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Abstract: This study investigates the trends in economic damages caused by three types of inland
floods (flash flood, flood, and heavy rain) in the United States and the variations in related hazard and
vulnerability indicators between 1996 and 2016. We explore the underlying mechanisms based on a
survey-based dataset maintained by the National Oceanic and Atmospheric Administration (NOAA)
National Weather Service. An annual average of 6518 flood occurrences was reported, which caused
economic damages of 3351 million USD per year. Flash flood and flood contributed to 53% and 32%
of total occurrences and was associated with a larger share of damaging events (SDE). Results show
that the higher impacts by flood and flash flood on property and crop are partly attributed to the
greater intensity of rainfall. In addition, flood has the highest unit cost of damages. Notably, despite
an upward tendency in economic damages by flash floods, no evident change trend is observed
for inland floods as a whole. Further analysis shows changes in economic damages by heavy rain
and flash flood are mainly governed by the increased annual frequency and hazard intensity, but
the change of trend in their vulnerability indicators (i.e., SDE and Damage Per Event (DPE)) is not
obvious. Regarding floods, it was not possible to attribute the variations in economic losses to hazard
and vulnerability, as no significant tendency is found except for an increasing SDE. Despite limitations
of length of records, data collection, and methodology, the difference in economic impacts and the
related hazard and vulnerability revealed in this study can help better target future adaptation and
mitigation measures.
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1. Introduction

Flooding is one of the major natural hazards causing enormous damages to society and the
environment [1–3]. Globally, economic losses resulting from flooding exceeded 19 billion USD in 2012
and have exhibited a rising trend over the past half century [4,5]. The United States is one of the most
affected countries by flooding in terms of economic and human losses [6–9]. Annual losses caused by
flooding have almost tripled from 1.7 billion USD per year in the 1950s to 5 billion USD per year in
the 1990s (all in 1995 dollars) [10]. In the 2017 NOAA Billion-Dollar Weather and Climate Disasters
datasets, flooding is identified as one of the top natural hazards with economic damages exceeding
1 billion USD [11,12]. The US Climate Extremes Index also shows that, just between 1998 and 2013, the
three most extreme flooding years of the past century have occurred [6,7]. Within the context of global
warming, a growing number of studies have shown concerns about rising damages due to increases in
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flood hazard and vulnerability at the global and regional scales [13–18]. Understanding recent changes
in flood-induced damages and the mechanism is critical for reducing flood risk in the future [13,18,19].

Changes in flood damages can be attributed to not only the changing precipitation patterns (i.e.,
frequency and intensity) but also the changes in vulnerable population and assets in flood-prone areas
(i.e., socioeconomic factors) [20–23]. Disentangling the relative contribution of these factors to damages
can help better understand the underlying mechanism of flood risk chain and mitigate the impacts in
a changing environment. Previous studies showed a strong relationship between flood hazard and
damages [24–26]. For example, Pielke and Downton [10] found that, at the national level, the two-day
heavy rainfall events and the number of wet days are highly correlated with observed flood damages
in the United States. Mallakpour and Villarini [27] reported that an increasing frequency of flooding in
the central United States between 1962 and 2011 mainly resulted from changes in seasonal rainfall. On
the other hand, a large number of studies argued that the upward trends of flood damages are mainly
driven by the growth of population and wealth, lifestyle and demographic shifts [2,28–33].

Hazard is typically measured by intensity and depth of precipitation, runoff and inundation depth,
frequency, duration and extent of flood event [10,26,34], while vulnerability is mainly characterized with
highly aggregated indicators such as gross domestic product (GDP) and population growth [30,33,35,36].
Recently, indicators have been designed to better represent regional vulnerability. For example, Peduzzi,
et al. [37] assumed that the ratio of people killed to the total number of people exposed to tropical
cyclones would be higher in more vulnerable regions. Similarly, Wu et al. [38]; Tanoue, Hirabayashi
and Ikeuchi [21]; and Jongman, Winsemius, Aerts, Coughlan de Perez, van Aalst, Kron, and Ward [22]
described vulnerability based on the proportions of economic damages and fatalities to the exposed
assets and population.

Building upon previous studies, we investigate historical changes in three types of inland flood
damages and the underlying drivers in the United States using a survey-based dataset only. The
detailed event-based records allow for examination of flood damage components without relying on
model simulations as adopted in most previous studies. A series of impact metrics are adopted to reflect
hazard (i.e., occurrences and depth of precipitation) and vulnerability (i.e., share of damaging events
and damage per event) for attribution analysis to identify the most influential factors. Furthermore,
this study intercompares the changes in economic damages caused by heavy rain, flood, and flash
flood, respectively, which have not been examined before. The insights gained from this study have
implications for better management of flood risk in the future.

