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Abstract of Praxis

Using Design of Experiment Methods and Multiple Linear Regression to Develop a
System-Wide Traffic Fatality and Severe-Injury Prediction Model

Millions of crashes involving a severe injury or fatality occur in traffic systems each
year. Despite this staggering number, there are limited tools available to predict annual
severe crash totals and few that ascertain contributions of system-wide factors
independently and collectively. Current models focus attention on specific roadway
segments, conduct residual analysis a priori to estimate the reduced number of total
crashes, or use macroeconomic indicators and crash trends to forecast future system-wide
fatalities. But the models generally fail to consider a systems-level approach that
accurately accounts for component interactions to estimate future severe crashes. This
research fills the gap by applying well-known systems engineering tools (multiple linear
regression and design of experiments methods), by leveraging historical crash data, and
by adapting a degradation (or compliance) framework to develop a model for predicting
crashes involving a severe injury or fatality. The proposed Degradation Impact Model is
demonstrated using California traffic data. It is shown to predict as well as other models
found in the literature and provides insights into the role of component degradation on
crash severity. Furthermore, the Degradation Impact Model can be updated as a system
evolves or changes over time, expanded to decompose component factors and tease out
more specific system failures, and adapted for other applications in which operational

compliance among components is essential.

Vi



Table of Contents

DEAICALION ...t bbbt e bbbt 1\
ACKNOWIBAGEMENTS ... %
ADSEFACT OF PFAXIS ...ttt Vi
Table OF CONTENTS ..o vii
LEST OF FIQUIES. ...ttt bbbt Xi
LIST OF T@DIES ... Xii
LEST OF ACTONYIMS ...ttt bttt nb b XV
Chapter 1. INTrOUCTION ........coiiiiiiieie e 1
1.1 BACKGIOUN ..ottt bbbttt 2
1.2 Problem STAateMENT.........cooiiiiieie e 3
1.3 RESEAICH ATIMS ...ttt bttt bbb 3
L4 APPIOACK ... bbb 4
1.5 Scope and LIMITAtIONS. .......coviieiiiiirieiisiesieseeee e 4
1.6 Organization of the DOCUMENT.........ccciiiiiiiiiiieere e 5
Chapter 2. LIterature REVIEW ........cccooiiiiiiiiiiieieie et 6
2.1 SImple SEVETITY RALIO ....cc.oiviiiiie e 6
2.2 BOttOmM-UP APPrOACHES .....c.viiiiiitiiere e 7



2.3 ReSIAUAl ANAIYSIS.....cc.eiiiiiiiie e 8

P QN 1 (= o] =To%: 1 ] T [T 10
2.5 Macroscopic Economic Factors and Summarized Crash Statistics.................. 13
2.6 Techniques that Influenced the Proposed Degradation Impact Model............... 13

2.6.1  Crash STALE .....cc.eeiiiieiieie e 14

2.6.2 Consideration of Infrastructure and the Influence of the Environment.... 14

2.6.3 Factors Affecting the Severity Rate..........ccccovviiiiiiininicieecc e 18
2.6.4 Multiple Linear Regression (MLR) ..o 18
2.6.5 Ideas of Compliance and Degradation in a System Construct.................. 19
2.6.6 Design of Experiments (DOE)........cccoeieiiiiniiininisieeese e 20
2.6.7 Causality vS. COINCIABNT .........coiiiiieieee e 21
Chapter 3. IMETNOUS. ..ot 23
3.1 Novel Elements of the Degradation Impact Model .............cccoceviiiiiiiiinnnnn 23
3.2 ReSArCh HYPOTNESES .....c.ooiiiiiieiiiseeee e 24
32,1 HYPOTNESIS L. .ot 24
3.2.2  HYPOTNESIS 2.t 25
3.2.3  HYPOTNESIS 3. 25
3.3 MEthOdOIOQY .....cviieiiiieiieiee e 25
3.3.1 Predict Total Incidents USiNg MLR .........cccccooiiiiiiiiiinicee e 27
3.3.2 Apply a Degradation Framework............cccoererinenininieiene e 28
3.3.3 Tabulate Outcomes as a Function of Crash State ............c.cccceevvreienenen. 30
3.3.4 Predict Crashes Involving a Major Injury using DOE.............ccccocvnenene. 31

viii



Chapter 4.  Demonstration and ReSUILS ............ccoieiiiiniiiiiiiccceee 33

4.1 Combined Prediction MOdel ... 34
4.1.1 Application of Combined Prediction Model to CA ... 34
4.1.2 Combined Prediction Model Performance...........c.ccoovieicieneniiciincnnns 37
4.1.3 Combined Prediction Model FOrecast ...........c.ccooviiiiiiniiiinenencseneine 38

4.2 Degradation Impact MOdel ... 38
4.2.1 Degradation Impact Model — Data and Total Crash Prediction................ 39

4.2.1.1 Data DISCUSSION ....ocuviiiiiiiiiiiiiiisieeiieie et 40
4.2.1.2 Pre-Processing the Data ..........ccceveieieiiniiisesieeeee e 43
4.2.1.3 Computation of Degraded Sub-System Outcomes..............cc.ccvveene 49
4.2.1.4 DeSCrPtIVe SEAtISTICS.......ccvirieriiriiiieieie e 50
4.2.1.5 TOtal Crashes .......ccoeiiiiiiiiiiiieeee e 51
4.2.1.6 Heinrich Model ... 54
4.2.2 Degradation Impact Model — Two-Component Case.........cccceeerervriennnne 55

4.2.2.1 Calculating Number of Severe Injury and Fatal Crashes —
TWO-COMPONENT CASE ... 57

4.2.2.2 Degradation Impact Model Performance — Two-Component

4.2.2.3 Degradation Impact Model Prediction — Two-Component

4.2.3 Degradation Impact Model — Three-Component Case...........cccocervrenene 63

4.2.3.1 Calculating Number of Severe Injury and Fatal Crashes —

Three-Component CaSE .......cccvciririeieiene e 65



4.2.3.2 Degradation Impact Model Performance — Three-Component

4.2.3.3 Degradation Impact Model Prediction — Three-Component

4.2.4 Degradation Impact Model — Two-Component, Non-Causal Case.......... 72
4.2.4.1 Calculating Number of Severe Injury and Fatal Crashes —
Two Component, Non-Causal Case..........cccooervreeneenenieiiereeenn 72
4.2.4.2 Degradation Impact Model Performance — Two Component, Non-
CaUSAI CASE....eeveeieieiieeie et 80

4.2.4.3 Degradation Impact Model Prediction — Two Component,

NON-CaUSAl CASE......eoviiiiiiiiriieiee e 81

4.3 MOAel COMPATTSON......eiuiiiiiiieieie ittt bbb nreas 82
4.3.1 Results Pertaining to HYPOtheSIS 1 .......ccooeiiiiiiiiiiiiieeeee e 82

4.3.2 Results Pertaining to HYPOthESIS 2 ........cooveiiiiiiiiiiiieceee e 83

4.3.3 Results Pertaining to HYPOthesiS 3 ..o 84
Chapter 5. CONCIUSIONS.......ciiiiiiieieiee e 85
5.1  FULUIE RESEAICH ...t 85
5.2  Applicability of the Degradation Impact Model ..........ccccoceviiiiiiieniieee, 86
RETEIENCES ...t bbbttt b e bbb 88
Appendix A: Pre-Processed Data ..o 95



Figure 2-1:
Figure 2-2:
Figure 2-3:
Figure 2-4:
Figure 3-1:
Figure 3-2:
Figure 3-3:

Figure 4-1:

Figure 4-2:
Figure 4-3:
Figure 4-4:
Figure 4-5:

Figure 4-6:

Figure 4-7:
Figure 4-8:

Figure 4-9:

List of Figures

Helnrich Triangle ... e 7
Strandroth Fatalities and Residuals by Crash Type [31]......cccccveiiiiiniinnnnnns 9
Strandroth Fatalities and Residuals by Crash Scenario [31].........c.ccocevvnene 10
SRA Model for Safe Traffic Systems [20]........ccccooriiiiiiiiiiiiee 17
General Approach for the Degradation Impact Model ............cccccevveenne. 27
General Three-Component Degradation Model ... 29
General Degradation MOdEel ...........cccooiiiiiiiiie e 30

Verhulst Fitting for Severe Injury and Fatal Traffic Crashes by

Year iN California ......oovoiiiiiii e 37
Monthly Daily Crash Rates OVer TIME .......ccccceveriiineniiieeeee e 51
Cumulative Distribution for Prediction Accuracy by Month and Year ........ 53
Two-Component Degradation Model ... 55
Total Crashes by Crash State over Time — Two-Component Case............... 56

Crashes Involving a Severe Injury or Fatality by Crash State — Two-

COMPONENE CASE ...ttt 57
Three-Component Degradation Model ...........cccoeiiiiiiiinieiiie s 63
Total Crashes by Crash State over Time — Three-Component Case............. 64

Crashes Involving a Severe Injury or Fatality by Crash State —

Three-ComponeNnt CASE .......oceiiiiiieieieee e 65

Xi



Table 2-1:

Table 2-2:

Table 3-1:

Table 4-1:

Table 4-2:

Table 4-3:

Table 4-4:

Table 4-5;

Table 4-6:

Table 4-7:

Table 4-8:

Table 4-9:

Table 4-10:

Table 4-11:

Table 4-12:

Table 4-13:

Table 4-14:

Table 4-15:

Table 4-16:

Table 4-17:

Table 4-18:

List of Tables

Crash Factor by Phase MatriX ........ccceoveiereiineneiiseseseeeee e 15
Haddon’s “Examples of Road-Loss Factors [13]”.....cccccooiiiiiiiinniiiniicieen 16
Model Novelty Compared with Other TeChniqUES ..........ccceveeieiiniieriennene 24
California Data for Combined Prediction Model .............ccccoeiiiiniiiiininne 35
MLR Model Training Results for Combined Prediction Model .................... 36
Combined Prediction Model Training ReSUItS..........cccoeveeiiiin e 37
Combined Prediction Model Results for 2014 and 2015 ...........cccccevevvrnnnnne 38
Data Fields Related to Crash Factors of Interest — CollisionRecords............. 41
Data Fields Related to Crash Factors of Interest — PartyRecords .................. 42
Data Fields Related to Crash Factors of Interest — VictimRecords................ 43
Infrastructure Degradation FaCtorS...........cccooeieriniiiniiieeee e 44
Vehicle Degradation FACIOrS ..........ccocuiiiirieiieiesc e 45
User Degradation FACOrS..........ccvivereeieiiese e 46
OULCOMES DALA ..ot 48
Representative Monthly Data Output of the Matlab Script............ccceve.. 49
Results of MLR to Determine Annual Total Crashes .........c.ccccoovvveivienne. 54
Heinrich Model Results for Test Period 2010-2013 ..........cccooviiienininninnne 55
Summary of Crash Metrics Dy Year........cccoviiiiiiiiiece 58
2009 Severity Data by Degradation State — Two-Component Case ............ 59
Example DOE Calculation — Two-Component Case.........cccceververerieriennnn. 60
Model Coefficients Using 2009 Data — Two-Component Case................... 60

Xii



Table 4-19:

Table 4-20:

Table 4-21:

Table 4-22:

Table 4-23:

Table 4-24:

Table 4-25:

Table 4-26:

Table 4-27:

Table 4-28:

Table 4-29:

Table 4-30:

Table 4-31:

Table 4-32:

Proportion of Total Crashes by Crash State over Time — Two-

COMPONENTE CASE ...t 61
2010 Prediction for Crashes Involving a Severe Injury or Fatality —
TWO-COMPONENT CASE ...t 62

Degradation Impact Model Training Results — Two-Component

(O8PPSR PPPRPPR PP 67
Example DOE Calculation — Three-Component Case..........cccccoervrerennnn 68
Model Coefficients Using 2009 Data — Three-Component Case................. 69

Proportion of Total Crashes by Crash State over Time — Three-

COMPONENE CASE ...ttt 69
2010 Prediction for Crashes Involving a Severe Injury or Fatality —
Three-Component CaASE .......cccoiiriiiiieiee e 70

Degradation Impact Model Training Results — Three-Component

08 L= TR UPR PR 72
Severity Rates by Crash State for 2009-2012 ..........ccccocveveiiiereereniese e 76
Normalized Severity Rate by Crash State for 2009-2012.............cccccevvenene 76
Proposed True Severity Rates by Crash State for 2009-2012...................... 77

Xiii



Table 4-33:

Table 4-34:

Table 4-35:

Table 4-36:

Table 4-37:

Table 4-38:

Table 4-39:

Table 4-40:

Table A-1: Pre-processed SWITRS Data Used in this Praxis

Proposed Total Crashes Requiring Crash State Reassignment..................

Comparison of Actual Total Crashes in Observed and True

Crash SHateS . ...

Proportion of Total Crashes by Crash State over Time — Two-

Component, NoN-Causal CaSe.........cccvveeiierieniirniee e

Degradation Impact Model Training Results — Two-Component,

INON-CaAUSA C St eennnnns

Degradation Impact Model Prediction Results — Two-Component,

INON-CAUSA GBSttt ennnnnnens

Comparison of Degradation Impact Model Results with Combined

Prediction MOE] RESUILS ...t

Comparison of Two-Component and Three-Component Degradation

Impact Model RESUIES ........cooiiieii e

Comparison of Two-Component Causal and Non-Causal Degradation

Impact Model RESUIES ........cooiiiii e,

Xiv



AADT

AASHTO

ARMA

CA

CMF

CPI

CPM

DIM

DOE

DOT

FHWA

GDP

HSM

MLR

PDO

SR

SRA

STA

SVM

SWITRS

UN

List of Acronyms
Annual Average Daily Traffic
American Association of State Highway Transportation
Officials
Autoregressive Moving Average
California
Crash Modification Factor
Consumer Price Index
Combined Prediction Model
Degradation Impact Model
Design of Experiments
Department of Transportation
Federal Highway Administration
Gross Domestic Product
Highway Safety Manual
Multiple Linear Regression
Property Damage Only
Severity Rate
Swedish Road Administration
Swedish Transport Administration
Shapley Value Method
Statewide Integrated Traffic Records System

United Nations

XV



us United States
VZ Vision Zero

WHO World Health Organization

XVi



Chapter 1.  Introduction

Preventable harm is a safety issue that continues to attract global and national
attention. Fundamentally, an incident involving a severe injury or death results when a
safety gap exists and arises from one of many causes and mechanisms, either anticipated
or unanticipated. As Leveson argues, “[s]afety is a system problem” and must therefore
be addressed by considering all aspects of a system [22]. Anticipated events happen
when risks are accepted by system owners and the risk is realized. Unanticipated events
are those best characterized by emergent behavior. The emergent behavior usually
results when the necessary system controls to ensure compliance are not in place [20]
[21] [40]; often this unintended and unexpected behavior negatively impacts the system
and leads to safety degradation.

A safety model that associates the outcomes of an incident with the system
degradation factors would be useful and its outputs could validate existing initiatives or
inform changes to enhance a given safety program. Ideally, the model would predict the
expected number of harms based upon considerations and assumptions related to
infrastructure, policies and regulation, equipment and other system components, users
and their behaviors, and other system lifecycle considerations (like operations,
maintenance, replacement, and retirement of components) as well as the interactions of
these various system components and any changes and associated variances that may
result in the operational setting. Such a model would also consider, or at least account
for, all potential use cases (including those unintended occurrences).

This perspective was the genesis for the research that follows.



1.1 Background

Vehicle traffic systems are ubiquitous throughout the world and contain many
instances of preventable harm. There are approximately 1.25 million vehicular traffic
fatalities and more than 20 million more non-fatal injuries annually on roadways
worldwide [44], including 38,000 vehicular traffic fatalities and 4.4 million severe
injuries on U.S. roadways alone in 2015 [25]. In 2010, the United Nations (UN)
Resolution 64/255 “Improving global road safety” called for UN traffic safety
stakeholders, along with the World Health Organization (WHO), to treat road safety as a
“major public health problem” [37] and develop safety programs that will “reduce the
forecast level of road traffic fatalities” [36]. By 2016, the U.S. proclaimed its goal to
eliminate roadway deaths as part of the Department of Transportation (DOT) “Toward
Zero Deaths” initiative [38] and announced a broader multi-agency coalition whose goal
is to realize a “vision of zero road deaths and serious injuries” on U.S. roadways within
30 years [39].

To address this lofty goal and eliminate death and serious injury on roadways, the
industry needs a good method for forecasting the number of these most serious incidents.
As the literature indicates, a number of methods have been developed, but most focus on
specific intersections and roadway segments instead of system-wide totals. Research and
models developed for specific application were prudent to help decision makers manage
and optimize the use of their resources; however, models are also needed to predict total
incidents across the system as a way to assess how well the operational managers and
system designers are doing to achieve their target goal. Thus, there is an opportunity to

develop a model using systems engineering concepts and tools.



1.2 Problem Statement

Current traffic models are unable to accurately predict the number of system-wide
crashes involving a fatality or severe injury and account for the system factors
influencing those crashes. There are limited tools available to predict annual severe crash
totals and few that ascertain contributions of system-wide factors independently and
collectively. Current models focus attention on specific roadway segments, conduct
residual analysis a priori to estimate the reduced number of total crashes, or use
macroeconomic indicators and crash trends to forecast future system-wide fatalities. But
the models generally fail to consider a systems-level approach that accurately accounts
for component interactions to estimate future severe crashes.
1.3 Research Aims

The specific aims of this research are three-fold:

1. Assess whether systems engineering tools like multiple linear regression and
design of experiments could be combined with a degradation framework to
develop a proposed Degradation Impact Model that predicts system-wide severe
injury incidents as well as other models in the literature.

2. Investigate how subsystem decomposition might impact the accuracy of the
proposed Degradation Impact Model.

3. Explore the effects of possible coincident versus causal factors affecting the
classification of component degradation and determine if this knowledge

improves the proposed model.



1.4 Approach

This paper describes a multivariate regression model that leverages design of
experiments methods and regression techniques, integrates research and operational
concepts from the domain of interest, and uses historical data to predict future incidents
of preventable harm. The forecasting model is demonstrated for a specific traffic system
— the state of California — and the results are compared with other models for predicting
crashes involving a severe injury or fatality. The intent is to develop a model that
performs at least as well as existing models for predicting harms in a system, but offers
increased insights into the system dynamics.

1.5 Scope and Limitations

The approach described is one of many that could be pursued. Other methods that
have been tried and applied are discussed as part of the literature review in Chapter 2.
The proposed Degradation Impact Model is meant to be easily explained, supported by
systems concepts, and solved using common systems engineering methods. It is further
meant to be adaptable and scalable for many complex systems, so long as the requisite
data are known and available for analysis.

This last point can impose a limitation for universal application as not all systems
collect and make available the needed data. However, there are many that do. To
demonstrate the model, a representative vehicular traffic system with the necessary data
and data granularity is used. Furthermore, data needed for other forecasting models are
captured so that the proposed Degradation Impact Model can be compared with other

models found in the literature.



1.6 Organization of the Document

This praxis is organized as follows:

Chapter 1 Introduction describes the problem, background, relevance, scope and
limitations of the research.

Chapter 2 Literature Review provides a review of the relevant methods for
predicting the number of severe safety incidents across a system.

Chapter 3 Methodology describes the proposed Degradation Impact Model and
details the method to not only estimate the major safety incidents, but also extract
meaning from the results that can be used for improving safety in the system.
Chapter 4 Demonstration and Results walks the reader through a traffic safety
application of the proposed Degradation Impact Model, discusses the results, and
compares the results with another model in the literature for the California vehicle
transportation system.

Chapter 5 Conclusions discusses the practical applicability of the model based

upon the results and offers additional topics for further research.



Chapter 2. Literature Review

Much research has been conducted and many operational tools have been made
available to estimate the number of future traffic accidents and severity. These methods
include models that consider (a) simple severity ratio relating the number of the severest
injury incidents to the total number of reportable incidents; (b) bottom-up approaches that
focus on specific roadways and their relationship to other similar roadways as part of a
related population; (c) residual analysis by which crashes of an earlier time period are
reviewed in the context of a later time period to ascertain the net decrease in fatalities due
to interventions applied during the intervening years; (d) ex ante forecasting that
generally includes a baseline projection of expected severe crashes without additional
interventions followed by a mathematical treatment (often) on stratified data sets in
which each subset may be impacted differently by the proposed interventions; and (e)
models that consider macroscopic economic factors and summarized crash statistics.
Each of these methods is described in this chapter.

2.1 Simple Severity Ratio

In the 1930s, Herbert W. Heinrich investigated accidents, accident causes, and
resultant accident severity. Specifically, as Penkey writes, Heinrich “published his book
Industrial Accident Prevention, A Scientific Approach in 1931. One empirical finding
from his 1931 book became known as Heinrich's Law: that in a workplace, for every
accident that causes a major injury, there are 29 accidents that cause minor injuries and
300 accidents that cause no injuries.” [27] The 300:29:1 ratio is depicted as a Heinrich

Triangle in Figure 2-1.



1 Major-Injury Accident

for every

29 29 Minor-Injury Accidents
and every

300 300 Non-Injury Accidents

Figure 2-1: Heinrich Triangle
The triangle depicts the 300:29:1 proportionality relating a major accident to
lesser accident types of the Heinrich Law [27].

