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Abstract
Accurate economic loss assessment for natural hazards is vital for planning, mitigation, and actuarial
purposes. The widespread and costly nature of �ood, with the economically disadvantaged
disproportionately victimized, makes �ood loss assessment particularly important. A shortcoming in
existing �ood loss models is absence of partitioning the building economic value of average annual loss
(AAL) into that borne by the homeowner and by �ood insurance. This research models the �ood AAL
incurred by the homeowner vs. by the insurer, focusing on the National Flood Insurance Program in the
U.S., using Monte Carlo simulation at the individual homeowner scale. A hypothetical case study reveals
that a $1500 or $3000 deductible is associated with a homeowner portion of 13 or 24 percent of the AAL,
respectively, with homeowner proportion relatively insensitive to the combinations of coverage, AAL, and
increase in �rst-�oor height evaluated. In general, results inform the proactive decision-making process
that allows homeowners to self-assess their degree of preparation and vulnerability to the devastating
economic impacts of �ood. By upscaling the results to the community level, results also assist planners
and leaders in understanding the degree of community-level �ood vulnerability and resilience, thereby
affording possibilities for improved preparation.

Introduction
Flooding is among the costliest natural hazards globally and nationally, in terms of loss of life and
property, with impacts felt disproportionately by the economically disadvantaged [1]. Flooding affected
99 percent of U.S.A. counties between 1996 and 2019 [2]. The 35 �ood events in the U.S.A. from 1980
through October of 2021 that each caused over $1 billion (consumer price index- (CPI-) adjusted to
2020$) in damage generated a total of more than $161.9 billion (CPI-adjusted) [3] in impacts. Even worse,
�ood vulnerability in the U.S.A. is likely much greater than currently realized, as Wing et al. [4] found that
FEMA �ood maps may undercount Americans who live in the 100-year �oodplain by as much as a 300
percent, with 41 million being a more likely number. The extent to which insurance and homeowners pay
for the impacts of �ood losses has not been well established.

Existing research tends to emphasize quanti�cation of total �ood loss rather than the direct economic
impact on homeowners. Most research on �ood loss that includes �ood insurance focuses on premium
setting. Hsu et al. [5] applied an integrated �ood risk assessment model in which the average annual loss
(AAL) and risk tolerance are considered when setting the premium. In the �rst macro-scale quanti�cation
of risk-based premiums for residences prone to either storm surge or inland �ooding, Michel-Kerjan et al.
[6] used commercially developed probabilistic catastrophe models to conclude that the National Flood
Insurance Program (NFIP) may overcharge or undercharge homeowners relative to the expected loss that
a representative private insurer could offer. Zhao et al. [7] examined affordability of �ood insurance under
Biggert-Waters Flood Insurance Reform Act. Ermolieva et al. [8] modeled residential insurance premiums
using a well-integrated catastrophe risk management model that considers a range of offerings from the
insurer, involvement of individuals, and the complex interplay between multivariate spatially- and
temporally-explicit probability distributions of �ood losses and risk exposures of the stakeholders.
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Ermolieva et al. [8] found this technique to be advantageous over the traditional AAL-based approach
because of the integration of spatially-explicit �nancial arrangements for sharing �ood losses, which
guarantees the program’s solvency under all relevant �ood scenarios rather than one average event.
Research that focuses on the cost bene�t analysis of �ood mitigation techniques through the reduction
of �ood AAL either do not speci�cally consider homeowner bene�t [9, 10, 11] or consider that the entire
AAL is borne by the homeowner [12, 13, 14]. Agent-based modeling approaches have also been used to
enhance understanding of �ood insurance decision-making, particularly the role of public-private
partnerships in the UK [15] and the interactive relationships between costs, premiums, and housing prices
in the U.S.A. [16]. However, little attention has been paid to the role of insurance coverage and deductible
choices in in�uencing homeowner �ood loss.

This paper presents a method to derive apportionment factors that are useful in assigning average
annual residential building �ood loss to the homeowner or the insurer. Flood loss events are modeled at
the individual building level using a Monte Carlo simulation [17, 18, 19, 20, 21, 22, 23, 24], in which the
�ood hazard is characterized by the Gumbel extreme value distribution function [25, 26, 27, 28, 29]. A
depth-damage function (DDF) from United States Army Corps of Engineers [30] is used to estimate the
building loss of each �ood event, which is apportioned to the homeowner or the insurer. The homeowner
and insurer AAL portions are then estimated by averaging apportioned values over the simulation events.
A case study is presented to demonstrate the methodology.

Researchers can use either the method or the derived factors to better estimate the impacts of �oods
experienced by homeowners. Results from this work can be incorporated into webtools or other
education/outreach material for the general public, realtors, homebuilders, and community leaders.