2. Data and Methodology

2.1. Survey-Based Records of Flooding

All analyses in this study are based on flood records obtained from the Storm Events Database
(https://www.ncdc.noaa.gov/data-access/severe-weather), which is compiled by the National Oceanic
and Atmospheric Administration’s (NOAA’s) National Climatic Data Center (NCDC). The dataset [39]
provides detailed information of various types of flood events from 1996 to present, including type
of event, occurrence time (beginning and ending time), location (e.g., state, county, latitude, and
longitude), event source (e.g., trained spotter and law enforcement; see details in Reference [39]),
economic damages (property and/or crop damages), and human casualties (direct and indirect fatalities
and injuries, and locations), magnitude of event, textual description of event (narrative), and pictures.

There are five types of flood-related events in the dataset, including coastal flood, flash flood,
flood, heavy rain (considered as pluvial flood), and lakeshore flood. There is a limited number of
lakeshore flood which are, thus, excluded in the analysis. Regarding coastal flood, the data preparer
determines the boundary between coastal and inland areas, where flood events will be encoded as flash
flood or flood. As this study looks into inland floods, we only chose three types of floods: heavy rain
(HR), flood (F), and flash flood (FF). According to the official instruction, flood refers to any high flow,
overflow, or inundation by water which causes damage. In general, this would mean the inundation
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of a normally dry area caused by an increased water level in an established watercourse or ponding
of water that poses a threat to life or property. Flash flood refers to a life-threatening, rapid rise of
water into a normally dry area beginning within minutes to multiple hours of the causative event
(e.g., intense rainfall, dam failure, and ice jam). Generally, it is considered that a flash flood has higher
and faster impacts on life or property. That means an ongoing flood can intensify to a shorter-term
flash flood in cases where intense rainfall results in a rapid surge of rising flood waters. Conversely, a
flash flood can transition into a flood as rapidly rising waters abate. Note that the dataset preparer
uses professional judgment in determining when the event is no longer characteristic of a flash flood
and becomes a flood. Detailed explanations of the three types of inland floods can be found in the
dataset instructions [38].

Snow is an important source of floods. There are two types of snow identified in the dataset:
(1) Heavy snow: snow accumulation meeting or exceeding the locally/regionally defined 12- and/or
24-hour warning criteria. This could mean values such as 101.6, 152.4, or 203.2 millimeters or more in
12 hours or less or 152.4, 203.2, or 254 millimeters in 24 hours or less. (2) Lake-effect snow: convective
snow bands occur in the lee of large bodies of water (e.g., the great lakes) when relatively cold air flows
over warm water. Note that these two types of snow are excluded in the analysis. As for the three
types of floods investigated, the impacts of snow are taken into account as there are records on snow
depth in the narrative (mostly in flood and flash flood events) when it is relevant. Here is one example
of event narrative describing snow condition: snow cover, which ranged from 25.4 to 177.8 millimeters
along the border to as much as 762 millimeters in northwest Iowa at the beginning of the month, was
gone by March 17. The combination of snow melt and rainfall pushed nearly all Iowa rivers above the
flood stage with major flood reported at some northern Iowa locations.

2.2. Impact Metrics and Data Analysis

This study characterizes flood economic damages as a joint function of hazard and vulnerability
indicators [10,23,40–42]. As shown in Table 1, several impact metrics are defined: (1) economic damages
in USD, including property and/or crop losses; (2) number of flood events, reflecting the annual total
occurrences; (3) number of valid events, referring to the events with recorded economic damages
greater than zero; (4) intensity of floods by means of rainfall depth. Note that the dataset does not
provide direct reports on the quantitative values of hazard parameters but offers a textual description
and episode narrative of each event, describing the synoptic meteorology associated with each event
(e.g., depth of rainfall, wind of speed, duration of event, and the main impacts and damages). Rainfall
intensity would be more preferable to describe hazard; nevertheless, there is very limited description
provided by the dataset, and rainfall depth is the most frequently recorded parameter to be compared
among the three types of floods in the narrative. We manually went through the relevant data list and
extracted the rainfall depth as a proxy of hazard intensity. (5) Share of damaging events is defined as
the ratio of valid events to the total number of events. This indicator is used to partly reflect regional
vulnerability, building upon previous studies on vulnerability characterization [21,37,38]. Finally,
(6) damage per event is defined as the ratio of total annual damages to the number of total events.

