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ABSTRACT

Adverse weather conditions due to precipitation are known to increase crash occurrence
and fatality rates. One fifth of all vehicle crashes in the United States are weather-related, with a
sixth of this value resulting in a fatality. However, the impacts vary by precipitation type and
region. Weather regimes, which identify large-scale atmospheric patterns, are useful to study for
accounting region-specific precipitation variability. This study examined the relationship
between fatal weather-related crashes and ENSO-precipitation-anomaly and weather-related
crashes and regime-precipitation-anomaly time scales to better understand
subseasonal-to-seasonal variability in weather impacts to surface transportation and safety
communication. Fatal crash, precipitation, snow, and weather regime data were combined to
determine how strong climate impacts are to roads. Two important takeaways from this study are
that: (1) the precipitation anomalies and fatal crash relationship is driven by anomalous liquid
precipitation rather than anomalous snow or frozen precipitation and (2) weather regimes impact
fatal weather-related crashes differently from region to region. Traffic safety has improved over
time in terms of safety, though climate change may alter future trends. El Nifio-Southern
Oscillation (ENSO) patterns influence precipitation in some regions, which can affect crash
rates, though direct links remain uncertain. Many fatal crashes occur without any prior warnings,
indicating a need for improved safety communication to drivers about the dangers of adverse
weather. Since climatology and driver behavior differ regionally, crash counts vary. Limitations
include the lack of availability of earlier frozen precipitation data and non-fatal weather-related

crash data.
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CHAPTER 1: INTRODUCTION

One-fifth of all vehicle crashes and 16% of fatal vehicle crashes in the United States are
due to weather according to the Federal Highway Administration (FHWA 2025). Vehicle crashes
are caused by a variety of factors, including human error, mechanical defects, and environmental
conditions such as non-dry pavement conditions (Pisano et al. 2008; Stevens et al. 2019).
Adverse weather conditions such as rain, snow, and ice reduce visibility and make the road
surface slippery. This increases the occurrence of not only losing control of one’s vehicle, but
also being involved in a collision with another vehicle (Stevens et al. 2019). Snow and ice reduce
tire friction, which makes it difficult to control vehicles. The impact of weather on crash
occurrence is further complicated by human error and behavior. Lower vehicle volume at night
inhibits the occurrence of being involved in a weather-related crash with another vehicle, so most
crashes that do occur at night are a result of poor lighting or traffic violations such as speeding
(Fountas et al. 2020, Obeidat et al. 2024). Even then, some drivers underestimate the occurrences
of weather conditions, such as rain, further elevating the number of weather-related crashes
throughout the day (Pisano et al. 2008; Black and Mote 2015; Saha et al. 2016; Tobin et al. 2019;
Tobin et al. 2021; Tobin et al. 2022; Elyoussoufi et al. 2023). While snow was shown to net less
crash fatalities than rain, the first snow event of the year frequently holds the highest crash
occurrence (Eisenberg and Warner 2005). Similarly, the first rainfall event after a prolonged
period of dry conditions also yielded a higher crash occurrence (Lobo et al. 2019). Crash
occurrences can remain elevated after a rain or snow event because hazardous pavement
conditions can last for days. Understanding these weather-related factors is important for
improving road safety measures, enhancing weather warning systems, and notifying drivers
about the hazards associated with different weather conditions.

Nearly three-fourths of weather-related crashes in the US are due to wet pavement
conditions, which is usually the result of rain (FHWA 2024). However, it is important to note that
precipitation amounts, frequency, duration, and type vary widely across the US. As a result
vehicle crashes due to adverse weather vary significantly from state to state as well. In the
southern and south-east portions of the country, the most common precipitation type is rain, so

most weather-related crashes in these regions occur due to active rain or wet pavement. For



example, 7% of all fatal crashes in the state of Texas during 1982-2011 were due to rain (Jackson
and Sharif 2016). Winter precipitation also impacts crash occurrence, which is why a fourth of
US winter-related crashes occur in the north-central United States (Andreescu and Frost 1998;
Eisenberg and Warner 2005; Pisano et al. 2008; Andrey 2010; Black and Mote 2015; Call et al.
2019; Mills et al. 2019; Call and Flynt 2022). For example, in Wisconsin, the range of annual
snowfall can be as little as 76 cm (30 in) to as much as 254 cm (100 in) for the state. When
taking this into account with its continental climate and very cold winters, hazards due to winter
precipitation can persist for several days at a time (Shenghong 2020).

The correlation between vehicle crashes and inclement weather also varies by
precipitation type. In fact, active rain has been proven to increase the quantity of fatal
weather-related crashes the most compared to other active precipitation types (Pisano et al. 2008;
Ashley et al. 2015; Tobin et al. 2019; Tobin et al. 2022; Tobin et al. 2024b; FHWA 2024). This is
due to a combination of several factors, such as drivers considering rain to not be a hazardous
weather condition and being the most prevalent inclement weather type nationwide (Pisano et al.
2008). Drivers also rarely cancel trips due to rain (Pisano et al. 2008). This is why parameters
such as traffic volume and trip duration change marginally during the rain when compared to
clear weather (Elyoussoufi et al. 2023). Similarly, many people consider snow to be one of the
more hazardous weather types, and therefore often cancel trips or drive slower (Pisano et al.
2008; Elyoussoufi et al. 2023). Other precipitation types such as freezing rain or sleet are
typically not as common, which explains why they result in fewer weather-related crashes
(Pisano et al. 2008).

A metric called crash factor addresses the likelihood of a crash to occur during certain
weather conditions (Tobin et al. 2024a) and is used as a proxy for crash relative occurrence
estimates (Black and Mote 2015). Crash factor estimates are based on the odds of crash
occurrence during precipitation as opposed to odds of crashes occurring when conditions are
normal (Tobin et al. 2024a). Rain was found to have the lowest crash factor but often resulted in
higher speed crashes. Conversely, freezing rain had the highest crash factor but crashes occurred
at slower speeds and were less severe overall. The crash ratio, a quantity that addresses the
question of how many crashes occur during precipitation relative to normal, varies temporally.
This ratio was found to be the highest for rain and snow during the evening and morning,

respectively. This highlights the overall rise in crash occurrence with any precipitation type.



