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Climate change is intensifying coastal floods and increasing the risks of traffic disruption in lowlying, coastal communities. Efforts to understand the differential impacts of traffic disruption on
communities have led to the concept of traffic resilience which captures the degree to which a
traffic system can recover from disruption. Existing proxies of traffic resilience are focused on
quantifying travel time delays but lack the important dimension of road safety. In this study, we
quantify traffic resilience in terms of the change in non-highway car and pedestrian accident rates
during the 5–10 am period as a result of coastal flooding in the San Francisco Bay Area for the
2020–2040 period. We use a regional traffic model to simulate traffic patterns under a range of
coastal flood water levels. We use regressions that relate traffic volumes to historical accident
rates to estimate accidents rates in the presence of flooding. Our results show that the flooding of
highways forces commuters onto local roads passing through residential communities, causing a
spike in accident rates. Unlike delays which increase sharply at the higher water levels considered
in this study, we project that region-wide peak-hour accident rates may increase substantially at
lower water levels.

1. Introduction
A rising sea level and intensifying storms are causing more frequent and more intense coastal flood events, impacting communities
in low-lying coastal regions (Wong et al., 2014). The disruptions associated with coastal flooding come at a time of unprecedented
population growth and wide-spread urbanization, especially in coastal regions (Neumann et al., 2015; Merkens et al., 2016; United
Nations Population Division, 2018). As a result, coastal flooding can trigger spatially extensive impacts on dense, urban regions by
disrupting highly interdependent and interconnected urban systems such as transportation (Kasmalkar et al., 2020).
Many metropolitan areas across the world experience high traffic congestion, indicating that urban transportation systems are
already stressed (Falcocchio and Levinson, 2015). Under these conditions, a relatively small change in traffic flow can trigger spatially
extensive disruption because traffic systems are highly non-linear (Kerner, 2012). As demonstrated in prior studies, the closure of even
a small percentage of roads, from flooding or otherwise, can propagate congestion throughout the network, leading to region-wide
travel time delays (Ganin et al., 2017; Kasmalkar et al., 2020).
Traffic resilience is defined as the ability of the system to withstand traffic disruption, and has been previously estimated in terms of
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travel time delays (Kasmalkar et al., 2020; Ganin et al., 2017). In particular, the study by Kasmalkar et al. Kasmalkar et al. (2020)
suggests that areas with dense road networks are more resilient to flood-related travel time delays because they have sufficient
alternate road capacity to offset potential increases in traffic volumes. However, solely using the metric of travel time delay for
estimating traffic resilience could impart a bias toward travel efficiency rather than road safety into planning efforts. For example,
residential communities, especially traditionally disadvantaged communities with limited road-safety measures such as speed bumps,
might be more concerned about the risk of accidents on local streets rather than travel time delays.
In this study, we quantify traffic resilience in terms of the change in the rates of non-highway car and pedestrian accidents during
the morning commute hours as a result of coastal flooding in the San Francisco Bay Area for the 2020–2040 period. A coastal flood
event is defined as an extreme water level that can result from multiple potential combinations of storm surges, tides, seasonal cycles,
inter-annual anomalies driven by large-scale climate variability such as the El Niño Southern Oscillation, and near-future sea level rise.
Our study is the result of an ongoing stakeholder-engagement process as part of the Stanford Future Bay Initiative and inspired
specifically by community members of North Fair Oaks, California, who have highlighted concerns around road safety arising from the
large volume of traffic that cuts through their neighborhoods when the nearby highway US-101 is congested. Given these concerns, we
choose non-highway car and pedestrian accident rates as proxies for road safety since these two types of accidents pose direct risks to
individuals and property within a specific community.
Prior studies show that socioeconomic characteristics have a substantial influence on accident rate (Lee and Abdel-Aty, 2005;
Quddus, 2008; Lord and Mannering, 2010; Wang et al., 2013). The San Francisco Bay Area is highly spatially heterogeneous in its
socioeconomic characteristics, suggesting that accident rates might be spatially heterogeneous, too. For example, the neighboring
cities of Palo Alto and East Palo Alto have markedly different median household incomes, ethnic composition, and educational levels
(United States Census Bureau, 2017a). To represent the role of socioeconomic characteristics on accident rates, prior studies use re
gressions with a variety of socioeconomic variables (Lee and Abdel-Aty, 2005; Quddus, 2008; Lord and Mannering, 2010; Wang et al.,
2013), but this approach may overfit data since many socioeconomic variables such as education and income are correlated. Our study,
on the other hand, precedes the regression analysis with a clustering approach (Wood et al., 2015; Hummel et al., 2018) to aggregate
proximal census blocks with similar median household incomes and free flow travel speeds into contiguous areas, called communities.
Clustering reduces the variability in the socioeconomic and road variables within individual communities, allowing us to relate ac
cident rate to the average values of the variables for each community.
Socioeconomic characteristics are not the only variables that affect the accident rates of communities. Traffic volume is important
as well, especially in dynamic metropolitan areas where traffic conditions change substantially from hour to hour (Retallack and
Ostendorf, 2019). A majority of highway accident studies show either a linearly increasing or a U–shaped profile for the relationship
between accident rate and traffic volume (Retallack and Ostendorf, 2019; Gwynn, 1967; Martin, 2002). The relationship has not been
studied as extensively for car accidents in urban and suburban settings. One observational study monitoring 120 signal intersections in
Adelaide, Australia, found that car accident counts increase with hourly traffic volumes, with an especially sharp increase at very high
traffic volumes (Retallack and Ostendorf, 2020). For pedestrian accidents, empirical studies have limited temporal resolution, but
existing work suggests that annual accident rates correlate with average annual traffic volumes in an approximately linear way (Lee
and Abdel-Aty, 2005; Maycock and Hall, 1984).
Accident rates may depend on multiple factors other than traffic volume and socioeconomic characteristics, including road safety
precautions, driver age, and pedestrian volume (Lee and Abdel-Aty, 2005; Retallack and Ostendorf, 2019; Maycock and Hall, 1984;
Brüde et al., 1998). However, we assume that over the hourly time scales at which we conduct our analysis of flood-related accident
rates and at the spatial scale of communities, the average values of variables other than traffic volume do not vary substantially. Our
analysis, therefore, estimates accident rate as a function of traffic volume for each community, and assumes that the underlying
relationship is approximately representative of the near-future, defined here as the 2020–2040 period.
Given the relationship between accident rate and traffic volume, our study characterizes the impacts of coastal flooding on accident
rate as follows: coastal floodwater inundates low-lying roads and makes them inaccessible, which alters regional traffic volumes by
forcing commuters onto alternate roads, subsequently changing accident rates for communities. Flooding also alters accident rates
more directly by forcing some commuters to drive in wet road conditions, putting them at risk of hydroplaning (Pregnolato et al.,
2017). Extensive wet road conditions are characteristic of pluvial flooding (Pregnolato et al., 2017; Brodsky and Hakkert, 1988).
However, unlike pluvial flooding, coastal flooding in the San Francisco Bay Area is projected to inundate a very small proportion of
road segments (Kasmalkar et al., 2020), indicating that the exposure to wet road conditions is geographically limited. Our study fo
cuses on coastal flooding rather than pluvial flooding. Thus, our study complements previous studies of accidents caused by wet road
conditions (Brodsky and Hakkert, 1988; Qiu and Nixon, 2008; Xu et al., 2013) by estimating the spatially extensive changes in traffic
volumes and the subsequent changes in accident rates resulting from coastal flooding, even in areas that experience no direct flooding.
To estimate flood-related accident rates, we use historical accident data over the period 2013–2019 from the Statewide Integrated
Traffic Records System (California Highway Patrol, 2019) to derive hourly non-highway car and pedestrian accident rates for each
community for the five time periods 5–6 am, 6–7 am, 7–8 am, 8–9 am, and 9–10 am. We then simulate morning traffic patterns in the
San Francisco Bay Area, both in the presence and absence of coastal flooding, using an incremental traffic assignment model (Kas
malkar et al., 2020). We derive regressions from the hourly trends in modeled traffic volumes and historical accident rates over the
weekday 5–10 am time period, and use the regressions to estimate accidents rates in the presence of flooding.
The estimated accident rates represent one possible quantification of the resilience of communities in the San Francisco Bay Area to
the impacts of near-future coastal flooding on the traffic system. While traffic resilience has been previously quantified in terms of
travel time delays (Kasmalkar et al., 2020; Ganin et al., 2017; Suarez et al., 2005), our study highlights the complex, multi-faceted
nature of traffic resilience and emphasizes the need for incorporating road safety into climate adaptation planning.
2

