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Abstract: Flood events pose a severe threat to communities in the Lower Mekong River Basin.
The combination of population growth, urbanization, and economic development exacerbate the
impacts of these events. Flood damage assessments, critical for understanding the effects of
flooding on the local population and informing decision-makers about future risks, are frequently
used to quantify the economic losses due to storms. Remote sensing systems provide a valuable
tool for monitoring flood conditions and assessing their severity more rapidly than traditional
post-event evaluations. The frequency and severity of extreme flood events are projected to increase,
further highlighting the need for improved flood monitoring and impact analysis. In this study we
integrate a socioeconomic damage assessment model with a near real-time flood remote sensing
and decision support tool (NASA’s Project Mekong). Direct damages to populations, infrastructure,
and land cover are assessed using the 2011 Southeast Asian flood as a case study. Improved land
use/land cover and flood depth assessments result in rapid loss estimates throughout the Mekong
River Basin. Results suggest that rapid initial estimates of flood impacts can provide valuable
information to governments, international agencies, and disaster responders in the wake of extreme
flood events.
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1. Introduction
Flood events are among the costliest natural disasters and pose significant threats to many
low-lying and coastal communities [1–3]. The Mekong River Basin (MRB) is one of the most flood-prone
regions in the world. Approximately 60 million people reside there, with many inhabiting areas along
flood plains or within a few meters of sea level [4,5]. As populations and economic growth continue
to increase, so do the expected damages from future events [6]. Nicholls et al. (2008) estimate that
by the year 2070 Vietnam and Thailand alone will account for 6% of global assets and 12% of global
population exposed to flooding [7].
The effects of climate change are also expected to exacerbate threats caused by flooding. Increased
frequency, severity, and variability of storm surge, combined with rising sea levels, pose significant
risks to coastal populations [6,8]. For inland areas, changes to precipitation patterns and monsoons
can disturb the delicate balance between the necessary seasonal flood cycles and destructive extreme
events [9]. In light of these potential risks, it is increasingly important for flood managers and decision
makers to understand the socioeconomic effects of flooding on communities.
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Impact assessments are commonly used to quantify the socioeconomic effects of flooding.
Estimates of potential damages are critical to land-use planning and risk mapping, and serve as
inputs for cost-benefit analyses of flood protection systems [3,10,11]. Post-event evaluations are
commonly formulated by national governments or international agencies like the United Nations
(UN), Red Cross, World Bank, or United States Agency for International Development (USAID) [12,13].
However, these evaluations often require a significant amount of time to produce, thereby delaying
insights which could otherwise reduce vulnerability to future flood events. The ability to acquire rapid
damage estimates can provide emergency responders, public administrators, and insurance companies
valuable information in the wake of a hazardous event [14,15].
Geographic information system (GIS) and remote sensing technologies offer a way to synthesize
geospatial and socioeconomic data more rapidly and efficiently. While several recent studies have
demonstrated the efficacy of structured flood damage assessments in the MRB, these analyses
were largely constrained to local or community-level evaluations (see: [16–18]). Impact evaluations
across broader scales can be complicated by the need for trans-boundary coordination between
countries, as is the case in the MRB [19]. Here, we propose a framework that couples the near
real-time (NRT) flood detection capabilities of an existing web application (NASA’s Project Mekong;
http://projectmekongnasa.appspot.com) with a rapid damage assessment module to estimate flood
impacts on a regional scale [2].
Project Mekong is a decision support tool that leverages the rapid revisit time and low latency
afforded by NASA’s Land, Atmosphere Near Real-Time Capability for Earth Observing Systems
(LANCE) system. Imagery from the Moderate-resolution Imaging Spectroradiometer (MODIS) sensors
on the Aqua and Terra satellites are obtained twice daily at 3-hr latency. Cloud filters are applied
and a dynamic surface water classifier identifies flooding using the spectral Normalized Difference
Vegetation Index (NDVI) signatures of permanent water bodies (MOD44W). For a more detailed
description of the flood detection scheme used in the tool, see [2].
In addition to producing operational flood conditions in NRT, the Project Mekong system has
previously been benchmarked against historical imagery. One notable example is the 2011 Southeast
Asia flood, which was an event of historic magnitude and the effects of which are well documented in
the literature [20–23]. Using the 2011 flood event as a case study, this analysis seeks to: (1) demonstrate
the feasibility of assessing and visualizing socioeconomic impacts on a regional scale and (2) use
readily-accessible data to establish a framework to produce damage estimates in NRT in conjunction
with the Project Mekong tool.
2. Background and Motivation
2.1. Study Area
The Mekong is the world’s 12th longest river and provides a critical source of water for one of the
world’s most densely populated landscapes. Originating in the Tibetan plateau, it extends over 4300 km
and spans parts of China, Laos, Myanmar, Thailand, Cambodia, and Vietnam (Figure 1A) [24,25].
The basin drains an area of approximately 795,000 km2 and can be divided into two primary catchments,
known as the Upper and Lower Mekong Basins (LMB) [4]. The LMB can be further characterized by
four physiographic regions: Khorat Plateau, Tonle Sap Basin, Northern Highlands, and Mekong Delta.
The delta itself covers 39,000 km2 and is home to over 18 million people [26]. The combination of
low-lying terrain and high population density make communities in the LMB prone to river and
coastal flooding [27].
The LMB is well adapted to seasonal inundation cycles, which typically occur between July
and November. In the Mekong Delta, regular flooding affects up to 50% of the land surface [28].
The influx of nutrient-rich waters from these cycles replenishes fertile sediment for agriculture,
recharges groundwater reservoirs, and provides habitat for aquaculture [21]. While many inhabitants
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of the LMB rely on seasonal inundation for their livelihoods, they remain highly susceptible to extreme
events [29].