There has been a downward trend in weather-related crashes, regardless of whether they
led to a fatality (Pisano et al. 2008; Jackson and Sharif 2016; Han and Sharif 2020). Findings
from the 2000s have observed that one-quarter of all US vehicle crashes were weather-related
(Eisenberg and Warner 2005; Pisano et al. 2008). However, now only one-fifth of all US crashes
are due to weather (FHWA 2024). While there is a clear decrease in the quantity of crashes due
to weather, the percentage of crashes that are a result of wet pavement and rainy conditions
remain unchanged (FHWA 2024). Prior to 2010, the percentage of weather-related crashes due to
wet pavement conditions was 75% (Pisano et al. 2008). The decline in crashes varies by region
because driving and climate conditions, including precipitation, directly affect crashes
(Whitelegg 1987; Lasarre 2001; Page 2001; Andrey 2010).

Understanding the relationship between precipitation and vehicle crashes is important for
developing targeted strategies in an effort to enhance road safety. Past work has confirmed the
significant impact that adverse weather has on vehicle-crashes (Whitelegg 1987; Lasarre 2001;
Page 2001; Pisano et al. 2008). This highlights not only the tremendous variability in
weather-related crashes but the need for more region-specific research on such matters. By
examining how different weather conditions contribute to an increase in crash occurrence,
warning systems can be improved and the public can be more informed about the safety
occurrences between different precipitation types. Such an approach can help reduce future
weather-related crashes and better communicate the occurrence precipitation variability has on
these crashes.

One well-known source of precipitation variability on seasonal to interannual timescales
is the El Nifio Southern Oscillation (ENSO) (Du et al. 2020; Kim et al. 2021, Huang and
Stevenson 2023). ENSO is a large-scale coupled ocean-atmosphere phenomena that involves
fluctuating sea surface temperature (SST) anomalies in the eastern and central Pacific Ocean
(Trenberth and Stepaniak 2001: Wang and Fiedler 2006). SSTs that are anomalously low (<-0.5
degrees °C) are classified as a La Nifia pattern, whereas anomalously high SSTs (> 0.5 degrees
°C) are classified as an El Nifio. Both patterns are responsible for impacting precipitation
anomalies in the United States through tropical-extratropical teleconnections that alter the jet
stream and storm track (Power et al. 2013; Du et al. 2020; Kim et al. 2021). During an El Nifo,
the subtropical jet stream is located across the southern United States, bringing wetter winters to

the south and drier winters to the north (Du et al. 2020; Kim et al. 2021). In a La Nifia, the effects



are that the subtropical jet stream becomes more variable, moving across the northern United
States, resulting in wetter winters to the north and drier winters to the south.

On subseasonal timescales (weeks to months) certain large-scale flow patterns appear
continuously at fixed geographical locations and persist beyond the lifetimes of individual
weather disturbances in the mid-latitudes, on average for about 14 days and up to 30 days
(Robertson et al. 2020). This concept is known as weather regimes (Reinhold and Pierrehumbert
1982; Cassou et al. 2004). Similarly, jet regimes relate to the characteristics of the North Pacific
Jet and North Atlantic Jet (Winters and Walker 2022). Unlike weather regimes, jet regimes focus
on the state and evolution of these jets and associate them with an increased likelihood for winter
storms (Winters and Walker 2022). Weather regimes encompass broader atmospheric patterns
and conditions (Robertson et al. 2020). There are four defined North American weather-regimes
that strongly impact precipitation and temperatures, including extreme flooding and
precipitation-type across the US (Robertson et al. 2020). They are defined by the most prominent
geopotential height anomalies. There are currently no studies that link seasonal to interannual
ENSO precipitation variability or subseasonal precipitation variability associated with weather
regimes to vehicle crashes. The goal of this study is to investigate the following connections
throughout the continental United States (CONUS): ENSO->precipitation variability->fatal
crashes for the seasonal to interannual timescale and weather regimes->precipitation
variability->fatal crashes for the subseasonal timescale (Figure 1). A macro-scale approach is
adopted, which considers both temporal and spatial weather-related crash analysis (Perrels et al.
2015). This requires consideration of car crashes that have occurred nationwide with time. This
differs from a micro-scale approach in that the latter considers spatial patterns alone and draws

focus on specific weather events and regions (Perrels et al. 2015).
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Figure 1. Possible connections of ENSO and Weather-Regimes to occurrence of vehicle-crashes.

CHAPTER 2: DATA AND METHODS

2.1 Region Definitions

This study is focused on all 50 states for demonstrating relationships between the Nifio
3.4 index and fatal weather-related crashes over time. States are also aggregated into five major
geographic regions to summarize regional impacts of ENSO or weather regimes on fatal
weather-related crash anomalies (FWRCA). The regions used are: the West Coast, the Mountain
West, the North Central, the South, and the Northeast (Figure 2).



Figure 2. Map of the United States showing five major geographic regions: West Coast (purple),
Mountain West (orange), North Central (yellow), South (blue), and Northeast (teal). The map

excludes Alaska, Hawaii, and U.S. territories.

2.2 Seasonal Definitions

In the United States, the following four seasons are defined based on their differing
temperature and weather patterns: (1) Fall, (2) Winter, (3) Spring, and (4) Summer. Out of the
four seasons, the Winter season (consisting of December, January, and February) typically has
not only the most liquid and frozen precipitation fallen, but is also a period where ENSO impacts

are the strongest. Therefore, the analysis is done during this season.