Methods
The method consists of a Monte Carlo simulation to model AAL and the allocation of the homeowner’s
and NFIP shares of the mean annual cost due to �ood. The simulation generates random �ood event
probabilities. Then, �ood loss is calculated for each �ood event and apportioned to either the homeowner
or the NFIP. The apportioned losses are averaged over all �ood events to estimate the AAL for the
homeowner and NFIP.

Flood Hazard Parameters

To estimate the annual �ood hazard occurrence probability at the individual building level, the Gumbel
extreme value distribution function is used, with special attention given to the location (u) and scale (α)
parameters. The cumulative distribution function (CDF) of this distribution is the annual probability that a
stochastic variable X is less than or equal to a �ood event of depth D (annual non-exceedance
probability), and is written as:
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F(D) = P(X ≤ D) = exp − exp −
D − u

α

1
Solving the CDF yields the quantile of the distribution:

D = F −1(F(D)) = u − α(ln ( − ln(p)))

2
wherep = P(X ≤ D). The annual exceedance probability of the �ood event with depth D is (1 − p).

The method used for Gumbel parameter estimation in this paper is a modi�ed version of that described in
Mosta�z et al. [31]. Mosta�z et al. [31] proposed an area-speci�c Gumbel parameter estimation method
while this paper calculates building-speci�c (i.e., point-based) parameters. The Gumbel distribution is �t
using the available �ood depth data for the building. A linear least-squares regression is performed to
estimate the parameters in Eq. 2. The Gumbel parameters u and α are the intercept (i.e., location) and the
slope (i.e., scale) value of the regression line, respectively.

For most residential buildings, the u value should be negative, as �ood depth at zero damage would only
be possible for waterlogged terrain. For any cell in which the u value is positive, a 2-year return period
�ood depth threshold value of − 0.1 feet is incorporated with other �ood depth data for that cell. Because
a double logarithmic transformation is used, 2 years is the lowest return period that can be considered.
The Gumbel distribution is again �t using the additional 2-year return period �ood depth data and the u
value is checked. If the u value is still positive, the threshold value is decreased by increments of − 0.1
until u becomes negative.

Monte Carlo Simulation

Monte Carlo simulation of N �ood events is conducted, with the simulation generating a random annual
non-exceedance probability (p̂) value between 0 and 1 for each run i, such that

p̂(i) = random(0, 1)

3
Using the probability from Eq. 3, the �ood depth for each simulated �ood event (D̂i) is estimated using
Eq. 2.

Loss Estimation

The DDFs are used to estimate �ood loss by relating �ood depth above the �rst �oor (D̂S) to the damage

as a percentage of building value. The D̂S is estimated using Eq. 4, where FFH is the �rst-�oor height
above the ground.

[ ( ( )) ]



Page 5/11

D̂Si
= D̂i − FFH

4
The D̂Si

 value is then input to the loss function to estimate �ood loss as a percentage of the building

value. This percentage loss is multiplied by the building value to yield the dollar value of the �ood loss
(Eq. 5). The building value is estimated by multiplying the livable area of the building by the unit
replacement cost.

Loss($)i = Loss(%)i ∗ BuildingValue($)

5
Loss Allocation

The values for insurance coverage and deductible in the scenario under consideration are input so that 
Loss($)i is partitioned into that cost borne by the homeowner vs. that assigned to the NFIP. Three
decision rules are used to allocate the �ood loss between the homeowner and the NFIP. Speci�cally, 1) if
the loss does not exceed the deductible, then the homeowner suffers the entire loss and NFIP’s share is
zero; 2) if the loss exceeds the deductible but not the insurance coverage, the homeowner portion of the
loss is considered to be the deductible, and the NFIP portion is the difference between the loss and the
deductible; 3) if the loss exceeds the insurance coverage, the homeowner’s portion of the loss is equal to
the deductible plus the difference between the loss and the coverage, and the NFIP’s share of the loss is
the coverage minus the deductible.

Average Annual Losses by Party

The values from these N runs are then averaged to calculate the AAL and the portion of the AAL that
would be expected to be borne by the homeowner and by the NFIP, according to Equations 6 through 8,
respectively. The homeowner proportion of the total AAL is calculated using Eq. 9.

AAL =
1
N

N

∑
i=1

Loss($)i

6

AALhomeowner =
1
N

N

∑
i=1

Loss($)ihomeowner

7

AALNFIP =
1
N

N

∑
i=1

Loss($)iNFIP
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8

Homeownerproportion =
AALhomeowner

AAL

9

Results
Case Study

A one-story, single-family home with 1,800 sq. ft. of living area in Metairie, Louisiana, a suburb of New
Orleans, is selected for analysis. The ground elevation is − 7.0 ft. NAVD88 and the base �ood elevation
(BFE; i.e., the 100-year �ood elevation) is − 4 ft. NAVD88, giving a FFH of 3 ft., as the building lowest �oor
elevation (i.e., FFH) should be at or above the BFE by federal government requirement in the U.S.A. [32]. In
2019, the unit replacement cost of a single-family residence in the New Orleans area was $92.47 per sq.
ft. [33], which yields an estimated building value of $166,446.

