

Lincoln Parish, LA 

Pedestrian K+A Crashes 0% 0% 0% 56% 
  

Pedestrian All Crashes 38% 48% 38% 56% 
  

Bicycle K+A Crashes* N/A N/A N/A N/A   

Bicycle All Crashes 9% 29% 9% 73% 
  

Lowell, MA 

Pedestrian K+A Crashes 17% 41% 50% 71% 
  

Pedestrian All Crashes 51% 55% 74% 84% 
  

Bicycle K+A Crashes 3% 29% 3% 72% 
  

Bicycle All Crashes 41% 50% 63% 74% 
  

*Sliding Window and Safer Streets Model ran on 2010-2014 data; out-of-sample crashes came from 2015-2019. Out-of-sample validation for Bicycle 
K+A Crashes in Lincoln Parish was not possible because there were no valid geocoded fatal or injury A bicycle crashes observed in the 2015-2019 
data. 
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In short, the City sought a means to screen for traffic safety problems across the entire street network and 

prioritize opportunities for high impact investment. More importantly, the City wanted a way to quantify the “bottom 

line” value of a proposed intervention versus the cost of no intervention. This approach would require linking the 

cost of investments to the mitigated costs of future injuries and fatalities prevented. Having numerical values for 

the costs associated with injury and loss of life would provide an important input for cost-benefit analyses and 

highlight the impact of maintaining status-quo conditions. Finally, the City sought to better support decision 

making, both for ranking and prioritizing internally-funded projects, as well as to support state and federal grant 

applications.  

The New Orleans Regional Transit Authority (RTA) also collaborated on the development of this tool, with the 

intent that it can be used to evaluate a) areas where pedestrian safety enhancements along the transit network 

are most likely to benefit transit riders, and b) to explore additional analytic uses of the model itself, such as 

mapping and evaluating crashes involving transit vehicles to identify and prioritize systemic safety issues. 

APPLICATION 

The tool accepts users' crash data and street network data and converts them to standardized formats the models 

can then use. Crash data is mapped to the ‘KABCO’ scale of severity for bicycle and pedestrian modes. Figure 1 

and Figure 2 show the pedestrian and bicycle crash severities and their locations for New Orleans from 2015 to 

2019. 

 
Figure 1. Pedestrian crashes in the City of New Orleans mapped by severity within the tool interface 

 

This document and the information contained herein is prepared solely for the purpose of identifying, evaluating and planning safety improvements on public roads which may be implemented 

utilizing federal aid highway funds; and is therefore exempt from discovery or admission into evidence pursuant to 23 U.S.C. 409. Contact the Louisiana Department of Transportation and 

Development's Traffic Safety Office at (225) 379-1214 before releasing any information. 
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Figure 2. Bicycle crashes in the City of New Orleans mapped by severity within the tool interface 

The tool’s Sliding Windows Analysis feature provides an initial look at historical crash density per mile by mode 

(shown for New Orleans in Figure 3 on the left), while the Safer Streets model shows the estimated crash cost per 

mile, calculated as described in this paper (Figure 3, right). This snapshot of areas where crashes previously 

occurred, and their concentration, weighted by severity, provides planners with an instant visualization of the road 

network to compare to past crash analyses.  

 
Figure 3. Sliding Windows Analysis (left) and Safer Streets Model (right) output for pedestrian crashes 

Using the tool, the City of New Orleans was able to generate an estimation of costs associated with future 

pedestrian and bicyclist injuries and deaths if no action is taken to mitigate traffic hazards. In addition, the tool 

allows for quick visual comparison of how model outputs vary by mode: while some corridors stand out for a high 

frequency of serious crashes for a specific mode, other corridors stand out for being relatively crash-dense for all 

modes. These visualizations can support mode-specific planning efforts or multi-modal approaches to roadway 

redesigns. Figure 4 shows Safer Streets model output for bicycle crashes. 

This document and the information contained herein is prepared solely for the purpose of identifying, evaluating and planning safety improvements on public roads which may be implemented 

utilizing federal aid highway funds; and is therefore exempt from discovery or admission into evidence pursuant to 23 U.S.C. 409. Contact the Louisiana Department of Transportation and 

Development's Traffic Safety Office at (225) 379-1214 before releasing any information. 