2.3 Data

2.3.1 Fatal Analysis Reporting System data

To analyze fatal motor vehicle crashes, this study uses the Fatal Analysis Reporting
System (FARS) data (NHTSA 2025). The FARS data is the most comprehensive dataset for fatal
vehicle crash data in the United States. This dataset documents vehicle crashes that resulted in a
fatality within 30 days of a crash occurring through medical, vital, and police reports for all 50

states, Washington D.C., and Puerto Rico (Wilson and Stimpson 2010; Yan et al. 2020; NHTSA



2025). In this study, FARS data was extracted from 1981-2019 and filtered to only include the
December, January, and February months (DJF). Additionally, the data was filtered to only
include crash fatalities that occurred during some form of adverse weather (Figure 3). This
included both precipitation-related and non-precipitation related weather types. The “Other” and
“Unknown” weather-related fatalities were excluded due to the uncertainty of the weather type
involved.

Fatal crashes vary widely by state due to factors including population, driving habits,
state-specific policies, and climatology. This is also to explore the general crash trends from
before the introduction of the coronavirus outbreak after 2019. Normalized anomalies of the total
weather-related crash fatalities are used to account for this variability. They are calculated by
subtracting out the mean fatal weather-related crashes over all years for a given month and state.

Then, the value is normalized by the standard deviation, creating a variable called the FWRCA.

Filter for Wint th Filter for only adverse
ilter for Winter months
weather-related crashes based on
RAW FARS Data :> (December, January, [::> the defined “WEATHER” code
February) and time period 0 & 1: Clear
(1981-2019) 2 Rain
3: Sleet
4: Snow
5: Fog and Smoke
6: Rain and Fog (1982-2006)

6: Severe Crosswinds
(2007-2019)

7: Sleet and Fog (1982-2006)
7: Blowing Sand, Soil, Dirt

Total Weather-Related: 57252 Remove “Clear”, g‘g]zh';ow)
Precipitation-Related: 49827 (87%) (| “Other’, “Clowdy”,and | {1 | Jooc
Non-Precipitation-Related: 7425 (13%) Unknown” types 10: C101.1 &

11: Blowing Snow (2010-2019)
12: Freezing Rain (2013-2019)

Figure 3. Steps of the crash filtering process.

2.3.2 El Nino-Southern Oscillation Index and Data

Since it is known that precipitation variability is driven by ENSO, this work uses the
Nifio 3.4 index to represent the average equatorial sea surface temperature anomalies in the
tropical Pacific (Bunge and Clarke 2008;Yu and Kim 2013; Kostis 2019). This allows ENSO

events to be identified. This index comes from the National Oceanic and Atmospheric




Administration (NOAA) Physical Sciences Laboratory (Huang et al. 2017). These anomalies are
calculated by taking the difference of the actual monthly SST value and the mean SSt value,
averaged over the region ranging from 5°N-5°S latitude and 170-120°W longitude (Huang et al.
2017). This data is then normalized by dividing the SST anomalies by its standard deviation.
Each monthly period exceeding an SST anomaly of 0.5 °C above normal is documented as an El
Nifio year. For each anomalously low period (SST of -0.5 °C below normal or less), this is
considered a La Nifia year.

To confirm the direct effects of ENSO on transportation and road safety, the historical
cold and warm ENSO episodes have been extracted to identify cases of a La Nifia or an El Nifio
by year using the Nifio 3.4 index. Although SST anomaly data has been available since 1870,
this study focuses on the time period from 1981-2019 to match the time period used for FARS
(Figure 4). The majority of the analysis also looked into the effects of ENSO teleconnections
during the DJF season since its impacts are the most prominent during this season (Mo and
Schemm 2008).

Monthly Sea-Surface Temperature Anomalies (1981-2019)

Sea-Surface Temperature Anomalies (°C)

Figure 4. Time Series of the Nifio 3.4. index highlighting periods of below and above normal
SSTs from January 1981-December 2019. Documented El Nifio (La Nifia) anomalies are colored

in orange (blue) when the SST anomaly threshold is succeeded.

The fatal weather-related crash anomalies are shown in Figure 5. Twelve line values were

plotted for each year, with one line value plotted per month. In some years, peak crashes follow a



strong El Nino (Figures 4 and 5). FWRCA peaks at the beginning and end of most years. One
important thing to highlight is that the FWRCA values have declined over time, as shown by the
progressively negative monthly anomalies in recent years. There are also instances where an

offset occurs between FWRCA and SST anomalies.

Monthly Fatal Crash Anomalies (1981-2019)

Crash Anomaly

Figure 5. Monthly fatal weather-related crash anomalies by year for all months (1981-2019).

2.3.3 Precipitation Data

The precipitation data used is the 0.05° Climate Hazards Group InfraRed Precipitation
with Station data (CHIRPS) v2 dataset. It is a quasi-global (50°S - 50°N) land-only rainfall
dataset available from 1981-present years (Funk et al. 2015). To account for differences in
precipitation climatology across the US, precipitation anomalies are used.

Precipitation variability due to ENSO (Seager et al. 2005) and weather regimes (Amini
and Straus 2019; Lee et al. 2020; Molina et al. 2023) across the US is well known. Since
transportation in the US is managed by state departments of transportation (DoTs), precipitation
variability is investigated by state. The average precipitation anomalies are calculated for each
state from the CHIRPS data using state shape files from the United States Census Bureau (2024).
Figures 6 and 7 show the average precipitation anomalies for El Nifio and La Nifa events by
state, respectively. Values were shown to be the most variable for states in the south, consistent
with the knowledge that winters in the south are wetter than normal during an El Nifio and drier
than normal during a La Nifia (Schmidt et al. 2001; Schmidt and Luther 2002).Every state in the
Southern region contained positive and negative precipitation anomalies during an El Nifio and a
La Nina period, respectively. The same difference is also prevalent in the Mountain West region,

though the precipitation anomalies were relatively weaker.



