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Abstract

To address the lack of adequate measures for flood risk reduction in Nepal,

where recurrent flood-related hazards have had grave consequences for many

people over the past decades, we develop a flood risk assessment model for a

study area in the Sindhupalchok District. The model considers direct and indi-

rect damages that are assigned to four asset categories (hydropower plants,

roads, houses, and farmlands) and two scenarios (low-exposure-low-flood and

high-exposure-high-flood scenarios). Model results indicate the following:

(a) the planned expansion of hydropower plants reflected in the high exposure

scenario is responsible for a substantial increase of economic damage com-

pared with the low scenario and (b) for both scenarios, flood damage is largely

related to road closures, which result in the loss of income for villagers and the

loss of customs revenues. As this study aims both to provide methods for the

assessment of flood risk and to demonstrate them in a case study, we discuss

future work related to model-based flood risk assessments that are needed

towards flood risk reduction in Nepal.
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1 | INTRODUCTION

Flood risk in Nepal, a country known for recurrent and
devastating floods, landslides, and earthquakes, has
recently increased because of changes of the spatial/tempo-
ral distribution of cumulative precipitation, economic/
demographic growth, and a lack of adequate measures for
flood risk reduction (CBS, 2014c; CRED, 2016; Gautam,
Prajapati, Paterno, Bhetwal, & Neupane, 2016; Jaquet
et al., 2015; Malego & Upreti, 2015). Flood-related hazards
in Nepal include rainfall-induced floods, glacial lake

outburst floods (GLOFs) and landslide lake outburst floods
(LLOFs), and flood-induced landslides (Bookhagen &
Burbank, 2006; Dahal & Bhandary, 2013; Dhakal, 2015;
Feyen, Dankers, & Bódis, 2011; Gaire, Castro Delgado, &
Arcos González, 2015; Kansakar, Hannah, Gerrard, & Rees,
2004; Muis, Gueneralp, Jongman, Aerts, & Ward, 2015;
Schwanghart, Worni, Huggel, Stoffel, & Korup, 2016). The
latter are caused by landslides at the river side that are trig-
gered by the scouring of river banks during high-water
flows (Chen et al., 2013; Devkota et al., 2013; Kayastha,
Dhital, & DE Smedt, 2013).
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Recurrent floods and hazards cascading from floods
have had grave consequences for many people in Nepal
over the past decades (CBS, 2014c; CRED, 2016; Gautam
et al., 2016; Jaquet et al., 2015; Malego & Upreti, 2015).
The mean annual economic cost of damage to infrastruc-
ture and livelihoods associated with floods and landslides
in Nepal for the period 1983–2010 amounts to 232 million
USD, with 1987 and 1993 being the costliest years (1.6
and 1.2 billion USD, respectively) (IDS-Nepal et al., 2014).
In 2015 and 2016, a total of 244 flood events reported in
Nepal were estimated to have damaged 2,600 buildings,
incurred economic damage of 47 million Nepali rupees
(NPR; 0.47 million USD with the exchange rate of
Bloomberg Markets, 2017), and affected 7,100 families
(Neupane et al., 2018).

The risk of the occurrence of a flood disaster, or sim-
ply flood risk, emerges from the combination of the
occurrence of flood-related hazards and the vulnerability
to these hazards (Kelman, 2015). In this work, flood risk
is represented by direct and indirect damages caused by
floods and flood-induced landslides. The extent of dam-
age from future floods is commonly estimated in mathe-
matical models in which flood risk is quantified in terms
of economic damage. In this paper, these types of mathe-
matical models are referred to as flood risk assessment
models (FRAMs). While FRAMs are widely produced
and used by academics, governmental agencies, and the
insurance industry (Gerl, Kreibich, Franco, Marechal, &
Schröter, 2016; Grossi, Kunreuther, & Patel, 2005; United
Nations, 2015), we have not found one developed for
Nepal, although various assessments of flood risk have
been made in terms of flood depth and vulnerability for
the country or various parts of it (e.g., ADPC, 2015;
Khanal, Hu, & Mool, 2015; Rimal, Baral, Stork,
Paudyal, & Rijal, 2015; Rounce, Mckinney, Lala, Byers, &
Watson, 2016).

The lack of estimates of the economic value associ-
ated with future flood damages hampers the ability of
decision-makers to comprehend the urgency of the
implementation of improved measures for flood risk
reduction for the general population, businesses, and
the Government of Nepal (Dixit, 2009). To address this
inadequacy of measures for flood risk reduction, we
develop a FRAM that expresses the risk of floods and
flood-induced landslides in terms of economic damage
for both a low and high exposure scenario. The model is
applied for an area in the Sindhupalchok District of
Nepal where recent and historical evidence suggests that
both floods and flood-induced landslides are recurrent
and destructive (Cook, Andermann, Gimbert, Hovius, &
Adhikari, 2017; Regmi, Cui, Dhital, & Zou, 2016;
Shrestha & Nakagawa, 2016).