Urban Climate 37 (2021) 100851

I. Kasmalkar and J. Suckale

2. Model
2.1. Dividing the region into communities
Census blocks provide an initial basis for partitioning the San Francisco Bay Area (United States Census Bureau, 2018). However,
many census blocks have zero reported accidents for the 5–10 am time period studied here because of their relatively small sizes. We
use k-means clustering to aggregate geographically proximal census blocks with similar median household incomes and mean free flow
travel speeds into larger contiguous areas, called communities. Free flow travel refers to the condition of a car traveling on a road
segment in the absence of congestion or other adverse driving conditions. We estimate free flow travel speeds over road segments from

Fig. 1. The San Francisco Bay Area, USA. (A) The San Francisco Bay Area, divided into 72 communities. The cities of Napa, Oakland, San Francisco
(labeled SF), San Jose, and Santa Rosa are shown for reference. (B) The regional road network with highways shown in brown. We consider any
numbered road to be a highway. (C, D) The flood map and projected road closures for the 12– and 36–inch water levels, respectively. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
3
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the San Francisco Bay Area Metropolitan Transportation Commission’s regional road network (Metropolitan Transportation Com
mission/Association of Bay Area Governments (MTC/ABAG), 2017) and average them at the scale of census blocks. We obtain the
median household income values for census blocks from the American Community Survey (United States Census Bureau, 2017a). By
clustering census blocks, we partition the San Francisco Bay Area into a total of 72 communities, shown in Fig. 1. The spatial extents of
communities are large enough to have non-zero car and pedestrian accident counts, yet small enough to reflect the spatial hetero
geneity in socioeconomic and road characteristics of the region.
2.2. Simulating traffic patterns with flooding
We use the traffic model developed by Kasmalkar et al. Kasmalkar et al. (2020) to simulate traffic patterns in the San Francisco Bay
Area. The traffic model simulates traffic volumes at the scale of individual road segments, which are subsequently aggregated to the
community level. The traffic model uses two inputs, namely, the San Francisco Bay Area Metropolitan Transportation Commission’s
road network, shown in Fig. 1B (Erhardt et al., 2012), and the Longitudinal Employer–Household Dynamics Origin–Destination
Employment Statistics (LODES) dataset (United States Census Bureau, 2017b) which provides home–work location pairs for com
muters at the census block level. To assign commuters to their home-to-work routes, the model uses an incremental traffic assignment
algorithm which partitions the set of commuters in the LODES dataset uniformly and proportionally into batches of size 40%, 30%,
20%, and 10%, and sequentially assigns the commuters to their shortest routes one batch at a time (Chen and Alfa, 1991; Wang et al.,
2012).
The traffic model uses an empirical function which estimates how travel time changes with traffic volumes for individual road
segments (United States Bureau of Public Roads, 1964; Branston, 1976),
(1)