For the vehicular traffic system, a major injury incident would be any crash involving
a fatality or severe injury. A minor injury crash would be anything less than a severe
injury and more than property damage only (PDO) crashes. The total crashes then are a
sum of crashes involving a severe injury or fatality, crashes involving a minor injury, and
PDO crashes. Note that the severity of a crash is based upon its most severe injury so
that each crash is assigned to exactly one severity type. The severity rate is defined as the
number of crashes involving a severe injury or fatality relative to the total crashes. Thus,
the Heinrich Law predicts a severity rate of 1/330.
2.2 Bottom-up Approaches

The American Association of State Highway Transportation Officials (AASHTO)
Highway Safety Manual draws upon its body of research to help traffic safety designers
deduce the likely changes in crashes and severity for proposed interventions under
consideration [1] [8]. The model associates a specific roadway segment as part of a
population and deduces the anticipated impacts of proposed interventions by way of
Crash Modification Factors that are based primarily upon the effects of the intervention
on similar segments within the population. Interventions are typically related to the

7



system infrastructure and might include traffic control methods, speed limit changes,
additional lanes, or other design alterations. Historical events and statistical analysis
provide expected values for future crashes and fatalities on the roadway segment of
interest, based upon the results of similar interventions applied previously to other
roadway segments within the population. Ultimately, this method intends to reduce the
fatalities and severe injuries on the segments having the highest historical number of
these severe crashes. The bottom-up approach is used to help prioritize limited capital
resources for roadway segments under investigation, but does not predict the expected
number of fatalities and severe injuries across the system.
2.3 Residual Analysis

Several researchers have explored residual analysis to determine a priori the net
effect of interventions on crashes. Strandroth analyzed the fatal passenger vehicle
crashes in Sweden from 2000 and deduced which of those would have been eliminated in
year 2010 due to interventions that were implemented over the course of the intervening
years. He reviewed each crash report conducted by the Swedish Transport
Administration (STA) that contributed to the 332 fatalities in Sweden in 2000. His
methodology explored system-wide countermeasures, instead of site-specific solutions.
He looked at infrastructure improvements which included deployment of median barriers
and vehicle safety enhancements. One assumption was that the vehicle population was
about the same from an age distribution perspective; in other words, if in 2000, a three-
year old car (1997 model) was involved in a fatal crash, the analysis assumed that the
vehicle in 2010 was made in 2007 and thus equipped with appropriate safety features

found in that particular model year. [31]



Strandroth reported that 197 of the fatalities in 2000 would still have occurred in 2010
and thus concluded that 135 were eliminated. In 2010, 156 fatalities occurred, prompting
an additional assertion that the contributions from the countermeasures were
underestimated by his residual analysis method. From an accuracy standpoint, the model
overestimated the number of fatalities by 41, or 26.3%. [31] A breakdown of the actual
fatalities and residuals by crash type and crash scenario are respectively shown in Figure

2-2 and Figure 2-3.

130

W 2000 fatally njured
84 m2010 fatally injured

2010 residual

23

17 5
1 15112
Il 6, 5 535 ﬁjh 351
| B ™ | —

Single Head-on Crossing Tuming Rear end Railway Wild life Others
traffic

Figure 2-2: Strandroth Fatalities and Residuals by Crash Type [31]
The bar chart indicates the reduction in the number of fatalities from 2000 to
2010 in Sweden, along with the prediction for 2010 fatalities in the form of the
residual analysis. The analysis is grouped by crash type. Figure originally
shown as Figure 4 in Strandroth [31].

Another researcher, Elvik, explored the net effect of combined interventions
on roadways and discussed the concept of dominant common residuals method to
account for the fact that multiple interventions are generally not independent and
do not achieve the overestimated positive effects that would be achieved as a sum
of individual gains. He reviewed previous studies in the literature and provided a
comparison of how the net effect of multiple interventions might be calculated.

Included among these techniques were simple additive methods in which the
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Figure 2-3: Strandroth Fatalities and Residuals by Crash Scenario [31]
The bar chart indicates the reduction in the number of fatalities from 2000 to
2010 in Sweden, along with the prediction for 2010 fatalities in the form of the
residual analysis. The analysis is grouped by crash scenario. Figure originally
shown as Figure 5 in Strandroth [31].

percent reduction of interventions would be added and could at some point exceed
100% (which Elvik pointed out as “nonsensical” [6]); common residual methods
which assume complete independence and likely lead to overestimation of the
impact for the combined interventions; and the dominant common residuals
method in which the most dominant intervention will limit the impact of any
additional countermeasures and thus, contributions from each of these subsequent
initiatives must be reduced to prevent overestimation of the combined effects. [6]
Elvik compared the dominant common residuals method with other previous methods
to deduce combined accident modification factors in a retrospective manner and found
generally good agreement with the data. [6] This method however, does not provide a
model to predict fatal and severe injury crashes across the system.
2.4 EXx Ante Forecasting
Several researchers have described methods for ex ante forecasting of fatalities and

severe injuries or projected reductions of these system failures as a result of proposed
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countermeasures at some future time. Siegrist described an ex ante method to forecast
the reduction in severe injuries and fatalities that could be realized from a system-wide
safety program [30]. The method first considers five factors that influence the degree to
which an individual safety measure could impact certain subsets of crashes. According to
Siegrist, “[a] safety measure is relevant when it addresses a high priority accident type
(A), when it is applicable (B) and effective (C), when it achieves a wide spread (D), and
when compliance — where applicable — is sufficient (E).” [30] The approach then
incorporates multiplicative factors to not only prevent double counting, but to also
attribute potential synergy gains when multiple initiatives are implemented as part of a
safety program. [30]

Siegrist explored and calculated the benefits of 92 individual road safety measures in
Switzerland and looked at their timed implementation based upon limited resource
constraints. A forecasted total of 300 fatalities between 2000 and 2010 was predicted for
a fully implemented safety program by 2010, based upon a predicted 50% reduction from
600 for the ten years preceding 2000. The actual fatalities totaled 400, but the system
was not fully realized. Thus, the model generally requires a longer passage of time and a
way to resolve what happened in the intervening years to deduce its predictive capability.
[30]

Stipdonk, et al., Wesemann, et al., and Weijermars and Wesemann applied a method
for ex ante forecasting of severe injuries and fatalities in the Netherlands that
incorporated concepts of stratification of specific model variables [33] [42] [43]. The
researchers first extrapolated a baseline casualty rate using trending data by stratified

variable and multiplied the result by estimated travel miles to determine expected severe
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injuries and fatalities for several scenarios with continuing policies in 2020. Subsequent
steps deduced the impacts of specific proposed initiatives as they pertained to the
stratified variables. Finally the contribution of each variable was summed to aggregate
results for the system.

Stipdonk, et al. focused on the casualty rate using stratified data by age and mobility
(i.e., user mode of travel). Their preliminary research demonstrates that the rate of
change for casualty rate may differ for stratified data subsets. [33]

Wesemann, et al. investigated the implementation of five safety initiatives and
stratification by conflict type, road type, and age. They also varied the exposure of
roadway users by employing four different economic scenarios for the Netherlands.
Their analysis suggested that the Netherlands could achieve its updated goal of no more
than 500 fatalities by 2020, although uncertainty in their model could lead to a forecasted
total greater than 500. [43] At this point, there is no way to know how well the model
will perform.

Weijermars and Wesemann continued the work related to ex ante forecasting of road
fatalities and severe injuries in the Netherlands, adapting techniques of Siegrist and
specifically addressing whether that nation would achieve its goal of no more than 500
fatalities and 10,600 severe injuries in 2020 [42]. The researchers conducted ex ante
forecasting consistent with those described earlier in this section and reported that the
Netherlands likely would not achieve its goal for severe injury reduction by 2020, even if
it adopted an additional four safety measures cited in the article. The most optimistic
forecast for fatalities was 450; for severe injuries it was 14,700. [42] Similar to before,

there is no way to know how well the model will perform until 2020.
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2.5 Macroscopic Economic Factors and Summarized Crash Statistics

The last technique involves macroscopic economic factors and summary crash
statistics. Kweon conducted analysis to determine macroscopic economic measures such
as unemployment rate and consumer price index could explain a large portion of the
significant drop in crashes and fatalities observed in Virginia between 2007 and 2008.
He used multiple linear regression (MLR) to explain factors influencing this positive
outcome, but the method was not intended to predict future occurrences. [18]

Additionally, Zhong-xiang, et al. describe a combined model to predict future
fatalities in China. The model uses a weighted linear combination of two sub-models —
the first of which assumes a continuing trend of a Verhulst curve (traditional S-curve) and
the second of which uses MLR for several macroscopic factors. The Shapley Value
Method is employed to define an error term for each method and apply an error-
minimization technique to determine a weighting factor for each sub-model. The
individual weights are then applied as a linear combination to predict future fatalities in
China. This technique inherently assumes the continuation of the Verhulst curve and
relies on future predictions for the macroscopic indicators. [45] Despite these
limitations, the Zhong-xiang, et al. Combined Prediction Model predicts system-wide
fatalities and thus serves as a baseline model for comparison.
2.6 Techniques that Influenced the Proposed Degradation Impact Model

This section describes the works that influenced the development of the proposed
Degradation Impact Model. The proposed model takes into account and builds upon the
concepts related to the crash state, the consideration of infrastructure and the influence of

environment, factors affecting the severity rate, the idea of compliance and degradation in
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a system construct, multiple linear regression to forecast outcomes of interest, design of
experiments as a method to deduce contributions of components and their interactions,
and the idea of causality versus coincident.

2.6.1 Crash State

Haddon described an accident in terms of three phases — Pre-Event, Event, and Post-
Event — and how they lead to crash results, primarily in terms of losses. [13] This
depiction of an accident inspired the idea of a crash state, especially as normal operations
transition from the pre-event phase to the event phase for an incident as it unfolds. Crash
state will be discussed further in Chapter 3.

For the work in this study, the post-event phase would only be considered from the
standpoint of what the outcome for each crash was. The post-event phase deals with the
initial worsening, and later restoring, of components following the crash. [13] Of interest
to this study is the severity of injuries sustained by humans. Thus, the relevant activities
in the post-event phase pertain to emergency response activities that are meant to mitigate
the losses resulting from the crash. These losses are usually tied to a severe injury
becoming a fatality, since crashes with property damage only (PDO) and minor injury
crashes generally do not lead to major injuries or fatalities as a result of the crash alone.
Because both severe injuries and fatalities are the primary outcome of interest in this
predictive model, there was no need to focus on the post-event phase.

2.6.2 Consideration of Infrastructure and the Influence of the Environment

Haddon also described three factors that contributed to a vehicle crash — the human,

vehicle and equipment, and the environment as shown in Table 2-1. [13] These factors
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were considered by the phases discussed in the previous section to create a matrix that

can be used to identify and calculate highway losses.

Table 2-1: Crash Factor by Phase Matrix
Reproduced from Haddon’s Figure 4 [13]. The numbers in each cell provide a
reference to the examples in Table 2-2 that appears in the same article.

Factors
Vehicle and
Haddon Matrix Human Equipment Environment
Pre-Crash 1 4 7
Phases Crash 2 5 8
Post-Crash 3 6 9
Results

Examples for each cell are shown in Table 2-2. The proposed Degradation Impact
Model adopts Haddon ’s treatment of the environment and infrastructure as one
significant component, along with two other components related to the roadway user (or
human) and the vehicle. This idea of including the environment as part of the
infrastructure is somewhat contentious. Larsson describes the road-user approach to
traffic safety as the belief that human error is the primary cause for crashes in the vehicle
traffic system [20]. From this perspective, one can infer that deteriorating road
conditions for example, should result in the motor vehicle operator making the necessary
adjustments for a safe travel. If these adjustments are not made, then the operator is
considered at fault.

From a system perspective however, if the roadway deteriorates, then necessary
controls should be in place to at least dynamically warn the driver (through for example,
changing speed limit signage) or ideally motivate the necessary changes to prevent or

limit access to a dangerous roadway, or influence the vehicle’s ability to travel at certain
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speeds that could result in a crash. The current system is far from this state; however,

semi-autonomous Vvehicles are attempting to make progress in this area.

Table 2-2: Haddon’s “Examples of Road-Loss Factors [13]”

The element number is associated with the numbers in the cells in Table 2-1,
which is explicitly called out in the designation field. One or more representative
instances for each designation is provided in the example field. This table is
reproduced from Table | in Haddon [13].

Element
Number Designation Example

1 Pre-Crash-Human The role of alcohol in crash initiation.

9 Crash-Human The large resistance of the properly packaged
human body to crash forces.

3 Post-Crash-Human Bleeding of damaged people.

4 Pre-Crash-Vehicle and Tire blowouts and other mechanical failures.

Equipment
The susceptibility of fenders and other exterior
Crash-Vehicle and structures to da_mage; the traditional design of

5 Equipment steering shafts in _such a way that they are
driven backward in frontal crashes and impale
or crush drivers’ chests.

6 Eost_—Crash-Vehlcle and Difficulty and cost of vehicle-damage repair.

quipment

Low coefficients of friction on road surfaces,

7 Pre-Crash-Environment inadequate signs and signals, ineffective police
control of speeding.
Trees, ditches, unyielding poles, bridges and

8 Crash-Environment other solid structures without interposed guard
rails, soft shoulders, along roadsides.
Inadequate provision of emergency telephones,

9 Post-Crash-Environment | inadequate planning and operation of
emergency and other social response systems.

Furthermore, according to the Swedish Road Administration (SRA) 2008 model

documented in Larsson, safe roads, safe vehicles, and safe road-users are the fundamental

factors that lead to a safe system [20]. This system perspective, shown in Figure 2-4,

begins to address some of the components necessary for a safe vehicle transportation

system, but still lacks accountability for changes in the system from its ideal state;

specifically, environmental factors, road maintenance, non-functioning or concealed
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signage, and other examples of infrastructure failure are not explicitly addressed. Instead
the model appears to be more focused on the vehicle safety features and the driver

behaviors to keep the injury threshold from being reached.

Safe road traffic

r

Safe
journeys

t

Safe
speed

!

Safe
road/street

It must support
a correct use

It must be
forgiving in an

injury mitigation
perspective

It must support a

correct use Knowledge,

I must protect
drivers and
passengers

capability,

capacity,
Safe pacily
It must protect road-user

. willingness
other road-users’

Safe
vehicle

The biological tolerance towards external violence,
psychological and physical conditions of the
human being

1o correctly use the
road transport
system

Figure 2-4: SRA Model for Safe Traffic Systems [20]
Copy of the SRA Model included as Figure 1 in Larsson, et al. [20]. The authors
point to a safe vehicle, safe roadway system (or infrastructure), and safe road-
user as necessary components in the system. Note that there is no explicit
mention of environmental conditions in the model.

This analysis considers two high-level cases as follows: first, the case in which the
two components are the system infrastructure and the combined vehicle and user; and
second, the case in which there are three components that include the infrastructure,
vehicle, and user. In both cases, the infrastructure captures not only the roads, signage,
and other roadway resources, but also the environmental conditions that influence the
degradation of these system resources as discussed in section 3.3.2. For traffic safety,
which is selected as the system for which the model is demonstrated, the environment
varies greatly and must be properly accounted for. Treating the environment as part of

the infrastructure satisfies this need.
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2.6.3 Factors Affecting the Severity Rate

As discussed in section 2.1, Heinrich offered a theory relating the number of major
accidents to minor accidents and total accidents. [27] The concept that an event can have
varying degrees of severity when repeated over and over stimulated the idea that the
causes of an accident may generally be different than those that determine crash severity.
Thus, it seemed logical to break the problem into a series of steps to first calculate the
total crashes, then determine the severity rate, and finally take their product to forecast
future crashes with a severe injury or fatality. The severity rate will be discussed further
as part of the Degradation Impact Model description in section 4.2.1.

Haddon discussed the idea of “loss reduction” by implementing countermeasures to
mitigate against severe injuries and economic costs when crashes occur. [13] Thus, there
are two key ways to prevent crashes involving a severe injury or fatality — either
eliminate all crashes or protect the important assets when a crash occurs. From this
perspective and the large volume of crashes that still remain, it can be inferred that the
primary approach is consistent with asset protection. This statement is not intended to
say that no efforts are being developed for crash prevention; it just means that despite
anti-lock brakes, object proximity sensing, semi-autonomous cars, and other safety
features meant to prevent crashes, there are many ways for the system to produce a crash.

2.6.4 Multiple Linear Regression (MLR)

MLR is a technique by which one seeks to deduce the value of a response variable in
terms of more than one independent variable, each of which has a linear relationship with
the dependent variable. As Ott and Longnecker describe, a first-order MLR equation can

be written as:
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Yy = Bo + Brx1 + Boxy + -+ Brxy (2.1)

for n independent variables denoted x; and dependent variable y. [26] The B; coefficients
in equation (2.1) are determined by using data for m equations where m >n. MLR seeks
to minimize the squared error defined by the difference between the dependent variable
and the sum of the terms to the right of the equal sign in equation (2.1). This difference
is known as the residual. The parametric relationship in equation (2.1) is then defined by
the set of ;s that minimizes the residual error. [2]

MLR seemed a clear choice to determine total crashes across the system as several
key factors were selected to build the model. To further improve predictive ability,
forecasts were made on a monthly basis and rolled up to determine an annual forecast.
This method was intended to remove some of the noise from the forecast and is discussed
further in sections 3.3.1 and 4.2.1.5.

2.6.5 Ideas of Compliance and Degradation in a System Construct

The work of Stigson and Hill to develop a compliance model in traffic safety [32],
along with research being done in health care to track completion of hospital tasks known
to prevent common harms in the intensive care unit [16] provided the framework to build
the Degradation Impact Model and deduce severity. In any complex system, the
subsystems and components are expected to perform within an expected range and if they
do not, then failure can arise. Because this is universally true, it became clear that first
deducing whether a component was in any way degraded with respect to its intended state
and relating the degradation to crash severity outcomes could prove to be a good method

for calculating the severity rate.
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2.6.6 Design of Experiments (DOE)

DOE is a “structured” method to determine causal effects from the variables that are
“purposefully” exercised in an experiment. [17] The advantage of DOE is its ability to
deduce individual variable effects despite the simultaneous exercising of multiple
independent variables. This exploitation is accomplished when the runs (i.e., each
experiment) consist of strategically selected variable values and the runs are executed in
such a way so that no unintended bias is introduced into the experiment.

As its name implies, DOE is typically employed to design an experiment by
understanding what the resulting data are going to look like, and especially how much of
those data are needed to draw conclusions about the statistical significance of the
experimental results. The number of runs and an order of how the runs will be executed
are known before testing commences. For each run, any necessary resource and material
needs are also known. Thus, DOE can help to communicate planning and budgetary
needs for data collection that will allow the desired information to be learned.

But the learned information can also be achieved via the same DOE approach for
operational data as long as the “experiments” are not artificially biased to favor any of the
variables being explored. For traffic safety, crashes are the experiments. They are the
adverse culmination of random component interactions [20] and represent rare events
[34] in the system. In this system, if any bias is uncovered, it likely provides insights into
some of the variables, conditions, or other factors that either limit or promote crashes or
crash severity.

Thus, DOE seemed to be a logical tool to help determine the significance of specific

variables under investigation. With the traffic safety application, the ability to extract
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individual variable contributions, the vast number of crashes and data available, and the
randomness of the events made DOE a viable tool for this application.

2.6.7 Causality vs. Coincident

Causality surfaced as a result of the review of the Zhong-xiang, et al. Combined
Prediction Model and the fact that the MLR model did not produce values for the
independent variables that could be used as levers to reduce the number of crashes
involving a severe injury or fatality. This concept related to regression models was the
topic of Hauer who compared regression studies with before-and-after studies for rail and
highway intersections to determine which method was a better predictor of causal effects
of interventions at those sites. [15]

The idea of causality arose again during the use of DOE methods and crash state
determination. Furthermore, given the increasing severity rates as more components
became degraded, but differing significantly from year to year, the idea of the severity
rate being diluted emerged as a possible explanation. The thought is that although two
components were degraded at the time of the crash, one or both of them may not have
had anything to do with the crash itself. This explanation is plausible due to the high
severity rate for crashes involving no component degradation.

In the model version that considers non-causal factors, the severity rate for the state
of no component degradation is considered constant. The assumption is that all factors
leading to degradation are captured in the crash report; the model does not consider the
case wherein a factor was missed. This approach follows naturally from the limitation
statement earlier indicating that accurate data are needed for the analysis. The omission

of a factor causing degradation is an outright error; the fact that a factor may not have
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contributed to a crash describes the way in which the data are treated. Thus, the non-
causal model considers reassignment of crashes moving from a higher crash state (i.e.,

having more components that are degraded) to a lower crash state.
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Chapter 3.  Methods

This section is organized to provide the factors that make this research novel, the
hypotheses that are addressed in this praxis, and the proposed methodology.
3.1 Novel Elements of the Degradation Impact Model

This praxis makes three key findings that respectively address the aims in section 1.3;

the systems engineering contributions include the following:

1. Development of a method to predict incidents involving a severe injury or fatality
in the following year using MLR and DOE; the proposed Degradation Impact
Model is shown to predict as well as current models in the literature for a specific
system with the necessary quantity and granularity of data.

2. Decomposition of the system components into smaller components to investigate
component degradation is shown to potentially impact the accuracy of the
proposed Degradation Impact Model.

3. Proper accounting of degradation factors as causal versus coincident is shown to

potentially impact the accuracy of the proposed Degradation Impact Model.

Table 3-1 shows how the proposed Degradation Impact Model compares to other
previous techniques. The comparison is based upon three criteria, each of which is
scored qualitatively. First, can the model predict system-wide counts of crashes or severe
injuries and fatalities? Second, can the results be explained in terms of system factors?
And third, can the model be easily verified within one year to determine how accurate the

prediction was?
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Table 3-1: Model Novelty Compared with Other Techniques

Model Factors

System-wide
Prediction of Crash
Count or Injury Count

Problem Described
by System Factors

Model
Proposed
Degradation
Impact Model
Heinrich Simple
Severity Model

HSM Bottom-Up
Approach

Strandroth
Residual
Analysis

Easily Verified

Partially in relation
to similar segments
and intersections

Elvik Dominant
Common
Residuals

Ex Ante
Forecasting

Partially, but the
macroscopic
indicators do not
seem properly
correlated

Zhong-xiang, et
al. Combined
Prediction Model

3.2 Research Hypotheses

Three hypotheses are listed in the following subsections to address the contributions
described in section 3.1. Each is investigated and tested as part of this praxis.