2 | STUDY AREA

The 1,376 km2 study area in the Sindhupalchok District is
a part of the Koshi Basin, which includes regions of China,
Nepal, and India. The study area, which is the Nepali
part of the basin with the outlet of the Sunkoshi at Dola-
lghat, includes the Bhotekoshi Sub-Basin from Liping to
Bahrabise (359 km2) and the Balephi Sub-Basin down to
Balephi Village (676 km2) (map on the left in Figure 1).

The study area contains seven river reaches (i.e., longi-
tudinal stretches of rivers defined for modeling purpose)
that are considered in the FRAM (map on the right in
Figure 1). In the Bhotekoshi Sub-Basin, two river reaches
correspond to the precipitation- and glacier-fed Bhotekoshi;
and another river reach corresponds to the precipitation-
fed Chaku River. The fourth river reach is in the Balephi
Sub-Basin and corresponds to the precipitation-fed Balephi
River. The fifth river reach is the precipitation-fed Upper
Sunkoshi. Finally, the Sunkoshi, which originates in
Bahrabise (where the Upper Sunkoshi and the Bhotekoshi
meet) and extends down to its confluence with the
Indrawati River at Dolalghat, is split into two reaches at
Balephi Village.

According to the Central Bureau of Statistics of the
Government of Nepal (CBS, 2014a), the study area con-
tains 37 of the 80 village development committees of
the Sindhupalchok District, representing 127,520 of the
287,794 people in the district. The United Nations Devel-
opment Program (UNDP, 2014) estimates an annual 2014
Gross National Income (GNI) per capita of 687 USD for
the Sindhupalchok District, to which the income from
agricultural activities contributes 50%. As per 2017, there
are at least four major sources of income for the local pop-
ulation in the study area: agriculture, remittances, employ-
ment in retail trades, and jobs related to infrastructure
construction and maintenance (Delalay et al., 2018). Until
the closure of the customs station in Liping in 2015,
income generated from road traffic (mainly the Araniko
Highway) added significantly to the income for the local
population, with many working as traders and porters, or
in storage facilities, hotels, restaurants, and kiosks. The
customs station was closed after damage during both the
2015 Gorkha Earthquake and the 2016 Bhotekoshi GLOF.

As of January 2017, there were seven existing HPPs of
installed capacity >1 MW that were registered with the
Department of Electricity Development of the Government
of Nepal (DoED, 2017). In addition, the river corridors of
the study area contained 11 plots of land where the
DoED (2017) reported that HPPs could be developed in the
future (map on the left in Figure 1). With an estimated 5 bil-
lion USD per annum at 2010 prices, the net economic value
of potential HPPs in Nepal is substantial (Rasul, 2015).
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3 | METHODS

3.1 | Overview of existing methods

In the academic and grey literature, the implementation of
FRAMs that quantify risk in terms of economic damage
generally relies on the existence of a relationship between
the magnitude of the hazard, exposure (which represents
the portion of assets that flood-related hazards might incur
direct damage to), and both the direct and indirect
damages caused by the hazard (OECD, 2016; de Moel,
VAN Alphen, & Aerts, 2009; Koks, Bočkarjova, Moel, &
Aerts, 2014; Shaw & Rahman, 2015; Smith, 1994; Swiss
Re, 2012). The methods used in FRAMs are highly hetero-
geneous and vary according to the purpose, constraints,
and requirements of the model (Agoshkov, 2002). Despite
this heterogeneity, FRAMs have generally three compo-
nents in common: a hazard module, an asset module, and
an aggregation module (Arnell, 1989; de Moel et al., 2009;
de Moel et al., 2015; Grossi et al., 2005; Ligtvoet et al., 2013;
Smith, 1981; Swiss Re, 2012; Woo, 2011). Many studies, for
example those of McGrath, Bourgon, Proulx-Bourque,

Nastev, and Abo El Ezz (2018), Muis et al. (2015), and Wil-
son et al. (2007), focus on the hazard module only.

In the hazard module, hazard raster layers either
correspond with scenarios (each of which is possibly
assigned a probability of occurrence) or are fully probabi-
listic (e.g., a probability distribution of water depth is
computed for each pixel). In the asset module, in general,
LULC raster layers are produced, and functions for each
asset category that relate hazard magnitude and damage
are derived. Damage functions that define the ratio
between the damage by floods and the total economic
value according to the water depth are an example of
such functions (de Moel et al., 2009; Gerl et al., 2016;
Smith, 1994).

Finally, the outputs of the hazard module and the
asset module are combined in the aggregation module.
This last module routinely includes Monte-Carlo simula-
tions to convolute or marginalise probability distribu-
tions, for example, the distributions of water depth per
pixel or the conditional distribution of damage ratio
given the water depth. The calculation of indirect damage
generally depends on the estimated value of direct

FIGURE 1 Study area. The left map shows the division of the study area into sub-basins, as well as the 7 existing (red dots) and

11 planned (black dots) hydropower plants (HPPs) as per the DoED (2017). The right map shows elevation ranges and settlements, as well as

the seven river reaches
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damage (Smith, 1994). In the aggregation module, flood
risk can be quantified as the expected annual damage,
which is calculated by integrating the loss exceedance curve
(i.e., a mathematical function where damage depends on
exceedance probability) as in Drab and Riha (2010).