t = t0 (1 + α(V/C)β ),

where t is the travel time for a given road segment, t0 is the free flow travel time for the road segment, V and C are the traffic volume
and capacity of the road segment, measured in cars/hr, and α and β are parameters. In this study, we set these parameters to α = 0.2 and
β = 6.0, as suggested by the Metropolitan Transportation Commission (Erhardt et al., 2012). We impose 80 miles/hr and 5 miles/hr as
the respective upper and lower bounds on the travel speeds for each road segment. We only consider private cars and do not account for
public transit (Kasmalkar et al., 2020). We also neglect traffic signals, stop signs, tolls, and carpool lanes, and do not account for travel
time delays resulting from accidents.
The traffic model by Kasmalkar et al. (Kasmalkar et al., 2020) simulates traffic patterns over the time period of a single hour, but
our analysis of accident rates requires traffic simulations that span the entire morning commute period of 5–10 am. Traffic flow over
multiple hours may exhibit the potential temporal spillover of traffic, where, for example, traffic congestion during the 8–9 am time
period may impact the traffic patterns over the 9–10 am time period. To capture the temporal spillover of traffic, we modify the model
so that commuters whose travel times exceed one hour are retained in the simulation over the successive hour. For example, if 1000
commuters traveling on a particular road segment in the 7–8 am time period have travel times that exceed one hour, then the
simulation for the 8–9 am time period is initiated with a traffic volume of 1000 on that road segment. We estimate the number of
commuters initiating their commutes in each hour of the 5–10 am time period from the American Community Survey (see Table A.1).
To identify roads within the traffic system that may be closed as a result of coastal flooding, we use the method of Kasmalkar et al.
Kasmalkar et al. (2020) where we overlay coastal flood maps on the road network, correct for potential biases in road geometry,
elevation, and representations of road-creek crossings, and close down road segments with more than 3 in. of water at any point along
their extents. Similar to (Kasmalkar et al., 2020), we use the San Francisco Bay Department of Conservation and Development
Commission’s Adapting to Rising Tides (ART) flood maps, which represent extreme water levels resulting from multiple potential
combinations of storm surges, tides, seasonal cycles, inter-annual anomalies driven by large-scale climate variability such as the El
Niño Southern Oscillation, and near-future sea level rise (Vandever et al., 2017). For example, the 36–inch water level flood map can
represent both a 50-yr return period coastal flood at present-day sea level, as well as a 20-yr coastal flood on top of 6 in. of sea level rise
(Kasmalkar et al., 2020; Vandever et al., 2017). Our study considers the ART flood maps corresponding to the 12–, 24–, and 36–inch
water levels. The 12– and 36–inch flood maps are shown in Figs. 1C and D, respectively.
2.3. Deriving the statistical relationship between traffic volume and accident rate
We choose the weekday 5–10 am time period for the analysis of the relationship between traffic volumes and accident rates of
communities. The 5–10 am window represents a period of substantial and relatively predictable traffic activity. During the 5–10 am
time period, over 90% of the regional workforce travels between fixed origins and destinations, namely, home and work (United States
Census Bureau, 2017a). Approximately 20% of the non-highway car and pedestrian accidents occur during the 5–10 am time period,
indicating the importance of this time period in the context of community road safety (California Highway Patrol, 2019).
The Statewide Integrated Traffic Records System is a standardized platform used by the California Highway Patrol and its allied
agencies for collecting and storing geolocated car and pedestrian collision reports across the State of California (California Highway
Patrol, 2019). From the records system, we select non-highway car and pedestrian accidents within the 9 counties of the San Francisco
Bay Area and during the weekday 5–10 am period over January 2013–December 2019. Highways are defined as roads with officially
designated numbers (see Fig. 1B). We map the accident locations to the respective communities in which they occur, sum over the
number of accidents, and divide by the total number of working days over the 2013–2019 period to get the historical hourly non4
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highway car and pedestrian accident rates for each community for each of the five hours. We only consider communities with accident
data in at least four out of the five individual hours in the 5–10 am period to ensure at least four data points for our regression analysis.
Therefore, we remove communities where accident data is unavailable for more than one out of the five hours from our analysis. Of the
72 communities designated in our study, 64 communities have sufficient data for our analysis of non-highway car accidents and 45
communities have sufficient data for our analysis of pedestrian accidents.
We compute the average non-highway traffic volume of a community by averaging the traffic volumes of all the non-numbered
road segments intersecting the geographical extent of the community while weighting each road segment by its length. Since our
analysis does not include accidents caused directly by wet road conditions, we only include non-flooded road segments when
computing average traffic volumes. For each community, and for both non-highway car and pedestrian accidents, we use linear and
quadratic regressions to fit curves through the points determined by average non-highway traffic volumes and the hourly non-highway
accident rates without flooding for each of the five hours in the 5–10 am period. The choice of linear and quadratic regressions is
motivated by their relative simplicity, as well as prior empirical studies that find these two relationships most commonly between
accident rates and traffic volumes (Retallack and Ostendorf, 2019). Between the linear and quadratic regression curves, we select the
one with the higher adjusted R2 coefficient. We then use the selected regression curve for each community to estimate the likely
accident rate based on the traffic volumes projected for the 12–, 24–, and 36–inch water levels.
Since our model does not analyze highway accidents, we use the term “accidents” to refer to non-highway accidents from this point
onward. Similarly, we use the term “traffic volumes” to refer to traffic volumes on non-highway roads only.
3. Validation of modeled travel times
In our regression analysis, we relate historical accident rates to modeled traffic volumes. The validity of this approach hinges on the
accuracy of the model and raises the question of potential biases that could be introduced by the model being more accurate in some
time periods than in others. We compare modeled travel times in the absence of flooding against historical travel times provided by the
TomTom routing system (TomTom, 2020). The TomTom routing system uses historical Global Positioning System–based travel data to
estimate the average travel time for a given origin-destination pair at a given time of departure (TomTom, 2020). In Figs. 2A and B, we
plot histograms of the differences in travel times computed by our traffic model and those estimated by TomTom over all road seg
ments in our road network. We present the results for the 6–7 am time period, which is representative of the non-peak hour traffic (5–7
am), and the 8–9 am time period, which is representative of peak hour traffic (7–10 am). The histograms for both the 6–7 am and 8–9
am time periods have means less than 2.5 min and standard deviations less than 3.5 min. The histograms show skewed distributions,
indicating larger travel times for TomTom than for our traffic model. The histograms for the other three hours show similar results (see
Fig. C.1).
While Figs. 2A and B compare TomTom and modeled travel times at the scale of individual road segments, the focus of our study
lies at the scale of communities. To identify potential systematic biases in travel times at the community scale, we plot the histograms
of the differences in TomTom and modeled travel times averaged across communities in Figs. 2C and D. We compute the average travel
time for a given community by summing the travel times of all the road segments intersecting the community and dividing by the sum
of the lengths of the road segments. The normalization by road segment length provides a meaningful comparison across communities
of different sizes. The panels C and D show single-peak distributions of average travel times for the 6–7 am and 8–9 am time periods,
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Fig. 2. Comparing modeled travel times against TomTom estimates. (A, B) Histograms over all segments in the model road network for differences
in TomTom and modeled travel times for 6–7 am and 8–9 am, respectively. (C, D) Histograms over all 72 communities for differences in average
TomTom and modeled travel times for 6–7 am and 8–9 am, respectively.
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respectively, where the latter has a more pronounced peak. Both the distributions have averages of approximately 3.2 min per mile,
and standard distributions of approximately 1.4 min per mile.
All the histograms in Fig. 2 show larger travel times for TomTom than for our model, a consequence of the optimal travel conditions
assumed in our model. Our road network contains simplified road segments that do not correspond to real roads (Erhardt et al., 2012),
thus providing slightly shorter routes for commutes. Our model also does not consider travel time delays caused by adverse road
conditions such as constructions sites or accident locations.
To demonstrate that the difference between TomTom and modeled travel times has a small, uniform, and systematic bias, we
subtract 3 min per mile for each road segment from the TomTom travel times and plot the altered histograms in Fig. 3. The histograms
show approximately symmetric distributions centered at 0, indicating a reduction of the bias. We do not make any adjustments for the
bias when performing the regression analyses in this study.
4. Aleatoric uncertainty in modeled traffic volumes
Incremental traffic models compute traffic volumes by optimizing travel times across the road network (United States Bureau of
Public Roads, 1964; Branston, 1976). Our model relates travel time to traffic volume using power-law functions involving two pa