3.2.1 Hypothesis 1

H1 . The proposed Degradation Impact Model (DIM) is equally accurate as the

Combined Prediction Model (CPM) developed by Zhong-xiang, et al. for predicting fatal

and severe injury crashes (L, = Kepy,)
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H1 . The proposed Degradation Impact Model is more accurate than the Combined

Prediction Model developed by Zhong-xiang, et al. for predicting fatal and severe injury
crashes (K, > Kepy)

3.2.2 Hypothesis 2

H2 . The proposed Degradation Impact Model is equally accurate for the two-
component case as it is for the three-component case for predicting fatal and severe injury
crashes (uD]M@) = “DIM(z))

H2 . The proposed Degradation Impact Model is more accurate for the three-
component case than the two-component case for predicting fatal and severe injury
crashes (uDM(3) > “DIM(z))

3.2.3 Hypothesis 3

H3 . The proposed Degradation Impact Model is equally accurate for non-causal
treatment as it is for causal treatment for predicting fatal and severe injury crashes
(MDIM(NC) - MDIM(C))

H3,. The proposed Degradation Impact Model is more accurate for non-causal
treatment than it is for causal treatment for predicting fatal and severe injury crashes
(MDIM(NC) = MDIM(C))

3.3 Methodology

Safety is a system issue and not simply a driver issue as Larsson points out. [20] This
view that roadway safety involves more than just the driver is a tenet of the Swedish
Vision Zero initiative, which aspires to eliminate fatalities and severe injuries on that

country’s roadways. [35] Not only does the system involve drivers, bicyclists,

25



pedestrians, and other users of the system, but it also involves the technology, processes,
and complex interactions of the system components, all of which must be considered by
designers to effectively implement and operate a safe system.

The model described in this paper takes system behaviors into consideration through
the use of historical data, with the expectation that the macroscopic behavior of the
system, leading to the rate of system degradation, will be stable for some period of time
and that changes resulting in deviations that start to move this behavior will become
evident on a timeline that is significantly shorter than the stable period of time. Wang, et
al. reported that autoregressive moving average (ARMA) models using a 90-day window
provided better accounting of the lag phenomenon experienced after specific initiatives
were implemented in Florida. [41] Thus, crash data for the previous quarter might
provide insights into future estimates. This topic will be discussed further in section
3.3.1.

The general approach to develop the predictive model in this paper is overlaid onto
the (inverted) Heinrich Triangle, which is discussed in section 3.3.1, and is shown in
Figure 3-1. The system model can be tailored based upon the components and data
defined in the system of interest. Specifically, the generalized model consists of four

major steps, each of which is described in the following subsections.
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. T_O‘[al (1) Predict total incidents using
incidents multiple linear regression

Minor-injury
incidents
(2) Apply degradation framework to system

components and establish incident states

(3) Tabulate outcomes by incident state

(4) Predict major-injury incidents using
design of experiments

Major-injury
incidents

Figure 3-1: General Approach for the Degradation Impact Model

3.3.1 Predict Total Incidents Using MLR

The first step entails the use of analytical tools such as MLR to calculate the expected
number of safety events. For traffic safety, the safety events are captured as the total
number of crashes. Ultimately the model requires a ratio of the number of events with a
specific outcome to the total number of safety events. This idea is well represented by
the Heinrich Triangle model, although the Degradation Impact Model is not dependent
upon the 300:29:1 rule described in section 2.1. [27]

In the model demonstration, MLR provides a way to determine system-wide crash
numbers using macroscopic factors that may more appropriately govern this total.
Specifically, the model uses number of miles driven and historical total crashes during
the previous quarter and year-over-year monthly data as independent factors. The total
crashes are then distributed across the crash states based upon the distribution from the

previous year.
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3.3.2 Apply a Degradation Framework

The next step corresponds to the application of a degradation framework.
Degradation implies that one or more system components are not functioning at a level
that achieves the desired performance. According to this definition, a system is
considered to be in a degraded state if for example, a specific user is not following the
operating rules or has reduced operating performance, or if the roadway infrastructure is
under repair. Fully functional implies that a system component not only meets the
minimum requirements of the system to operate effectively, but is also in a state that is
considered a “best case scenario” for that specific component in the system. For
example, a forklift operator who has been drinking is considered a degraded operator
even if he is able to perform better in his drunken state than someone who has not been
drinking.

For traffic safety, the degradation model combines compliance ideas detailed by
Stigson [32], and builds upon the Swedish Road Administration safety model [20] as well
as the Haddon factors leading to a crash. [13] The proposed model considers degradation
in the ability of the system components to function at their optimal level, as well as the
interactions among them.

Thus, a vehicle requiring maintenance or an impaired driver constitutes a degraded
condition for each of those system components. Additionally, the proposed model
considers Haddon’s environment factor as being fundamentally an infrastructure issue
since inclement weather or icy roads represent a roadway degradation as much as a work

zone or blocked traffic control signage.
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In the Degradation Impact Model, each component is either fully functional or in a
degraded condition. A crash state is then defined by the degradation conditions for each
of the components. The number of crash states is equal to the number of component state
possibilities raised to the number of components. Thus, for the general three-component
case shown in Figure 3-2, there exist eight crash states as a result of the binary nature of

each component condition and three components.

C;: Reported degradation of
component 1

‘ C, : Reported degradation of
component 2

C,: Reported degradation of
component 3

No reported degradation (0)

Figure 3-2: General Three-Component Degradation Model
Figure adapted from Stigson and Hill [32]. Crash state is shown in parentheses. In the
figure, components listed are degraded. Thus, for example, C,C; corresponds to crash
state (5) in which the first and third components are degraded and the second is not.

In the current model, there is no consideration for partial degradation; a component is
either degraded or not. Figure 3-3 provides an example of how degradation is
determined.

Each row in the figure represents a component of interest in the system. The blocks
on the left of the figure correspond to the component factors that can lead to degradation.
There is no restriction on the number of factors that determine degradation (i.e., the
number of blocks on the left can be any reasonable number). Green indicates the
component is not degraded for the given factor, while red indicates a degraded factor. In

the example, component 1 and component 3 are characterized as degraded because there
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is at least one factor that is degraded (i.e., red) for each component. In order for a
component not to be degraded, all blocks on the left would need to be green; this is the

case for component 2.

Degradation Factors Degradation Value

_ — Component 1 Degradation
- D —— No Component 2 Degradation

_ — Component 3 Degradation

Key

No Component Degradation
Component Degradation

Figure 3-3: General Degradation Model

3.3.3 Tabulate Outcomes as a Function of Crash State

The model next requires each incident report to be processed so that it associates the
outcomes of interest with the state prior to the accident. This explicitly requires the
determination of whether each component was fully functional or was otherwise in a
degraded state. The component is assigned a value of “1” if in a degraded state and a
“-1” otherwise. The state is an n-digit number where each n corresponds to the
component of interest.

In the model demonstration for a traffic safety application, a crash state is defined by
the number of components, n, in the analysis. Thus, the crash state is represented as a n-
digit binary number. The degradation approach enables historical crash data to be
processed in such a way to determine a crash state and associate the outcome of the crash
(i.e., whether it involved a fatality or severe injury, or not).
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Next, data that could determine component degradation were required. The
California Statewide Integrated Traffic Records System (SWITRS) provided the level of
detail needed. SWITRS data have been used previously by researchers to investigate
such topics as machine learning algorithms to identify significant crash factors [19] and
the relationship of economic factors like gas prices to motorcycle fatalities in California
[46]. The data collected and accessible via SWITRS is located in three separate data
bases related to collision records, party records, and victim records. These respectively
include summary information and location about the crash, information for each party
involved in the crash, and information pertaining to each victim for each party.
Collectively, the three data sets contained the required information to deduce whether a
crash state consisted of degradation in one or more of the components in the roadway
system.

The impacts and interactions arising from degradation for each component in the
analysis were sought. The SWITRS data was processed to associate outcomes with crash
state, which provided a good format to apply design of experiments methods.

3.3.4 Predict Crashes Involving a Major Injury using DOE

The next step is to calculate the rate at which the major accident occurs with respect
to total accidents. This rate is referred to as the severity rate and each of the n
components has its own severity rate. For states involving degradation of more than one
component, the severity rate includes complex interactions and requires some effort to
tease out the individual contributions due to degradation. One way to compute these
contributions is through the application of DOE methods, which was discussed in section

2.6.6.
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For traffic safety, the contribution to the severity rate for each component in the
degradation model can be assessed. The severity rate is simply the ratio of the number of
crashes involving a severe injury or fatality, and the total crashes for a given crash state.
In the model, the ratios are computed on an annual basis. The degradation model enables
the system factors, which are associated with behaviors and habits on the road, to be
succinctly captured and rolled up into the component categories. In the demonstration
and results section, the two-component and three-component cases are explored and the
associated DOE equations are described and used for the traffic safety application on CA

roadways.
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Chapter 4. Demonstration and Results

To demonstrate the proposed Degradation Impact Model, a complex system with the
necessary level of data granularity was needed. Traffic systems met the criteria for
complexity, exhibiting six characteristics that include ignorance among components,
exposure to the environment, path dependence, non-linear component interactions, and
others. [29] Unfortunately, there is no consistency in data collected in crash reports and
there is general uncertainty in published crash statistics. [7] Thus, the proposed
Degradation Impact Model could not arbitrarily be applied to any of these systems.

Rather, specific models were identified, followed by a system for which the necessary
data were collected not only for the Degradation Impact Model, but also the other
potential models of comparison. After an extensive search, the model that provided an
opportunity for direct comparison was the Combined Prediction Model developed by
Zhong-xiang, et al. using data from the California SWITRS. A couple of the variables
used in the regression analysis with original Chinese data were not available for the
California traffic system; however, two other comparable variables were used in their
place. Section 4.1 describes the application of the Combined Prediction Model which
serves as the basis of performance comparison for the proposed Degradation Impact
Model.

Another simple model is the Heinrich Law that was originally developed for
industrial safety. [27] It is offered in section 4.2.1.6 for completeness and demonstrates
that the severity rate in the California traffic system is not well modeled by a constant

ratio.
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After these models are applied using the California data, the proposed Degradation
Impact Model is developed for the two-component case, the three-component case, and
the two-component, non-causal degradation state interpretation in which the factors for
some crashes may not be causal. At the end of the section, the results for each of these
models are compared and interpreted.

4.1 Combined Prediction Model

Zhong-xiang, et al. looked at historical trends and used fatalities as the dependent
variable. Chinese traffic fatalities followed a trending S-curve; thus, the researchers
employed a Verhulst model. Additionally, six independent macroeconomic factors for
China were used to develop an MLR model. The variables included vehicle population,
population, gross domestic product (GDP), freight volume by road, passenger volume by
road, and road mileage. [45]

For each model, the variance between predicted fatalities and actual fatalities was
computed by year. The arithmetic mean for the error term was calculated for each model,
and the respective weight for each model’s contribution and an aggregate error term was
determined using the Shapley Value Method. Ten years of data (2002-2011) were used
to build the model and predictions were made for the following two years. The
respective relative error in 2012 and 2013 was 9.267% and 4.025%. [45]

4.1.1 Application of Combined Prediction Model to CA

Because freight volume by road in tons and passenger volume by road in people
transported were not available with the given units of measure for California, similar
parameters were needed to reproduce the Combined Prediction Model using California

data. Thus, the six independent variables were updated to include vehicle population
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[10], population [12], GDP [5], truck volume in annual average daily traffic (AADT) [4],

vehicle volume (AADT) [4], and road mileage for California [9]. Crashes involving a

severe injury or fatality represented the dependent variable and were tabulated using

SWITRS data. Data were collected for 2006 through 2015. The first eight years were

used to develop the MLR model and the last two were used to determine the model

performance. Table 4-1 shows the MLR actual data used.

Table 4-1: California Data for Combined Prediction Model

Severe CA

injury | vehicle GDP (10° |  Truck Vehicle Road

or fatal pop. CA pop. us volume volume mileage

Year | crashes | (vehicles) | (persons) | dollars) (AADT) (AADT) (miles)
2006 | 14674 | 33908000 | 36021202 | 1963.442 | 15899000 | 199377856 | 170290
2007 | 14594 | 34703000 | 36250311 | 1994.044 | 14896944 | 187645776 | 171154
2008 | 13275 | 34241000 | 36604337 | 2002.744 | 14358745 | 184285077 | 172511
2009 | 12158 | 35209000 | 36961229 | 1913.674 | 14004257 | 182302923 | 171874
2010 | 11455 | 31774000 | 37336011 | 1931.514 | 14039919 | 182549047 | 172138
2011 | 11793 | 29177000 | 37701901 | 1958.105 | 13850452 | 181782082 | 172201
2012 | 12150 | 27702000 | 38067800 | 2004.400 | 13889742 | 181634595 | 175498
2013 | 12026 | 28074977 | 38431393 | 2055.578 | 14009622 | 183973987 | 174988
2014 | 12411 | 28686646 | 38802500 | 2118.858 | 13982095 | 183831952 | 195530
2015 | 13372 | 29424012 | 39144818 | 2206.766 | 14279781 | 186951614 | 195833

The regression analysis yielded the model shown in equation (4.1).

SevCrashes = 20048.67991 — (3.02331E — 05)x; — 0.000773329x, +

9.428173413x5 + 0.002970766x, — 0.000240423x5 + 0.033065599x, (4.1)

where X1, X2, X3, Xa, X5, and Xg respectively correspond to the number of vehicles,

population, GDP in 10% US dollars, truck volume, vehicle volume, and road mileage for a

given year. Substituting values from Table 4-1 produced the results in Table 4-2. The

average relative error for the eight year period was 1.285%.
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Table 4-2: MLR Model Training Results for Combined Prediction Model
% Relative
Actual Predicted Error
Crashes with Crashes with Crashes with
Severe Injury or | Severe Injury or | Severe Injury or

Year Fatality Fatality Fatality
2006 14674 14607 0.457%
2007 14594 14567 0.185%
2008 13275 13405 0.979%
2009 12158 11900 2.122%
2010 11455 11938 4.216%
2011 11793 11608 1.569%
2012 12150 12067 0.683%
2013 12026 12034 0.067%
Average % Error 1.285%

Next, curve fitting for the Verhulst curve was determined using the method described
in the paper written by Zhong-xiang, et al. The model followed a curve defined by
equation (4.2).

axSevCrashesi=gq

(4.2)

SevCrashes, = -
uxSevCrashes;—g+(a—pxSevCrashes;—g)*e%

where o= -0.12893073, p= -1.24399E-05, SevCrashesi-o= 14674, and t is time as
measured in number of years that have passed since 2006.

Figure 4-1 depicts the Verhulst model fitting for the severe injury and fatal crashes.
For California data during this time period, the descending exponential term dominates
the model since a>> . Thus, the best approximating curve includes no inflection point

that is customary for an S-curve.
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Figure 4-1: Verhulst Fitting for Severe Injury and Fatal Traffic Crashes by Year in
California

15000

14500
2 14000
13500
13000
12500
12000

11500

Crashes Involving Severe Injury or Fatali

11000

10500

10000

4.1.2 Combined Prediction Model Performance

Zhong-xiang, et al. deduce a combined error term by following the Shapley Value
Method in which each model is considered a player [28] contributing to the overall error.
The method assigns the regression model and Verhulst model respective weights of

0.9748 and 0.0252, yielding the combined predictions shown in the Predicted column of

Table 4-3 for the test period.

Table 4-3: Combined Prediction Model Training Results

% Relative
Actual Predicted Error
Crashes with Crashes with Crashes with
Severe Injury or | Severe Injury or | Severe Injury or

Year Fatality Fatality Fatality
2006 14674 14609 0.443%
2007 14594 14552 0.288%
2008 13275 13405 0.979%
2009 12158 11926 1.908%
2010 11455 11954 4.356%
2011 11793 11624 1.433%
2012 12150 12065 0.700%
2013 12026 12027 0.008%
Average % Error 1.264%
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4.1.3 Combined Prediction Model Forecast

The results for 2014 and 2015 were respectively 4.117% and 1.608% as shown in
Table 4-4. These values were found by substituting actual values for the six independent
variables in the MLR model for the years 2014 and 2015, respectively substituting for a t
value of 11 and 12 in the Verhulst model, and applying the Shapley error reducing
weights described earlier. The relative error for 2014 and 2015, and hence the average,

were each higher than the average relative error for the training years in Table 4-3.

Table 4-4: Combined Prediction Model Results for 2014 and 2015

% Relative
Actual Predicted Error
Crashes with Crashes with Crashes with
Severe Injury or | Severe Injury or | Severe Injury or

Year Fatality Fatality Fatality
2014 12411 12922 4.117%
2015 13372 13587 1.608%
Average % Error 2.862%

The results of Zhong-xiang’s Combined Prediction Model serve as the basis for
comparison for the Degradation Impact Model described in this paper. Specifically, it is
hypothesized that a model created from systems engineering tools can predict the number
of crashes involving a severe injury or fatality as well as the model developed by Zhong-
xiang, et al.

4.2 Degradation Impact Model

The Degradation Impact Model consists of steps to predict the total number of
crashes by month, determine the proportion of crashes that will result in a severe injury or
fatality, sum over the various crash states to determine annual predictions, and compare

the results with those produced by the Combined Prediction Model of Zhong-xiang, et al.
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The degradation framework considers deviations adversely affecting the intended
functionality for the infrastructure, vehicles, and users of the vehicle traffic system. As
noted earlier, environmental effects related to inclement weather and reduced visibility
are considered infrastructure degradation as part of this analysis.

This section is organized so that the consistent elements of the Degradation Impact
Model are documented first. This section describes the tasks related to the data and the
pre-processing of these data through the forecasting of system-wide traffic crashes,
followed by the prediction of crashes involving a severe injury or fatality via the three
different Degradation Impact Model approaches. Matlab is used to pre-process the data
and Microsoft Excel is used for the multiple linear regression analysis, the DOE analysis,
and the non-causal calculations.

4.2.1 Degradation Impact Model — Data and Total Crash Prediction

There is a great deal of overlap related to the three versions of the Degradation
Impact Model and the research aim that each addresses. These overlapping topics are
described in the following subsections. Specifically, the data are described, the pre-
processing of data is discussed, and the computation of degraded component outcomes to
enable the effects analysis for each of the components and their interactions are revisited.
The method to predict the total crashes across the system is also detailed. Matlab is used
to pre-process the data and Microsoft Excel is used for the MLR analysis used to forecast
system-wide total crashes in the CA traffic system. Following the total crash

determination, a brief discussion of the Heinrich model is provided for completeness.
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4.2.1.1 Data Discussion

Historical crash data from the California SWITRS is used, because it includes a
representative set of variables to describe the component degradation. Crash data were
collected from 2006 through 2015, with the data in 2014 and 2015 serving as
comparative data to assess the predictive model. Data were retrieved through an online
data request query via the SWITRS portal. [3] Data were requested by month. A link to
the requested data was sent by e-mail and the data were downloaded in preparation for
preprocessing.

The logic for the method by which the derivative data is developed will be discussed,
and the associated limitations will be documented in section 4.2.1.2. As always, the data
are only as good as the consistency of the reporting methods and veracity of the data
through validation methods. In all, a total of 4,330,499 crash reports were pre-processed.
The pre-processed data are furnished as Table A-1 in Appendix A: Pre-Processed Data.

The SWITRS data are organized into three separate databases related to information
about the collision, the parties involved, and victims. Table 4-5 provides a list of the data
fields included as part of the CollisionRecords database. This table contains not only a
complete list of the data fields, but also indicates those fields (denoted by an “X”’) used as
part of the analysis.