 

This document and the information contained herein is prepared solely for the purpose of identifying, evaluating and planning safety improvements on public roads which may be implemented 

utilizing federal aid highway funds; and is therefore exempt from discovery or admission into evidence pursuant to 23 U.S.C. 409. Contact the Louisiana Department of Transportation and 

Development's Traffic Safety Office at (225) 379-1214 before releasing any information. 
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Figure 4. Safer Streets Model outputs for bicycle crashes 

These distinctions can be important in engaging the community and decision makers on safety priorities as well 

as targeted awareness campaigns for vulnerable road users. For example, these results have created new 

collaboration opportunities with key stakeholders, such as the New Orleans Regional Transit Authority, because 

some of the higher pedestrian crash densities in the Sliding Windows Analysis correspond with high-ridership 

fixed route corridors where transit users may be at higher risk for traffic injuries. The built-in map visualization tool, 

moreover, allows the user to upload additional shapefiles (such as transit routes or stops) to visually assess the 

relationship of crash outcomes to features of interest, or the results can be exported for further analysis. The RTA 

is using this information to adjust station locations, improve connections to and from station locations, and lobby 

state and local partners to improve pedestrian amenities around its stops. Figure 5 shows Safer Streets Model 

output for pedestrians overlaid with existing transit stops in the study area. 

Finally, the tool dashboard and downloadable report synthesize high-level findings about the input data, including 

total number of crashes by year, severity, mode, and functional classification of roadway. The dashboard also 

identifies a concise list of Highest Crash Corridors by Sliding Windows Analysis for pedestrians and bicyclists, as 

well as graphic representation of model fit for the dataset. These features provide a timesaving asset for citywide 

and neighborhood-level planning, reducing time spent on data reduction and analysis. Figure 6 shows an excerpt 

from the dashboard showing the distribution of crashes by mode and severity, confirming the overrepresentation 

of pedestrians and bicyclists among fatal and serious injury crashes. 

 

This document and the information contained herein is prepared solely for the purpose of identifying, evaluating and planning safety improvements on public roads which may be implemented 

utilizing federal aid highway funds; and is therefore exempt from discovery or admission into evidence pursuant to 23 U.S.C. 409. Contact the Louisiana Department of Transportation and 

Development's Traffic Safety Office at (225) 379-1214 before releasing any information. 

 



14 

 

 
Figure 5. Map visualizer showing outputs for pedestrian risk model, overlaid with transit stop point features 

 
Figure 6. Dashboard excerpt displaying distribution of crashes by mode and severity  

This document and the information contained herein is prepared solely for the purpose of identifying, evaluating and planning safety improvements on public roads which may be implemented 

utilizing federal aid highway funds; and is therefore exempt from discovery or admission into evidence pursuant to 23 U.S.C. 409. Contact the Louisiana Department of Transportation and 

Development's Traffic Safety Office at (225) 379-1214 before releasing any information. 

 

This document and the information contained herein is prepared solely for the purpose of identifying, evaluating and planning safety improvements on public roads which may be implemented 

utilizing federal aid highway funds; and is therefore exempt from discovery or admission into evidence pursuant to 23 U.S.C. 409. Contact the Louisiana Department of Transportation and 

Development's Traffic Safety Office at (225) 379-1214 before releasing any information. 
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USE CASE OUTCOMES 

The City’s previous approach to identifying problematic locations focused on “hot spot” analyses to derive priority 

locations for bicycle crash reduction strategies, and highlighted intersections rather than street segments. This 

approach limited the City’s ability to fully leverage street improvement projects where bike facilities and other 

design interventions could be integrated within a corridor. The Sliding Windows Analysis enables planners to 

more easily find streets with higher than desired crash densities and prioritize accordingly. This focus on targeted 

street segments enables planners to understand street design commonalities that contribute to higher crash 

densities or model scores, and to determine where protected bike lanes and other design interventions can be 

implemented to reduce severe injuries. These might include wide streets, multi-lane intersections, high traffic 

generators, lack of medians, or lack of sidewalks and bike lanes. This information can then be used to determine 

appropriate engineering countermeasures. At present, this work is largely focused on the downtown and 

downtown-adjacent neighborhoods of New Orleans but will expand to other areas of focus. Meanwhile, the City of 

New Orleans’ law enforcement agencies are using this information to inform traffic enforcement and awareness 

programs using a “data-driven” approach.  