In this work, we split our model into these three mod-
ules. Our modeling methods, described in detail in the
following sections, draw conceptually from the general
methods described in this section, and have been defined
to align with the purpose, constraints, and requirements
of our model.

3.2 | Underlying hazards, asset
categories, scenarios, and model
implementation

Again, the hazards underlying flood risk in our FRAM
are floods (i.e., rainfall-induced floods, GLOFs, and
LLOFs) and flood-induced landslides. We model the eco-
nomic value of eight types of consequences of flood-
related hazards, which are classified according to the
damage type (direct and indirect damage) and the asset
category (HPP, road, settlement, and farmland).

The modeled damage to the asset category HPP corre-
sponds with damaged headworks and powerhouses
(direct damage), as well as the loss of revenue due to the
interruption of power generation (indirect damage). The
modeled damage to the asset category road corresponds
with the physical damage to roads (direct damage), as
well as the loss of customs revenue due to road closures
(indirect damage). The modeled damage to the asset cate-
gory settlement corresponds with damaged houses (direct
damage), as well as the loss of revenue for the local popu-
lation due to road closures (indirect damage). Finally, the
modeled damage to the category farmland corresponds
with the loss of crop (direct damage), as well as the loss
of revenue from subsequent harvests due to long-term
damage to agricultural fields (indirect damage).

The indirect damage for all four asset categories is cal-
culated for a time horizon of 2 years. Economic values
are not discounted to present values because of the short-
ness of the time horizon. Economic values of damage are
estimated for a low-flood-low-exposure scenario (called
hereafter “low scenario”) and a high-flood-high-exposure
scenario (called hereafter “high scenario”). The low
scenario includes the following inputs and parameters:
(a) the baseline-flood extent raster layer derived in
Delalay et al. (2018), representing low-magnitude floods;
(b) the presence of seven HPPs, that is, the HPPs that
exist as per January 2017 (DoED, 2017); and (c) a house
value of 1.5 million NPR (15,000 USD), which corre-
sponds to the 2017 value of a house and is estimated from

interviews described in Delalay et al. (2018). The follow-
ing inputs and parameters are used for the high scenario:
(a) the high-extreme-flood extent raster layer in Delalay
et al. (2018), representing high-magnitude floods; (b) the
presence of 18 HPPs, which is the number of existing and
planned HPPs as reported by the DoED (2017); and
(c) a house value of 3 million NPR (30,000 USD; this
value accounts for both demographic and economic
developments).

The rationale for the definition of these scenarios is
that while both an increase of the volume of river runoff
and economic/demographic growth (e.g., construction of
HPPs and higher standard of living of the population)
are predicted for Nepal there are high uncertainties in
their estimation (CBS, 2014b; CBS, 2014c; DoED, 2017;
Gautam et al., 2016; Jaquet et al., 2015; Lutz, Immerzeel,
Shrestha, & Bierkens, 2014; Malego & Upreti, 2015;
Rimal et al., 2015; UNDP, 2014). Further, the model
relies on scenarios because the flood raster layers do not
provide information on either water depth of flooded
areas or probabilities of occurrence, which impedes the
use of damage functions and loss exceedance curves.
Important in our definitions is that the terms “low” and
“high” refer to the flood extent and the exposure, not to
the flood risk.

This work relies on primary data collated during field
work (including the interviews described in Delalay
et al. (2018)) and secondary data. Essential information
from interviews includes the following: (a) economic
value per pixel for the asset categories HPP, road, and set-
tlement and (b) the duration of road closures and disrup-
tion of HPP operations which result from environmental
hazards. The secondary data comes from the following
sources: Delalay et al. (2018) for the flood hazard raster
layers; Delalay, Tiwari, Ziegler, Gopal, and Passy (2019)
for the land-use and land-cover (LULC) raster layer; the
International Center for Integrated Mountain Develop-
ment (ICIMOD, 2017c) for the landslide database; the
United States Geological Survey (USGS, 2017) for the
1 arc-second SRTM; and the DoED (2017) for the data-
base of HPPs. The R (R Foundation, 2017) codes, as well
as links to input and output data, are available in a
GitHub repository (Delalay, 2018). All raster layers used
and derived in the FRAM have a spatial resolution of
1 arc-second (about 30 m at real scale).

3.2.1 | Hazard module

In the hazard module, we include two flood raster layers
that correspond with the baseline-flood and high-extreme-
flood scenarios in Delalay et al. (2018). In that study,
flood raster layers are derived for three scenarios using a
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conceptual model that draws from a bathtub inundation
model (McGrath et al., 2018; Muis et al., 2015; Wilson
et al., 2007). In addition, the hazard module covers three
steps that are involved in the derivation of raster layers of
flood-induced landslides: (a) identifying the locations of the
toes of potential flood-induced landslides; (b) estimating
the landslide area; and (c) defining sampling weights.