Table 4-6 includes information pertaining to additional details related to the crash
factors reported for each incident as part of the PartyRecords database. The CASE_ID

field was leveraged to associate the records from the fields of interest in Table 4-5.
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Table 4-5: Data Fields Related to Crash Factors of Interest — CollisionRecords

Part of Part of

Field Name Analysis Field Name Analysis
CASE_ID X NUMBER_INJURED
ACCIDENT _YEAR PARTY _COUNT
PROC _DATE PRIMARY_ COLL FACTOR
JURIS PCF_CODE_OF VIOL
COLLISION_DATE X PCF VIOL_CATEGORY
COLLISION_TIME PCF_VIOLATION
OFFICER_ID PCF_VIOL_SUBSECTION
REPORTING_DISTRICT HIT_AND_RUN
DAY _OF WEEK TYPE_OF COLLISION
CHP_SHIFT MVIW
POPULATION PED_ACTION
CNTY _CITY_LOC ROAD_SURFACE X
SPECIAL_COND ROAD_COND 1 X
BEAT TYPE ROAD COND 2 X
CHP_BEAT TYPE LIGHTING X
CITY_DIVISION_LAPD CONTROL_DEVICE X
CHP_BEAT CLASS CHP_ROAD_TYPE
BEAT _NUMBER PEDESTRIAN_ACCIDENT
PRIMARY_RD BICYCLE_ACCIDENT
SECONDARY_RD MOTORCYCLE_ACCIDENT
DISTANCE TRUCK_ACCIDENT
DIRECTION NOT_PRIVATE _PROPERTY
INTERSECTION ALCOHOL_INVOLVED
WEATHER 1 X STWD VEHTYPE AT FAULT
WEATHER 2 X CHP_VEHTYPE_AT FAULT
STATE_HWY_IND COUNT_SEVERE_INJ
CALTRANS COUNTY COUNT _VISIBLE_INJ
CALTRANS DISTRICT COUNT_COMPLAINT_PAIN
STATE_ROUTE COUNT _PED KILLED
ROUTE_SUFFIX COUNT _PED_INJURED
POSTMILE_PREFIX COUNT BICYCLIST KILLED
POSTMILE COUNT _BICYCLIST_INJURED
LOCATION_TYPE COUNT_MC _KILLED
RAMP_INTERSECTION COUNT_MC_INJURED
SIDE_OF HWY PRIMARY_RAMP
TOW_AWAY SECONDARY_RAMP
COLLISION_SEVERITY X LATITUDE
NUMBER_KILLED LONGITUDE
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Table 4-6: Data Fields Related to Crash Factors of Interest — PartyRecords

Part of Part of

Field Name Analysis Field Name Analysis
CASE_ID X OAF_VIOL SECTION
PARTY_NUMBER OAF_VIOLATION_SUFFIX
PARTY_TYPE OAF_ 1 X
AT FAULT OAF 2 X
PARTY_SEX PARTY_NUMBER_KILLED
PARTY_AGE PARTY_NUMBER _INJURED
PARTY_SOBRIETY MOVE_PRE_ACC
PARTY_DRUG_PHYSICAL VEHICLE_YEAR
DIR_OF TRAVEL VEHICLE_MAKE
PARTY_SAFETY_EQUIP 1 X STWD_VEHICLE TYPE
PARTY SAFETY EQUIP 2 X CHP_VEH_TYPE_TOWING
FINAN_RESPONS CHP_VEH TYPE TOWED
SP_INFO 1 RACE
SP_INFO 2 INATTENTION
SP_INFO 3 SPECIAL_INFO F
OAF VIOLATION_CODE SPECIAL _INFO_G
OAF VIOL CAT X

For completeness, Table 4-7 is included to show the data fields that are available per
victim. For the final analysis, none of these fields were used. If however, they had been
used, the CASE_ID field would have been selected in addition to the fields of interest.
The same “X” indicator would also have been marked similar to the previous tables
above.

A document named RawData_template.docx that describes the data fields and
possible values for each field is furnished as part of the request package. Because the
data came as three individual sets per month, a Matlab script to relate parameters of
interest in one database with others for the same incident in another was developed.
Other logic was developed to account for degradation factors that spanned more than one
data field. More about the logic of the Matlab script and the specific crash factors are

discussed in section 4.2.1.2.
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Table 4-7: Data Fields Related to Crash Factors of Interest — VictimRecords

Part of
Field Name Analysis
CASE_ID
PARTY_NUMBER
VICTIM_ROLE
VICTIM_SEX
VICTIM_AGE

VICTIM_DEGREE_OF INJURY
VICTIM_SEATING_POSITION
VICTIM_SAFETY EQUIP_1
VICTIM_SAFETY EQUIP 2
VICTIM_EJECTED

In addition, miles traveled by vehicles on California roadways were retrieved. [11]
These data were used with historical crash data for year-over-year monthly data and
previous quarter daily crash rate to generate a regression model for total crashes in the
California system.

4.2.1.2 Pre-Processing the Data

The next step was to associate outcomes with degradation factors for each historical
crash and use the information to predict the crash rate involving a severe injury or
fatality. The crash state factors take into consideration the design intent of the system
and underlying assumptions about its use. These factors represent adverse variances
from the planned use cases. The crash report data represent the key degradation factors
for each component and can be easily expanded and tailored as new crash factors are
identified and reported.

The degradation factors and outcomes data are tabulated in the subsections that
follow. The factors to describe component degradation pertaining to the infrastructure

(including the environment), vehicle, and user are respectively shown in Table 4-8, Table
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4-9, and Table 4-10. The factors are indicated, along with the source database and fields
from the RawData_template.docx file. Codes and their interpretation regarding
degradation are also shown. For fields in which degradation values are shown as (-1), all
other acceptable codes (not shown) for the field equate to a degraded state and are
assigned a degradation value of (1); for fields showing degradation values equal to (1),
the list of codes shown is exhaustive for the factor. The outcomes fields reveal whether

or not the crash resulted in a severe injury or fatality and are listed in Table 4-11.

4.2.1.2.1 Infrastructure
The infrastructure factors consist of degraded roadway, non-dry roads, failed traffic
control devices, reduced lighting, reduced visibility, and other associated factors. Each of

these factors is described in Table 4-8 below.

Table 4-8: Infrastructure Degradation Factors

Infrastructure Degradation Factors

Factor Field Codes | Meaning (Degradation Value)
Degraded roadway. CollisionRecords “H” No unusual condition. (-1)
Codes other than those Road Cond 1 Not stated. (-1)
shown here imply - - o Not stated. (-1)
degradation and include
roadway deterioration, CollisionRecords “H” No unusual condition. (-1)
obstructions on road, Road Cond 2 Not stated. (-1)
flooding, and other - - «“» Not stated. (-1)
factors.

Non-dry roads. Codes

other than those shown

here imply degradation - “A” Dry. (-1)
and include wet, Cgl(l):&ogljfé %réds Not stated. (-1)
slippery, snow, icy, - “r Not stated. (-1)
muddy, oily, and other

slippery road conditions.
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Infrastructure Degradation Factors

Factor Field Codes | Meaning (Degradation Value)
Failed traffic control
devices. Codes other “A” Functioning. (-1)
than those shown here CollisionRecords “D” None. (-1)
imply degradation and Control_Device Not stated. (-1)
include obscured or not “r Not stated. (-1)
functioning.

Reduced lighting. Codes
other than those shown

here imply degradation A Daylight. (-1)
and incl%gl/e dl?Sk/ dawn CollisionRecords “C” Dark — Street Lights. (-1)
Lighting Not stated. (-1)

conditions, dark areas o
with no streets, and street
lights not functioning.

Not stated. (-1)

“A” Clear. (-1)
Reduced visibility. CollisionRecords “G” Wind. (-1)
Codes other than those Weather_1 Not stated. (-1)
shown here imply «“ Not stated. (-1)
degradation and include “A” Clear. (-1)
inclement weather CollisionRecords “G” Wind. (-1)
factors. Weather_2 Not stated. (-1)
“r Not stated. (-1)
PartyRecords g
Traffic degradation. Other_Associated_ G SFOp and go. (1)
I Previous collision. (1)
Codes represent Factor_1
degradation conditions PartyRecords s
for this factor. Other_Associated G SFOp and g0. (1)
= - I Previous collision. (1)
Factor_2

4.2.1.2.2 Vehicle
The vehicle factors consist of excess size or weight, reduced vehicle performance,

and reduced vehicle safety. Each of these factors is described in Table 4-9 below.

Table 4-9: Vehicle Degradation Factors

Vehicle Degradation Factors

Factor Field Codes Meaning (Degradation Value)
Excess size or weight.
Codes represent PartyRecords e .
degradation OAF Violation_ 2(1) %\(/e;;/:iileggt. ((11))
conditions for this Category '
factor.
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Vehicle Degradation Factors

Factor Field Codes Meaning (Degradation Value)
PartyRecords i . . .
Other_Associated_ Ié Demcg:ﬁ;\’/ﬁ;'iﬁﬁﬁ:ﬂpr&? t @)
Reduced vehicle Factor_1 y '
performance. Codes PartyRecords P . . .
represent degradation | Other_Associated Ié Defecs:r?a\x:m\ﬁﬁ%:épr?f; t @)
conditions for this Factor_2 y '
factor. PartyRecords “39” Lights. (1)
OAF_Violation_ “40” Brakes. (1)
Category “43” Other equipment. (1)
. PartyRecords “A” No safety equipment. (1)
Eaigtj;e%\égglsde Party Safety “M” Air bag did not deploy. (1)
' . Equipment_1 “U” No child restraint. (1)
represent degradation — -
conditions for this PartyRecords A I\_lo safet_y equipment. (1)
factor Party Safety “M” Air bag did not deploy. (1)
' Equipment_2 “U” No child restraint. (1)

4.2.1.2.3 User

The user factors consist of inappropriate driving and not using safety features. Each

of these factors is described in Table 4-10 below.

Table 4-10: User Degradation Factors

User Degradation Factors

Factor Field Codes | Meaning (Degradation Value)
Violation. (1)
“A” Inattention. (1)
“F” Inattention, Cell Phone. (1)
“p” Inattention, Electronic
“Q” Equipment. (1)
Inappropriate driving. PartyRecords R Inattenti_on, Radio/_CD. 1)
Codes represent . S Inattention, Smoking. (1)

! . Other_Associated s . .
degradation conditions Factor 1 T Inattention, Eating. (1)
for this factor. - “u” Inattention, Children. (1)

“v” Inattention, Animal. (1)

“W” | Inattention, Personal Hygiene.

“X” Q)

“Y” Inattention, Reading. (1)
Inattention, Other. (1)
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User Degradation Factors

Factor Field Codes | Meaning (Degradation Value)
Violation. (1)
“A” Inattention. (1)
“F” Inattention, Cell Phone. (1)
“p” Inattention, Electronic
“Q» Equipment. (1)
“R” Inattention, Radio/CD. (1)
PartyRecords ceaars . .
. S Inattention, Smoking. (1)
Other_Associated | ..., . .
Factor 2 T Inatten_tlon, Ea_ltlng. (1)
- “u» Inattention, Children. (1)
“v” Inattention, Animal. (1)
“W” | Inattention, Personal Hygiene.
“X” Q)
“Y” Inattention, Reading. (1)
Inattention, Other. (1)
No lap belt used. (1)
No shoulder harness used. (1)
ooz No lap belt/shoulder harness
C
wpr _ used. (_1)
wp No passive restraint used. (1)
PartyRecords g Child restraint in vehicle not
Party Safety «R” used. (1)
Equipment_1 - Child restraint improper use.
o (1)
X No helmet by motorcycle
driver. (1)
User safety degradation. No helmet motorcycle
Codes represent passenger. (1)
degradation conditions No lap belt used. (1)
for this factor. No shoulder harness used. (1)
cers No lap belt/shoulder harness
C
wpr _ used. (_1)
wp No passive restraint used. (1)
PartyRecords g Child restraint in vehicle not
Party Safety «R” used. (1)
Equipment_2 - Child restraint improper use.
cwy 1)
; No helmet by motorcycle
driver. (1)
No helmet motorcycle
passenger. (1)
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4.2.1.2.4 Outcomes Data

The outcomes data consist of the highest severity level of any injured party for a

given crash. Outcomes of interest pertain to those crashes involving a fatality or a severe

injury; all other categories are still captured as part of the total crashes. These data are

described in Table 4-11 below.

The script identifies crash severity by incident only; there is no distinction between

the at-fault party versus other parties involved. The Matlab script determines and assigns

a crash state for each accident based upon the logic described in this section and tabulates

the outcome. The final step to process the data is to sum the total crashes and crashes

involving a severe injury or fatality for each of the crash states in a given month.

Table 4-11: Outcomes Data

Outcomes Data

Outcomes

Field Codes

Meaning

Total crashes by month.
The Matlab script
performs a count by
Case_ID and Collision_
Date, both in
CollisionRecords.
Case_ID is also used to
relate data from the
multiple databases used.

CollisionRecords

Case_ID Variable

CollisionRecords
Collision_Date

Case_ID is a unique
identifier for the collision
report.

Collision_Date is a number
in YYYYMMDD format
indicating the date of the
crash.

Crashes involving a
fatality or severe injury.
Codes represent highest
level of injury severity
for a given crash. Codes
other than those shown
here imply lesser
personal injury, or
property damage only
(PDO).

CollisionRecords “1”
Collision_Severity «“2”

Fatal. (1)
Injury (severe). (1)
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4.2.1.3 Computation of Degraded Sub-System Outcomes

The Matlab script determines and assigns a crash state for each accident based upon
the logic described in section 4.2.1.2. For the analysis in this praxis, the crash state is
defined as either a two- or three-component system. For the two-component case, the
vehicle and user are defined as a combined vehicle/user component. Infrastructure
remains a separate component. And in the three-component case, the infrastructure,
vehicle, and user are treated as separate components.

Because degradation can be assessed by component and logical operations performed
to deduce degradation for combined component considerations, the most general crash
state (i.e., the three-component case) was determined for preprocessing of the data.
Along with the state for each component, the outcome (i.e., whether a crash involved a
severe injury or fatality) for each crash was also retrieved. The final step to process the
data was to sum the total crashes and crashes involving a severe injury or fatality for all
of the crashes in the given month. Table 4-12 provides an example of the relevant

monthly output data used in this research.

Table 4-12: Representative Monthly Data Output of the Matlab Script

Severe
Injury Sl +
Crash Fatal (S Fatal Total
State | Infrastructure | Vehicle User Crashes | Crashes | Crashes | Crashes
0 -1 -1 -1 96 358 454 | 23171
1 -1 -1 1 99 251 350 6757
2 -1 1 -1 9 19 28 743
3 -1 1 1 12 15 27 303
4 1 -1 -1 41 146 187 8717
5 1 -1 1 64 127 191 2743
6 1 1 -1 4 12 16 302
7 1 1 1 4 10 14 146
Totals 329 938 1267 | 42882
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4.2.1.4 Descriptive Statistics

Monthly SWITRS data were reviewed for the period of 2006 through 2013 with the
following descriptive statistics. Total crashes involving a severe injury or fatality varied
from a low of 798 (January 2010) to a maximum of 1,360 (August 2007). Average
monthly crashes involving a severe injury or fatality were 1,064 with a standard deviation
of 130. To account for the varying days in a month, the average daily crashes involving a
severe injury or fatality by month were calculated. Daily crash rates involving a severe
injury or fatality varied from a low of 26 (January 2010) to a high of 44 (June 2006).
Average daily crashes involving a severe injury or fatality were 35 with a standard
deviation of 4.

A similar analysis was performed for total crashes with the following results. Total
crashes varied from a low of 28,759 (February 2013) to a maximum of 46,053 (October
2006). Average monthly crashes were 36,456 with a standard deviation of 4,125. To
account for the varying days in a month, the average daily crashes by month were
calculated. Daily total crash rates varied from a low of 985 (January 2013) to a high of
1,486 (October 2006). Average daily crashes were 1,198 with a standard deviation of
134.

Figure 4-2 depicts the trends for total crashes (red) and crashes involving a severe
injury or fatality (blue) over time. It is clear that monthly rates are not constant over
time; that there is no simple ratio relating one to the other; and that the trends line in
many cases move in opposing directions. Thus, a more sophisticated approach was used

to develop the model.
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Figure 4-2: Monthly Daily Crash Rates over Time

A preliminary analysis of the crashes indicated a surprising result. Among crashes
with a severe injury or fatality, approximately 33% to 43% of them did not involve at
least one degraded component for the years between 2006 and 2013 inclusive; similarly,
the range for total crashes not involving a degraded component during this time period
was approximately 50% to 58%.

4.2.1.5 Total Crashes

In the proposed model, the total crashes are deduced on a monthly basis from several
system-wide factors that include days in the month, behaviors and general environment
during the month, and recent applicable history of roadway behaviors, infrastructure
condition, and populations of vehicles and users. It was speculated that the changes
observed on a year-over-year monthly basis could complement the three-month moving

average concept described earlier, as well as a parametric indicator of risk exposure —
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namely, miles driven — to develop a regression model that could predict monthly total
crashes.

Thus, the Degradation Impact Model data set includes daily crash rate from the
previous quarter, crashes during the same month in the previous year, and the number of
miles driven per month. Each of these factors attempts to capture mostly independent,
but aggregated effects of the system. The previous quarter crashes represent the current
behaviors and representative state of the system related to the infrastructure, vehicles, and
drivers. The year-over-year monthly crashes provide a scaling of days and also the
environmental factors typically encountered during the month of interest. The number of
miles driven provides the opportunity for the total crashes to increase or decrease with
significant changes in miles driven. This factor takes into account the scaled exposure to
harm and the resulting risk that are associated with vehicle volumes for a given period of
time.

The regression space was explored empirically by considering data sets that included
12, 24, 36, 48, and 60 months of historical data to predict the following year. In the end,
the model that proved most accurate was the one in which only data from the most recent
year was used. The model took the form of equation (4-3) as follows.

TotalCrashes = ¢y, + ¢y, + C3Y3, (4-3)

where y1, Y2, and ys respectively represent the average daily crashes during the previous
quarter, year-over-year crashes, and miles driven in thousands of miles and c;, ¢,, and c3
are coefficients. The coefficients were considered valid for the 12-month period and

were used to compute predicted crashes by month. Monthly crashes were predicted and

the results summed over all months to reduce the noise in the annual prediction. The
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random noise in monthly predictions should largely offset one another so that the final
annual prediction would be more accurate. Figure 4-3 shows the variability in relative
error for the 48 months of total crash predictions covering 2010 through 2013 and the

reduced yearly variability.
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Figure 4-3: Cumulative Distribution for Prediction Accuracy by Month and Year

Furthermore, a recursive relationship was used to predict monthly total crashes. This
method was necessitated by the three-month moving average as an independent factor in
the model. The expectation was that only data capturing crashes through December of
the preceding year would be available for prediction. Thus, predicted values would need
to be employed for many of the months to determine predicted crashes in subsequent
months. Specifically, January included historical data for October through December,
while February used November and December historical data plus predicted crashes for
January. Eventually by April, all predictions were based upon predictions for the months
within the previous quarter.
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The monthly totals were then summed to get a yearly predicted amount, the results of
which are shown in Table 4-13 for the years 2010-2013. The findings indicate that there
IS inconsistency in the coefficients from year to year; however, the predictive capability is

within + 2.00% of actual total crashes for each year.

Table 4-13: Results of MLR to Determine Annual Total Crashes

Predict | Actual
Year C1 Co C3 R? crashes | crashes | % error
2010 | -11.7951 | 0.912238 | 1.02465 | 0.999604 | 409012 | 416490 | -1.80%
2011 | -0.180228 | 0.893171 | 0.217882 | 0.999036 | 407851 | 403629 1.05%
2012 | 1.24500 0.841676 | 0.207266 | 0.999448 | 392086 | 395901 | -0.96%
2013 | 8.77096 0.628794 | 0.155167 | 0.999387 | 388830 | 383840 1.30%

Comparing the annual results against the monthly results proved successful as the
large amount of monthly variability was generally washed out in the annual calculations
as Figure 4-3 and Table 4-13 indicate. However, despite the noise reduction, there still
exists a great amount of variability in the MLR coefficients for the independent variables.

4.2.1.6 Heinrich Model

Before moving to the Degradation Impact Model, a quick mention of the Heinrich
model is provided for completeness. As section 2.1 indicated, the Heinrich Law offers a
simple ratio (300:29:1) to relate the number of total accidents to the number of both
minor injury and major injury accidents. [27] This rule equates to a severity rate of
(1/330). If this ratio is multiplied by the predicted total crashes in Table 4-13, the
predicted number of crashes involving a severe injury or fatality on California roadways

can be found.

54



Table 4-14: Heinrich Model Results for Test Period 2010-2013

Actual Predicted % Relative Error
Crashes with Crashes with Crashes with
Total | Severe Injury | Total | Severe Injury Total Severe Injury
Year | Crashes | or Fatality | Crashes | or Fatality | Crashes | or Fatality
2010 | 416490 11455 409012 1292 1.80% 99.70%
2011 | 403629 11793 407851 1262 1.05% 99.70%
2012 | 395901 12150 392086 1223 0.96% 99.70%
2013 | 383840 12026 388830 1200 1.30% 99.70%
Average % Error | 1.28% 99.70%

The results of this analysis are shown in Table 4-14. Comparisons of predicted

numbers against actual values for both total crashes and crashes involving a severe injury
or fatality are included. Actual values were tabulated from the SWITRS crash records
just described. From Table 4-14, it is clear that the severity rate is an order of magnitude
too low. Given this significant difference, the Heinrich Model is not included in the final
model comparison.

4.2.2 Degradation Impact Model — Two-Component Case

This initial case was set up so that there exist two components in the system — the

infrastructure component and the combined vehicle and user component. The Venn

diagram, adapted from Stigson and Hill, appears as Figure 4-4 and shows the four crash

states for this scenario.

No reported degradation (0)

I: Reported degradation of
infrastructure element

C: Reported degradation of
combined user/vehicle

element

Figure 4-4: Two-Component Degradation Model
Figure adapted from Stigson and Hill [32]. Crash state is shown in parentheses.
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The Matlab code was executed to tabulate the total crashes and crashes involving a
severe injury or fatality by crash state and month. These monthly totals were aggregated

by year and the results are depicted in Figure 4-5 and Figure 4-6.
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Figure 4-5: Total Crashes by Crash State over Time — Two-Component Case

Figure 4-5 shows that the total crashes by crash state are highest when there is no
degradation (i.e., crash state 0). There are more total crashes when only the infrastructure
(i.e., crash state 2) is degraded than when only the vehicle/user combination (i.e., crash
state 1) is degraded. And the lowest number of total crashes is found in the case when
both components are degraded (i.e., crash state 3). The total crashes are ordered by crash
state over the years as evidenced by no intersecting data lines. Each of the data lines is
relatively unchanged with the exception of crash state 2, which has a fair amount of
variability and more of a trending downward slope over time.