Winter Precipitation Anomalies During El Nifio (1981-2019)

-1.00 -0.75 -0.50 —0|.25 0.60 0.'25 0.50 0.75 1.00
Precipitation Anomaly (mm)

Figure 6. Map of the winter precipitation anomalies during the DJF season for each state in

CONUS during an El Nifo.
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Winter Precipitation Anomalies During La Nifia (1981-2019)

-1.00 -0.75 ~0.50 —0.25 0.00 0.25 0.50 075 1.00
Precipitation Anomaly (mm)

Figure 7. Map of the winter precipitation anomalies during the DJF season for each state in

CONUS during a La Nifa.

2.3.4 Snow Water Equivalent Data

One limitation of the CHIRPS dataset is that while it provides high resolution
precipitation anomalies, the values represent all forms of precipitation rather than specific types
of precipitation. During the winter, frozen precipitation is much more prevalent in the United
States. Because frozen precipitation impacts traffic conditions (Datla and Sharma 2008; Kwon et
al. 2013; Roh et al. 2013), snow water equivalent (SWE) data is used to identify how much
precipitation is in the form of snow or other frozen precipitation (such as sleet). SWE quantifies
the amount of liquid water in the snow pack that would be formed if the snowpack were to be
completely melted (Luojus et al. 2021). SWE data is obtained from the National Snow and Ice
Data Center (NSIDC) via the National Operational Hydrologic Remote Sensing Center
(NOHRSC) data archive (NOHRSC 2004). It is available for 2003-present at a 1 km spatial
resolution (NOHRSC 2004). Unlike the FARS, precipitation, and ENSO Data, SWE information
from prior to 2003 is not available. While this is a caveat, the period from 2003-2019 can still be

11



analyzed with the other datasets that this work uses. The anomalies of SWE are calculated to
account for variability in climatology of snow and frozen precipitation. The snow water
equivalent anomalies (SWEA) are averaged for each state using the US Census Bureau (2024)
state shape files. Based on the quality control documentation provided by NSIDC, all SWE
values > 32.767m are set to 32.767m (NOHRSC 2004). Figures 8 and 9 show the average SWE
anomalies for each state during El Nifo and La Nifia. The most positive and negative values are
generally found in the North East and North parts of the West Coast and Mountain West during
La Nifia and El Nifio years, respectively. This differs from Figures 6 and 7 where precipitation

anomaly extremes were mainly concentrated in the south.

Winter SWE Anomalies During El Nifio (1981-2019)
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Figure 8. Map of the winter SWE anomalies during the DJF season for each state in CONUS
during an El Nifio period.
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Winter SWE Anomalies During La Nifia (1981-2019)
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Figure 9. Map of the winter SWE anomalies during the DJF season for each state in CONUS

during a La Nifia period.

2.3.5 Weather Regimes

Regional precipitation variability can be further understood by looking at how
precipitation patterns vary for persistent large scale atmospheric phenomena known as weather
regimes. Using k-means clustering, four North American weather regimes were identified from
the 500hPa geopotential height (Z500) anomalies using the European Center for Medium Range
Weather Forecast, Sth generation reanalysis (Hersbach et al. 2020), following Molina et al.
(2023): The Alaskan Ridge (Pacific Ridge), The Greenland High, The Pacific Trough, and The
West Coast Trough (Figure 10). The most prevalent regime is the Pacific Trough, with a
frequency of 29% . Since these regimes can be persistent for a long period of time (Francis et al.

2018), they can impact regional precipitation anomalies (Figure 11).
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(a) 0: Alaskan Ridge/Pacific Ridge (27.0%) (b) 1: Greenland High (18.0%)

2: Pacific Trough (29.0%) 3: West Coast High (25.0%)

Figure 10. Composite Z500 anomalies for each of the four regimes: (a) Alaskan/Pacific Ridge,
(b) Greenland High, (c¢) Pacific Trough, and (d) West Coast High.

14



Greenland High (18%)

T
-0.8 -0.4 0.0 0.4 0.8
mmy/day

Figure 11. Map of the composite precipitation anomaly distribution for the continental
United States for each defined regime: Pacific Ridge, Greenland High, Pacific Trough, and the
West Coast High. Values in green indicate positive precipitation anomalies, while values in b

indicate negative precipitation anomalies [ adapted from Lee et al. 2023 ].

2.4 Methods
2.4.1 Linear Regression
The linear relationship between fatal weather-related crash anomalies and precipitation

anomalies is identified using linear regression as follows:

FWRCA = aP + b (1)
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Where FWRCA is the fatal weather-related crash anomaly., P is the precipitation anomaly, a is
the slope, and b is the y-intercept. The variance explained (R?) by the regression line indicates a

measure of the linear relationship between precipitation anomalies and FWRCA.

2.4.2 ENSO-related vs Non-ENSO-related Precipitation Data

This study investigates precipitation variability due to ENSO. However, precipitation
variability may come from many sources other than ENSO. Therefore, it is separated into its
ENSO and non-ENSO components using linear regression. Assuming that non-linear interactions
are not considered, the total precipitation anomaly can be separated into its ENSO and

non-ENSO components as follows:

Por = Piyso + Pyoxnso )
where P(tot) is the total precipitation anomaly, P(ENSO) is all precipitation anomalies
linearly related to ENSO-, and P(NON-ENSO) is all precipitation anomalies not linearly related
to ENSO.
The ENSO-related precipitation anomalies can be identified by linear regression between
the Nino3.4 index and the total precipitation anomalies. The resulting precipitation is the

ENSO-related precipitation, as follows:

Piyvso=a(N3.4) +b (3)
where N3.4 are the SST anomalies from the Nifio 3.4 index. The non-ENSO related
precipitation anomalies can then be calculated by taking the difference of P(ENSO) and P(tot).