The Regional Planning Commission, the local MPO, in partnership with the City of New Orleans is nearing 

completion of a local road safety plan consistent with FHWA guidance and consistent with Vision Zero initiatives 

across the US. Collectively, this safety plan and the SSPF tool output will guide the City’s effort to move from 

reactive to proactive approaches that look not only at past crash histories but toward more predictive measures. 

This includes factoring in the cost of no action into policy decisions. The City of New Orleans is using the cost 

outputs estimated by the Safer Streets Model to project estimated aggregated costs across the City, specific 

corridors, and certain sub-areas. This information is being used to engage the community, local and state 

transportation agency leaders, and elected officials on the effects of inaction. It is also being used to inform 

project delivery goals and performance metrics in the areas most impacted.  

Based on the model results, the City of New Orleans has identified a concise list of street segments where 

changes in the built environment to improve walking and bicycling safety are most likely to have a measurable 

impact on future outcomes. In this case, several of these corridors have already recently undergone safety-

oriented changes or are slated for future improvement. Thus, this analysis provides a useful baseline for future 

evaluation of project impacts. For other corridors, the model results provide a roadmap for selecting and 

proposing proven crash countermeasures, allocating or securing funding, and engaging the community, local 

leadership, and elected officials. 

Meanwhile, the RTA is using transit ridership as an additional input to identify agency priorities in discussion with 

City departments about future investments. Streets identified by the tool as having the highest level of risk for 

pedestrians coincide with some of the most important and heavily trafficked routes in the RTA system. These 

results highlight areas to advocate for safety improvements for RTA riders and are being integrated into an 

updated framework for ensuring safe and equitable pedestrian access to transit.  

As future routes and improvements are planned, pedestrian walksheds will be overlaid with crash maps to ensure 

stops are placed in a manner that reduces walkability barriers. Additionally, the RTA plans to use the tool to 

visualize and analyze crashes involving transit vehicles, and incorporate tool results into operator training 

exercises. Having the tool to contextualize crashes involving transit vehicles could help the agency better discern 

if a crash occurred from operator behavior, or from high-risk road design. Collectively, the information derived 

from tool application can be used by the agency in approaching other city and state level agencies to identify 

issues and push for improvements, as well as in grant applications to help finance these initiatives.  
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CHAPTER 5. CONCLUSIONS, 

RECOMMENDATIONS, & FUTURE R&D 

 

The SSPF accepts simple end user input data to build two different safety analyses with varying levels of 

complexity and reliance on crash history versus other risk factors. Our validation efforts to date show the Safer 

Streets Model performs at least as well at identifying locations with fatal and serious injury crashes as the simpler 

Sliding Windows Analysis, and in many cases outperforms it. Neither of these analyses have been validated 

against other types of safety analyses (e.g., safety performance functions). This tool therefore is a good entry 

point to safety analysis but should not replace any more advanced systemic analysis work agencies are already 

doing.  

Outputs from the network model are expressed as costs to better link the impact of crashes to the planning 

process. We applied calibration factors to bring the total aggregate modeled crash cost by mode in the study area 

into alignment with observed 5-year crash costs in the study area. These costs are still not a perfect 

representation of risk on the network; they are an approximation of aggregate, long-term trends, all else equal. 

However, used cautiously and with an understanding of their limitations, the costs on the network can be summed 

or combined across corridors or study areas to estimate the potential opportunity for safety improvements.  