Figure 1. (A) Map of Mekong River Basin countries with flood extent from 2011 event. (B) Study extent
showing results of the triangular interpolated network (TIN). (C) Depth raster produced by inundation
depth analysis.

2.2. The 2011 Southeast Asia Floods
During the 2011 monsoon season, record flooding caused by a confluence of natural and
human-made factors struck communities across Thailand, Myanmar, Cambodia, Laos, and Vietnam. La
Ninã meteorological conditions resulted in a 143% increase in rainfall in Northern Thailand alone [30].
This extended period of above-average precipitation coincided with the onset of the southwest
monsoon, which occurred between May and September over Thailand and the Andaman Sea [31].
Topography and land use played an important role in the distribution of flood damages.
The gently sloping landscape resulted in an inundation of large geographic areas. Reservoir capacities
were quickly overwhelmed and increased runoff channeled a high volume of water into the LMB [19].
Several densely-populated urban areas were significantly affected by these extreme hydrologic
conditions, despite the existence of flood management infrastructure like levees and water gates.
The area around Bangkok, Thailand, for instance, had subsided between 0.5–1.6 m during the preceding
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several decades [30]. The combination of increased vulnerability and the dense concentration of people
and infrastructure is believed to have increased the resulting flood damages.
2.3. Flood Impact Assessments
Impact assessments are a critical component of flood management plans. Most modern flood
management strategies rely on risk analyses that consider the probability of a given hazard (e.g.,
the 100-year flood) and its associated effects [10,32]. The expected damages from a flood event are
a function of the vulnerability of a given population. Many factors can affect the vulnerability of a
population, including socioeconomic variables like accumulated wealth, mobility, or the health status
of households; robustness of infrastructure; flood characteristics like depth, duration, or flow velocity;
and the existence of warning and response variables [16].
There are multiple ways to structure a flood impact assessment, all of which is subject to challenges
and assumptions. Flood impacts are often described using a framework that classifies damages as
‘direct vs. indirect’ and ‘tangible vs. intangible’ [33]. Direct, tangible damages are those that occur as
a result of direct contact with water and can be readily quantified by established metrics [3,10].
Other direct damages, such as the loss of human life, pose distinct ethical challenges when it
comes to assigning damage values, leading them to be considered intangible [34,35]. Examples of
indirect damages would be loss of income due to displacement, suspension of education, or issues of
intergenerational justice [32,36]. Here, we focus primarily on the direct, tangible damages associated
with flood inundation throughout the LMB.
Several countries have developed standardized flood impact frameworks which allow flood
events to be compared across time [10]. In the U.S., the Federal Emergency Management Agency
(FEMA) uses the Hazards U.S. (HAZUS) model for mitigation and recovery planning, as well as disaster
preparedness and response [37]. The model is highly detailed, and is used to calculate exposure for a
variety of different types of residential and commercial infrastructures. However, the most detailed
version of the multi-hazard module requires “extensive additional economic and engineering studies
by the user,” [3] (p. 3741). Performing such analyses on a regional scale can, therefore, pose nontrivial
practical and computational challenges. In the following section, we outline a streamlined workflow
to rapidly produce flood damage estimates across the MRB.
3. Materials and Methods
Here, we adapt and employ a damage assessment framework originally developed by civil
engineers in the Netherlands. This so-called “Standard Method,” as outlined in Kok et al. (2004),
calculates flood damages according to different land cover types and infrastructure categories [38].
Like the HAZUS model in the U.S., it relies on depth-dependent damage functions to determine