rameters, α and β, as seen in Eq. (1). There is, however, considerable uncertainty in the parameters. Our model follows the choices of
the San Francisco Bay Area Metropolitan Transportation Commission, α = 0.2 and β = 6.0 (Erhardt et al., 2012). Prior studies of
hazard-related traffic disruption have used different values, e.g., α = 0.15 and β = 4.0 (Miller and Baker, 2016; Kasmalkar et al., 2020).
Some studies report a range of values, with 0.1 < α < 0.4 and 4.0 < β < 6.0 (Branston, 1976; Kim and Mahmassani, 1987), while others
present even wider ranges (Mtoi and Moses, 2014).
To estimate the aleatoric uncertainty in modeled traffic volumes, we conduct 20 traffic simulations, with α = 0.15,0.3,0.5,0.7 and β
= 4.0,4.5,5.0,5.5,6.0. For each of the 72 communities, we compute the relative standard deviation of the average traffic volumes
computed for the range of values of α and β for a given hour. We plot the results in Fig. 4, where each point represents the relative
standard deviation of traffic volume for a given community over a given hour. The figure shows that the relative standard deviation
values of the communities range from 0 to 80%. For each community, the relative standard deviation is the smallest for the 5–6 am
time period, when congestion is relatively low and most cars travel under free flow conditions. On the other hand, the relative standard
deviation is largest for the 9–10 am time period for almost all communities. Most of the traffic in the 9–10 am time period consists of
the congested traffic that initiated its commute in the prior time periods (see Table 1). Our results suggest that the modeled volumes of
the congested traffic from prior time periods are highly sensitive to the choice of parameters, resulting in large standard deviation
values during the 9–10 am time period.
We account for the aleatoric uncertainty in traffic volumes by using the relative standard deviation values to construct 95%
confidence intervals around the modeled traffic volumes (α = 0.2, β = 6.0) for each community.
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Fig. 3. Adjusted histograms for the differences in TomTom and modeled travel times. The differences are adjusted by 3 mins/mile. (A, B) Histo
grams over all segments in the model road network for differences in TomTom and modeled travel times for 6–7 am and 8–9 am, respectively. (C, D)
Histograms over all 72 communities for differences in average TomTom and modeled travel times for 6–7 am and 8–9 am, respectively.
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5. Results
5.1. Accident rates increase with traffic volumes for most communities
To constrain the relationship between accident rates and traffic volumes, we compute the corresponding linear and quadratic
regression curves for each community. We estimate the average traffic volumes from the model described in Section 2 and obtain the
accident rates from the accident records system (California Highway Patrol, 2019). We show the regression curves of four example
communities in Fig. 5. We compute the vertical errors bands representing the 95% confidence intervals from the standard errors of the
underlying least squares regressions. We compute the horizontal error bars representing the 95% confidence intervals from the relative
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Fig. 5. Regression curves of traffic volumes and non-highway car accident rates for 4 communities, shown in panels A, B, C, and D. Black dots
indicate historical car accident rates with modeled traffic volumes. The blue curves represent the best-fitting linear regressions and the orange
curves represent the best-fitting quadratic regressions. The adjusted R2 coefficients for the respective regressions are shown in parentheses in the
legend. (E) Locations of the four communities. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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standard deviations of the modeled traffic volumes (Fig. 4). The largest traffic volumes correspond to the 8–9 am time period
(Table A.1). The largest confidence intervals for traffic volumes correspond to the 9–10 am time period, a consequence of the high
uncertainty in modeled traffic volumes for the relatively large temporal spillover of traffic from prior time periods (Fig. 4).
For each community, we choose either the linear or the quadratic regression based on the higher adjusted R2 coefficient. Panel A of
Fig. 5 shows a community near the city of Hayward, California with five data points of car accident rates and traffic volumes. We
choose the linear regression because it has a higher adjusted R2 coefficient (adj. R2 = 0.89) than for the quadratic regression (adj. R2 =
0.88). In panel B, which shows a community near the city of Santa Rosa, the quadratic regression is chosen instead. Panel C, repre
senting a community in San Francisco City, shows near-identical linear and quadratic regression curves. The latter has a lower adjusted
R2 coefficient since it provides a similar fit despite using a higher degree polynomial. In panel D, which shows a community in the city
of San Jose, the linear regression has an increasing trend while the quadratic regression has the shape of an inverted U, where we select
the latter for its higher adjusted R2 coefficient.
Fig. 6A summarizes our model choices of regression curves for all communities in the San Francisco Bay Area. Among the 64
communities with sufficient car accident data, 40 have increasing linear profiles, 10 have U-shaped quadratic profiles and 14 have
inverted U-shaped profiles. Although linear and U-shaped profiles are found most commonly in prior studies (Retallack and Ostendorf,
2019; Martin, 2002), there is some evidence for inverted U-shaped profiles in prior studies (Veh, 1937; Raff, 1953). Overall, our results
suggest that most communities have an increasing relationship between car accident rates and traffic volumes.
The fit between the chosen regression curves and the relationship between observed car accident rates and modeled traffic volumes
also vary spatially, as demonstrated by the R2 coefficients for each community in Fig. 6B. Of the 64 communities with sufficient car
accident data, 34 have R2 coefficients of 0.9 or higher, and 3 have coefficients lower than 0.5. We discard the 3 communities with R2
coefficients lower than 0.5 from our car accident analysis, because we are unable to identify a relationship between car accident rates
and traffic volumes for these.
The spatial distributions of the profiles and the R2 coefficients depend on the clustering used to partition the region into com
munities. To understand the degree to which clustering affects the distributions in Fig. 6, we present results for two alternate clusters in
the Appendix, Fig. D.1. The two alternate clusters represent opposing end members of clustering, where one prioritizes the proximity of
census blocks, while the other prioritizes similar median household incomes and free flow travel speeds over proximity. Comparing
Fig. 6 and Fig. D.1, we note that most communities have linearly increasing relationships between accident rates and traffic volumes
for both the original and alternate clustering approaches. For the majority of communities, the different clustering approaches suggest
similar profiles, but there are prominent exceptions. For example, communities around San Francisco City have a mix of linearly
increasing and inverted U-shaped profiles which change with the specific clustering approach. The choice of the clustering approach
affects the profiles assigned to communities on the cusp of different behaviors, such as a switching a linear profile to either a mildly U-
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shaped or inverted U-shaped profile. The spatial distributions of the R2 coefficients are also approximately similar at the regional scale
for the various clustering approaches. Overall, our analysis suggests that the choice of the clustering approach may alter our results at
the community scale, particularly in places like San Francisco City, but has limited impact on our results at larger spatial scales.
We perform a similar analysis for pedestrian accident rates. In Fig. 7, we show the regression curves between pedestrian accident
rates and traffic volumes for the four communities shown in Fig. 5E. Similar to the case for car accident rates, the linear regression
curves for pedestrian accidents are increasing in all four panels. We choose a regression model based on the same rationale of higher
adjusted R2 coefficients as for car accidents. We find that the selected regression profiles for the car accident rates, linear versus
quadratic, do not necessarily resemble the regression profiles for the pedestrian accident rates. Our results suggest that the dynamics
for car accidents are notably different from those of pedestrian accidents in the San Francisco Bay Area.
We present the distributions of the profiles and R2 coefficients of the regression curves for the pedestrian accident rates in Fig. 8.
Out of the 45 communities which have sufficient pedestrian accident data, 24 have a linearly increasing profile, 10 have a quadratic Ushaped profile, and 11 have an inverted U-shaped profile (panel A). There are 16 communities with R2 coefficients greater than 0.9.
There are 7 communities with R2 coefficients lower than 0.5, which we remove from our pedestrian accident analysis.
The Figs. 6 and 8 show that most communities have increasing relationships between accident rates and traffic volumes, which is
consistent with prior studies (Retallack and Ostendorf, 2019). The figures also show that there is considerable variability between the
regression curves across the various communities. The underlying heterogeneity of the region contributes to the variability in the
regression curves between accident rates and traffic volumes. Communities may differ substantially in socioeconomic conditions,
driving norms, traffic infrastructure, and accident reporting, all of which influence car and pedestrian accident rates (Lee and AbdelAty, 2005; Lord and Mannering, 2010; Retallack and Ostendorf, 2019).
5.2. Coastal flooding exacerbates peak-hour accident rates
Coastal flood events have the potential to prompt the closure of low-lying roads in the San Francisco Bay Area, subsequently
disrupting regional traffic patterns (Kasmalkar et al., 2020). To estimate changes in accident rates as a consequence of flood-related
changes in traffic volumes, we use the regression curves from Section 5.1 with modeled traffic volumes in the presence of flooding.