The locations of the toes of potential flood-induced
landslides are derived based on two inputs: (a) the flood
raster layers and (b) the hydrological and geological
variables that are known to condition landslides in Nepal
(Devkota et al., 2013; Kayastha et al., 2013; Regmi
et al., 2016). In our model, conditioning variables include
the slope of the terrain, the distance to a river bend, and
the presence of flood-water. Each toe of a potential flood-
induced landslide is contained in a pixel. For each of the
low-flood and high-flood scenarios, the locations of toes
of potential flood-induced landslides are assumed to be in
pixels that have the following properties: (a) they are
adjacent to the outer bend of the river; (b) they have a
slope ≥ 30%; and (c) they are flooded according to the
flood raster layer for the flood scenario that is considered.
The rationale for the first assumption is that the flow
velocity is generally the fastest at the outer bend of a river
bed. The second assumption relies on an estimated slope
threshold at which landslides in Nepal are recurrent
(Kargel, Leonard, & Shugar, 2016). The third assumption
enables the modeling of a causal link between floods and
flood-induced landslides.

The location of a potential flood-induced landslide is
constructed by defining both its orientation from its toe
and its area. The orientation follows the tangent of the
outer bend of the river. The area of all potential flood-
induced landslides is assumed to be 14,000 m2, which is
an arithmetic mean derived from the landslide inventory
of ICIMOD (2017b).

Sampling weights are contained in the raster layer of
sampling weights of potential flood-induced landslides.
The sampling weights are used in the aggregation module
to identify a subset of potential flood-induced landslides
and to simulate raster layers of actual flood-induced land-
slides. Sampling weights of potential flood-induced land-
slides depend on both the angle of river curvature and the
lithology, as sampling weights are the normalised product
of the so-called “rock weight” and “angle weight.”

The sampling weight associated with a potential
flood-induced landslide increases with a higher fragility
of rocks in the geological formation at the toe of the land-
slide. As such, the rock weight depends on the predomi-
nant rock at the location of the toe of the flood-induced
landslide. The rock weights take discrete values equal to
0.1, 0.2, 0.3, or 0.4 (the higher the value, the more fragile
the rock). The map of geological formations is supplied

by ICIMOD (2017a). Also, the sampling weight increases
with a wider angle of the adjacent river bend. Angle
weights have discrete values equal to 0.33 or 0.67 (the
higher the value, the wider the angle).

3.3 | Asset module

In the asset module, value raster layers are defined in two
steps. First, the LULC raster layer derived in Delalay
et al. (2019), which already contains the land-use types
“settlement” and “farmland,” is refined to include the
land-use types “HPP” and “road” for both the low-exposure
and high-exposure scenarios. The refined LULC raster
layer includes 7 HPPs for the low-exposure scenario and
18 HPPs for the high-exposure scenario. Shapefile layers of
polylines of roads are digitised based on Google Earth
images (Digital Globe, 2017), validated with GPS measure-
ments taken in April 2017, and converted into raster layers.

For each of the refined LULC raster layers, an eco-
nomic value is assigned to each pixel that corresponds with
the land-use “HPP,” “road,” “settlement,” and “farmland.”
The economic value per pixel p and asset category y is den-
oted EVp, y for y = {road, farmland}. If a distinction is made
for the exposure scenario k, it is denoted EVk, p, y, where
y = {HPP, settlement}. These values are estimated from
Bhandari, Bhattarai, and Aryal (2015), CBS (2014c), and
CBS (2013) for farmland. For the other asset categories,
these values are based on the analysis of interviews that
are presented in Delalay et al. (2018).

For the calculation of EVp, HPP, the total value of an
HPP per MW is estimated at 164 million NPR (1.6 million
USD) for both exposure scenarios. For the calculation of
EVp, road, the replacement cost per kilometre of roads is
estimated to be 100 million NPR (1 million USD). For the
calculation of EVlow, p, settlement and EVhigh, p, settlement,
the economic value of a house is set equal to 1.5 million
NPR (15,000 USD) and 3 million NPR (30,000 USD),
respectively. For the calculation of EVp, farmland, the value
of crop per km2 of farmland is set equal to 4.9 million
NPR (49,000 USD), which is an estimation of the farm
gate crop value of a mix of millet, rice, maize, and wheat.

Other outputs of this module are the value of the
percentage of affected exposure (PAE), as well as the
parameters of the theoretical distribution function that is
assumed for the mean damage degree (MDD). The ratio
between the value of the direct damage and the value of
the exposure (which represents the portion of assets that
flood-related hazards might incur direct damage to) is set
equal to the product of the PAE and the MDD as proposed
by Swiss Re (2003). This approach considers that only a
part of the total exposure is affected by floods and flood-
induced landslides; this ratio is the PAE. Subsequently, the
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affected exposure is in general only partially damaged. This
degree of damage to the affected exposure is the MDD.