2.4.3 Weather Regime Analysis

In a given month, a certain regime dominates. This means that precipitation patterns will
skew towards the dominant regime at a given time. In Figure 11, precipitation anomalies vary
regionally from regime to regime. These precipitation composite plots provide a good indication
of where precipitation dominates. For example, the changes in precipitation anomalies were
constantly marginal in the Mountain West for each regime. This helps filter down the states and

regions where mean precipitation anomalies are more positive or negative.
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For each region and for each state, the focus is to find the relationship between different
weather regimes and fatal weather-related crashes. This includes normalizing the regime-crash
relationship by the average crashes per day for each regime, because each regime happens at a
different frequency. Moreover, the same analysis is done again accounting for the percentage of
crashes that occur for each regime in each region. This is repeated again but for individual states.
The percentages can confirm the dominant regime that was diagnosed based on the average

crashes per day.

CHAPTER 3: RESULTS

3.1 Relationship between FWRCA and total precipitation anomalies

To understand which states are most affected by precipitation, the linear relationship
between total precipitation anomalies and FWRCA is shown in Figure 12. The top six states
where precipitation anomalies impact FWRCA are: California, Arizona, Nevada, Oregon, Texas,
and Georgia. The largest variance of FWRCA explained by total precipitation anomalies occurs
for California (48%) and Arizona (45%). Four of the top six states experience positive
precipitation anomalies during an El Nifio and negative precipitation anomalies during a La
Nifia: California, Arizona, Georgia, and Texas (Figures 6 and 7). This is consistent with previous
work showing these states are impacted by ENSO (Hansen et al. 1998; Du et al. 2020).

The majority of states with a stronger relationship between FWRCA and total
precipitation anomalies, as indicated by the R? value, were in the low latitudes (Figure 12). There
is a stronger relationship across the southern US between precipitation anomalies and FWRCA.
States that are located in the Northeast and North Central regions showed the weakest
relationship between total precipitation anomalies and FWRCA, while the relationships were
mixed in the Mountain West.

The statistical significance of the relationship between total precipitation anomalies and
FWRCA is highlighted in Figure 13. This was done by taking a sample size of 39 years worth of
data to find the minimum R? required for the value to be statistically different from zero (p <
0.05). With a threshold of 10%, all states in the West Coast, as well as some in the Southern,

North Central, and Mountain West regions, held R? values that were significantly different from
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zero. To contrast, the northern parts of the Mountain West, North Central, and all of the
Northeast had R? values that were not statistically different from zero.
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Figure 12. Map of the R? values of the Total Precipitation Anomalies vs FWRCA during the DJF
season for each state in CONUS.
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R? Values: Precipitation Anomalies vs FWRCA

(Dashed line = p < 0.05 significance threshold, sample size of 39)

n

State

uuuuuuHUHULJHHﬂHHHH

|
|
I
!
1
T
!
]
|
t
1
1
|
T
L
1
]
T
’
1
]
T
'
|
1
T
'
1
T
|
|
I
I
I
I
|
|
|
|
|
I
|
|
I
|
|
|
|
I
I
|
|
I
|
|
I
I
|
I
I
|
|
|
|
|
I
|
|
I
|
|
I
1
I
I
|
|
1
|
|
I
|
T

0.0 0.1 0.2 0.3 0.4 0.5

R? Value

=== Significance threshold (R2=0.100)

Figure 13. Barplot of the R? values of the Total Precipitation Anomalies vs FWRCA during the
DIJF season for each state in CONUS, with the significance threshold highlighted in purple.
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Snow events can lead to impacts that can last for days or even weeks. Since snow creates
hazardous road conditions, snow water equivalent anomalies (SWEA) are used to identify how
much of the precipitation of snow and frozen precipitation and investigate the relationship
between winter precipitation and fatal weather-related crash anomalies (Figure 14). California
had the strongest relationship, with 36% of the variance explained by SWEA. However, this
relationship is relatively weak for every other state in CONUS. This suggests that snowfall and
frozen precipitation is a large contributor to the relationship between precipitation variability and
FWRCA in California, while contributing little to none in other states.

The statistical significance between SWEA and FWRCA is presented in Figure 15. Since
the SWE data only goes back to 2003, a sample size of 17 years was used. The significance
threshold was found to be more than twice as high as the threshold for precipitation and FWRCA
at the 5% level. With a threshold of 23.2%, California is the only state that had a statistically
different relationship from zero between SWEA and FWRCA.

R2 Values of SWEA vs FWRCA

0.0 0.2 0.4 0.6 058 1.0
R2 Value (SWEA vs FWRCA)

Figure 14. Map of the R? values of SWEA vs FWRCA during the DJF season (Both Normalized)
for each state in CONUS.
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R? Values: SWEA vs FWRCA
(Dashed line = p < 0.05 significance threshold, sample size of 17)
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Figure 15. Barplot of the R? values of the SWEA vs FWRCA during the DJF season for each
state in CONUS, with the significance threshold highlighted in purple.
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3.2 Relationship between ENSO-related precipitation anomalies and FWRCA

To determine how FWRCA are related to ENSO-related precipitation anomalies, the
linear relationship between them for each state is shown in Figure 16. Despite the fact that ENSO
impacts precipitation anomalies for most states (Figure 6 and 7), FWRCA is less sensitive to
ENSO-related precipitation anomalies. Even in California, a state known for being impacted by
ENSO, less than 1% of the FWRCA variance is explained by precipitation anomalies (Figure
16).

Temperature and precipitation variability associated with ENSO can potentially impact
whether precipitation falls as snow or liquid (Patten et al. 2003). The relationship between
ENSO-related SWEA and FWRCA is presented in Figure 17. Unlike the relationship with the
total SWEA, the relationships were relatively weak throughout the United States. The strongest
ENSO-related SWEA vs FWRCA relationship was in Virginia (~20%), which is not a large

enough R*for this relationship to be statistically significant.
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Figure 16. Map of the R* values of the ENSO-related Precipitation Anomalies vs FWRCA during
the DJF season (Both Normalized) for each state in CONUS.
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R2 Values of ENSO-related SWEA vs FWRCA
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Figure 17. Map of the R? values of the ENSO-related SWEA vs FWRCA during the DJF season
(Both Normalized) for each state.