We estimated the change trends of these impact metrics during the study period (1996–2016).
The statistical analysis was conducted using the polynomial curve fitting function provided by the
software package MATLAB 2015a. The purpose is to quickly evaluate the primary effects of the various
indicators and, thus, to identify the significant ones that contribute to the economic damages. The
tendency is further tested using the corrcoef function that assesses the correlation coefficients and
the related p-values for the indicators. Due to the limitation of data quality, we tested the statistical
significance of the trend at the 90% confidence level (alpha = 0.1).
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Table 1. Descriptions of impact metrics.

Impact Metrics Descriptions

Damage Total annual Damages (D) in USD

Hazard
Number of Total Events (NTE); Number of Valid Events (NVE)

Intensity, i.e., depth of precipitation

Vulnerability Share of Damaging Events (SDE = NVE/NTE)
Damage Per Event (DPE = D/NTE)

3. Results and Discussion

3.1. Changes in Economic Damages

Figure 1 shows that flood is the most devastating flood type, followed by flash flood and heavy
rain, resulting in an average economic damage of 1939, 1344, and 68 million USD per year, respectively.
The damages caused by flash flood have exhibited a statistically increasing trend during the past
two decades, while no significant change trend is observed for flood and heavy rain. As shown in
Figure 1b, the three types of floods are more likely to cause economic damages within the range of
0.01–0.1 million USD. Further, given the low mean annual damages by heavy rain, the results imply
that impacts of heavy rain on property and crop damages are less devastative in comparison to flood
and flash flood. One possible explanation could be that impacts of heavy rain are often less widespread
and associated with smaller strength and size, which will be examined in the following analyses. Also,
from an economic point of view, the results show that flood and flash flood need more attention in
terms of disaster management.
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Figure 1. (a) Changes in annual economic damages and (b) proportion of damage categories (in USD) of
heavy rain, flood, and flash flood during 1996–2016. For each flood type, the dashed line describes the
trend, and the two numbers in the legend indicate the change trend (i.e., c-slope of the trend line) and
associated statistical significance (i.e., p-value), respectively. The trends that are statistically significant
at the 90% confidence level are highlighted with asterisks (*).
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3.2. Hazard

The occurrences of heavy rain are much less frequent compared to the other types of floods
(Figure 2). Between 1996 and 2016, heavy rain, flood, and flash flood have annual averages of 969, 2072,
and 3476 events, respectively, of which 62, 702, and 1332 events per year have caused tangible damages,
respectively. Importantly, in contrast to the change patterns in annual damages, significant upward
trends in occurrences are found in most flood types despite their large variations. Further analysis on
the three types of floods with statistics on property or crop loss shows that, generally, an increasing
tendency is observed in the hazard frequency for most floods with or without taking into economic
damages. This can be an effect of climate change that exacerbates the occurrences of hazard events,
and the hazard occurrence is likely to continue increasing in the future. In addition, the results indicate
that the decreasing annual damages of heavy rain are not a result of the changing occurrences but of
other types of impact factors, possibly the hazard intensity or vulnerability. Given the large share of
million-dollar damaging events (Figure 1b) and high number of valid events (Figure 2b), the results
show that damages caused by flood and flash floods are much more severe and frequent. Priorities
should, thus, be given to mitigate the damages from these two types of floods.
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Figure 2. Changes in (a) number of total flood events and (b) number of valid events of heavy rain,
flood, and flash flood during 1996–2016. For each flood type, the two numbers in the legend indicate
the change trend (i.e., c-slope of the trend line) and associated statistical significance (i.e., p-value),
respectively. The trends that are statistically significant at the 90% confidence level are highlighted
with asterisks (*).