In the model, the PAE is set at 7% for all asset catego-
ries; and two assumptions related to the MDDs are made:
(a) the MDDs follow a Beta distribution (for the domain of
this distribution is between 0 and 100%) with α = β = 4
(such that the mean of the distribution is 50% and the dis-
tribution is symmetric) and (b) MDDs are independent
within and across asset categories.

3.3.1 | Aggregation module

The outputs of the aggregation module are probability
distributions that are generated by using Monte-Carlo
simulations. For each combination of a flood scenario
i = 1, 2 (i.e., low-flood and high-flood), an exposure sce-
nario k = {low, high}, a simulation j = 1, …, 1000, and an
asset category y = {HPP, road, settlement, farmland},
both direct damage and indirect damage are simulated.

For each scenario, two pseudo-random draws (i.e., sam-
pling from probability distributions that are not a uniform
distribution) are used to simulate each of the 1,000 raster
layers of actual flood-induced landslides. First, the actual
count of flood-induced landslides (denoted X) is sampled
from a Poisson distribution, the parameter λ of which is
the product of the following terms: (a) the ratio between
the mean count of landslides and the maximum count of
landslides in the study area, as per the landslide inventory
of ICIMOD (2017b) and (b) the count of all potential flood-
induced landslides in the raster layer of potential flood-
induced landslides (see above for the derivation of this ras-
ter layer) for the flood scenario considered.

The second pseudo-random draw is used to sample
the locations of these X flood-induced landslides from a
discrete density function of the potential flood-induced
landslides. The discrete density function is derived from
the raster layer of sampling weights of flood-induced
landslides. For the low-flood scenario (respectively the
high-flood scenario), the hazard raster layer for any of
the 1,000 simulations is obtained from the union of the
raster layer of actual flood-induced landslides for that
simulation and the flood raster layer representing low-
magnitude floods (respectively high-magnitude floods).

For each of the 1,000 simulations, the values of direct
damage DDi, j, y or DDi, j, k, y if the direct damage varies
according to the exposure scenario, are computed in five
steps. First, for a simulation, an exposure raster layer is
obtained from the intersection of the value raster layer
and the hazard raster layer (Figure 2). Second, for each
asset category, the number of pixels of exposure that are
affected by the hazards, denoted N, is calculated as a por-
tion (i.e., PAE = 7%) of the total number of exposure

pixels. Third, the N pixels of affected exposure are ran-
domly selected with equal probability. Fourth, MDDs are
generated for all N selected pixels. Finally, for each of the
N pixels, the economic value associated with the asset cat-
egory of the pixel is multiplied by the MDD. These values
are summed to obtain the economic values of direct dam-
age for the simulation and asset category. The following
equations describe the derivation of the direct damage:

DDi,j,y =
XP
p=1

1A yð Þ �MDDi,j,p �EVp,y for y= road, farmlandf g

ð1Þ

DDi,j,k,y =
XP
p=1

1A yð Þ �MDDi,j,k,p �EVk,p,y for y= HPP,settlementf g

ð2Þ

where p = 1, …, P represent the pixels of the study area;
1A(y) is the indicator function with A(y) the subset of all
sampled pixels of exposure of the asset y (the sampled
pixels depend on the PAE); MDDi, j, p is the sampled
MDD at pixel p for the flood scenario i and simulation j;
EVp, y is defined above; MDDi, j, k, p is the sampled MDD
at pixel p for the flood scenario i, exposure scenario k,
and simulation j; and EVk, p, y is defined above (Figure 3).

The calculation of indirect damage varies for each asset
category. Indirect damage for the category HPP depends on
the direct damage modeled for this asset category. In each
of the 1,000 simulations, for each pixel where direct dam-
age to HPPs with an MDD higher than 20% is modeled,
indirect damage amounts to the value of 2 years of revenue
from power generation. To obtain the two-year value, the
mean 2-year revenue per MW of 47 million NPR (470,000
USD) is multiplied by the installed capacity of the HPP. No
indirect damage to the HPP is modeled if the MDD related
to the direct damage is equal to or lower than 20%. The
economic value of indirect damage for HPPs is therefore
calculated as follows:

IDi,j,k,HPP =
XP
p=1

α �1A �MWp,k ð3Þ

where α represents business interruption and is set equal
to the mean two-year revenue per MW of 47 million NPR
(470,000 USD); 1A is the indicator function with A the
subset of all sampled pixels of exposure of HPPs for
which MDDi, j, HPP, p > 20% in Equation (2) and MWp, k

is the installed capacity of an HPP at pixel p for the expo-
sure scenario k.