A

B

C

D

Fig. 7. Regression curves of traffic volumes and pedestrian accident rates for the 4 communities shown in Fig. 5E. The adjusted R2 coefficients for
the respective regressions are shown in parentheses in the legend.
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Fig. 8. Spatial distribution of the regression curves for pedestrian accident rates and traffic volumes. (A) Profile of the quadratic regression, either
U-shaped, inverted U-shaped, or linearly increasing. (B) The R2 coefficients. We remove the 7 striped communities from the analysis because of their
low R2 coefficients.
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Fig. 9. Computed non-highway car accident rates without flooding, by community. (A) 6–7 am time period. (B) 8–9 am time period. Of the 72
communities, 8 are removed for lack of accident data, and 3 are removed for having R2 regression coefficients less than 0.5.
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To establish baseline accident rates, we first compute the car accidents rates without flooding for each community and plot the
results for the 6–7 am and 8–9 am time periods in Fig. 9. An accident rate of 0.05 accidents/hr in the 6–7 am time period means that
there is one accident approximately every 20 days in the 6–7 am time period. Panels A and B are representative of the spatial dis
tribution of non-peak hour (5–7 am) and peak hour (7–10 am) accident rates, respectively. During the 6–7 am time period, most of the
communities with relatively high car accident rates are located in the southern Bay (0.05–0.1 accidents/hr). With the exception of one
community near the city of Santa Rosa, the northern communities have relatively low accident rates (<0.01 accidents/hr). Most
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Fig. 10. Model estimates of the non-highway car accident rates with flooding, by community. (A, B) 6–7 am and 8–9 am, respectively, for the
12–inch water level. (C, D) Same as (A, B), for the 36–inch water level.
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communities have higher car accident rates in the 8–9 am time period than in the 6–7 am time period (Fig. 9). Communities in the
eastern and southwestern region (Fig. 1A), especially those around the cities of Oakland and San Jose, have the highest increases in
accident rates during peak hours.
To estimate how accident rates change with flooding, we assume that flooded roads are closed to traffic (Fig. 1), simulate traffic
patterns, and use the regression curves to estimate accident rates for communities. Our results in Fig. 10 show that, for most com
munities, car accident rates with flooding are higher than those without flooding (Fig. 9). Relative to the baseline, the 6–7 am car
accident rates increase the most for southwestern and eastern communities, especially those around the cities of Oakland and San Jose.
The 6–7 am accident rates are approximately similar for the two water levels, 12 and 36 in. (Fig. 10A and C).
For the 8–9 am time period, the car accident rates for both the 12– (Fig. 10B) and 36–inch water levels (Fig. 10D) increase sub
stantially as compared to the 6–7 am time period. The increases are higher for the 36–inch water level, especially in communities
around the cities of Napa, San Jose, and Santa Rosa. The increase in car accident rates from 6–7 am to 8–9 am is substantially greater in
the presence of flooding (Fig. 10) than in the absence (Fig. 9), suggesting that flooding exacerbates peak-hour accident rates.
We conduct a similar analysis for pedestrian accident rates. In Fig. 11, we plot the pedestrian accident rates without flooding. The
pedestrian accident rates are very low (<0.01 accidents/hr) for most communities. Most of the pedestrian accidents are concentrated
in the communities around the cities of Oakland, San Francisco, and San Jose. We show the pedestrian accident rates with flooding in
Fig. 12. Relative to the baseline rates, the 6–7 am rates increase slightly with flooding, where the increases occur in the communities
around the cities of Oakland, San Francisco, and San Jose. Similar to the case of car accidents, the 8–9 am pedestrian accident rates are
substantially higher than the 6–7 am accident rates during flooding (Fig. 12) as compared to the baseline (Fig. 11). Most of the 8–9 am
pedestrian accidents are concentrated around the cities of Santa Rosa, Napa, Oakland, San Jose, and San Francisco.
The potential errors in historical accident data and modeled traffic volumes (Figs. 5 and 7) create corresponding uncertainty in the
regressions used to estimate accident rates. To demonstrate that our results are robust to the uncertainty in the regression, we present
car and pedestrian accident rates using only linear regressions in Fig. E.1 and E.2, respectively. The results show very similar dis
tributions of accident rates to Figs. 10 and Figs. 12. The largest differences in accident rates are seen for communities with inverted Ushaped regression profiles, but these communities are limited in number. Overall, our results suggest that small variations in the
regressions do not notably alter our model estimates of accident rates.
5.3. The region-wide accident rates increase substantially at low water levels
While the previous Section 5.2 presents accident rates at the scale of individual communities, the current Section aggregates the
accident rates at a regional scale. We compute the region-wide car and pedestrian accident rates for various water levels and for each of
the five time periods by summing over the accident rates of all communities, and present the results in Fig. 13.
The region-wide car accident rate without flooding is smallest for the 5–6 am time period (0.5 accidents/hr). The accident rate then
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Fig. 11. Computed pedestrian accident rates without flooding, by community. (A) 6–7 am time period. (B) 8–9 am time period. Of the 72 com
munities, 27 are removed for lack of accident data, and 7 are removed for having R2 coefficients less than 0.5.
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Fig. 12. Model estimates of pedestrian accident rates with flooding, by community. (A, B) 6–7 am and 8–9 am, respectively, for the 12–inch water
level. (C, D) Same as (A, B), for the 36–inch water level.