severity of flood impacts. While other studies consider additional flood characteristics such as flow
velocity or duration, this analysis considers only inundation depth as a simplifying assumption.
This assumption is supported by Tang et al. (1992), who found that inundation depth was the primary
driving variable for flood damages in the Bangkok area, particularly for commercial and agricultural
areas [27] (p. 55). For an extended discussion of assumptions and limitations, see the Discussion and
Conclusions section. The following sections describe how inundation depths are estimated and fed
into the model to assess damages.
3.1. Inundation Depth Estimation
To illustrate the workflow for the near real-time assessment, we consider the 2011 Southeast Asia
floods as a case study. Surface water extent estimates were obtained through The United Nations
Institute for Training and Research (UNITAR), which supports satellite data collection of natural
disasters through the Operational Satellite Applications Programme (UNOSAT). Imagery collected
by the European Space Agency’s ENVISAT Advanced Synthetic Aperture Radar Wide Swath Mode
(ASAR-WSM) shows the extent of the surface inundation between 27 and 30 September, 2011 at a
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spatial resolution of 150-m [39] (Figure 1A). A geodatabase containing the vector data of the detected
2011 flood extent is available in [40].
QGIS software was used to process the ASAR flood extent vectors according to the method
described in Cham et al. (2015) [41]. The flood extent polygon was converted to a polyline feature.
Sample points were generated around the boundary of the flood extent at 250-m intervals. Twelve tiles
from the “Multi-Error-Removed Improved-Terrain” digital elevation model (MERIT DEM) were
stitched together to produce a regional elevation layer at 3 arc-second (90-m) resolution [42]. The MERIT
DEM improves on many of the sources of error present in other global elevation datasets (e.g., speckling,
striping, and vegetation biases). However, its vertical accuracy is not without uncertainty, especially
when used in a flood modeling context. For a more detailed discussion of uncertainties see the
Discussion and Conclusions section.
At each of the sampled points, the land surface elevation from the MERIT DEM was extracted.
These elevation points were used to generate a triangular interpolated network (TIN) to serve as
an estimate for the flood surface elevation (Figure 1B). Finally, flood depths were determined by
subtracting the land surface elevation from the interpolated flood surface at each grid cell (Figure 1C).
A cross-section schematic of this process is illustrated in Figure 2.

Figure 2. Plan view (upper) and cross-section schematic (lower) illustrating flood depth estimation
using inundation extent. Figure adapted from Cham et al. (2015) [41]. DEM = digital elevation model.
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3.2. Land Use/Land Cover Map
An updated land use/land cover (LULC) map produced by the Mekong River Commission
(MRC) was used to determine damages according to different types of land cover. Land cover
classifications were derived using imagery from Landsat 5 Thematic Mapper to produce a map with
30-m spatial resolution. Field surveys were conducted on 9357 points across the LMB to validate
classifications [43]. In total, 19 unique land classifications were derived (Figure 3). The LULC map was
resampled to match the DEM resolution using nearest neighbor method and was exported as an array.
Arrays for land cover and inundation depths were imported in an R model to calculate damages on a
per-pixel basis.
3.3. Infrastructure and Population Density
Population data produced by NASA’s Socioeconomic Data and Applications Center (SEDAC)
provide global, gridded estimates of population density at a resolution of 30 arc-second (~1 km) [44].
SEDAC also provides global datasets for roadways. Road data were clipped to the study area and
classified as primary (highway), secondary (roadway), or residential/other according to the attribute
‘fclass’ designation (Figure 4) [45]. Road vectors were rasterized to match the resolution of the depth
raster. Rasterized roads were exported as an array with indices corresponding to road type.