Figure 4-6 shows the trends for crashes involving a severe injury or crash for the two-
component case. It also displays an ordered arrangement of crash states, although the
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initial year is very close between crash states 2 and 3. Most severe crashes occur when
there is no degradation and the least severe crashes occur when both components are

degraded. Interestingly crash state 1 and crash state 2 are reversed with respect to total
crash ordering by state; there are more severe injury crashes when only the vehicle/user

combination is degraded as compared with only the infrastructure being degraded.
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Figure 4-6: Crashes Involving a Severe Injury or Fatality by Crash State — Two-Component
Case

4.2.2.1 Calculating Number of Severe Injury and Fatal Crashes — Two-
Component Case
The next step was to predict the crash rate involving a severe injury or fatality. For
this task, DOE methods were employed. Table 4-15 displays the total crashes, crashes
resulting in a severe injury or fatality, and the ratio of these two metrics across all crash
states for the five year period of 2009-2013. Total crashes were always decreasing

during this time period, while severe injury or fatal crashes stayed approximately
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constant. The ratio of these two factors initially dropped, but climbed over the final three

years. Thus, there was no obvious factor that could be applied to determine the crashes

involving a severe injury or fatality.

Table 4-15: Summary of Crash Metrics by Year

Metric 2009 2010 2011 2012 2013
Total Crashes 426228 | 416490 | 403629 | 395901 | 383840
Crashes Resulting in
Fatality or Severe Injury 12158 | 11455 | 11793 | 12150 | 12026
Observed Severity Rate | 0.0285 | 0.0275 | 0.0292 | 0.0307 | 0.0313

Given the variation, a DOE approach provided the means to determine the severity
rate. The beta coefficients are calculated using DOE equations (4.4)-(4.8) for the two-

variable (or 2 design), [23] and the severity rate (denoted SR) is described by:

SR = Bo + Brx; + Bexc + Brexixc, (4.4)
where B, are coefficients related to the component variables by
Bp = (112)*p where p € {I,C,IC} (4.5)

The p variable in equation (4.5) corresponds to the crash state for which there is a
degraded coefficient. There are three degraded crash states and a fourth that corresponds
to no degradation. Equations (4.6)-(4.8) [23] were used to determine the contribution for
each variable and combination of variables. The symbol O is used to represent the state
in which there is no degradation; i and c respectively represent the rate of severe injury or
fatal crash when the infrastructure or combined vehicle/user component is degraded and
is found by taking the quotient of the crashes with a fatality or severe injury and the total
crashes for that state. Combinations are treated in similar fashion and correspond to

degradation in multiple components.
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I=%[ic+i—c—(_)] (4.6)
C=%[ic+c—i—0] 4.7)
IC =[ic+0—i—c] (4.8)

As the contributions are analyzed across multiple years for a stable system (i.e.,
influences from crash factors are approximately the same), it follows that any factor and
associated [ that is both positive and negative, especially with a small contribution,
during the model training years, should be assigned a value of zero. Thus, if any of these
factors is both positive and negative in separate years, then the factor will be assigned a
value of zero in the model.

The severity rate is then found by substituting the binary values of -1 or 1 in equation
(4.4) for each contributing x, given the degradation state. Predicted crashes with a severe
injury or fatality are then determined by multiplying the severity rate by the predicted
number of total crashes that were deduced from the MLR exercise.

As an example, the actual data from 2009 for total crashes and crashes involving a
severe injury or fatality by degradation state are shown in Table 4-16. This information

will be used to estimate the numbers of crashes for 2010.

Table 4-16: 2009 Severity Data by Degradation State — Two-Component Case

2009 Total
Crash Combined Actual Severe Injury
State | Infrastructure | Vehicle and User | and Fatal Crashes Total Crashes
0 -1 -1 4702 227974
1 -1 1 3135 67620
2 1 -1 2187 98821
3 1 1 2134 31813
Totals 12158 426228
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For 2009, information in Table 4-17 is used to develop the Degradation Impact Model
equation. It is important to remember that the variables shown are labels in all cases;
thus, ic is a label and not the product of i and ¢ individually. Note that sev_crashy refers
to the number of crashes with a severe injury or fatality for the x™ crash state; similarly,
total_crash, corresponds to the total crashes for that same x" state. Table 4-17 reveals

the values for each of the variables used in equations (4.6)-(4.8).

Table 4-17: Example DOE Calculation — Two-Component Case

Variable Equation 2009 Value
) sev_crashp/total_crashg 0.020625
i sev_crashi/total_crash; 0.046362
c sev_crash,/total_crash; 0.022131
ic sev_crashs/total_crashs 0.067079
Aggregate > sev_crashy/) total crash; 0.028525

Substituting these values into equations (4.6)-(4.8) and equation (4.5) yields the
results in Table 4-18. Using equation (4.4) then provides the severity rate as a function of
state by way of whether each component — infrastructure or vehicle/user combination — is
in a degraded state (1) or not (-1). There were no variables that were positive and
negative for any years in the training period; thus, the model value is identical to the 2009

value for all variables.

Table 4-18: Model Coefficients Using 2009 Data — Two-Component Case

Coefficient Equation 2009 Value Model
Value

Bo Sum of state variables / 4 0.039049 0.039049

B 1/2 0.005556 0.005556

Bc C/2 0.017671 0.017671

Bic IC/2 0.004803 0.004803
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As a final piece, the crashes for each crash state were estimated since the severity rate
is different for each crash state. Some analysis helped to inform the model. Table 4-19
shows the ratios of total crashes by crash state from 2009 through 2012. The data reveal
a relative ranking of total crashes, but there is no clear trend for most of the crash states.
Analysis using multiple year averages did not improve the model estimate. Thus, the
application of previous year’s data served as the source for the predicted rates in the
following year. The thought was that the dynamics which played a role in total crashes
and severity rates earlier likely had an impact here and should continue to be applied over

the same time frame for consistency.

Table 4-19: Proportion of Total Crashes by Crash State over Time — Two-Component Case

Crash State 2009 2010 2011 2012
0 53.49% | 50.17% | 53.93% | 53.99%
1 15.86% 14.07% 14.85% 14.76%
2 23.19% | 27.61% | 24.06% | 24.24%
3 7.46% 8.15% 7.16% 7.01%
Total 100.00% | 100.00% | 100.00% | 100.00%

Returning to the example, the probability shown in the 2009 column was used as the
weighting factor to deduce the crashes involving a severe injury or fatality. All of this
taken together provides a model for 2010, which is shown as equation (4.9).

SevCrashes = (0.03905 + 0.00556x; + 0.01767x, + 0.00480x;x¢) * (P c) * T (4.9)

For each state, the respective binary value for x; and Xxc, are used, along with the
weighting factor for P, listed in Table 4-19. The number of total crashes (T) predicted
in 2010 using MLR was shown previously in Table 4-13. The model prediction for 2010

by crash state is displayed in Table 4-20. As shown, the model predicted 212 more
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crashes involving a severe injury or fatality than those that actually occurred. This

deviation corresponds to an error of 1.85%.

Table 4-20: 2010 Prediction for Crashes Involving a Severe Injury or Fatality — Two-

Component Case

2010 Actual Predicted
Severe Severe
Combined | Injury and | Injury and
Crash Vehicle Fatal Fatal

State | Infrastructure | and User Crashes Crashes | Difference | % Error
0 -1 -1 4274 4512 238 5.57%
1 -1 1 2664 3008 344 | 12.91%
2 1 -1 2485 2099 -386 | -15.53%
3 1 1 2032 2048 16 0.79%
Totals 11455 11667 212 1.85%

4.2.2.2 Degradation Impact Model Performance — Two-Component Case
The Degradation Impact Model was run for each of the four years from 2010 through
2013 to predict crashes involving a severe injury or fatality. The findings are
summarized in Table 4-21. Comparisons of predicted numbers against actual values for
both total crashes and crashes involving a severe injury or fatality are included. Actual
values were tabulated from the SWITRS crash records while predicted values followed

the methodology just described.

Table 4-21: Degradation Impact Model Training Results — Two-Component Case

Actual Predicted % Relative Error
Crashes with Crashes with Crashes with
Total | Severe Injury | Total | Severe Injury Total Severe Injury
Year | Crashes | or Fatality | Crashes | or Fatality | Crashes | or Fatality
2010 | 416490 11455 409012 11667 1.80% 1.85%
2011 | 403629 11793 407851 11217 1.05% 4.88%
2012 | 395901 12150 392086 11455 0.96% 5.72%
2013 | 383840 12026 388830 11941 1.30% 0.71%
Average % Error | 1.28% 3.29%
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4.2.2.3 Degradation Impact Model Prediction — Two-Component Case
The methodology described in section 4.2.2.1 was followed to predict the crashes
involving a severe injury or fatality for 2014 and 2015. The results are shown in Table
4-22. The relative error for both total crashes and severe injury crashes in 2014 and 2015

were higher than the test year results reported in Table 4-21.

Table 4-22: Degradation Impact Model Prediction Results — Two-Component Case

Actual Predicted % Relative Error
Crashes
Crashes with with Severe Crashes with
Total | Severe Injury Total Injury or Total | Severe Injury
Year | Crashes | or Fatality Crashes Fatality Crashes | or Fatality
2014 | 399565 12411 380379 11918 4.80% 3.97%
2015 | 431140 13372 418393 12996 2.96% 2.81%
Average % Error | 3.88% 3.39%

4.2.3 Degradation Impact Model — Three-Component Case

The second case was set up so that there exist three components in the system — the
infrastructure component, the vehicle component, and the user component. The Venn
diagram in Figure 4-7, adapted from Stigson and Hill, shows the eight crash states for this

scenario.

I:  Reported degradation of
infrastructure element

V: Reported degradation of
vehicle element

U. Reported degradation of user
element

No reported degradation (0)

Figure 4-7: Three-Component Degradation Model
Figure adapted from Stigson and Hill [32]. Crash state is shown in parentheses.
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The Matlab code was executed to tabulate the total crashes and crashes involving a
severe injury or fatality by crash state and month. These monthly totals were aggregated
by year and the results are depicted in Figure 4-8 and Figure 4-9.

Interestingly Figure 4-8 (total crashes by crash state) indicates that there are more
crashes when the infrastructure is not degraded and that the same dynamics are evidenced
regardless of infrastructure state. This is evidenced by the paired bands that form (e.qg.,
top two bands correspond to crash state 0 and crash state 4, with the former associated

with no infrastructure degradation, but having more instances than the latter).
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Figure 4-8: Total Crashes by Crash State over Time — Three-Component Case

The crashes involving a severe injury or fatality (Figure 4-9) demonstrate a similar
trend but become more entangled as groups of four, suggesting that non-degradation of
the vehicle dominates since the top group includes crash states 0, 1, 4, and 5, followed by

infrastructure degradation due to the same argument as earlier. This observation seems to
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imply that vehicle issues are so much fewer than other issues that the crashes involving a

severe injury or fatality are more likely not to include vehicle degradation.
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Figure 4-9: Crashes Involving a Severe Injury or Fatality by Crash State — Three-

Component Case

4.2.3.1 Calculating Number of Severe Injury and Fatal Crashes — Three-

Component Case

Given the variation described in Table 4-15 earlier, a DOE approach provided the

means to determine the severity rate. The beta coefficients are calculated using DOE

equations (4.10)-(4.18) for the three-variable (or 23 design), [24] and the severity rate

(denoted SR) is described by:

SR = Bo + Bix; + Byxy + Buxy + Byxixy + Bryxixy +

BvuxvXy + BryuXiXyxy,

where B, are coefficients related to the component variables by

By = (1/2)*p where p € {I,V, U, IV,IU, VU, IVU}
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The p variable in equation (4.11) corresponds to the crash state where there is a
degraded coefficient. There are seven degraded crash states and an eighth that
corresponds to no degradation. Equations (4.10)-(4.18) [24] were used to determine the
contribution for each variable and combination of variables. The symbol O is used to
represent the state in which there is no degradation; i, v, and u respectively represent the
rate of severe injury or fatal crash when the infrastructure, vehicle, or user is degraded
and is found by taking the quotient of the crashes with a fatality or severe injury and the
total crashes for that state. Combinations are treated in similar fashion and correspond to

degradation in multiple components.

I=i[i+iv+iu+ivu—0—v—u—vu] (4.12)
V=%[v+iv+vu+ivu—0—i—u—iu] (4.13)
U=i[u+iu+vu+ivu—()—i—v—iv] (4.14)
IV=i[iv—i—v+0+ivu—vu—iu+u] (4.15)
I =5[0-i+v—iv—u+iu—vu+ivu] (4.16)
VU=i[()+i—v—iv—u—iu+vu+ivu] (4.17)
IVU=i[ivu—vu—iu+u—iv+v+i—0] (4.18)

As the contributions are analyzed across multiple years for a stable system (i.e.,
influences from crash factors are approximately the same), it follows that any factor and
associated [ that is both positive and negative, especially with a small contribution,

during the model training years, should be assigned a value of zero. Thus, if any of these
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factors is both positive and negative in separate years, then the factor will be assigned a

value of zero in the model.

The severity rate is then found by substituting the binary values of -1 or 1 in equation

(4.10) for each contributing X, given the degradation state. Predicted crashes with a

severe injury or fatality are then determined by multiplying the severity rate by the

predicted number of total crashes that were deduced from the MLR exercise.

As an example, the actual data from 2009 for total crashes and crashes involving a

severe injury or fatality by degradation state are shown in Table 4-23. This information

will be used to estimate the numbers of crashes for 2010.

Table 4-23: 2009 Severity Data by Degradation State — Three-Component Case

2009 Total
Crash Actual Severe Injury
State | Infrastructure | Vehicle | User and Fatal Crashes Total Crashes
0 -1 -1 -1 4702 227974
1 -1 -1 1 2845 61739
2 -1 1 -1 165 4213
3 -1 1 1 125 1668
4 1 -1 -1 2187 98821
5 1 -1 1 1951 28895
6 1 1 -1 73 1961
7 1 1 1 110 957
Totals 12158 426228

For 2009, information in Table 4-24 is used to develop the system model equation. It

is important to remember that the variables shown are labels in all cases; thus, iv is a label

and not the product of i and v individually. Note that sev_crashy refers to the number of

crashes with a severe injury or fatality for the x™ crash state; similarly, total_crashy

corresponds to the total crashes for that same x™ state. Table 4-24 reveals the values for

each of the variables used in equations (4.12)-(4.18).
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Table 4-24: Example DOE Calculation — Three-Component Case

Variable Equation 2009 Value
o) sev_crasho/total_crashg 0.020625
i sev_crashg/total_crashy 0.022131
Vv sev_crash,/total_crash, 0.039164
u sev_crashj/total_crash; 0.046081
v sev_crashg/total_crashg 0.037226
iu sev_crashs/total crashs 0.067520
vu sev_crashs/total crashs 0.074940
ivu sev_crash;/total _crash; 0.114943
Aggregate > sev_crashi/}, 0.028525

total crash;

Substituting these values into equations (4.12)-(4.18), and equation (4.11) yields the
results in Table 4-25. Using equation (4.10) then provides the severity rate as a function
of state by way of whether each component — infrastructure, vehicle, and user —is in a
degraded state (1) or not (-1). Note that if a B coefficient was both negative and positive
in different years and its contribution was small (less than 2% of the contribution to a
sum of squares analysis to determine relative impact), it was assumed that its contribution
was zero since it does not make sense for any of these coefficients to contribute
differently over time, unless there was a significant change in the system. The
occurrence of negative coefficients happened for the By and By coefficients in 2011 and
the By coefficient in 2012. Since these coefficients were also positive in the other years
and the individual contributions were small and insignificant in all years, they are
assigned a value of zero in the system model.

As a final piece, the crashes for each crash state must be estimated since the severity
rate is different for each crash state. Some analysis helped to inform the model. Table

4-26 shows the ratios of total crashes by crash state from 2009 through 2013. The data
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Table 4-25: Model Coefficients Using 2009 Data — Three-Component Case

Coefficient Equation 2009 Value Model
Value
Bo Sum of state variables /8 |0.052828809 [0.052828809
B 1/2 0.007626114 |0.007626114
By VI2 0.013739434 |0.013739434
Bu u/2 0.023042189 |0.023042189
Biv IV/I2 0.00188986 |0.000000000
Biu 1U/2 0.007734319 |0.007734319
Bvu VU/2 0.005330856 |0.005330856
Bivu IVU/2 0.002750948 | 0.000000000

reveal a relative ranking of total crashes, but there is no clear trend for most of the crash
states. Analysis using multiple year averages did not improve the model estimate. Thus,
the application of previous year’s data served as the source for the predicted rates in the
following year. The thought was that the dynamics which played a role in total crashes
and severity rates earlier likely had an impact here and should continue to be applied over

the same time frame for consistency.

Table 4-26: Proportion of Total Crashes by Crash State over Time — Three-Component

Case
Crash State 2009 2010 2011 2012
0 53.49% | 50.17% | 53.92% | 53.99%
1 1448% | 12.99% | 13.83% | 13.72%
2 0.99% 0.77% 0.70% 0.72%
3 0.39% 0.31% 0.32% 0.32%
4 23.19% | 27.61% | 24.06% | 24.24%
5 6.78% 7.50% 6.68% 6.52%
6 0.46% 0.43% 0.33% 0.31%
7 0.22% 0.22% 0.16% 0.18%
Total 100.00% | 100.00% | 100.00% | 100.00%
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Returning to the example, the probability shown in the 2009 column was used as the
weighting factor to deduce the crashes involving a severe injury or fatality. All of this
taken together provides a model for 2010, which is shown in equation (4.19).
SevCrash = (0.0528 + 0.0076x; + 0.0137x, + 0.0230x, + 0.0077x;x; +

0.0053xyxy) * (Pryy) *T (4.19)

For each state, the respective binary value for x;, Xy, and Xy, are used, along with the
weighting factor for P,y y listed in Table 4-26. The number of total crashes (T) predicted

in 2010 using MLR was shown previously in Table 4-13. The model prediction for 2010

by crash state is displayed in Table 4-27. As shown, the model predicted 173 more

crashes involving a severe injury or fatality than those that actually occurred. This

deviation corresponds to an error of 1.51%.

Table 4-27: 2010 Prediction for Crashes Involving a Severe Injury or Fatality — Three-
Component Case

2010 Actual Predicted
Severe Severe
Injury and | Injury and
Crash Infra- Fatal Fatal

State | structure | Vehicle | User | Crashes Crashes | Difference | % Error
0 -1 -1 -1 4274 4700 426 9.97%
1 -1 -1 1 2409 2455 46 1.91%
2 -1 1 -1 143 155 12 8.39%
3 -1 1 1 112 127 15| 13.39%
4 1 -1 -1 2485 2017 -468 -18.83
5 1 -1 1 1878 2001 123 6.55%
6 1 1 -1 75 72 -3 | -4.00%
7 1 1 1 79 101 22 | 27.85%
Totals 11455 11628 173 1.51%
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4.2.3.2 Degradation Impact Model Performance — Three-Component Case
The system model was run for each of the four years from 2010 through 2013 to
predict crashes involving a severe injury or fatality. The findings are summarized in
Table 4-28. Comparisons of predicted numbers against actual values for both total
crashes and crashes involving a severe injury or fatality are included. Actual values were
tabulated from the SWITRS crash records while predicted values followed the

methodology just described.

Table 4-28: Degradation Impact Model Training Results — Three-Component Case

Actual Predicted % Relative Error
Crashes with Crashes with Crashes with
Total | Severe Injury | Total | Severe Injury | Total Severe Injury
Year | Crashes | or Fatality | Crashes | or Fatality Crashes | or Fatality
2010 | 416490 11455 409012 11628 1.80% 1.51%
2011 | 403629 11793 407851 11393 1.05% 3.39%
2012 | 395901 12150 392086 11923 0.96% 1.87%
2013 | 383840 12026 388830 11828 1.30% 1.65%
Average % Error | 1.28% 2.10%

4.2.3.3 Degradation Impact Model Prediction — Three-Component Case

The methodology described in section 4.2.3.1 was followed to predict the crashes
involving a severe injury or fatality for 2014 and 2015. The results are shown in Table
4-29. The relative error for both total crashes and severe injury crashes were higher in

2014 and 2015 than the test year results that were reported in Table 4-28.

71



Table 4-29: Degradation Impact Model Prediction Results — Three-Component Case

Actual Predicted % Relative Error
Crashes
Crashes with with Severe Crashes with
Total | Severe Injury Total Injury or Total | Severe Injury
Year | Crashes | or Fatality Crashes Fatality Crashes | or Fatality
2014 | 399565 12411 380379 12039 4.80% 3.00%
2015 | 431140 13372 418393 12661 2.96% 5.32%
Average % Error | 3.88% 4.16%

4.2.4 Degradation Impact Model — Two-Component, Non-Causal Case

The two-component, non-causal case was meant to relax the inherent assumption that
degraded components always contributed to the outcome of the crash. To pursue this
thought, the severity rate for each crash state was analyzed. An assumption was also
made that degraded components were actually contributing factors if and only if the crash
state with more degraded components had a severity rate higher than any state with a
subset of the degraded components. Furthermore, it was speculated that the non-causal
categorization of some crashes actually might be diluting the true severity rate for crash
states involving the degradation of one or more components.

The following subsections explore this line of reasoning to determine if the
hypothesis could be justified by the data. If so, the next task would be the creation of a
model that leverages this information to see if it could serve as a better forecasting tool of
the number of crashes involving a severe injury or fatality.

4.2.4.1 Calculating Number of Severe Injury and Fatal Crashes — Two
Component, Non-Causal Case
The first step was to define a set of variables and assign boundary conditions for the

problem. For the two-component case, there exist four crash states, each with an
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observed severity rate, s, and an true severity rate, rj, for j € {0, 1, 2, 3} consistent with
earlier definitions for the crash states. Next the observed total crashes in crash state j, T;,
and observed crashes involving a severe injury or fatality in crash state j, M;, such that j €
{0, 1, 2, 3} were defined. Additionally, the variables Tj and M were defined such that
j.k e {0, 1,2,3}, where j represents that state for which the crash was observed and k
represents the state for which the crash should be attributed. Because Tjx and Mk are

both observed variables, this implies that:

T, j=k
. = ‘]’
Tik {0, itk (4.20)
and
M, j=k
. e ]’
M { 0,j#k (4.21)

Then the total crashes by true crash state, ﬂ and crashes involving a severe injury

or fatality by true crash state, M, ., are defined such that j.k € {0, 1, 2, 3}, and j represents
that state for which the crash was observed and k represents the state for which the crash
should actually be attributed. For true states, the following equations describe the

accounting needed in terms of total crashes and the true severity rates, r;.