3.3 Relationship between weather-regimes related precipitation anomalies and FWRCA

3.3.1 Precipitation Anomaly Distribution for Each Regime

There are several differences in the composite anomalies for each regime. The majority
of the eastern parts of the North Central, the Northeast, and the Southern United States show
anomalously high and low precipitation anomalies during periods of the Pacific Ridge and West
Coast High, respectively. Positive precipitation anomalies in the West Coast are associated with
The Pacific Trough while negative anomalies occur during the Pacific Ridge and West Coast
High. The Mountain West and the western portion of the North Central show little difference in
precipitation anomalies regardless of the regime (Figure 11). The Greenland High impacts the
overall United States precipitation variability the least, with the largest anomaly magnitudes

occurring in the West Coast as well as the Florida panhandle.
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3.3.2 Fatal Crash Frequency by Weather Regime

The frequency of fatal crashes is investigated for each weather regime for CONUS as a
whole and for each region. The number of days that are associated with each regime is shown in
Table 1. Since there is variability in the number of days each regime occurs (Table 1),
comparison of crashes between regimes is performed by first dividing the total number of
weather-related crashes by the number of days in each regime and calculating the average
number of crashes per day in each regime (Figure 18). The Pacific Ridge has the highest crash
frequency with ~18 crashes per day over all of CONUS, followed by the Greenland High and
Pacific Trough with ~16 crashes per day each. The least amount of crashes per day occurred
during a West Coast High regime, where only an average of ~14 crashes per day was found. The
confidence intervals help indicate where the mean crashes per day could fall. In order to
determine if there are non-random differences in crashes per day for each regime, a sample size
was determined based on the numbers of daily values during the winters of 1981-2019 for each
regime. This number has been divided by 28 days (4 weeks) to check for confidence. This
sample size is different for every regime as their frequencies vary (Table 1). From here, a t-test
was used with an alpha (level of significance) at 5%. The average crashes per day for the Pacific
Ridge and West Coast High are statistically different from the averages crashes per day in the
other defined weather regimes. This is explained from the confidence intervals not overlapping
with each other. Moreover, the average number of crashes per day during the Greenland High

and Pacific Trough regimes remain fairly similar to each other.

Table 1. Number of days that each regime (Pacific Ridge, Greenland High, Pacific Trough, and
West Coast High) dominates over a period of 1981-2019.

Regime Name Number of days in each
regime

Pacific Ridge 1004

Greenland High 611

Pacific Trough 995

West Coast High 909
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Despite the Pacific Ridge having the highest number of crashes per day over all of
CONUS, this is not the case for every region in the United States. In the West Coast, the Pacific
Trough has the highest average crashes per day (Figure 19). Most regions experience the highest
average crashes per day during the Pacific Ridge (Figures 19). In the West Coast, however, the
Pacific Trough has the highest average crashes per day (Figure 19). The average crashes per day
were consistently the lowest during the West Coast High for every region (Figure 19). In the
South, there is no overlap of the confidence intervals when comparing the average crashes per
day during a Pacific Ridge to the West Coast High. This indicates that the average crashes per
day during a Pacific Ridge for the South is significantly different than that of the West Coast
High. In the North Central, Mountain West, and West Coast regions, the intervals overlap, so the
average crashes per day per regime is not significantly different from one another. In the
Northeast, there is some overlapping between the intervals from each regime, which also

indicates a lack of significance.
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US Crash Rates by Weather Regime (DJF 1981-2019)
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Figure 18. Barplot of the Fatal Crash Rate by Weather Regime for all of the Contiguous US. The
Weather Regime type is shown on the x-axis and the crashes per day are shown on the y-axis.

The 95% confidence interval is shown on the top of each bar.
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Figure 19. Barplots of the Fatal Crash Rate by Weather Regime for each region in CONUS. The
Weather Regime type is shown on the x-axis and the crashes per day are shown on the y-axis.

The 95% confidence interval is shown on the top of each bar.
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3.3.3 State-by-state Analysis

The relationship between fatal weather-related crashes and weather regimes is
investigated on a state-by-state basis. This is determined by the percentages calculated from the
total number of fatal weather-related crashes that occurred in each state during 1981-2019, and
are not normalized by crashes per day (Figure 20-23). The percentages help determine which
regime has the most frequent fatal weather-related crashes for each region. In the Mountain West,
the largest percentage of crashes took place during a Pacific Trough for Nevada and Utah, while
the rest of the region had the most crashes during the Pacific Ridge (Figure 20-23). In the North
Central region, South Dakota, North Dakota, and Wisconsin have the majority of their crashes
occur during the Pacific Trough while the majority occurred during the Pacific Ridge for the rest
of the states in the region (Figures 20 and 22). In the West Coast, the majority of crashes occur
during the Pacific Trough for all states, while the largest percentage of crashes occur during the
Pacific Ridge for all states in the Northeast and Southern regions (Figure 20 and 22). During a
West Coast High or a Greenland High, the crash percentages are generally the lowest nationwide,
with the largest percentage being 29.0% during a West Coast High for West Virginia and 27.6%
for Nebraska (Figures 21 and 23).