Similarly, as shown in Figure 3a, the variation of hazard intensity (i.e., rainfall depth) associated
with heavy rain is smaller than the other two types of floods. More extreme rainfall depths were observed
during flood and flash flood events. The distribution of event rainfall depth ranges from 0.254 to 812.8
millimeters for heavy rain, while the upper extremes increased to 1219.2 millimeters for both flood and
flash flood. An average of 154.94 millimeters per event is estimated for flash flood, followed by 149.86
and 99.06 millimeters per event for flood and heavy rain. This is in line with the event description in the
dataset that flash flood is generally associated with short-term but more intensified rainfall and often
results in a rapid surge of rising waters. In terms of accumulated annual rainfall depth, upward trends are
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found in all types of inland floods except for flood (the trend is not statistically significant). The results
imply that the hazard of flood has generally increased over the study period.
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Figure 3. (a) Statistics of hazard intensity (rainfall depths in millimeters) and (b) changes in annual
accumulated rainfall depth for heavy rain, flood, and flash flood during 1996–2016. For each flood
type, the dashed line describes the trend and the two numbers in the legend indicate the change trend
(i.e., c-slope of the trend line) and associated statistical significance (i.e., p-value), respectively. The
trends that are statistically significant at the 90% confidence level are highlighted with asterisks (*).

3.3. Vulnerability

The SDE distributions for flood and flash flood vary from 20% to 51% and from 29% to 46%, with
average values of 33% and 38%, respectively (Figure 4a). This means more than one third of these flood
events have caused damages to property and crop. By contrast, the distribution of damaging heavy
rain is much lower, ranging from 2% to 15%, with an average value of 7%. This can be partly due to
the less intensified rainfall associated with the type of event, which does not pose a significant threat to
property or crop in the same ways flash flood or flood do. Note that only the annual SDE of flood has
showed an increasing trend during the past two decades. Figure 4b shows that, in general, flood leads
to the highest unit cost of damage. In extreme cases, the flood event cost is up to 4.26 and 3.01 million
USD in 2016 and 1997 respectively, while the maximum DPE of heavy rain is 0.58 million USD in 2005.
Notably, none of the DPE trends is statistically significant, which may be due to the limitation of the
record length in this study.
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In terms of monthly variations, damaging events tend to occur most frequently during summer
(June and October) for heavy rain and flash flood (Figure 5a). Their mean SDEs are up to 45% and 54% in
June and October, respectively, while the mean values dropped to 12% and 8% in December and February,
respectively. Flood has relatively high SDEs from March to October, with mean SDEs of 33% and 32% in
spring and summer, respectively. As expected, most damages occurred during the monsoon/rainy seasons
when there is plenty of rainfall. Differences between hourly SDEs are relatively small in comparison to
seasonal SDEs (Figure 5b). For heavy rain and flash flood, hours 12–17 is the time period that has the
highest SDE, whereas hours 6–11 are the peak period of damaging events for flood.
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3.4. Attribution Analysis of Key Indicators

It is shown that the annual occurrences of all types of floods have an increasing trend. However,
there are no evident change trends in annual economic damages caused by different types of flood
events, except for flash flood with an upward trend. To better understand the mechanism behind
this phenomenon, Figure 6 summaries how the trends in the examined hazard and vulnerability
indicators might influence the variations in economic damages. For heavy rain, an increasing hazard
trend is observed for both occurrence and intensity, while an insignificant downward slope is found
for vulnerability indicators (i.e., SDE and DPE). It is thus assumed that the dynamics of heavy rain
damages are likely caused by the variations in vulnerability. Regarding flood, changing signals of
hazard and vulnerability are less obvious. Despite the increase in SDE over the study period, change
trends in the economic losses and the rest hazard and vulnerability indicators are not statistically
significant. In terms of flash flood, increases in annual damages are partly attributed to the increase
in hazard. It is difficult to quantify the contribution of vulnerability to the changing damages, as the
trends in neither SDE nor DPE are found to be statistically significant. The difficulty in attributing
the changing economic damages to hazard and vulnerability can be a combined result of the complex
mechanisms behind flood damages and the lack of sufficient data (i.e., length of records and types of
variables recorded) in this study. This makes it more uncertain to further attribute the observed trends
in economic damages to regional vulnerability.
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4. Summary and Conclusions

Understanding historical trends in flood damages and the underlying drivers is important for
better adaptation and mitigation. This study investigates the evolutions of hazard and vulnerability for
three main types of inland floods, namely heavy rain, flood, and flash flood, in the United States from
1996 to 2016. Unlike commonly adopted modeling approaches, this study performs an attribution
analysis using a survey-based dataset to provide insights into patterns in economic damages and
to quantify the role of hazard and vulnerability in conditioning the damages. In particular, the
results address the difficulties in characterizing regional vulnerability to annual losses due to its high
variability, complexity, and uncertainty.