We anticipate the primary users of this tool will be government agencies at a city or county who are engaged 

directly in project prioritization and implementation. State DOTs and regional agencies can also use the tool by 

aggregating results across multiple counties to identify priority projects, inform funding requests and allocations, 

and support public engagement efforts. The tool’s outputs may be used directly within the online application, 

substantially reducing the technical burden associated with safety analysis, enabling the product to be useful to a 

wide range of jurisdictions and users. The tool also offers spatial and safety analysis to non-governmental 

advocacy groups, who previously may not have had these capabilities. The tool’s open-source nature will offer 

future developers and researchers the opportunity to expand, adapt, or update components of the tool.  
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FUTURE RESEARCH AND DEVELOPMENT 

The project team has identified several opportunities for continued enhancement and development of the SSPF 

that are beyond the scope of the project. These opportunities include: 

R&D 

Category 

Opportunity Benefit Expected 

Level of 

Effort 

Project 

Team 

Priority  

Back-end tool  Scaling enhancements that better handle 

multiple users running concurrent 

processes  

Would address the 

current latency when 

more than one user 

requests analysis 

processes  

High  High  

Models & 

Processes 

Development of a Bayesian model that 

evaluates risk of motor vehicle crashes  

Expand Safer Streets 

model to work for motor 

vehicles 

High High 

Models & 

Processes 

Development of national tract-level 

models for other modes and severities 

(this project uses the PFM as an 

acceptable placeholder for a bicycle 

specific model and for lower severity 

pedestrian crash models) 

More reliable priors for 

Safer Streets model for 

all modes and severities 

High High 

User Interface 

+ 

Customization 

Expanded visualizations, such as a slider 

tool that sets a threshold for Sliding 

Windows Analysis (more directly 

facilitating HIN development) 

Allow users to transform, 

visualize, and 

communicate outputs 

and priorities 

Varies High 

Back-end tool 

& data 

processing 

API integration for continuously updated 

input data (such as for up-to-date 

national crash cost default, or updated 

input data sources used in the PFM, etc.) 

Allow seamless 

integration for various 

data sources 

High Medium 

Customization Customizable sliding window lengths 

within the Sliding Windows Analysis 

Allow users to tailor 

analysis and output to 

local needs and 

conditions 

Low Medium 

User Interface 

+ Back end 

tool 

Secured login via Auth0 authorization 

protocol or two-factor authentication 

More secure access for 

end users, lower active 

maintenance needs 

(e.g., password retrieval) 

Medium High 

User Interface 

+ 

Customization 

Enhanced integration of additional 

datasets within the map visualization tab, 

such as other OSM layers or GTFS data 

within map visualization tab 

Allow users to transform, 

visualize, and 

communicate outputs 

and priorities 

Varies Medium 

User Interface 

+ 

Customization 

Enhanced data dashboard to further 

delve into summary statistics and more 

customized downloadable reports 

Allow users to transform, 

visualize, and 

communicate outputs 

and priorities 

Varies High 

https://auth0.com/
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R&D 

Category 

Opportunity Benefit Expected 

Level of 

Effort 

Project 

Team 

Priority  

Back-end tool 

& data 

processing + 

user interface 

Populating default crash and roadway 

datasets with data available from state or 

local open data sources, such as 

SWITRS (for California crash data), 

MASSDOT’s crash data portal, or other 

Open Data Portals 

Easier access to data for 

users in these areas, 

lower data barrier to 

entry (no GIS skills 

required) 

High Low 

Models & 

Processes  

Ability to conduct a simple network 

screen on OSM data and known risk 

factors (e.g., number of lanes and speed 

limit, or in lieu of those, functional 

class).   

Enhanced systemic 

safety analysis 

capabilities  

High  Low  

User Interface  Public-facing version of dashboard that 

does not require login  

Would enable tool to 

function as a dashboard 

for crash reporting  

High  Low  

User Interface  

  

Tailor visualization for rural areas. When 

an area has a small number of 

crashes, no one segment may have a 

cost rate exceeding the visualization 

threshold (the cost of one injury 

C crash per mile) based on the cost 

calibration. This 

prevents any results from showing up in 

the visualization output. Custom 

tailoring the threshold to the study area 

(e.g., function of overall study area 

costs) or creating brackets by study area 

number of crashes, cost, or urban/rural   

Enhanced usability 

within the tool for rural 

locations  

Medium  Medium  

Models & 

Processes 

Regular update of the PFM every 2-3 

years to reflect the latest datasets. As 

part of this update, a scan of the data 

landscape to see if there are additional 

datasets or variables that should be 

tested in the tract level model would be 

beneficial. Additional, ongoing model 

refinements (e.g., variable selection, 

model fitting) 