When analyzing the three most populated states in CONUS (Texas, California, and
Florida), the average crashes per day was found to be about 1.5 for Texas, 1.3 for California, and
0.8 for Florida during a Pacific Ridge. In Texas and Florida, this is a period where the largest
average crashes per day occur, while the value is largest during a Pacific Trough regime for
California (Figure 24). The confidence intervals indicate that the significant difference in average
crashes per day varies greatly. The average crashes per day has the least overlap between the
Pacific Ridge and the West Coast High for Texas at an alpha of 5%. This indicates that there may
be some important difference between both regimes. In California, there is a more pronounced
overlap between the Pacific Trough and Greenland High regimes with the Pacific Ridge and
West Coast High regimes. This indicates that statistical differences are unlikely between the
average crashes per day during each regime in California. In Florida, bars overlap almost entirely
from regime to regime, indicating that there is seldom statistical difference between the average

crashes per day during each regime in this state.
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Figure 20. Map of the fatal weather-related crash percentage from total for each state during a

Pacific Ridge regime.
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Figure 21. Map of the fatal weather-related crash percentage from total for each state during a

Greenland High regime.
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Figure 22. Map of the fatal weather-related crash percentage from total for each state during a

Pacific Trough regime.
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West Coast High Regime
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Figure 23. Map of the fatal weather-related crash percentage from total for each state during a

West Coast High regime.
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Figure 24. Barplots of the Fatal Crash Rate by Weather Regime for Texas, California, and

Florida. The confidence interval is shown on the top of each bar.

CHAPTER 4: DISCUSSIONS AND CONCLUSIONS

The goal of this work is to investigate how seasonal to interannual precipitation
variability associated with ENSO and subseasonal precipitation variability associated with
weather regimes relate to fatal weather-related automobile crashes. A database was created by
extracting and combining the Nifio 3.4, CHIRPS, SWE, Weather Regime, and weather-related
FARS data. A unique contribution of this study is that it investigates precipitation variability and
its impact on FWRCA due to ENSO and weather regimes by state and/or state defined regions,
making the results applicable to local, state, and federal transportation agencies. The results
confirm that precipitation anomalies in each state are highly related to fatal weather-related
crashes, but that this relationship is not due to the ENSO-related precipitation anomalies. The
strongest relationship between precipitation anomalies and FWRCA occurs in California
(R*=~0.48) and Arizona (R*=~0.45). The relationship between SWEA and FWRCA reveals that
the relationship between precipitation anomalies and FWRCA is driven primarily by anomalous

liquid precipitation rather than anomalous snow or frozen precipitation since this relationship is
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small in most states. The one exception is California where the SWEA and FWRCA have a R?
value of 0.36 indicating that in CA, both frozen and liquid precipitation anomalies are related to
FWRCA.

The intersection of weather regimes and fatal crash occurrence has not been previously
investigated and provides insights on subseasonal precipitation variability and potential impacts
on road safety. The Pacific Ridge regime occurs most frequently and was also associated with the
highest number of fatal weather-related crashes over CONUS and the five regions even when
normalized by the number of days in the regime. This is because there are strong positive
precipitation anomalies in the Southern, North Central, and Northeast regions during this regime,
despite strong negative precipitation anomalies in the West Coast (Figure 11). When the
relationship is stratified by state, California, Nevada, North Dakota, Oregon, South Dakota,
Washington, Wisconsin, and Utah have the highest average number of crashes per day during the
Pacific Trough (Figures 22 and 24). This is a period where the precipitation anomalies are
positive for the majority of the United States, with the strongest values being in the West Coast
(Figure 11). The regime that was associated with the least fatal weather-related crashes was the
West Coast High and this was true for all the defined regions in CONUS. While the West Coast
High and the Greenland High periods may not be the regimes with the highest crash frequency in
any region, they still impact overall precipitation anomalies. The Greenland High results in drier
than normal conditions in the West Coast, while the West Coast High results in drier than normal
conditions throughout the United States (Figure 11). State DOTs and weather-related agencies
can use this information to better deliver advanced safety information to the public. For example,
knowledge of what weather regime is occurring and its potential to persist could help agencies to
prepare for hazardous road conditions in areas that are prone to conditions that result in fatal
weather-related crashes, such as rain and snow. It could also provide information on the potential
for an extended period of less hazardous road conditions which may allow for road safety

improvements.

4.1 Total Precipitation Anomalies and Crash Implications
The strongest relationship between total precipitation anomalies and FWRCA were
mostly scattered in the West Coast, the South, and the Mountain West. The former two regions

have areas that receive a large amount of rain, while others receive little. Specifically for the
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West Coast states, cities such as Ocean Shores, Washington receive as much as 254 cm (100 in)
of rain per year, while others receive less than 25 cm (10 in), such as Bakersfield, California.
Drivers that live in drier cities such as Bakersfield may be less experienced with driving during
the rain than those in Ocean Shoes. This can indicate the need for improved safety
communication for these areas, since commuters could potentially be inexperienced with driving
during the rain in roads that are not designed to drain excess rainfall, therefore increasing the
fatal crash occurrence.

Comparing SWEA and FWRCA is a fundamental way of determining how winter-related
precipitation impacts crash occurrence, especially in snow-prone regions. The results showed
that the strongest relationship between both variables were in California and Nevada, which
contain regions that either receive a large amount of snow or none at all. However, the SWEA
used were from SNODAS without considering its accuracy. Specifically in California, previous
work has looked at the spatial variability of SWE in the Sierra Nevada using not only SNODAS
data, but blended and reconstructed SWE data as well. The reconstructed SWE was made by
taking spectral surface reflectance observations by the Moderate Resolution Imaging
Spectroradiometer (MODIS) instrument, and blended SWE adjusts the reconstructed SWE using
sensor data. While the findings of previous studies found that blended SWE is much more
accurate than SNODAS, the lack of access to ground sensor data makes it difficult to use blended
SWE with FWRCA (Guan et al. 2013; Gan et al. 2022). Even then, the use of any type of SWE
with FWRCA has been seldom researched.