increases gradually until the 8–9 am time period (3.0 accidents/hr), after which it dips slightly for the 9–10 am time period (2.0
accidents/hr). The accident rate for the 12–inch water level follows a similar pattern as that without flooding for the different time
periods, but the magnitudes of the accident rates are higher. The accident rate is smallest for the 5–6 am time period (0.9 accidents/hr),
increasing up to 7.5 accidents/hr for the 8–9 am time period, and dipping back to 6.0 accidents/hr for the 9–10 am time period. While
the magnitude of the accident rate increases with the water level rising to 24 and 36 in., the increase in the accident rate decreases with
each successive water level, suggesting that the biggest increase in the region-wide car accident rate occurs at the 12–inch water level,
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Fig. 13. Cumulative accident rates for the region, estimated for various water levels and hourly time periods. (a) Non-highway car accidents rates.
(b) Pedestrian accident rates.

especially during peak hours (7–10 am).
The region-wide pedestrian accident rates, shown in Fig. 13B, exhibit similar trends as the non-highway car accidents rates. The
magnitudes of the pedestrian accident rates are substantially lower than those of the non-highway car accident rates because of lower
baseline numbers. The total number of recorded pedestrian accidents in the San Francisco Bay Area during the weekday 5–10 am time
period are approximately one-fifth of the non-highway car accidents (see Table B.1).
To validate our finding that non-highway car and pedestrian accident rates increase with water level, we present a preliminary
analysis in Appendix F where we compute the historical accident counts on flood days, namely, the days where the water levels are
greater than 12 in. during the peak hour 7–10 am time period. The historical data has limitations, for example, there are only 7 days in
the 2013–2019 period with high water levels, and none of those days have water levels exceeding 18 in.. Nevertheless, our results show
that non-highway car accident counts are slightly higher on flood days than across all days. The results for the pedestrian accident
counts are less conclusive.
6. Discussion
The urban traffic system, which is central to the functioning of metropolitan regions, is at risk of disruption from a rising sea level
and intensifying coastal floods (Kasmalkar et al., 2020; Suarez et al., 2005; Koetse and Rietveld, 2009). The traffic system is inter
connected and non-linear, with disruptions propagating rapidly and extensively throughout the network (Kasmalkar et al., 2020;
Kerner, 2012; Ganin et al., 2017; Pescaroli and Alexander, 2016). To quantify the ability of a traffic system to withstand disruption,
prior studies (Ganin et al., 2017; Freckleton et al., 2012) have developed the concept of traffic resilience. Quantifying traffic resilience,
however, remains a challenge given the complex nature of traffic systems.
Previous studies have quantified traffic resilience in terms of travel time delay (Kasmalkar et al., 2020; Ganin et al., 2017). These
studies simulate regional traffic patterns and estimate the changes in travel time for commuters resulting from road closures (Kas
malkar et al., 2020; Ganin et al., 2017). Using the metric of travel time delay, however, provides only a partial picture of resilience, one
that is focused on travel efficiency. Our study presents an alternate picture of traffic resilience, one that is focused on road safety. We
quantify changes in road safety for communities in the San Francisco Bay Area by estimating the rates of non-highway car and
pedestrian accident rates in the presence of coastal flooding.
Accident rates versus travel time delays present differing pictures of traffic resilience for communities in the San Francisco Bay
Area. One of the central results of Kasmalkar et al. Kasmalkar et al. (2020) is that communities with high road network density are
resilient to flood-related delays, because they have sufficient alternate road capacity to offset road closures or unexpected increases in
traffic volumes. As a result, southwestern communities, especially those around the city of San Jose that have dense road networks,
have relatively low projected delays despite the flooding of segments of major highways such as the US-101 (Kasmalkar et al., 2020).
However, when cars on flooded highways are rerouted onto local roads that pass through residential communities, the potential
increase in traffic volumes may cause spikes in car and pedestrian accident rates. Thus, the availability of alternate roads may reduce
the road safety of communities by accommodating an increase in traffic volumes. Our results in Figs. 10 and 12 suggest large increases
in accident rates with flooding in communities around the major cities of Napa, Oakland, San Francisco, San Jose and Santa Rosa,
where road network density is relatively high. The increase in pedestrian accident rates is almost exclusively concentrated around the
major cities – a consequence of the high pedestrian volumes within the cities (Lee and Abdel-Aty, 2005). The increase in accident rates
with flooding is largest during peak-hour traffic because a relatively large number of peak-hour commuters are rerouted off of flooded
highways. Accident rates do not increase to the same degree during non–peak hours because the disrupted traffic volumes are rela
tively small.
Flood-related changes in accident rates and travel times also differ at the regional level. Travel time delays increase with water level
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in steps, where the delays are relatively low up to the 24–inch water level but are substantially higher for the 36–inch water level
(Kasmalkar et al., 2020). The step-like behavior is likely related to the successive closures of key nexus points at specific water levels,
causing substantial region-wide changes in traffic patterns (Kasmalkar et al., 2020). For example, the Dumbarton bridge, a major lowlying traffic corridor which runs across the Bay, remains open up to the 24–inch water level but is projected to be closed at the 36–inch
water level. Upon closure, a large number of commuters are forced to travel either across a different bridge or along the entire southern
shoreline of the Bay, causing substantial travel time delays at that water level (Kasmalkar et al., 2020).
Similar to delays, our study suggests that peak-hour (7–10 am) accident rates also increase with water level. However, the rate of
increase diminishes with water level (Fig. 13). As a result, the largest increase in accident rates occurs when the water level increases
from 0 to 12 in.. One potential reason for the greater increase in accident rates at low water levels is that rerouted traffic may already
saturate the local roads of certain communities. Additional increase in water level may then only marginally increase the traffic
volumes in the saturated communities while slowing down traffic instead, causing a negligible increase in accident rates. Additionally,
at high water levels, the previously described region-wide changes in traffic patterns reroute commuters onto alternate traffic cor
ridors, such as from the Dumbarton Bridge to the San Mateo Bridge, rather than onto local roads in the vicinity of their usual routes. As