More reliable priors for 

Safer Streets model 

High Medium 

Models & 

Processes 

Reevaluating the model with a richer 

data set that incorporates crash data of 

different severities throughout the 

country, as well as the road 

classifications they occur on. This would 

allow for better development and 

weighting of priors 

More reliable priors for 

Safer Streets model 

High Medium 

Models & 

Processes 

Update PFM using newer data (and scan 

for additional data to consider) 1F

2 

More reliable priors for 

Safer Streets model 

High High 

 

2 As part of this project, our team attempted to re-estimate the PFM using newer data. However, a simple 1:1 swap of newer for older datasets 
resulted in model convergence issues. Our team made progress toward selecting variables for and estimating a new model; however, it needs 
further validation and testing before we recommend using it in the tool. 
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R&D 

Category 

Opportunity Benefit Expected 

Level of 

Effort 

Project 

Team 

Priority  

User Interface 

+ Usage 

Guides 

Additional use cases, in collaboration 

with end users and agencies 

Illustrative examples on 

how to use the tool and 

implement the results 

Varies Medium 

User Interface Consider normalizing PFM values by 

area or by population  

Easier visualization of 

polygon base data 

Medium Low 

User Interface 

+ 

Customization 

Sum crash costs in sub-areas or 

corridors 

Allow for sub-area 

analysis and 

prioritization (Can 

currently be done via 

data export in GIS) 

High – 

and may 

not be 

feasible 

given 

limitations 

of browser 

Medium 

Models & 

Processes 

Cost calibration refinement using more 

detailed modeling and rural- or urban-

specific approaches 

Greater confidence in 

cost outputs and their 

usage, especially in rural 

areas 

High Low 

User Interface 

+ 

Customization 

Adjust model visualization thresholds 

and use either study area-specific or 

rural/urban-specific “low value” 

suppression thresholds 

Better map 

visualizations of 

calibrated model output 

without the visual clutter 

of too many relatively 

low scoring segments 

Low—

Medium 

Medium 
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ACRONYMS 
 

AADT Annual Average Daily Traffic 

ACS American Community Survey 

CNO City of New Orleans 

DOTD Louisiana Department of Transportation & 

Development 

EPA United States Environmental Protection 

Agency 

EPDO Equivalent Property Damage Only 

FARS Fatality Analysis Reporting System 

FHWA Federal Highway Administration 

GTFS General Transit Feed Specification 

HIN High Injury Network 

HPMS Highway Performance Monitoring System 

KABCO Crash severity ratings, (K)illed, Injury (A), 

Injury (B), Injury (C), and Property 

Damage (O)nly 

KSI Killed and Severe Injury 

LEHD Longitudinal Employer-Household 

Dynamics 

LODES Longitudinal Employer-Household 

Dynamics Origin-Destination Employment 

Statistics 

LRS Linear Reference System 

MPO Metropolitan Planning Organization 

NHTSA National Highway Traffic Safety 

Administration 

OSM Open Street Map 

PFM Pedestrian Fatalities Model (I.e., the 

original Census tract model from Ted 

Mansfield’s/USDOT’s pedestrian fatalities 

tool  

QALY Quality-Adjusted Life Years 

RPC New Orleans Regional Planning 

Commission 

RTA New Orleans Regional Transit Authority 

SDI Safety Data Initiative 

SLD Smart Location Database 

SHSP State Highway Safety Plan 

SSPF Safer Streets Priority Finder 

TIGER Topologically Integrated Geographic 

Encoding and Referencing 

TIP Transportation Improvement Program 

UNO University of New Orleans Transportation 

Institute 

USDOT United States Department of 

Transportation 

VMT Vehicle Miles Travelled 

VSL Value of a Statistical Life 

WAC Workplace Area Characteristics 

 

 

 