4.2 ENSO-related Precipitation and Crash Implications

Despite the fact that precipitation variability is impacted by teleconnections such as
ENSO, its relationship with crashes is relatively weak. For example, California showed no linear
relationship between ENSO-related precipitation and FWRCA, despite being a state that is
known to be greatly impacted by ENSO. However, it is important to note that ENSO impacts
each part of California differently. They can greatly impact the state by driving floods and
droughts during an El Nifio in the south and north, respectively (Schimmelmann et al. 1998,
Schimmelmann et al. 2003, Du et al. 2020). Southern California typically expects colder and
wetter winters during an El Nifio, while northern California expects drier and warmer winters

during the same ENSO phase. Central California is typically not impacted by ENSO. When
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taking the FWRCA for the entire state, this can obscure the actual relationship between ENSO
and FWRCA in some areas of California. Taking California’s data as a whole shows that while
precipitation does impact FWRCA, it is not necessarily due to ENSO. This conflates low impact
areas of the state with high impact areas of the state, leading to low correlations between ENSO
and California’s precipitation, a state where lower latitudes get more annual rainfall during an El
Nifio, while higher latitudes get less annual rainfall for that same event. To contrast, ENSO can
reduce annual rainfall in the north, reducing the occurrence of a fatal crash. Additionally, there

may be non-linear relationships worth future exploration as well.

4.3 Weather Regime and Crash Implications

This work used four defined weather regimes (identified by k-means clustering) with
FARS, Precipitation, and ENSO data to investigate when and where fatal weather-related crashes
are more frequent. The regime analysis provides evidence that precipitation variability impacts
vehicle crashes spatially and temporally. The fatal crash occurrence is higher during the Pacific
Ridge regime. Regionally, the occurrence of FWRCA was the highest during the Pacific Trough
on the West Coast (Figure 22). During the West Coast High regime, the least number of crashes
per day occurred for all regions (Figure 23). This can be attributed to the negative composite
precipitation anomalies in this regime for most of CONUS. There were two states in the
Mountain West (specifically Nevada and Utah), which were dominated by the Pacific Trough
(35.9% for Nevada and 34.3% for Utah) instead of the Pacific Ridge like the rest of the region
(Figures 20 and 22). This may be due to the fact that some positive or negative precipitation
composite anomalies can bleed into a state that borders or is near a different region. Such is true
for Nevada, which is just next to the West Coast Region, and Utah, which is right next to
Nevada. This indicates that such an analysis may be more useful on a state-by-state basis. This is
challenging to accomplish since county-specific precipitation and FARS data are not easily
accessible. However, such data may exist internally and state DOTs as well as weather-related
government agencies could use this information to better deliver road safety information to the
public.

Every fatal crash that occurs can have major socioeconomic impacts which includes
emergency response, safety, and insurance. Despite the differences of the frequency of crashes

per day by state being small between regimes, they provide a direction where policy making
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should be more focused. The majority of fatal weather-related crashes occur during a Pacific
Ridge nationwide except for the West Coast region, where most crashes occur during a Pacific
Trough. This indicates that public communication from DOTs and weather agencies should be
prioritized on days where the Pacific Trough regime is occurring for the West Coast as opposed
to the rest of the nation, especially when California, the most populated state in the United
States, resides in the West Coast. This is not to say that public communication is not important

for less populated states, but rather that the timing and accuracy of communication is important.

4.4 Limitations

The analysis consisted of FWRCA that included all crashes that occurred during not only
rain and snow, but fog, severe winds, and blowing dust. This data was not filtered to only include
liquid and precipitation. However, the number of fatal weather-related crashes not due to
precipitation is relatively small. Additionally, the crash data was not detrended, which may have
been useful for uncovering patterns that were not initially seen with the trended data. The
non-linear relationships were also not explored, which may also help with finding additional
patterns from within the data. Human-related impacts such as changes in annual population,
traffic duration, and improved traffic flow vary greatly over time. While the monthly anomalies
calculated for the fatal weather-related crash data help identify trends clearly, this did not account
for the change in the total population of the United States year after year. This is an additional
parameter that can be normalized to better show that fatal weather-related crashes have been

declining in recent years, whether it would be due to driver behavior or improved policy making.

4.5 Future Work

There is potential to further expand this work outside of the United States. In Europe,
there are four defined Euro-Atlantic weather regimes that evolve year after year: The NAO+
(Positive North Atlantic Oscillation), NAO- (Negative North Atlantic Oscillation), Blocking, and
the Atlantic Ridge (Cortesi et al. 2021). Like in this study, each of the European weather regimes
can be assigned to a day, and if crash data is easily accessible, similar analyses can be performed.
This will give a complete representation of how weather-regimes impact traffic conditions across
the globe. Moreover, global transportation agencies can use such analyses to improve traffic

safety in their region looking at weather regimes and ENSO provides a very useful concept in

36



incorporating a range of teleconnections without having to define them (Lee et al. 2023). The
NAO- aligns well with the Greenland High regime used in this work, and other teleconnections
such as the Pacific North American (PNA) aligns with the effects of a Pacific Ridge or Pacific
Trough (Lee et al. 2023). Both of these teleconnections influence weather in the West Coast and
Northeast regions of the United States, which can potentially impact crash patterns.

To improve the accuracy of the SWEA and FWRCA relationship, blended SWE data can
be used instead of the SNODAS SWE, since the former has been confirmed to be more accurate
(Guan et al. 2013; Gan et al. 2022). However, this is strongly dependent on the availability of
ground sensor and MODIS data in mountain regions of the United States. Afterwards, a
comparative analysis between the reconstructed, blended, and SNODAS SWEA with FWRCA
can be made possible. This can help confirm if different SWE data shows different results
regarding the relationship with fatal weather-related vehicle crashes. There was also no publicly
available SWE data from before 2003. If earlier data can be used for SWE, the more accurate its
relationship with crashes will be.

Since fatal weather-related crashes only make up for a small fraction of all crashes,
looking at all weather-related crash data (both fatal and non-fatal) can be useful for expanding
the scope of this work. This increases the sample size substantially, which provides a clear
picture to where most weather-related crashes occur. It is important to note that not all states
have their respective crash data available to the public. Since there is not a singular source to get
total crash data for every state, this data would need to be gathered individually from every state

DOT.
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