a result, traffic volumes on local roads and the corresponding accident rates tends to increase only minimally at high water levels.
Overall, the contrasting changes in accident rates and delays with water level suggest that, at low-to-moderate water levels, the risk
of accidents may pose a similar, if not a greater concern than travel time delays for communities in the San Francisco Bay Area. The
increase in projected accident rates for the 12–inch water level also demonstrates the immediacy of the problem. Coastal flood events
building up to a water level of 12 in. are to be expected in the 2020–2040 period, even at the present-day sea level (Vandever et al.,
2017). Particularly affected could be densely populated communities adjacent to major traffic corridors, such as the US-101 which
lines the western shore of the inner San Francisco Bay and is only slightly elevated above sea level for wide stretches. The densely
populated communities such as those in San Francisco City tend to have dense road networks, allowing for greater rerouting of traffic
from potentially flooded highways to local roads, and a correspondingly greater increase in accident rates.
We emphasize that our estimates of accident rates for the San Francisco Bay Area under flooding conditions are computed from
regressions between historical accident rates and modeled traffic volumes. The validity of our estimates is limited both by the
applicability of historic data and by the validity of our modeled traffic volumes. The ability to work remotely and the advent of
autonomous vehicles are just two factors which may alter the representativeness of historic data in estimating future accident rates.
Similarly, our model introduces both aleatoric uncertainty (see Fig. 4), arising from the ill-constrained parameters relating travel times
and traffic volumes (Kasmalkar et al., 2020; Erhardt et al., 2012; Branston, 1976; Miller and Baker, 2016; Kim and Mahmassani, 1987),
and systematic uncertainty, arising from potential changes in commuter behavior in response to technological innovation.
Our traffic model applies only to an average commute and does not capture day-to-day variability in traffic volumes. Assuming
average commutes, our model estimates the hourly trends in traffic volumes over the 5–10 am time period, which introduces time as a
confounding factor in our analysis. For example, the increase in pedestrian accident rates during the 8–9 am time period relative to the
6–7 am time period may be a consequence of increased school-related pedestrian activity within that hour, rather than a result of
increased traffic volumes. Also, adverse road conditions such as temporary construction work, special events, and even accidents
themselves, may cause accidents. These dynamics are not considered here.
Despite the multiple uncertainties, we argue that the main value of our work lies in identifying the biases associated with quan
tifying traffic resilience primarily, or even exclusively, from an efficiency point of view as done in several previous studies (Kasmalkar
et al., 2020; Ganin et al., 2017; Freckleton et al., 2012). It is important to keep in mind that the flood-related closure of highways
displaces traffic into nearby residential communities, potentially elevating the risk of accidents in those communities. This dynamic is
probably not unique to the San Francisco Bay Area, and could be relevant for other urban areas where some of the major traffic
corridors are low-lying and prone to flooding.
7. Conclusion
This study quantifies the traffic resilience of communities to flood-related traffic disruption by estimating the increases in nonhighway car and pedestrian accident rates as a result of traffic being displaced onto local roads. We use regression models to
develop statistical relationships between traffic volumes and historical accident rates, and project accident rates for a range of water
levels using simulated traffic patterns. Our study shows that the flooding of highways forces a large number of commuters onto local
roads, thus increasing the accident rates for the nearby communities, especially during peak-hour traffic.
Our analysis shows that quantifying traffic resilience in terms of the rate of accidents rather travel time delays changes the clas
sification of the relative resilience of communities in the San Francisco Bay Area. As sea level rises, delays increase in communities
where the road network lacks sufficient alternate road capacity to offset flood-related traffic disruption. In contrast, accident rates
increase the most around major cities, where the high availability of alternate roads brings in displaced traffic. Region-wide accident
rates increase the most at low water levels, while delays increase sharply at higher water levels, suggesting that accidents may be a
greater concern than delays at low-to-moderate water levels.
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Appendix A. Commuters by time of leaving for work
In Table A.1, we summarize the American Community Survey data (United States Census Bureau, 2017a) to specify the percentage
of commuters in the San Francisco Bay Area who leave for work within a given time period. The percentages are used in our model to
estimate the number of commuters during the morning hours.
Table A.1
Region-wide percentages of commuters by time of leaving for work. Values derived from ACS 2013–2017 survey data (United States Census Bureau,
2017a).
Percentage of commuters leaving for work in this time period.

5–6 am

6–7 am

7–8 am

8–9 am

9–10 am

9%

18%

31%

28%

13%

Appendix B. Accidents by type and time of morning
In Table B.1, we summarize the region-wide accident counts in the San Francisco Bay Area for the 2013–2019 period by hour of
occurrence and type, namely, highway, non-highway, or pedestrian. The data is obtained from the California Statewide Integrated
Traffic Records System (California Highway Patrol, 2019).
Table B.1
Accidents in the San Francisco Bay Area by type and time period, curated from (California Highway Patrol,
2019).
Time Period

5–6 am
6–7 am
7–8 am
8–9 am
9–10 am
Total

Accidents
Pedestrian

Non-highway Car

Highway Car

201
449
900
1085
645
3,280

856
1755
4224
5688
4229
16,752

1523
2349
3433
3975
2806
14,086

Appendix C. Validation of modeled travel times
We present validation data in the form of histograms of the difference between TomTom and modeled travel times. The histograms
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Number of Road Segments

for the 6–7 am and 8–9 am time periods are shown in Fig. 2, while the histograms for the 5–6 am, 7–8 am, and 9–10 am are displayed in
Fig. C.1. All 5 histograms show similar single-peak distributions that are skewed to the right, suggesting that our model tends to
underestimate actual travel time. The deviations are not surprising, since our model does not incorporate external factors such as
accidents or construction sites, all of which will tend to delay traffic.
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Fig. C.1. Histograms for differences in TomTom and modeled travel times over all segments in the model road network. Travel times differences for
(a) 5–6 am, (b) 7–8 am, and (c) 9–10 am. The results are similar to Fig. 2.