Flood hazard parameters

The �ood hazard parameters are estimated using the Gumbel extreme value distribution function. The u
and α parameters of the Gumbel distribution are calculated using the available �ood depth data for the
building. Flood depth grids for this site are developed by FEMA through its Risk MAP program. Flood
depths for the 10-, 50-, 100-, and 500-year return periods, with 0.1, 0.02, 0.01, and 0.002 annual
exceedance probabilities, are 2.3, 2.8, 3.1, and 3.6 ft. above local ground, respectively. As the building is
located in a levee protected area, the �ood depths are relatively large. The calculation of Gumbel
parameters requires several iterations to achieve a negative value for u. The �nal Gumbel parameters are
estimated as u = −0.0475 and α =  0.6658.

Monte Carlo Simulation

A Monte Carlo simulation of 50,000 �ood events is then run using the FFH,u,  and α. The USACE [30]
building DDF is used to �t a loss function (Eq. 10, R2 =  0.9971) to calculate the �ood loss percentages
for each event. The value from Eq. 10 is multiplied by the building value to estimate the corresponding
�ood loss in dollars (Eq. 5).

Loss(%)i =
0.0015DSi

3−0.3373DSi
2+9.0339DSi+15.413

100  for DSi
> − 2 (10)

To reveal the effect of the method on the AAL calculation, different coverage, deductible, and increase in
FFH were considered, with simulated results shown in Table 1. For a $1500 deductible, the homeowner
portion is on the order of 13% of total AAL, while a $3000 deductible is associated with approximately
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24% of the total AAL borne by the homeowner. For the combinations of coverage, AAL, and increase in
FFH evaluated, these parameters have a relatively small effect on the homeowner portion.

Table 1
Average annual loss allocation by insurance coverage, deductible, and increase in FFH, based on Monte

Carlo simulation
Coverage
($)

Deductible
($)

Increase in
FFH (ft.)

Total
AAL ($)

Homeowner
AAL ($)

NFIP
AAL ($)

Homeowner
proportion

150,000 1,500 BFE + 0 1,190 154 1,036 0.13

150,000 1,500 BFE + 0.5 589 74 515 0.13

150,000 1,500 BFE + 1 272 34 238 0.12

150,000 3,000 BFE + 0 1,172 285 887 0.24

150,000 3,000 BFE + 0.5 570 141 429 0.25

150,000 3,000 BFE + 1 275 65 210 0.24

100,000 1,500 BFE + 0 1,196 153 1,044 0.13

100,000 1,500 BFE + 0.5 598 76 522 0.13

100,000 1,500 BFE + 1 284 37 246 0.13

100,000 3,000 BFE + 0 1,195 285 909 0.24

100,000 3,000 BFE + 0.5 555 133 422 0.24

100,000 3,000 BFE + 1 261 66 196 0.25

Discussion
Flood loss for an individual building is modeled using a Monte Carlo approach, with the annual �ood
hazard occurrence probability represented by the Gumbel extreme value distribution function. Based on
the insurance coverage, deductible, and increase in FFH, the homeowner and NFIP shares of the AAL are
determined. For the case study example identi�ed here, the homeowner proportion amounts to less than
25% of the total loss. While little refereed literature exists regarding the relationship between insured and
uninsured �ood losses, Brotman [34] recently explored this topic, �nding that income is negatively
correlated with mortgage insurer losses. This �nding is important because insolvency of one or more of
the few mortgage insurers in the U.S.A. would cause reduced competition for �ood insurance policies,
possibly resulting in increased premiums, in addition to any increases caused by other factors. The
present research takes the next step forward by �lling the research gap regarding the allocation of
homeowner and NFIP shares of residential �ood loss. Thus, these results will be of interest to
homeowners, insurance companies, and lending institutions, as all seek to minimize risk and optimize
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cost-bene�t ratio in the pursuit of economic sustainability vis-à-vis the most important investment that
most will ever make.

These �ndings are very promising, as a larger study might �nd that homeowner AAL proportion can be
reasonably pre-calculated and applied to total AAL value, which is relatively straightforward to calculate.
This capability would facilitate estimation of �ood losses experienced by homeowners, particularly if
uncertainty can be incorporated [14], adding to research that attempts to understand adaptive strategies
in �ood risk management [35] and factors affecting �ood loss recovery and mitigation decisions in their
proper context [36].
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