Indirect damage for the category road depends on the
modeled direct damage for this category. In each of the
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1,000 simulations, the duration of road closures ranges
between half a year and 2 years. This duration is calcu-
lated by assuming it to be linear with the direct damage
to roads that is normalised with the 10%-quantile and
90%-quantile of direct damage to roads across all scenar-
ios and all simulations. The duration of road closures is
multiplied by an annual customs revenue of 3,600 million
NPR (36 million USD) to compute the value of indirect

damage. The economic value of indirect damage for the
asset category road is therefore calculated as follows:

IDi,j,road = β �RCi,j

= β � 0:5+
DDi,j,road−DD�,�,road;10%

DD�,�,road;90%−DD�,�,road;10%
� 2−0:5ð Þ

� �

ð4Þ

FIGURE 2 Derivation of the

exposure raster layer for a

simulation and a part of a

settlement, Gloche (which is

indicated in green in the inset map),

assuming for illustration purpose

the presence of one asset category

only (settlement). Orange and red

pixels indicate the land-use

“settlement” as per the LULC raster

layer. A settlement pixel is included

in the exposure raster layer (red

pixels) when it overlaps with a pixel

of the hazard map that indicates the

presence of a flood-related hazard

FIGURE 3 Modeling flowchart of the aggregation module. For each combination of flood scenario i = 1, 2 (i.e., low-flood and high-

flood), exposure scenario k = {low, high}, simulation j = 1, …, 1,000, and asset category y = {HPP, road, settlement, farmland}, both direct

damage and indirect damage are simulated. The text in boxes represents input and output. The free text represents operations
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where β is the annual customs revenue of 3,600 million
NPR (36 million USD); RCi, j represents the duration of
road closures (between half a year and 2 years) for a flood
scenario i and simulation j; DDi, j, road is defined in Equa-
tion (1); and DD�, � , road; 10% and DD�, � , road; 90% are the
10%-quantile and 90%-quantile of direct damage to roads
across all scenarios and all simulations.

Indirect damage for the category settlement in each of
the 1,000 simulations depends on the duration of road
closures for the category road for the same simulation, as
well as on the following assumptions derived from both
census data in CBS (2014a) and data from interviews:
(a) there are 22,600 households near roads and customs
stations; (b) the business related to roads and customs is
the main source of income for 20% of these households;
and (c) each household earns from these activities 2000
NPR (20 USD) per day. Based on these numbers, the
annual income of villagers from the business related to
roads and customs is estimated at 3306 million NPR
(33 million USD). This value is multiplied by the dura-
tion of road closures to obtain the value of indirect dam-
age. The economic value of indirect damage for the asset
category settlement is therefore calculated as follows:

IDi,j,settlement = γ �RCi,j ð5Þ

where RCi, j is defined in Equation (4) and γ is the annual
income of villagers from business related to roads and
customs, which is estimated at 3306 million NPR (33 mil-
lion USD).

Finally, for each combination of flood scenario and
simulation, the economic value of indirect damage for
the category farmland is set equal to the value of direct
damage for this asset category multiplied by the time
horizon of 2 years (i.e., two future annual harvests are
assumed to be lost, in addition to the loss of harvest
modeled as the direct damage to farmland). The eco-
nomic value of indirect damage for the asset category
farmland is therefore calculated as follows:

IDi,j,farmland = δ �DDi,j,farmland ð6Þ

where DDi, j, farmland is defined in Equation (1); and δ = 2
is the number of future harvests that are assumed to be
damaged.

4 | RESULTS

A first important model result is that the expansion of
HPPs that is assumed in the high scenario is responsible
for a substantial increase of modeled economic damage
between the low scenario and the high scenario.

Estimated total economic damage increases between the
low scenario and the high scenario by a factor of 2.4
(Table 7), that is, from a mean of 58.8 million USD
(Table 1) to 141.8 million USD (Table 4). Total damage to
HPPs increases between the low scenario and the high
scenario by a factor of 14.5 (the highest increase among
the four asset categories; Table 7), from a mean of 1.5
million USD (Table 1) to 22 million USD (Table 4). For
each scenario, a bar chart split by asset category and sta-
cked by damage type is provided in Figure 4.

Because both the extent of hazards and the exposure
value increase from the low scenario to the high scenario,
it is useful to explore further the reason for the increase
of the total damage. To do so, the following modeling
steps were taken: (a) run the model assuming the combi-
nation of the high-flood scenario with the low-exposure
scenario; (b) compare these results with the results of the
high scenario (i.e., the combination of the high-flood sce-
nario with the high-exposure scenario); (c) run the model
assuming the combination of the low-flood scenario with
the high-exposure scenario; and (d) compare these results
with the results of the high scenario.

These comparisons show that the total economic
damage increases between the high-flood-low-exposure
scenario and the high scenario by a factor of 0.2, from a
mean of 119.6 million USD to a mean of 141.8 million
USD (Table 8). Direct and indirect damage to HPPs
increases between the high-flood-low-exposure scenario
and the high scenario by a factor of 4.7 (the highest factor
across the four asset categories; from 3.9 million USD to
22 million USD).