My = (Too + To1 + Toz + To3)70 (4.22)
My = (=Tyo + Tyy + Ti3)my (4.23)
My = (=Tyo + Tpz + T23)1; (4.24)
M5 = (T30 — T31~Tsz + T33)73 (4.25)

The true crashes involving a severe injury or fatality in crash state O are greater than those

observed, while true severe injury or fatal crashes in crash state 3 are less than those
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observed. Because of the mixed signs, crash state 1 and crash state 2 could have either
more or less true severe injury or fatal crashes than those observed.

From equations (4.22)-(4.25), there are 22 variables, of which four are known from
equation (4.20) and the fact that each T; is known from the data directly: Too = To;
T11=Ty; T2o=Ty; and T33=T3. Additionally, five can be determined as a result of the
problem’s symmetry; specifically, Tjx=T\; since the total crashes “moving” from one state
to another must be preserved in the accounting process.

The true severe injury and fatal crashes can also be written in terms of the observed

severity rates, s;. These equations are listed next.

My = (Too + To1+Toz + To3)So (4.26)
My = =Tyo50 + (T1q + T13)s; (4.27)
M, = =Tp08o + (Toz + T23)s; (4.28)
M; = —Ts08o — T3151 — T3257 + T5353 (4.29)

Simple combination of equations (4.22) and (4.26) provides the further insight that:

ro = S (4.30)

Equations (4.26)-(4.29) introduce four new variables, s;, but these observed severity
rates are known from the data. Specifically, the equations for the observed severity rate

by state are:

So = ’;’—: (4.31)
S, = ";— (4.32)
S, = ";—2 (4.33)
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53 = 2 (4.34)

T3

Furthermore, the accounting process is constrained so that the annual number of crashes
involving a severe injury or fatality must be preserved. This leads to the additional
equation that:

My + M; + M, + My = My + M; + M, + M, (4.35)

Because the model assumes that the total crashes leaving a state result in a severe injury
or fatality at a rate equal to the severity rate of the state into which it is moving, there is
an additional requirement that My=My; this constraint also preserves the total crashes
involving a severe injury or fatality.

Finally, a constraint on the remaining r;s can be introduced based upon analysis of the
data. To estimate the rjs, a maximum number function is used to help compute the true
severity rates. A simple method would be to determine a maximum severity rate by crash
state that is constant over the years; however, this locks down all the severity rates and
does not provide any system flexibility. To build in some flexibility, the ratio of the
observed severity rates relative to the observed severity rate in crash state 0 for each year
is computed. Then the maximum ratio for each crash state across the training years is

found and used in the model. Mathematically this is described by the following equation:

Ratio, Rj = max {m,rﬁ, rﬂ}, (4.36)

)
Toy Top Ton

where n represents the number of years in the training set for each crash state j. To
calculate the true severity rate, rj, by year, the product of R; and the true severity rate is

determined for crash state O in the given year. Equation (4.30) can be used to express the
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true severity rate, r;j, in terms of the computed ratio and the observed severity rate in crash

state 0, so. This equation follows.

= (R;) (o) = (R;)(s0) (4.37)

With this framework described, the rjs can be found using the data for the 2009-2012

training years. For each year, the severity rate for all four crash states is calculated and

shown in Table 4-30.

Table 4-30: Severity Rates by Crash State for 2009-2012

2009 2010 2011 2012
Crash State 0 0.020625159 0.02045240 0.021967825 0.021865132
Crash State 1 0.046362023 0.04548326 0.047602357 0.052737816
Crash State 2 0.022130924 0.02160832 0.023713421 0.025047407
Crash State 3 0.067079496 0.059863304 0.064185918 0.071807646

The severity rate for each state is then normalized by dividing by the severity rate for

crash state 0 in the given year as discussed previously. This step yields the results in

Table 4-31.

Table 4-31: Normalized Severity Rate by Crash State for 2009-2012

2009 2010 2011 2012
Crash State 0 1.000000000 1.000000000 1.000000000 1.000000000
Crash State 1 2.247838334 2.223858965 2.166912635 2.411959626
Crash State 2 1.073006205 1.056517413 1.079461494 1.145541055
Crash State 3 3.252314117 2.926957015 2.921814924 3.284116720

Then the maximum normalized severity rate by state is derived looking across the

four training years. These maximum values represent a better approximation for the true

severity rate by state and are represented as bolded numbers in Table 4-31. As a final
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step, the maximum proportion is multiplied by the severity rate for crash state O in each

year to compute the true severity rate. These rates are shown in Table 4-32.

Table 4-32: Proposed True Severity Rates by Crash State for 2009-2012

2009 2010 2011 2012
Crash State 0 0.020625159 0.020452403 0.021967825 0.021865132
Crash State 1 0.049747051 0.049330370 0.052985506 0.052737816
Crash State 2 0.023626966 0.023429067 0.025165045 0.025047407
Crash State 3 0.067735430 0.067168078 0.072144900 0.071807646

The normalized method just described allows the severity rate in the crash states to
change, but in a way that they are dependent upon the base severity rate for crash state 0
in which no component degradation exists.

Next, the number of total crashes and number of crashes involving a severe injury or
fatality that transitioned from one state to another must be determined in order to achieve
the true severity rates found in Table 4-32. Using equation (4.22) and equation (4.26),

the following expression for Ty is found:

Ty = iz, (4.38)
1 0

Similarly, equation (4.23) and equation (4.27) yield the following for Txo:

Ty = (T324T2)(r2=52) , (4.39)

T2—So

and equation (4.24) and equation (4.28), along with the symmetry property that Tjc = Ty;,
reveal the following for Tso:

_ (T31)(r3—s1) +

T (T32)(r3—57) _ (T3)(r3—s3)
30 — '

So—T3 So—T3 So—T3

(4.40)
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At this point, there are only two unknown independent variables — T3; and Ta,.
Without any further constraints, there exist multiple solutions. However, the minimum
number of crashes that must be reassigned for each state to achieve its true severity rate
can be found. This minimum occurs when T3; and T3, are identically equal to zero. The
other Tjs can be found from equations (4.38)-(4.40). Using Excel, the equations were
input to determine the number of crashes that needed to be reassigned to another crash
state and the resulting number of true crashes and crashes with a severe injury or fatality
in each state. This reassignment helps determine the total crash distribution by crash
state that is also needed in the model. Substituting zero for T13 and T3 yields the results
in Table 4-33 for each of the years from 2010 to 2013.

Note that since all of the maximum crash state severity rates were realized in 2013,
there were no crashes requiring reassignment to achieve the true severity rate. Essentially

the true severity rate matched the observed severity rate. Also, the proposed crashes to

Table 4-33: Proposed Total Crashes Requiring Crash State Reassignment

Variable 2009 2010 2011 2012
T1o 7860 7803 10398 0
Tao 49250 70344 44094 0
T30 443 5308 4587 0
T3 0 0 0 0
T3 0 0 0 0
Total Tjk
Reassigned 57553 83455 59079 0
Mo 162 160 228 0
Mo 1016 1439 969 0
M3 9 109 101 0
M3 0 0 0 0
M3, 0 0 0 0
Total Mjk
Reassigned 1187 1708 1298 0
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be moved for all years are less than the number observed in each crash state; this is
indicated in Table 4-34 which shows both the observed total crashes by crash state and

the true total crashes by crash state are non-negative, even after updated assignments are

made.

Table 4-34: Comparison of Actual Total Crashes in Observed and True Crash States

Observed Total Crashes by Crash State

Crash State 2009 2010 2011 2012
0 227974 208973 217682 213765
1 67620 58571 59913 58459
2 98821 115002 97118 95978
3 31813 33944 28916 27699
Total 426228 416490 403629 395901

True Total Crashes by Crash State

Crash State 2009 2010 2011 2012
0 285527 292428 276761 213765
1 59760 50768 49515 58459
2 49571 44658 53024 95978
3 31370 28636 24329 27699
Total 426228 416490 403629 395901

With these reassignments, the total crashes by crash state can be computed and the

distribution of total crashes by crash state can be updated. The distribution appears in

Table 4-35 below, along with the average for the four years. Analysis using the

distributions revealed that better results were achieved when the average for the four

years were used in combination with the maximum severity rate approach. Thus, the

average distribution for total crashes by crash state is used for the two-component, non-

causal Degradation Impact Model.
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Table 4-35: Proportion of Total Crashes by Crash State over Time — Two-Component, Non-

Causal Case
Crash State 2009 2010 2011 2012 Average
0 66.99% 70.21% 68.57% | 53.99% 64.94%
1 14.02% 12.19% 12.27% 14.77% 13.31%
2 11.63% 10.72% 13.14% 24.24% 14.93%
3 7.36% 6.88% 6.02% 7.00% 6.82%
Total 100.00% | 100.00% | 100.00% | 100.00% | 100.00%

4.2.4.2 Degradation Impact Model Performance — Two Component, Non-
Causal Case

The Degradation Impact Model was run for each of the four years from 2010 through
2013 to predict crashes involving a severe injury or fatality. The two-component DOE
method used in section 4.2.2 was again applied and predictions made for each following
year using the severity rate data in Table 4-32, equations (4.4)-(4.8), and the distribution
of crashes in Table 4-35. No P coefficient was both positive and negative during the test
years; thus, all actual values were kept, similar to the two-component case described
earlier. The findings are summarized in Table 4-36.

Comparisons of predicted numbers against actual values for both total crashes and
crashes involving a severe injury or fatality are included. Actual values were tabulated
from the SWITRS crash records while predicted values followed the methodology just
described.

The non-causal model (2.67%) performed better for the training period than the
original two-component case model (3.29%), the results of which were shown in Table

4-21.
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Table 4-36: Degradation Impact Model Training Results — Two-Component, Non-Causal

Case
Actual Predicted % Relative Error
Crashes with Crashes with Crashes with
Total | Severe Injury | Total | Severe Injury | Total Severe Injury
Year | Crashes | or Fatality | Crashes | or Fatality | Crashes | or Fatality
2010 | 416490 11455 409012 11517 1.80% 0.54%
2011 | 403629 11793 407851 11389 1.05% 3.43%
2012 | 395901 12150 392086 11760 0.96% 3.21%
2013 | 383840 12026 388830 11608 1.30% 3.48%
Average % Error | 1.28% 2.67%

4.2.4.3 Degradation Impact Model Prediction — Two Component, Non-
Causal Case

The methodology described in section 4.2.3.1 was followed to predict the crashes
involving a severe injury or fatality for 2014 and 2015. The results are shown in Table
4-37. The relative error for total crashes was higher than the training years, but the model
prediction performed as consistently as the training period. The prediction results for the
non-causal model were also better than the original two-component case model (3.39%)
as shown in Table 4-22. The table also implies that the model provided a slight
overestimate for the severity rate that when coupled with the underestimate of the total
crashes, produced a prediction that was closer to the actual crashes involving a severe

injury or fatality.
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Table 4-37: Degradation Impact Model Prediction Results — Two-Component, Non-Causal

Case
Actual Predicted % Relative Error
Crashes
Crashes with with Severe Crashes with
Total | Severe Injury Total Injury or Total | Severe Injury
Year | Crashes | or Fatality Crashes Fatality Crashes | or Fatality
2014 | 399565 12411 380379 12023 4.80% 3.13%
2015 | 431140 13372 418393 13159 2.96% 1.59%
Average % Error | 3.88% 2.36%

4.3 Model Comparison

This section compares the results of the Combined Prediction Model developed by
Zhong-xiang, et al. with the results of the Degradation Impact Model. The three
hypotheses from section 3.2 will be specifically addressed in the subsections that follow.

4.3.1 Results Pertaining to Hypothesis 1

The goal is to show that a model built using systems engineering tools can leverage
historical crash data and predict crashes involving a severe injury or fatality, as well as
existing models currently do. Thus, the best results of the Degradation Impact Model are
compared with the results of the Combined Prediction Model developed by Zhong-xiang,
et al.

The results for each model are shown in Table 4-38, along with the actual number of
crashes involving a severe injury or fatality for each of 2014 and 2015. Performing a
Welch’s t-test on the relative errors for each model, a t-statistic of 0.34208 and a p-value
of 0.79017 were found, indicating no statistically significant difference between the two
models. Thus, the null hypothesis cannot be rejected, which implies that the Degradation
Impact Model performs as well as the Combined Prediction Model for predicting crashes

involving a severe injury or fatality.
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Table 4-38: Comparison of Degradation Impact Model Results with Combined Prediction
Model Results

Actual Results Combined Prediction Model | Degradation Impact Model
Predicted Severe % Predicted Severe %
Severe Injury or Injury or Fatal Relative | Injury or Fatal | Relative
Year | Fatal Crashes Crashes Error Crashes Error
2014 12411 12922 4.12% 12023 3.13%
2015 13372 13587 1.61% 13159 1.59%

4.3.2 Results Pertaining to Hypothesis 2

Hypothesis 2 sought to investigate whether component decomposition had a

significant impact on the ability to predict crashes involving a severe injury or fatality.

The two-component and three-component versions of the Degradation Impact Model,

respectively discussed in section 4.2.2 and section 4.2.3, provide the test cases for this

analysis.

The results for each model are shown in Table 4-39, along with the actual number of

crashes involving a severe injury or fatality for each of 2014 and 2015. Performing a

Welch’s t-test on the relative errors for each model, a t-statistic of 0.58998 and a p-value
of 0.66067 were found, indicating no statistically significant difference between the two
models. Thus, the null hypothesis cannot be rejected, which implies that both versions of

the Degradation Impact Model perform equally well to predict crashes involving a severe

injury or fatality.

Table 4-39: Comparison of Two-Component and Three-Component Degradation Impact
Model Results

Actual Results DIM Two-Component DIM Three-Component
Predicted Severe % Predicted Severe %
Severe Injury or Injury or Fatal Relative | Injury or Fatal | Relative
Year Fatal Crashes Crashes Error Crashes Error
2014 12411 11918 3.97% 12039 3.00%
2015 13372 12996 2.81% 12661 5.32%
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4.3.3 Results Pertaining to Hypothesis 3

Hypothesis 3 sought to investigate whether non-causal classification of a proportion
of crashes had a significant impact on the ability to predict crashes involving a severe
injury or fatality. The non-causal classification was meant to remove some or all of the
potential dilution of the severity rate for states involving one or more components in a
degraded state. The two-component baseline discussed in section 4.2.2 and the two-
component, non-causal case described in section 4.2.4, provide the test cases for this
analysis.

The results for each model are shown in Table 4-40, along with the actual number of
crashes involving a severe injury or fatality for each of 2014 and 2015. Performing a
Welch’s t-test on the relative errors for each model, a t-statistic of 1.0738 and a p-value
of 0.47734 were found, indicating no statistically significant difference between the two
models. Thus, the null hypothesis cannot be rejected, which implies that both versions of
the Degradation Impact Model perform equally as well to predict crashes involving a

severe injury or fatality.

Table 4-40: Comparison of Two-Component Causal and Non-Causal Degradation Impact
Model Results

DIM Two-Component DIM Two-Component,
Actual Results Baseline Non-Causal
Predicted Severe % Predicted Severe %
Severe Injury or Injury or Fatal Relative | Injury or Fatal | Relative
Year Fatal Crashes Crashes Error Crashes Error
2014 12411 11918 3.97% 12023 3.13%
2015 13372 12996 2.81% 13159 1.59%
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Chapter 5.  Conclusions

This section consists of areas for future research and practical applicability of the

Degradation Impact Model. Each of these topics is discussed in the following

subsections.

5.1 Future Research

There are four immediate opportunities to expand upon this research.

Apply the proposed Degradation Impact Model to other traffic systems and other
industries. This method would provide clarity on the model’s applicability and
any constraints or limitations regarding its use. The traffic systems can be those
for other states or countries, or could be a decomposition of California data by
county, for example. Health care represents a great opportunity to understand
how non-compliance of system components leads to the most severe patient harm.
Explore degradation with stratified data to determine its effect on the predictive
capability of the proposed Degradation Impact Model. Factor details could
provide additional insight into the factors causing severe crashes, which could
inform interventions and countermeasures to improve roadway safety.
Investigate partial degradation with more discrete levels than the binary approach
demonstrated in this paper. The binary nature assumed in this paper may
artificially constrain the problem. Expansion to multiple degrees of degradation

may provide better insights into the causes of the severe injury crashes.
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e Examine the severe injury rate for at-fault parties versus other parties involved in
the crash. This variable could be very important, especially for different types of

crash type (e.g., sideswipe).

5.2 Applicability of the Degradation Impact Model

A generalized model was developed to predict major safety events using system
engineering tools including MLR and DOE methods. This Degradation Impact Model
was demonstrated for the specific case of traffic safety, because a data set was found that
provided the right level of detail to conduct the analysis and its findings could provide
value to traffic safety engineers who are trying to build a system that is free of serious
injuries and fatalities. The proposed Degradation Impact Model predicted crashes
involving a severe injury or fatality as well as the Combined Prediction Model of Zhong-
xiang, et al. found in the literature. Furthermore, the Degradation Impact Model only
requires an estimate for the total miles driven in the upcoming year, while the Combined
Prediction Model requires estimates for six separate variables, several of which do not
seem to be appropriately correlated and none of which can be used to reduce the number
of crashes involving a severe injury or fatality.

The Degradation Impact Model offers a way to deduce outcomes based upon the
degradation state of one or more components in the system. It further enables designers
and operators of the system to realistically review the pre-crash states for which severe
injuries and fatalities occur. This information provides insights into candidate
interventions that could be applied in order to drive these major incidents to near zero.

The analysis demonstrated in this paper also suggests that certain factors degrading a

component may not always be a causal factor leading to a crash with a severe injury or
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fatality, nor the crash at all. There may be other factors that exist and are currently not
captured in crash reports. This conclusion is supported by the high severity rate for the
crash state in which no degradation is found.

Additionally, it is important to note that although crash severity increased as more
components were degraded, there were still a significant number of crashes involving a
severe injury or fatality that occurred when no degradation existed. Thus, the vehicle
transport system not only needs to address and develop countermeasures for degraded
components, but also needs to investigate and solve the problem when the system is
operating within its intended design specifications, especially if the hope is to achieve
zero fatalities (and severe injuries) on roadways.

The proposed Degradation Impact Model is also expandable and can be decomposed
to identify specific component degradation to understand the countermeasures that would
best improve that crash state, without compromising or significantly increasing severe
crashes in other crash states. The model has additional applicability for the health care
industry, which also exhibits complex behaviors and for which patient harm might be
interpreted as a rare event. Future ideas for research, including partial degradation,
component decomposition, other industry application, breakdown by smaller system unit
(e.g., by county for the CA traffic example), and consideration of the traffic safety
problem to address the influence of whether a victim was part of the at-fault party, could

help to advance the model.
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Appendix A: Pre-Processed Data

The following table provides the pre-processed SWITRS data from January 2006

through December 2015 using the Matlab script described in this praxis.