Appendix D. Alternate partitions of San Francisco Bay Area
To test the degree to which clustering may alter the relationship between accident rates and traffic volumes that we infer, we
consider two alternate clustering schemes in Fig. D.1 (car accidents) and Fig. D.2 (pedestrian accidents). The first scheme prioritizes
the proximity of census blocks, while the second scheme prioritizes similar median household incomes and free flow travel speeds over
proximity. Overall, the broad spatial similarities of Fig. D.1 to Fig. 6 and Fig. 8, respectively, suggests that the choice of the clustering
approach may alter our results at the community scale but has limited impact on our results at larger spatial scales.
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Fig. D.1. Spatial distribution of the regression curves for non-highway car accident rates and traffic volumes for alternate clusters of San Francisco
Bay Area census blocks. The panels are organized similar to Fig. 6. Panels A and B represent a clustering which optimizes for proximity, while Panels
C and D represents a clustering which optimizes for similarity of median household income and mean free flow travel speeds. In the latter, not all
communities may be contiguous areas.
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Fig. D.2. Spatial distribution of the regression curves for pedestrian accident rates and traffic volumes for alternate clusters of San Francisco Bay
Area census blocks. The panels are organized similar to Fig. 6. Panels A and B represent a clustering which optimizes for proximity, while Panels C
and D represents a clustering which optimizes for similarity of median household income and mean free flow travel speeds. In the latter, not all
communities may be contiguous areas.

Appendix E. Accidents rates for the San Francisco Bay Area estimated purely from linear regression
We present estimates for accident rates in the presence of flooding using only linear regression. The results indicate that the overall
spatial distribution of accident rates in the San Francisco Bay Area remains robust when limiting the analysis to linear regression.
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Fig. E.1. Model estimates of non-highway car accident rates with flooding, obtained purely from linear regressions. (A, B) 6–7 am and 8–9 am,
respectively, for the 12–inch water level. (C, D) Same as (A, B), for the 36–inch water level. Communities with insufficient accident data and low R2
regression coefficients are removed.
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Fig. E.2. Model estimates of pedestrian accident rates with flooding, obtained purely from linear regressions. (A, B) 6–7 am and 8–9 am,
respectively, for the 12–inch water level. (C, D) Same as (A, B), for the 36–inch water level. Communities with insufficient accident data and low R2
regression coefficients are removed.

Appendix F. Validating the increase in accident rates with coastal water level
Our study projects that non-highway car and pedestrian accident rates increase with coastal water level in the San Francisco Bay
Area. Our analysis further suggests that the increase in accident rates is caused by flood-related closures of major highways forcing
commuters onto local roads passing through residential communities. Given that our results suggest an increase in accident rates on
flood days under present and near-future conditions, the question arises whether there is any indication in existing data to tentatively
support this claim.
In this Appendix, we test whether accident rates may have been higher on flood days in the recent past. To do that, we first compute
the region-wide historical accident counts averaged for the peak hour 7–10 am time period for each weekday in the 2013–2019 period
using the Statewide Integrated Traffic Records System (California Highway Patrol, 2019). We then use a monthly moving average to
remove the temporal trend from the historical accident counts. Next, we join the historical accident data to the average reading of the
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mean higher high water level for the 7–10 am time period from the San Francisco City tidal gauge (National Oceanic and Atmospheric
Administration, 2018). Finally, we identify the days when the tidal gauge reading from the 7–10 am time period is greater than 12 in.,
and perform a statistical Z-test to check if the accident count during days of flooding is higher than the mean accident count.
There are a total of 7 flood days in the 2013–2019 period with water level greater than 12 in.. We present the detrended nonhighway car accident count for the days with flooding in Table F.1. The average detrended accident count for the flood days for
the 7–10 am time period is 0.28 accidents, while the average detrended accident count for all days is 0. The statistical Z-test highlights
that achieving a detrended accident count of at least 0.28 accidents purely by normal random chance has p-value P = 0.12. The
relatively small p-value suggests that, with moderate-to-high probability, the accident count on flood days is higher than on non-flood
days.
Table F.1
Non-highway car accident counts averaged over the 7–10 am time period for days with mean higher high-water level
greater than 12 in.. The accident rates are derived from (California Highway Patrol, 2019) and the water levels are
derived from (National Oceanic and Atmospheric Administration, 2018).
Date

Water level (inches)

Accident count

Detrended count

2014-12-03
2015-12-22
2016-01-05
2016-01-19
2017-01-09
2017-02-07
2019-01-17
2019-02-14
Mean

17
14
13
13
14
17
15
13

2
2.3
1.7
2.7
2
4.3
2
3
2.5

0.11
− 0.06
− 0.17
0.83
− 0.27
1.63
− 0.35
0.52
0.28

The historical data for pedestrian accidents on flood days is shown in Table F.2. The pedestrian accident counts, averaged over the
7–10 am time period, are substantially smaller than the non-highway car accident rates in Table F.1. The detrended pedestrian ac
cident counts also show a smaller increase, 0.01 accidents, than for detrended car accidents. The p-value for achieving the excess
accident count over the average detrended accident count for all days is P = 0.48. The analysis suggests that there is almost a 50%
chance that the marginally higher pedestrian accident counts on flood days are a result of pure randomness, indicating that the
validation for the case of pedestrian accidents is less conclusive than for the case of car accidents.
Table F.2
Pedestrian accident counts averaged over the 7–10 am time period for days with mean higher high-water level
greater than 12 in.. The accident rates are derived from (California Highway Patrol, 2019) and the water levels are
derived from (National Oceanic and Atmospheric Administration, 2018).
Date

Water level (inches)

Accident count

Detrended count

2014-12-03
2016-01-05
2016-01-19
2017-01-09
2017-02-07
2019-01-17
2019-02-14
Mean

17
13
13
14
17
15
13

0.33
0.33
2
0.33
0.67
0.33
0.67
0.6

− 0.27
− 0.42
1.24
− 0.46
0.05
− 0.18
0.12
0.01

The accident counts in Tables F.1 and F.2 are smaller than the model outputs for any of the peak hours (7–10 am) in Fig. 13. Some of
the potential reasons for the disparity are, the small sample (n = 7) of flood days recorded within the tidal gauge data; the lack of
observed extreme water levels, particularly those exceeding 24 or 36 in.; and the use of a single tide gauge for obtaining water level
data rather than combining a network of tidal gauges. Nevertheless, this preliminary statistical analysis is consistent with our model
result that non-highway car accident counts during morning hours are relatively higher on flood days than on regular days, indicating a
potential effect of coastal flooding on accident rates.
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