Total economic damage increases between the low-
flood-high-exposure scenario and the high scenario by a
factor of 0.8, from a mean of 81 million USD to a mean of
141.8 million USD (Table 9). Direct and indirect damage
to HPPs increases between the low-flood-high-exposure
scenario and the high scenario by a factor of 0.1 (from
20.5 million USD to 22 million USD). Therefore, the
increase of total economic damage between the low sce-
nario and the high scenario is driven by the increase of
two parameters: (a) the number of HPPs that could be
damaged (i.e., from 7 to 18 HPPs) and (b) the extent of
hazards.

A second important model result is that, considering
direct damage only, HPPs and houses incur the highest
mean economic damage for both scenarios. As shown in
Tables 2 and 5, direct damage is split between the four
asset categories for the low and high scenarios as follows:
16% and 53% for HPPs; 76% and 44% for houses; 8% and
3% for roads; and <1% for farmlands.

A third result is that, in a region where half of the
population holds agricultural land smaller than 5,000 m2,
and subsistence agriculture is a common practice, direct
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and indirect damage to farmlands cannot be neglected,
even though the estimated values for these damages are
an order of magnitude lower than the estimated damage
to the three other asset categories. The total damage to
farmland is significantly lower because the modeled area
of farmland vulnerable to floods and flood-induced land-
slides is small (1.2 km2 for the low scenario and 1.9 km2

for the high scenario) and the economic value per pixel is
much lower for farmland than for the three other asset
categories.

A fourth important model result is that, for both sce-
narios, flood risk is largely associated with the threat of
road closures, which result in the loss of income for vil-
lagers and the loss of customs revenues. In the low and
high scenarios, respectively, 92% and 86% of the damage
summed over all four asset categories is indirect (Tables 3
and 6). In both scenarios, the categories road and settle-
ment have the largest share of indirect damage (Tables 2
and 5). In the low scenario, the loss of customs revenue
owing to road closures (27.8 million USD) contributes

TABLE 1 Low scenario, mean

economic value and standard deviation

in brackets

Low scenario HPP Road Settlement Farmland All assets

Direct damage 0.7 (0.8) 0.4 (<0.1) 3.6 (0.1) <0.1 (<0.1) 4.7 (0.8)

Indirect damage 0.8 (0.8) 27.8 (3.2) 25.5 (2.9) <0.1 (<0.1) 54.1 (6.2)

Total damage 1.5 (1.6) 28.2 (3.2) 29.1 (2.9) <0.1 (<0.1) 58.8 (6.4)

Values are in million USD per damage type and asset category.

FIGURE 4 Stacked bar charts of the mean value of direct and indirect damage in million USD. The chart on the left shows damage for

the low scenario. The chart on the right shows damage for the high scenario. In both charts, the x-axis represents the asset category. The

asset category farmland is not displayed because of the small damage values that are modeled for this asset category

TABLE 2 Low scenario, contribution of asset category to damage type

Contribution of asset category to damage type
(low scenario) HPP Road Settlement Farmland All assets

Direct damage 16% 8% 76% <1% 100%

Indirect damage 1% 51% 47% <1% 100%

Total damage 3% 48% 49% <1% 100%
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51% to indirect damage (Tables 1 and 2). The loss of
income from road traffic for the local population (25.5
million USD) contributes 47% to indirect damage. In the
high scenario, the loss of customs revenue owing to road
closures of 57.5 million USD contributes 47% to indirect

damage (Tables 4 and 5). The loss of 52.8 million USD of
income from road traffic for the local population contrib-
utes 43% to indirect damage. As such, damage owing to
road closures contributes 98% and 90% to indirect dam-
age, for the low and high scenarios respectively.

TABLE 3 Low scenario, contribution of damage type to asset category

Contribution of damage type to asset category
(low scenario) HPP Road Settlement Farmland All assets

Direct damage 48% 1% 12% 33% 8%

Indirect damage 52% 99% 88% 67% 92%

Total damage 100% 100% 100% 100% 100%

TABLE 4 High scenario, mean

economic value and standard deviation

in brackets

High scenario HPP Road Settlement Farmland All assets

Direct damage 10.6 (9.2) 0.7 (<0.1) 8.9 (0.2) <0.1 (<0.1) 20.1 (9.2)

Indirect damage 11.4 (9.4) 57.5 (4.4) 52.8 (4.0) <0.1 (<0.1) 121.7 (12.4)

Total damage 22.0 (18.3) 58.2 (4.4) 61.7 (4.0) <0.1 (<0.1) 141.8 (19.8)

Values are in million USD per damage type and asset category.