Table A-1: Pre-processed SWITRS Data Used in this Praxis

2006 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X, | Xy | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 66 275 341 19363
1 1] -1 1 57 173 230 5427
2 -1 1 -1 9 9 18 475
3 -1 1 1 11 15 26 233
4 1] -1 -1 67 178 245 12984
5 1] -1 1 73 150 223 4041
6 1 1 -1 3 10 13 415
7 1 1 1 7 12 19 220
TOTAL 293 822 1115 43158
2006 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X, | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 59 293 352 19606
1 1] -1 1 66 192 258 5564
2 -1 1 -1 1 17 18 548
3 -1 1 1 5 10 15 241
4 1] -1 -1 51 172 223 11397
5 1] -1 1 70 143 213 3345
6 1 1 -1 3 11 14 356
7 1 1 1 10 6 16 197
TOTAL 265 844 1109 41254
2006 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X, | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 42 211 253 14677
1 1) -1 1 45 123 168 4025
2 -1 1 -1 3 15 18 395
3 -1 1 1 6 8 14 155
4 1] -1 -1 87 221 308 19275
5 1] -1 1 89 202 291 5722
6 1 1 -1 5 14 19 628
7 1 1 1 22 19 41 355
TOTAL 299 813 1112 45232
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2006 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 52 251 303 15853
1 -1 -1 1 51 160 211 4722
2 -1 1 -1 2 17 19 493
3 -1 1 1 6 15 21 212
4 1 -1 -1 70 218 288 14444
5 1 -1 1 85 181 266 4490
6 1 1 -1 5 13 18 490
7 1 1 1 15 19 34 261
TOTAL 286 874 1160 40965
2006 May
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 96 358 454 23171
1 -1 -1 1 99 251 350 6757
2 -1 1 -1 9 19 28 743
3 -1 1 1 12 15 27 303
4 1 -1 -1 41 146 187 8717
5 1 -1 1 64 127 191 2743
6 1 1 -1 4 12 16 302
7 1 1 1 4 10 14 146
TOTAL 329 938 1267 42882
2006 June
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 99 382 481 24823
1 -1 -1 1 114 262 376 6996
2 -1 1 -1 9 31 40 778
3 -1 1 1 8 30 38 311
4 1 -1 -1 35 143 178 6982
5 1 -1 1 61 122 183 2184
6 1 1 -1 2 11 13 234
7 1 1 1 2 8 10 130
TOTAL 330 989 1319 42438
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2006 July
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 103 392 495 25029
1 1 -1 1 99 282 381 7372
2 -1 1] -1 6 28 34 819
3 -1 1 1 8 22 30 361
4 1] -1 -1 46 108 154 5993
5 1 -1 1 64 120 184 2093
6 1 1 -1 5 11 16 200
7 1 1 1 7 17 24 111
TOTAL 338 980 1318 41978
2006 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1) -1 -1 98 399 497 26281
1 1) -1 1 100 269 369 7308
2 -1 1) -1 5 28 33 854
3 -1 1 1 19 17 36 368
4 1 -1 -1 52 127 179 5932
5 1] -1 1 74 99 173 2033
6 1 1 -1 1 10 11 247
7 1 1 1 8 16 24 128
TOTAL 357 965 1322 43151
2006 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 109 409 518 25889
1 1) -1 1 95 257 352 7271
2 -1 1] -1 7 21 28 821
3 -1 1 1 10 20 30 342
4 1 -1 -1 42 139 181 6711
5 1] -1 1 72 97 169 2159
6 1 1 -1 7 4 11 256
7 1 1 1 4 3 7 98
TOTAL 346 950 1296 43547

97




2006 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 93 351 444 24401
1 -1 -1 1 76 212 288 6983
2 -1 1 -1 3 24 27 764
3 -1 1 1 12 18 30 338
4 1 -1 -1 52 164 216 9918
5 1 -1 1 67 151 218 3101
6 1 1 -1 4 12 16 363
7 1 1 1 5 15 20 185
TOTAL 312 947 1259 46053
2006 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 85 286 371 21253
1 -1 -1 1 79 192 271 5821
2 -1 1 -1 10 12 22 580
3 -1 1 1 4 23 27 252
4 1 -1 -1 57 175 232 12175
5 1 -1 1 61 153 214 3489
6 1 1 -1 8 16 24 470
7 1 1 1 18 20 38 240
TOTAL 322 877 1199 44280
2006 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 65 277 342 20056
1 -1 -1 1 51 183 234 5743
2 -1 1 -1 7 13 20 560
3 -1 1 1 7 12 19 213
4 1 -1 -1 81 192 273 13006
5 1 -1 1 83 164 247 4015
6 1 1 -1 7 11 18 444
7 1 1 1 15 30 45 228
TOTAL 316 882 1198 44265
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2007 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 70 303 373 20081
1 1] -1 1 70 175 245 5650
2 -1 1 -1 9 14 23 574
3 -1 1 1 12 13 25 274
4 1] -1 -1 54 139 193 10214
5 1] -1 1 53 119 172 2885
6 1 1 -1 2 10 12 366
7 1 1 1 10 17 27 199
TOTAL 280 790 1070 40243
2007 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 57 215 272 15618
1 1) -1 1 50 135 185 4338
2 -1 1 -1 4 6 10 439
3 -1 1 1 5 7 12 161
4 1] -1 -1 52 183 235 13822
5 1] -1 1 81 145 226 3906
6 1 1 -1 5 16 21 486
7 1 1 1 6 15 21 226
TOTAL 260 722 982 38996
2007 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 82 362 444 24158
1 1] -1 1 69 251 320 6798
2 -1 1 -1 4 19 23 623
3 -1 1 1 12 18 30 238
4 1] -1 -1 67 141 208 8955
5 1] -1 1 71 104 175 2725
6 1 1 -1 5 10 15 260
7 1 1 1 6 9 15 137
TOTAL 316 914 1230 43894
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2007 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 88 357 445 21016
1 -1 -1 1 71 208 279 6099
2 -1 1 -1 5 14 19 545
3 -1 1 1 6 11 17 197
4 1 -1 -1 52 165 217 9661
5 1 -1 1 63 159 222 2990
6 1 1 -1 7 10 17 247
7 1 1 1 3 12 15 126
TOTAL 295 936 1231 40881
2007 May
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 95 360 455 24503
1 -1 -1 1 88 272 360 7036
2 -1 1 -1 7 22 29 565
3 -1 1 1 5 19 24 241
4 1 -1 -1 46 116 162 7058
5 1 -1 1 50 112 162 2330
6 1 1 -1 3 9 12 210
7 1 1 1 1 10 11 73
TOTAL 295 920 1215 42016
2007 June
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 99 461 560 26156
1 -1 -1 1 85 283 368 7306
2 -1 1 -1 3 15 18 597
3 -1 1 1 8 18 26 243
4 1 -1 -1 50 98 148 5557
5 1 -1 1 48 122 170 1973
6 1 1 -1 1 8 9 140
7 1 1 1 3 5 8 57
TOTAL 297 1010 1307 42029
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2007 July
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 96 420 516 25302
1 1 -1 1 94 262 356 7247
2 -1 1] -1 5 13 18 574
3 -1 1 1 7 18 25 257
4 1] -1 -1 39 134 173 6041
5 1] -1 1 44 139 183 2064
6 1 1] -1 3 5 8 146
7 1 1 1 2 4 6 61
TOTAL 290 995 1285 41692
2007 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 84 465 549 26721
1 1) -1 1 99 302 401 7285
2 -1 1) -1 9 18 27 601
3 -1 1 1 7 21 28 242
4 1) -1 -1 49 115 164 5993
5 1] -1 1 76 93 169 2051
6 1 1] -1 2 6 8 130
7 1 1 1 4 10 14 85
TOTAL 330 1030 1360 43108
2007 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 89 409 498 24152
1 1) -1 1 79 215 294 6525
2 -1 1] -1 4 20 24 505
3 -1 1 1 6 17 23 255
4 1) -1 -1 38 168 206 7925
5 1] -1 1 65 145 210 2535
6 1 1] -1 2 8 10 190
7 1 1 1 7 8 15 104
TOTAL 290 990 1280 42191
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2007 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 87 376 463 23134
1 -1 -1 1 82 213 295 6421
2 -1 1 -1 0 18 18 505
3 -1 1 1 6 13 19 237
4 1 -1 -1 63 190 253 10284
5 1 -1 1 64 149 213 3080
6 1 1 -1 7 12 19 303
7 1 1 1 7 10 17 152
TOTAL 316 981 1297 44116
2007 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 90 313 403 20391
1 -1 -1 1 66 185 251 5875
2 -1 1 -1 8 16 24 497
3 -1 1 1 7 18 25 233
4 1 -1 -1 61 172 233 10529
5 1 -1 1 74 141 215 3069
6 1 1 -1 5 9 14 298
7 1 1 1 6 7 13 144
TOTAL 317 861 1178 41036
2007 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 69 268 337 18313
1 -1 -1 1 57 177 234 5323
2 -1 1 -1 9 11 20 426
3 -1 1 1 0 16 16 174
4 1 -1 -1 56 223 279 12950
5 1 -1 1 66 165 231 3859
6 1 1 -1 4 10 14 426
7 1 1 1 10 18 28 235
TOTAL 271 888 1159 41706
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2008 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 43 198 241 13158
1 1] -1 1 39 91 130 3540
2 -1 1 -1 2 13 15 310
3 -1 1 1 2 7 9 133
4 1] -1 -1 71 244 315 16978
5 1] -1 1 61 176 237 4761
6 1 1 -1 7 14 21 475
7 1 1 1 11 20 31 280
TOTAL 236 763 999 39635
2008 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 60 249 309 17246
1 1) -1 1 48 162 210 4798
2 -1 1 -1 6 16 22 500
3 -1 1 1 5 12 17 214
4 1] -1 -1 52 149 201 11594
5 1] -1 1 75 123 198 3352
6 1 1 -1 8 12 20 405
7 1 1 1 6 11 17 192
TOTAL 260 734 994 38301
2008 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 78 358 436 22553
1 1] -1 1 43 232 275 6106
2 -1 1 -1 0 23 23 598
3 -1 1 1 11 9 20 220
4 1] -1 -1 32 119 151 6805
5 1] -1 1 53 106 159 2337
6 1 1 -1 1 14 15 241
7 1 1 1 5 14 19 132
TOTAL 223 875 1098 38992
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2008 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 93 340 433 22257
1 -1 -1 1 74 191 265 6348
2 -1 1 -1 2 29 31 612
3 -1 1 1 7 22 29 229
4 1 -1 -1 47 98 145 5761
5 1 -1 1 43 98 141 1938
6 1 1 -1 7 9 16 216
7 1 1 1 4 11 15 109
TOTAL 277 798 1075 37470
2008 May
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 82 342 424 20992
1 -1 -1 1 57 205 262 6041
2 -1 1 -1 8 24 32 642
3 -1 1 1 12 19 31 235
4 1 -1 -1 34 154 188 7659
5 1 -1 1 43 107 150 2475
6 1 1 -1 5 10 15 241
7 1 1 1 9 9 18 123
TOTAL 250 870 1120 38408
2008 June
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 78 424 502 21829
1 -1 -1 1 78 228 306 6391
2 -1 1 -1 11 33 44 661
3 -1 1 1 6 10 16 257
4 1 -1 -1 31 96 127 4545
5 1 -1 1 44 97 141 1625
6 1 1 -1 1 9 10 147
7 1 1 1 3 8 11 89
TOTAL 252 905 1157 35544

104




2008 July
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 79 406 485 21515
1 1 -1 1 65 250 315 5951
2 -1 1] -1 5 39 44 660
3 -1 1 1 11 17 28 254
4 1] -1 -1 31 99 130 4914
5 1] -1 1 50 93 143 1665
6 1 1 -1 3 11 14 205
7 1 1 1 5 12 17 79
TOTAL 249 927 1176 35243
2008 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1) -1 -1 84 402 486 22410
1 1) -1 1 90 218 308 6346
2 -1 1) -1 8 35 43 733
3 -1 1 1 4 28 32 268
4 1 -1 -1 35 91 126 4944
5 1] -1 1 56 95 151 1732
6 1 1 -1 2 9 11 193
7 1 1 1 5 15 20 108
TOTAL 284 893 1177 36734
2008 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 107 386 493 21907
1 1) -1 1 77 215 292 6046
2 -1 1] -1 6 25 31 713
3 -1 1 1 13 22 35 270
4 1 -1 -1 29 121 150 5418
5 1] -1 1 48 88 136 1735
6 1 1 -1 4 13 17 208
7 1 1 1 4 6 10 92
TOTAL 288 876 1164 36389