Sustainability 2019, 11, 3754 9 of 12

In total, floods have caused an annual average of 6518 occurrences and economic losses of 3351
million USD per year, among which flash flood and flood contributed the most (i.e., 53% and 58%,
respectively). In comparison to heavy rain, the number and intensity of damaging events induced
by flood and flash flood are much larger, resulting in more severe and frequent damages (e.g., with a
higher share of million-dollar events). At the national level, higher priority should be given to the
two types of floods due to their bigger economic impacts. Heavy rain is found to be associated with
less intensified rainfall and lower impacts on property or crop. This study also found that there is no
significant trend in economic damages caused by the different types of floods, except for an upward
tendency of flash flood. For heavy rain, increasing hazards are observed in terms of annual frequency
and rainfall depth. However, the change trend in vulnerability indicators SDE and DPE is not obvious.
Regarding flood, it is found that regional SDE has increased over the study period. Nevertheless, no
significant tendency is found in the other hazard and vulnerability indicators. In terms of flash flood,
results show that the increasing annual damages are partly attributed to the increased hazard.

Several limitations in this study should be acknowledged. Firstly, the length of records is limited
despite the NOAA dataset being one of the most comprehensive and consistent sources for historical
flood records. More robust conclusions require longer data records, which is currently not publicly
available and thus beyond the scope of this study. Importantly, an investigation of more explainable
hazard and vulnerability indicators in the dataset is required to better understand the change trend and
the underlying mechanisms of flood damages. One great obstacle for further quantitative assessment
is the lack of accurate field-level data on both hazard and vulnerability characterization. As mentioned
before, the hazard description in the dataset is compiled in the event/episode narrative format rather
than a table/data list, which requires huge efforts and time to extract the related hazard parameters
(i.e., rainfall depth and wind speed). There is also a lack of vulnerability description in the records
due to difficulties in collecting socioeconomic variables (i.e., exposed assets or population, regional
economic condition, flood control, and defense capacities).

Further, flood risk is usually a combined product of hazard, exposure, and vulnerability. Changes
in flood damage are attributed to not only the frequency and magnitude of hazard but also the level of
exposure (e.g., population and economic assets) and vulnerability (the susceptibility of the exposed
elements to hazards). In this study, hazard indicators include the rainfall depth and occurrences,
whereas it is difficult to separate the vulnerability and exposure explicitly due to data limitation.
Although this study adopted two vulnerability indicators building upon previous literature, further
identification and development of additional explanatory variables are necessary. The results will be
more significant if there is an exposure assessment combined. Unfortunately, due to the lack of spatial
data on land-use and historical population growth, the current analysis is conducted at the national
level without exploring the spatial patterns. Regarding future research, this study only looked into
the economic damages, and other impacts of floods such as social and environmental impacts [43–45]
were not investigated and could be explored in the future.

This study acknowledges the presence of uncertainty in the dataset and analysis. First, the data
collection and processing can introduce uncertainties due to quality of input data, level of details of
the narratives, and misreading the values, which will consequently affect the reliability of the results.
There are also uncertainties in, e.g., evaluating the impacts (i.e., property and/or crop damage values),
categorization of event type, selection and measuring the hazard indicators, and survey and recording
process. For example, it is noted that using rainfall depth may introduce uncertainty and/or biased
estimates in hazard description as it is the product of duration and intensity. Also, though the use
of SDE is based upon earlier studies [21,37,38], the approach can introduce uncertainty in describing
regional vulnerability. Similarly, the use of DPE is based on the assumption that the average impact
of flood events will be higher in vulnerable regions than in less vulnerable areas. This indicator can
only partly reflect vulnerability as an event that can cause more damage simply due to its greater
intensity even if the vulnerability of the affected people/assets remains unchanged. We acknowledge
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the uncertainty and limitation of the adopted methodology and suggest using more detailed spatial
data on building and/or land values in the future to reflect vulnerability when data is available.

Despite these limitations, the results obtained in this study provide valuable insights to recent
change tendencies and drivers for heavy rain, flood, and flash flood on economic damages, which
will help, e.g., the Federal Emergency Management Agency (FEMA) and federal and state agencies
in the future to better understand the impact mechanism of the hazard and vulnerability of the
three types of inland floods and to identify the key influencing factors in modulating flood risks.
The revealed difference in economic impacts and related hazard and vulnerability characterization
helps inform strategies for reducing risk of various flood types in the future. Such information is
essential to decision makers and responsible authorities to properly formulate defense, mitigation, and
management measures aiming to reduce socioeconomic damage.
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