TABLE 5 High scenario, contribution of asset category to damage type

Contribution of asset category to damage type
(high scenario) HPP Road Settlement Farmland All assets

Direct damage 53% 3% 44% <1% 100%

Indirect damage 9% 47% 43% <1% 100%

Total damage 16% 41% 43% <1% 100%

TABLE 6 High scenario, contribution of damage type to asset category

Contribution of damage type to asset category
(high scenario) HPP Road Settlement Farmland All assets

Direct damage 48% 1% 14% 33% 14%

Indirect damage 52% 99% 86% 67% 86%

Total damage 100% 100% 100% 100% 100%

TABLE 7 Difference between results from low and high scenarios (in million USD and %)

Difference from low scenario to high scenario,
mean value in million USD HPP Road Settlement Farmland All assets

Direct damage 9.8 0.3 5.3 <0.1 15.4

Indirect damage 10.6 29.7 27.3 <0.1 67.7

Total damage 20.5 30 32.6 <0.1 83.1

Factor of increase relative to low scenario 14.5 2.1 2.1 1.5 2.4

Contribution of asset category to difference in total
damage

25% 36% 39% <1% 100%
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5 | DISCUSSION AND
CONCLUSION

Important limitations of this work pertain to modeling
uncertainties, owing in part to the lack of data for the study
area and the highly parameterised modeling approaches
used. For example, the estimation of the indirect damage to
roads based only on direct damage to this asset category is
arguably crude. In fact, the duration and severity of traffic
disruption after destructive flood events are influenced not
only by direct damages but also by the availability of alter-
native means of transportation (e.g., on foot and by donkey)
and the distance between the damaged road sections.

Despite modeling uncertainties, the results show that
flood risk in terms of economic damage is severe in the
study area, and more so for the high scenario than for the
low scenario. As this paper aims to provide methods for
assessing flood risk in Nepal, we conclude by pointing to
the following suggestions toward improving the methods
proposed in this study, which could be implemented in
future work: (a) working with loss exceedance curves;
(b) adding human death to the types of consequences that
are modeled; and (c) developing FRAMs for areas that
share characteristics with the study area of this work.

In this work, flood risk is assessed in terms of economic
damage for two combinations of flood and exposure sce-
narios that are not assigned a probability of occurrence
although such an assignment is typical for flood risk assess-
ments. As such, future studies that include the derivation
of both damage functions and raster layers of water depth

associated with probabilities of occurrence could focus on
estimating flood risk in terms of the expected annual dam-
age, which would be derived by integrating a loss exceed-
ance curve (i.e., a function where the damage depends on
an exceedance probability).

Besides, some consequences of floods and flood-induced
landslides that might affect livelihoods, such as human
fatalities and casualties, are not considered in this study,
even though past consequences of floods in the Koshi Basin
include the death of people and methods have been pro-
posed to model flood risk in terms of loss of life (e.g., in
Chen et al., 2013; Jonkman & Vrijling, 2002; Brázdová &
Říha, 2014; Jonkman, Vrijling, & Vrouwenvelder, 2008).
Therefore, future work related to flood risk in Nepal could
focus on the model-based assessment of flood risk expressed
in terms of fatalities, in addition to economic damage.

Finally, the study area of this work is only one of the
many parts of Nepal that recurrently witness flood disas-
ters. As such, we advocate that local assessments of flood
risk in terms of economic damage are performed by
drawing from the methods proposed in this paper, and
that these local assessments are aggregated for the whole
of Nepal. In addition, the aggregation of local assess-
ments should be carried out for areas outside Nepal that
have the same following characteristics of our case study:
(a) high flood risk is left unaddressed; (b) the majority of
the population would strongly benefit from more secure
livelihoods; (c) there is a lack of financial resources that
are allocated to measures for flood risk reduction; and
(d) data related to flood risk (e.g., survey data after flood

TABLE 8 Comparison between the results from the high-flood-low-exposure scenario (i.e., the combination of the high-flood scenario

and the low-exposure scenario) and those from the high scenario

High-flood-low-exposure scenario and comparison,
mean value in million USD HPP Road Settlement Farmland All assets

Total damage, alternative scenario (A) 3.9 58.3 57.4 <0.1 119.6

Total damage, high scenario (B) 22.0 58.2 61.7 <0.1 141.8

Absolute stand-alone effect of high exposure (C = B − A) 18.1 <0.1 4.3 <0.1 22.2

Factored stand-alone effect of high exposure (C/A) 4.7 <0.1 0.1 <0.1 0.2

TABLE 9 Comparison between the results from the low-flood-high-exposure scenario (i.e., the combination of the low-flood scenario

and the high-exposure scenario) and those from the high scenario

Low-flood-high-exposure scenario and
comparison, mean value in million USD HPP Road Settlement Farmland All assets

Total damage, alternative scenario (A) 20.5 28.0 32.5 <0.1 81.0

Total damage, high scenario (B) 22.0 58.2 61.7 <0.1 141.8

Absolute stand-alone effect of high flood (C = A − B) 1.4 30.2 29.2 <0.1 60.8

Factored stand-alone effect of high flood (C/A) 0.1 1.1 0.9 0.5 0.8
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disasters and hydrological data) are scarce. Examples of
these countries in Asia include most countries in the
Hindu Kush Himalayan region and many upland regions
in South East Asian countries. It is hoped that the appli-
cation of the methods of this work to other relevant study
areas will increase the awareness of stakeholders, includ-
ing governments, of the importance of, and therefore
speed up action towards, improved measures for flood
risk reduction.
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