105




2008 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 78 361 439 22083
1 -1 -1 1 74 184 258 5872
2 -1 1 -1 7 27 34 633
3 -1 1 1 7 12 19 247
4 1 -1 -1 44 144 188 7613
5 1 -1 1 52 110 162 2332
6 1 1 -1 4 8 12 264
7 1 1 1 9 15 24 130
TOTAL 275 861 1136 39174
2008 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 48 304 352 17072
1 -1 -1 1 60 168 228 4659
2 -1 1 -1 2 31 33 453
3 -1 1 1 7 11 18 172
4 1 -1 -1 53 175 228 11052
5 1 -1 1 67 149 216 3249
6 1 1 -1 3 12 15 387
7 1 1 1 8 13 21 168
TOTAL 248 863 1111 37212
2008 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 65 220 285 15251
1 -1 -1 1 42 132 174 4279
2 -1 1 -1 1 8 9 328
3 -1 1 1 3 14 17 149
4 1 -1 -1 75 213 288 14844
5 1 -1 1 74 189 263 4024
6 1 1 -1 5 9 14 413
7 1 1 1 6 12 18 205
TOTAL 271 797 1068 39493
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2009 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 64 250 314 16953
1 1] -1 1 52 171 223 4645
2 -1 1 -1 6 11 17 369
3 -1 1 1 1 8 9 146
4 1] -1 -1 54 134 188 9787
5 1] -1 1 61 129 190 2784
6 1 1 -1 4 4 8 235
7 1 1 1 6 9 15 143
TOTAL 248 716 964 35062
2009 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 42 186 228 12230
1 1) -1 1 32 105 137 3277
2 -1 1 -1 0 6 6 225
3 -1 1 1 3 6 9 93
4 1] -1 -1 66 180 246 14240
5 1] -1 1 62 159 221 3977
6 1 1 -1 2 8 10 292
7 1 1 1 5 7 12 146
TOTAL 212 657 869 34480
2009 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 76 302 378 19475
1 1] -1 1 51 193 244 5434
2 -1 1 -1 0 6 6 341
3 -1 1 1 1 4 5 130
4 1] -1 -1 38 151 189 8528
5 1] -1 1 49 110 159 2506
6 1 1 -1 1 3 4 157
7 1 1 1 2 5 7 77
TOTAL 218 774 992 36648
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2009 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 75 329 404 19943
1 -1 -1 1 59 222 281 5636
2 -1 1 -1 0 9 9 348
3 -1 1 1 0 8 8 138
4 1 -1 -1 31 96 127 6923
5 1 -1 1 49 90 139 2091
6 1 1 -1 2 2 4 103
7 1 1 1 2 5 7 57
TOTAL 218 761 979 35239
2009 May
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 81 364 445 21181
1 -1 -1 1 63 199 262 5818
2 -1 1 -1 3 14 17 402
3 -1 1 1 3 8 11 131
4 1 -1 -1 30 132 162 6902
5 1 -1 1 50 115 165 2260
6 1 1 -1 3 9 12 168
7 1 1 1 3 7 10 54
TOTAL 236 848 1084 36916
2009 June
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 71 285 356 18458
1 -1 -1 1 58 172 230 4972
2 -1 1 -1 2 17 19 379
3 -1 1 1 1 14 15 154
4 1 -1 -1 31 117 148 7815
5 1 -1 1 53 123 176 2254
6 1 1 -1 1 4 5 118
7 1 1 1 2 2 4 52
TOTAL 219 734 953 34202
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2009 July
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 84 441 525 22527
1 1 -1 1 64 224 288 6140
2 -1 1] -1 3 16 19 388
3 -1 1 1 1 11 12 161
4 1] -1 -1 20 101 121 4308
5 1 -1 1 34 74 108 1498
6 1 1 -1 1 1 2 96
7 1 1 1 1 5 6 43
TOTAL 208 873 1081 35161
2009 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1) -1 -1 83 366 449 21365
1 1) -1 1 83 207 290 5885
2 -1 1) -1 5 19 24 443
3 -1 1 1 5 8 13 150
4 1 -1 -1 51 109 160 4922
5 1] -1 1 46 80 126 1604
6 1 1] -1 2 3 5 105
7 1 1 1 1 4 5 34
TOTAL 276 796 1072 34508
2009 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 85 427 512 22114
1 1) -1 1 65 204 269 5678
2 -1 1 -1 0 14 14 404
3 -1 1 1 2 6 8 145
4 1) -1 -1 33 132 165 5429
5 1] -1 1 34 94 128 1653
6 1 1] -1 0 5 5 89
7 1 1 1 2 4 6 43
TOTAL 221 886 1107 35555
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2009 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 82 365 447 20073
1 -1 -1 1 59 176 235 5462
2 -1 1 -1 4 12 16 365
3 -1 1 1 6 7 13 165
4 1 -1 -1 36 166 202 8944
5 1 -1 1 70 122 192 2565
6 1 1 -1 2 4 6 178
7 1 1 1 4 7 11 83
TOTAL 263 859 1122 37835
2009 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 78 310 388 19125
1 -1 -1 1 67 158 225 4983
2 -1 1 -1 4 8 12 327
3 -1 1 1 4 7 11 137
4 1 -1 -1 40 140 180 7600
5 1 -1 1 51 101 152 2156
6 1 1 -1 2 5 7 151
7 1 1 1 5 9 14 83
TOTAL 251 738 989 34562
2009 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 60 196 256 14530
1 -1 -1 1 41 120 161 3809
2 -1 1 -1 1 5 6 222
3 -1 1 1 2 9 11 118
4 1 -1 -1 64 235 299 13423
5 1 -1 1 58 137 195 3547
6 1 1 -1 4 1 5 269
7 1 1 1 5 8 13 142
TOTAL 235 711 946 36060
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2010 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 42 185 227 11637
1 1] -1 1 28 105 133 3295
2 -1 1 -1 1 3 4 182
3 -1 1 1 0 7 7 73
4 1] -1 -1 46 179 225 13698
5 1] -1 1 46 133 179 3601
6 1 1 -1 5 6 11 256
7 1 1 1 7 5 12 150
TOTAL 175 623 798 32892
2010 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 36 164 200 12414
1 1) -1 1 26 109 135 3300
2 -1 1 -1 2 7 9 214
3 -1 1 1 1 5 6 86
4 1] -1 -1 68 185 253 12280
5 1] -1 1 58 133 191 3264
6 1 1 -1 3 3 6 251
7 1 1 1 4 7 11 109
TOTAL 198 613 811 31918
2010 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 67 297 364 18738
1 1] -1 1 41 150 191 4981
2 -1 1 -1 4 16 20 332
3 -1 1 1 2 4 6 131
4 1] -1 -1 39 140 179 8912
5 1] -1 1 30 107 137 2447
6 1 1 -1 2 11 13 180
7 1 1 1 0 4 4 82
TOTAL 185 729 914 35803
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2010 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 57 292 349 17066
1 -1 -1 1 52 147 199 4464
2 -1 1 -1 2 16 18 274
3 -1 1 1 2 5 7 115
4 1 -1 -1 53 160 213 9671
5 1 -1 1 41 116 157 2575
6 1 1 -1 1 5 6 160
7 1 1 1 3 7 10 91
TOTAL 211 748 959 34416
2010 May
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 62 345 407 19726
1 -1 -1 1 55 178 233 5298
2 -1 1 -1 2 7 9 289
3 -1 1 1 3 9 12 112
4 1 -1 -1 34 121 155 7180
5 1 -1 1 38 110 148 2098
6 1 1 -1 1 2 3 113
7 1 1 1 2 6 8 46
TOTAL 197 778 975 34862
2010 June
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 59 375 434 20426
1 -1 -1 1 54 205 259 5305
2 -1 1 -1 3 18 21 348
3 -1 1 1 3 5 8 127
4 1 -1 -1 37 116 153 5491
5 1 -1 1 43 90 133 1577
6 1 1 -1 2 2 4 64
7 1 1 1 0 2 2 29
TOTAL 201 813 1014 33367
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2010 July
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 85 391 476 20795
1 1 -1 1 70 191 261 5414
2 -1 1] -1 0 13 13 312
3 -1 1 1 2 10 12 117
4 1] -1 -1 32 124 156 5249
5 1] -1 1 34 98 132 1664
6 1 1] -1 0 3 3 64
7 1 1 1 1 1 2 30
TOTAL 224 831 1055 33645
2010 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 69 403 472 22025
1 1) -1 1 63 201 264 5577
2 -1 1) -1 4 8 12 286
3 -1 1 1 2 12 14 131
4 1) -1 -1 40 103 143 4949
5 1] -1 1 27 89 116 1559
6 1 1] -1 1 4 5 62
7 1 1 1 0 4 4 31
TOTAL 206 824 1030 34620
2010 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 85 367 452 21293
1 1) -1 1 58 213 271 5276
2 -1 1] -1 2 13 15 326
3 -1 1 1 2 10 12 121
4 1) -1 -1 55 129 184 6069
5 1] -1 1 31 87 118 1748
6 1 1] -1 2 6 8 90
7 1 1 1 2 2 4 34
TOTAL 237 827 1064 34957
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2010 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 64 260 324 15685
1 -1 -1 1 39 140 179 4172
2 -1 1 -1 0 3 3 222
3 -1 1 1 0 5 5 95
4 1 -1 -1 62 212 274 13522
5 1 -1 1 54 148 202 3530
6 1 1 -1 2 5 7 162
7 1 1 1 1 5 6 92
TOTAL 222 778 1000 37480
2010 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 76 264 340 17606
1 -1 -1 1 49 113 162 4204
2 -1 1 -1 3 8 11 250
3 -1 1 1 2 15 17 119
4 1 -1 -1 55 169 224 10296
5 1 -1 1 53 120 173 2770
6 1 1 -1 2 2 4 131
7 1 1 1 0 2 2 84
TOTAL 240 693 933 35460
2010 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 34 195 229 11562
1 -1 -1 1 31 91 122 2804
2 -1 1 -1 1 7 8 152
3 -1 1 1 2 4 6 67
4 1 -1 -1 86 240 326 17685
5 1 -1 1 62 130 192 4415
6 1 1 -1 0 5 5 247
7 1 1 1 8 6 14 138
TOTAL 224 678 902 37070
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2011 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 52 220 272 15850
1 1] -1 1 53 117 170 4077
2 -1 1 -1 2 8 10 200
3 -1 1 1 2 4 6 98
4 1] -1 -1 46 147 193 9023
5 1] -1 1 59 97 156 2531
6 1 1 -1 1 3 4 117
7 1 1 1 5 4 9 57
TOTAL 220 600 820 31953
2011 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 56 248 304 14647
1 1) -1 1 50 119 169 3896
2 -1 1 -1 1 7 8 169
3 -1 1 1 2 4 6 88
4 1] -1 -1 49 165 214 10221
5 1] -1 1 41 107 148 2775
6 1 1 -1 1 2 3 143
7 1 1 1 1 4 5 79
TOTAL 201 656 857 32018
2011 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 41 247 288 14749
1 1] -1 1 34 118 152 3708
2 -1 1 -1 1 7 8 178
3 -1 1 1 2 7 9 88
4 1] -1 -1 60 182 242 12300
5 1] -1 1 53 134 187 3319
6 1 1 -1 1 5 6 191
7 1 1 1 2 5 7 87
TOTAL 194 705 899 34620
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2011 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 65 347 412 17441
1 -1 -1 1 36 157 193 4521
2 -1 1| -1 2 11 13 208
3 -1 1 1 1 4 5 113
4 1 -1 -1 38 117 155 6985
5 1 -1 1 35 102 137 2013
6 1 1 -1 1 2 3 87
7 1 1 1 1 2 3 50
TOTAL 179 742 921 31418
2011 May
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 75 333 408 18458
1 -1 -1 1 52 165 217 4789
2 -1 1] -1 2 8 10 245
3 -1 1 1 1 5 6 110
4 1 -1 -1 36 145 181 7414
5 1 -1 1 48 99 147 2248
6 1 1 -1 0 3 3 111
7 1 1 1 2 4 6 61
TOTAL 216 762 978 33436
2011 June
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 64 362 426 18372
1 1) -1 1 61 198 259 4663
2 -1 1 -1 3 11 14 262
3 -1 1 1 2 7 9 99
4 1) -1 -1 38 112 150 6660
5 1 -1 1 35 91 126 1846
6 1 1 -1 1 3 4 109
7 1 1 1 2 1 3 37
TOTAL 206 785 991 32048
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2011 July
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 93 463 556 20769
1 1 -1 1 60 223 283 5510
2 -1 1] -1 2 16 18 321
3 -1 1 1 2 9 11 115
4 1] -1 -1 41 130 171 4754
5 1] -1 1 46 95 141 1568
6 1 1] -1 1 5 6 65
7 1 1 1 2 5 7 38
TOTAL 247 946 1193 33140
2011 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 75 404 479 21758
1 1) -1 1 71 220 291 5576
2 -1 1) -1 2 12 14 303
3 -1 1 1 4 11 15 104
4 1) -1 -1 31 111 142 5081
5 1] -1 1 31 92 123 1529
6 1 1] -1 0 3 3 61
7 1 1 1 1 4 5 29
TOTAL 215 857 1072 34441
2011 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 76 372 448 20812
1 1) -1 1 60 187 247 5111
2 -1 1] -1 0 16 16 265
3 -1 1 1 2 12 14 133
4 1) -1 -1 49 139 188 6167
5 1] -1 1 45 82 127 1765
6 1 1] -1 0 4 4 75
7 1 1 1 2 2 4 38
TOTAL 234 814 1048 34366
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2011 October
CRASH FATAL SEV. INJ. SI+ FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 89 376 465 19962
1 -1 -1 1 59 175 234 5187
2 -1 1 -1 2 14 16 263
3 -1 1 1 1 14 15 119
4 1 -1 -1 54 170 224 8862
5 1 -1 1 41 107 148 2210
6 1 1 -1 2 2 4 115
7 1 1 1 4 3 7 57
TOTAL 252 861 1113 36775
2011 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 67 274 341 15949
1 -1 -1 1 41 121 162 3929
2 -1 1 -1 2 6 8 195
3 -1 1 1 1 6 7 102
4 1 -1 -1 68 184 252 11286
5 1 -1 1 52 104 156 2962
6 1 1 -1 2 1 3 129
7 1 1 1 3 4 7 73
TOTAL 236 700 936 34625
2011 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 79 304 383 18915
1 -1 -1 1 55 168 223 4836
2 -1 1 -1 3 7 10 222
3 -1 1 1 1 3 4 110
4 1 -1 -1 45 146 191 8365
5 1 -1 1 45 100 145 2185
6 1 1 -1 0 5 5 109
7 1 1 1 0 4 4 47
TOTAL 228 737 965 34789
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2012 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 61 293 354 16798
1 1] -1 1 49 180 229 4333
2 -1 1 -1 1 4 5 195
3 -1 1 1 2 5 7 107
4 1] -1 -1 47 140 187 8710
5 1] -1 1 55 104 159 2259
6 1 1 -1 1 4 5 110
7 1 1 1 0 2 2 53
TOTAL 216 732 948 32565
2012 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 60 237 297 16197
1 1) -1 1 44 154 198 4119
2 -1 1 -1 0 6 6 204
3 -1 1 1 3 7 10 108
4 1] -1 -1 41 145 186 8568
5 1] -1 1 46 123 169 2274
6 1 1 -1 0 1 1 99
7 1 1 1 4 4 8 60
TOTAL 198 677 875 31629
2012 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 60 240 300 16536
1 1] -1 1 41 131 172 4040
2 -1 1 -1 0 16 16 208
3 -1 1 1 0 2 2 84
4 1] -1 -1 49 189 238 11023
5 1] -1 1 55 125 180 2999
6 1 1 -1 1 7 8 155
7 1 1 1 3 10 13 94
TOTAL 209 720 929 35139
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2012 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 63 328 391 16940
1 -1 -1 1 57 172 229 4523
2 -1 1| -1 2 9 11 223
3 -1 1 1 0 4 4 90
4 1 -1 -1 41 130 171 8470
5 1 -1 1 46 103 149 2163
6 1 1 -1 2 1 3 94
7 1 1 1 6 2 8 61
TOTAL 217 749 966 32564
2012 May
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 77 353 430 20642
1 1) -1 1 73 230 303 5422
2 -1 1] -1 1 10 11 290
3 -1 1 1 4 8 12 123
4 1 -1 -1 34 114 148 5503
5 1 -1 1 33 82 115 1540
6 1 1 -1 1 3 4 76
7 1 1 1 1 1 2 31
TOTAL 224 801 1025 33627
2012 June
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 83 365 448 19997
1 1) -1 1 63 205 268 5049
2 -1 1] -1 0 8 8 275
3 -1 1 1 2 5 7 120
4 1) -1 -1 35 100 135 4765
5 1 -1 1 44 78 122 1453
6 1 1] -1 0 5 5 53
7 1 1 1 3 1 4 25
TOTAL 230 767 997 31737
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2012 July
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 88 399 487 19477
1 1 -1 1 69 240 309 5086
2 -1 1] -1 3 12 15 314
3 -1 1 1 4 4 8 101
4 1] -1 -1 36 113 149 5048
5 1] -1 1 43 93 136 1563
6 1 1] -1 1 5 6 81
7 1 1 1 0 2 2 29
TOTAL 244 868 1112 31699
2012 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 87 392 479 21397
1 1) -1 1 60 208 268 5170
2 -1 1) -1 3 11 14 294
3 -1 1 1 5 8 13 124
4 1) -1 -1 48 116 164 5020
5 1] -1 1 34 90 124 1456
6 1 1] -1 2 2 4 58
7 1 1 1 1 1 2 27
TOTAL 240 828 1068 33546
2012 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 75 417 492 20184
1 1) -1 1 75 232 307 5180
2 -1 1] -1 1 12 13 263
3 -1 1 1 3 8 11 119
4 1) -1 -1 54 142 196 5082
5 1] -1 1 37 99 136 1471
6 1 1] -1 0 7 7 52
7 1 1 1 1 1 2 39
TOTAL 246 918 1164 32390
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2012 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 71 351 422 19482
1 -1 -1 1 64 204 268 4833
2 -1 1 -1 5 10 15 268
3 -1 1 1 1 7 8 130
4 1 -1 -1 57 153 210 8187
5 1 -1 1 46 112 158 2086
6 1 1 -1 1 5 6 101
7 1 1 1 1 6 7 55
TOTAL 246 848 1094 35142
2012 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 62 282 344 14289
1 -1 -1 1 40 150 190 3602
2 -1 1 -1 1 4 5 173
3 -1 1 1 2 10 12 95
4 1 -1 -1 87 206 293 12170
5 1 -1 1 59 137 196 2952
6 1 1 -1 1 3 4 150
7 1 1 1 4 5 9 78
TOTAL 256 797 1053 33509
2012 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 57 173 230 11826
1 -1 -1 1 32 89 121 2977
2 -1 1 -1 0 4 4 134
3 -1 1 1 1 3 4 83
4 1 -1 -1 71 256 327 13432
5 1 -1 1 65 154 219 3613
6 1 1 -1 3 3 6 185
7 1 1 1 3 5 8 104
TOTAL 232 687 919 32354
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2013 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 57 266 323 15791
1 1] -1 1 39 143 182 3896
2 -1 1 -1 1 9 10 212
3 -1 1 1 0 2 2 96
4 1] -1 -1 58 143 201 8350
5 1] -1 1 37 103 140 2036
6 1 1 -1 1 3 4 106
7 1 1 1 1 3 4 59
TOTAL 194 672 866 30546
2013 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 62 300 362 15719
1 1) -1 1 46 131 177 4152
2 -1 1 -1 2 8 10 190
3 -1 1 1 0 3 3 97
4 1] -1 -1 39 135 174 6676
5 1] -1 1 44 94 138 1814
6 1 1 -1 1 1 2 75
7 1 1 1 2 1 3 36
TOTAL 196 673 869 28759
2013 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 72 301 373 17991
1 1] -1 1 54 174 228 4589
2 -1 1 -1 3 9 12 233
3 -1 1 1 1 3 4 91
4 1] -1 -1 61 175 236 7745
5 1] -1 1 47 115 162 2212
6 1 1 -1 0 3 3 115
7 1 1 1 4 1 5 50
TOTAL 242 781 1023 33026
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2013 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 97 336 433 18391
1 -1 -1 1 60 173 233 4611
2 -1 1 -1 2 10 12 241
3 -1 1 1 3 6 9 96
4 1 -1 -1 41 126 167 6098
5 1 -1 1 52 70 122 1656
6 1 1 -1 1 2 3 46
7 1 1 1 0 6 6 35
TOTAL 256 729 985 31174
2013 May
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 93 396 489 20060
1 -1 -1 1 49 199 248 5027
2 -1 1 -1 1 11 12 229
3 -1 1 1 1 5 6 98
4 1 -1 -1 40 132 172 6166
5 1 -1 1 37 81 118 1626
6 1 1 -1 1 3 4 67
7 1 1 1 1 2 3 33
TOTAL 223 829 1052 33306
2013 June
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 70 393 463 19398
1 -1 -1 1 64 193 257 4930
2 -1 1 -1 1 11 12 223
3 -1 1 1 2 7 9 119
4 1 -1 -1 38 117 155 5342
5 1 -1 1 46 80 126 1534
6 1 1 -1 1 2 3 56
7 1 1 1 0 1 1 22
TOTAL 222 804 1026 31624
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2013 July
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 86 345 431 18960
1 1 -1 1 75 162 237 4827
2 -1 1] -1 3 10 13 247
3 -1 1 1 2 4 6 102
4 1] -1 -1 33 132 165 5466
5 1] -1 1 43 61 104 1568
6 1 1] -1 1 3 4 57
7 1 1 1 4 3 7 40
TOTAL 247 720 967 31267
2013 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 107 417 524 20574
1 1) -1 1 72 201 273 5050
2 -1 1) -1 2 8 10 271
3 -1 1 1 3 7 10 126
4 1) -1 -1 41 127 168 5208
5 1] -1 1 37 95 132 1491
6 1 1] -1 1 1 2 55
7 1 1 1 2 4 6 26
TOTAL 265 860 1125 32801
2013 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 99 385 484 20442
1 1) -1 1 57 173 230 4835
2 -1 1] -1 1 11 12 253
3 -1 1 1 1 6 7 101
4 1) -1 -1 39 127 166 5540
5 1] -1 1 39 90 129 1478
6 1 1] -1 1 3 4 63
7 1 1 1 0 1 1 37
TOTAL 237 796 1033 32749
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2013 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 94 380 474 20013
1 -1 -1 1 74 194 268 4874
2 -1 1 -1 0 9 9 223
3 -1 1 1 4 11 15 122
4 1 -1 -1 51 136 187 7085
5 1 -1 1 51 97 148 1857
6 1 1 -1 1 5 6 84
7 1 1 1 1 8 9 42
TOTAL 276 840 1116 34300
2013 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 69 333 402 16413
1 -1 -1 1 56 158 214 4265
2 -1 1 -1 1 10 11 185
3 -1 1 1 1 5 6 95
4 1 -1 -1 67 158 225 9110
5 1 -1 1 59 96 155 2270
6 1 1 -1 0 3 3 80
7 1 1 1 1 4 5 64
TOTAL 254 767 1021 32482
2013 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 78 288 366 17578
1 -1 -1 1 48 174 222 4495
2 -1 1 -1 2 9 11 193
3 -1 1 1 1 7 8 76
4 1 -1 -1 60 143 203 7463
5 1 -1 1 47 78 125 1874
6 1 1 -1 3 0 3 87
7 1 1 1 2 3 5 40
TOTAL 241 702 943 31806
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2014 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 78 318 396 17245
1 1] -1 1 62 178 240 4438
2 -1 1 -1 0 6 6 191
3 -1 1 1 3 9 12 105
4 1] -1 -1 57 122 179 6907
5 1] -1 1 49 87 136 1742
6 1 1 -1 1 3 4 79
7 1 1 1 1 5 6 32
TOTAL 251 728 979 30739
2014 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 58 209 267 13741
1 1) -1 1 49 104 153 3515
2 -1 1 -1 1 7 8 149
3 -1 1 1 3 3 6 81
4 1] -1 -1 48 178 226 10386
5 1] -1 1 49 97 146 2581
6 1 1 -1 2 4 6 150
7 1 1 1 1 1 2 73
TOTAL 211 603 814 30676
2014 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 62 318 380 17399
1 1] -1 1 61 169 230 4449
2 -1 1 -1 0 4 4 194
3 -1 1 1 4 5 9 98
4 1] -1 -1 50 129 179 8065
5 1] -1 1 39 111 150 2262
6 1 1 -1 1 4 5 100
7 1 1 1 1 3 4 36
TOTAL 218 743 961 32603
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2014 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 64 355 419 18267
1 -1 -1 1 70 161 231 4799
2 -1 1| -1 1 9 10 221
3 -1 1 1 0 7 7 109
4 1 -1 -1 44 128 172 6468
5 1 -1 1 37 83 120 1754
6 1 1] -1 0 2 2 63
7 1 1 1 0 2 2 32
TOTAL 216 747 963 31713
2014 May
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 88 430 518 21151
1 -1 -1 1 55 211 266 5465
2 -1 1] -1 3 11 14 238
3 -1 1 1 2 5 7 116
4 1 -1 -1 42 107 149 5183
5 1 -1 1 28 87 115 1449
6 1 1] -1 0 5 5 58
7 1 1 1 0 1 1 20
TOTAL 218 857 1075 33680
2014 June
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 79 412 491 20293
1 1) -1 1 68 219 287 5216
2 -1 1 -1 0 7 7 238
3 -1 1 1 1 7 8 98
4 1 -1 -1 36 110 146 4352
5 1 -1 1 32 79 111 1292
6 1 1 -1 1 5 6 41
7 1 1 1 0 1 1 22
TOTAL 217 840 1057 31552
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2014 July
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 88 384 472 19677
1 1 -1 1 80 211 291 5097
2 -1 1] -1 5 13 18 233
3 -1 1 1 1 7 8 93
4 1] -1 -1 35 132 167 5031
5 1] -1 1 42 81 123 1445
6 1 1] -1 2 4 6 61
7 1 1 1 0 4 4 26
TOTAL 253 836 1089 31663
2014 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 85 395 480 21199
1 1) -1 1 63 185 248 5243
2 -1 1) -1 0 7 7 236
3 -1 1 1 2 6 8 87
4 1) -1 -1 38 123 161 5760
5 1] -1 1 50 104 154 1681
6 1 1] -1 1 1 2 52
7 1 1 1 0 6 6 33
TOTAL 239 827 1066 34291
2014 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 89 424 513 21455
1 1) -1 1 71 188 259 5338
2 -1 1] -1 0 7 7 242
3 -1 1 1 2 4 6 100
4 1) -1 -1 55 148 203 6186
5 1] -1 1 28 81 109 1625
6 1 1] -1 1 4 5 62
7 1 1 1 3 2 5 29
TOTAL 249 858 1107 35037
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2014 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 110 417 527 22363
1 -1 -1 1 60 215 275 5305
2 -1 1 -1 1 8 9 243
3 -1 1 1 0 8 8 117
4 1 -1 -1 59 175 234 7554
5 1 -1 1 53 90 143 1990
6 1 1 -1 2 1 3 68
7 1 1 1 5 2 7 39
TOTAL 290 916 1206 37679
2014 November
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 85 320 405 17205
1 -1 -1 1 45 172 217 4392
2 -1 1 -1 1 8 9 193
3 -1 1 1 0 5 5 91
4 1 -1 -1 82 185 267 9925
5 1 -1 1 64 107 171 2534
6 1 1 -1 1 3 4 115
7 1 1 1 4 3 7 54
TOTAL 282 803 1085 34509
2014 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 55 217 272 13136
1 -1 -1 1 44 135 179 3571
2 -1 1 -1 0 2 2 128
3 -1 1 1 1 3 4 79
4 1 -1 -1 76 275 351 14714
5 1 -1 1 59 132 191 3540
6 1 1 -1 0 4 4 169
7 1 1 1 3 3 6 86
TOTAL 238 771 1009 35423

130




2015 January
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 73 301 374 16645
1 1] -1 1 39 153 192 4166
2 -1 1 -1 0 8 8 182
3 -1 1 1 0 6 6 79
4 1] -1 -1 70 177 247 8431
5 1] -1 1 39 102 141 2099
6 1 1 -1 0 4 4 93
7 1 1 1 0 0 0 37
TOTAL 221 751 972 31732
2015 February
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 63 271 334 16746
1 1) -1 1 66 151 217 4144
2 -1 1 -1 0 5 5 202
3 -1 1 1 2 4 6 81
4 1] -1 -1 54 157 211 7944
5 1] -1 1 52 101 153 2122
6 1 1 -1 1 2 3 103
7 1 1 1 2 1 3 34
TOTAL 240 692 932 31376
2015 March
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1] -1 -1 88 391 479 20834
1 1] -1 1 82 206 288 5279
2 -1 1 -1 2 7 9 229
3 -1 1 1 3 8 11 95
4 1] -1 -1 57 129 186 6580
5 1] -1 1 38 108 146 1685
6 1 1 -1 1 3 4 70
7 1 1 1 2 1 3 33
TOTAL 273 853 1126 34805
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2015 April
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 96 396 492 21149
1 1 -1 1 73 210 283 5187
2 -1 1| -1 1 14 15 231
3 -1 1 1 1 3 4 102
4 1 -1 -1 48 116 164 6840
5 1] -1 1 55 104 159 1733
6 1 1 -1 0 4 4 73
7 1 1 1 0 5 5 32
TOTAL 274 852 1126 35347
2015 May
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 65 376 441 18191
1 -1 -1 1 62 195 257 4915
2 -1 1] -1 2 13 15 224
3 -1 1 1 3 10 13 97
4 1 -1 -1 54 170 224 9450
5 1 -1 1 53 118 171 2374
6 1 1] -1 2 5 7 98
7 1 1 1 1 1 2 30
TOTAL 242 888 1130 35379
2015 June
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES CRASHES | CRASHES
0 1 -1 -1 99 379 478 20479
1 1) -1 1 64 193 257 5164
2 -1 1 -1 1 14 15 241
3 -1 1 1 1 2 3 84
4 1 -1 -1 47 131 178 6449
5 1 -1 1 43 91 134 1689
6 1 1] -1 1 4 5 56
7 1 1 1 1 3 4 28
TOTAL 257 817 1074 34190
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2015 July
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 103 371 474 20617
1 1 -1 1 66 196 262 5056
2 -1 1] -1 1 11 12 260
3 -1 1 1 2 9 11 89
4 1] -1 -1 52 146 198 6912
5 1] -1 1 43 98 141 1803
6 1 1] -1 0 5 5 70
7 1 1 1 1 0 1 33
TOTAL 268 836 1104 34840
2015 August
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1) -1 -1 93 488 581 23181
1 1) -1 1 78 253 331 5916
2 -1 1) -1 3 13 16 284
3 -1 1 1 0 4 4 106
4 1) -1 -1 46 125 171 5503
5 1] -1 1 39 102 141 1514
6 1 1] -1 0 2 2 66
7 1 1 1 4 5 9 20
TOTAL 263 992 1255 36590
2015 September
CRASH FATAL SEV.INJ. | SI+FATAL | TOTAL
STATE | x; | Xv | Xy | CRASHES | CRASHES | CRASHES | CRASHES
0 1 -1 -1 89 447 536 21643
1 1) -1 1 55 200 255 5272
2 -1 1] -1 2 10 12 269
3 -1 1 1 2 7 9 115
4 1) -1 -1 53 136 189 6907
5 1] -1 1 43 110 153 1722
6 1 1] -1 1 0 1 76
7 1 1 1 1 3 4 35
TOTAL 246 913 1159 36039
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2015 October
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 105 416 521 23560
1 -1 -1 1 61 203 264 5576
2 -1 1 -1 4 7 11 277
3 -1 1 1 1 14 15 112
4 1 -1 -1 61 190 251 9095
5 1 -1 1 54 123 177 2240
6 1 1 -1 1 5 6 88
7 1 1 1 3 1 4 33
TOTAL 290 959 1249 40981
2015 November
CRASH FATAL SEV. INJ. SI + FATAL TOTAL
STATE | X Xv | Xu | CRASHES | CRASHES | CRASHES | CRASHES
0 -1 -1 -1 73 377 450 21133
1 -1 -1 1 53 169 222 5087
2 -1 1 -1 2 12 14 232
3 -1 1 1 1 5 6 90
4 1 -1 -1 72 187 259 9961
5 1 -1 1 59 116 175 2388
6 1 1 -1 0 1 1 104
7 1 1 1 4 6 10 50
TOTAL 264 873 1137 39045
2015 December
CRASH FATAL SEV.INJ. | SI+FATAL TOTAL
STATE Xi Xv Xu CRASHES | CRASHES CRASHES | CRASHES
0 -1 -1 -1 84 304 388 19187
1 -1 -1 1 48 147 195 4440
2 -1 1 -1 1 8 9 216
3 -1 1 1 1 5 6 71
4 1 -1 -1 96 199 295 13488
5 1 -1 1 61 138 199 3177
6 1 1 -1 2 7 9 163
7 1 1 1 0 7 7 74
TOTAL 293 815 1108 40816
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