Figure 3. (A) Land use/land cover (LULC) map produced by Mekong River Commission (MRC, 2010).
(B) Inset showing study extent and LULC details considered in this analysis. (C) Close view of the
Tonle Sap Lake region, Cambodia.
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Building infrastructure data were obtained from OpenStreetMap (OSM) [46,47]. Building locations
and footprints were collected for the entirety of Thailand, Cambodia, Laos, and Vietnam and merged
into a single dataset in QGIS. Building centroids were used to extract flood depths at point locations to
estimate flood damages on a per-structure basis. Individual buildings were classified as either ‘urban’
or ‘rural’ structures according to a population density threshold of 1000/km2 (Figure 4) [48].
Leveraging open-source data presents a unique opportunity for understanding
community-level impacts. However, since OSM data is user-generated, there are likely nontrivial data
gaps and inconsistencies. Over 955,000 digitized structures across the Mekong region are included
in this dataset, which would almost certainly underestimate the actual total number of residential
and commercial buildings. For locations where OSM data does not exist but was classified as ‘Urban’
on the MRC LULC map, we supplement our understanding of infrastructure damages using the
method described in Chen (2007). This approach calculates damages according to the area of urban
land affected and uses a 40% correction factor to estimate the proportion of urban land occupied by
infrastructure [49]. Damage estimates for both methods were combined to produce estimates for total
building infrastructure damages.

Figure 4. Population density (left), regional road networks (center), and building centroid and footprint
data (right, below) considered in this study.

3.4. Damage Model
Flood damages are calculated as a function of three variables: damage factor category, a; maximum
damage value, S; and the number of affected units, n
n

S=

∑ a i n i Si

i =1

(1)
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Damage factors for each category are determined by depth-damage functions (Figure 5). For each
affected grid cell, the associated inundation depth is fed into the appropriate damage curve for the
underlying land cover. The curves used in this study were derived primarily for use in the Huong River
Basin, Vietnam, but we assume validity for other communities throughout the MRB [49]. For some of
the land use classes considered in this study, no documented depth-damage relationship exists. In such
cases, we adopt the closest analogue in order to approximate damage values (e.g., use ‘forest’ curve for
‘orchard’ class). This is a noted limitation of this approach and can also be seen as a motivation for the
development of refined depth-damage curve datasets as well as more established land cover proxies.

Figure 5. Damage factor curves for agriculture, forest, and infrastructure classes (upper) and rice
varieties (lower) found in the Lower Mekong Basins (LMB). Curves digitized and adapted from Chen
(2007) [49].
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Maximum damage values, Si , are also regionally-derived from studies performed in Vietnam
and Thailand (Table 1) [16,17]. Maximum damage values indicate the total value assigned
to a land cover type or infrastructure class per a unit area (e.g., crop destruction/m2 , roads
impacted/m). Specific damage amounts are calculated based on either cost of replacement or cost
of reconstruction [38,49]. For the purposes of this case study, we assume any crop that comes into
contact with flood waters is considered ‘totally destroyed.’ However, the literature provides alternative
damage values for partially destroyed crops. For a full table of the maximum damages values used in
this study, see Table A1.
Table 1. Maximum damage values (Si ) used in this study.
Land Utility
Rice, totally destroyed
Crop, totally destroyed
Other plants, totally destroyed
Rice, partially destroyed
Crop, partially destroyed
Other plants, partially destroyed

USD/m2
Agriculture
0.078
0.109
0.147
0.027
0.030
0.030

Source

Leenders et al. (2009)

Fishery
Farm ponds and paddy fields
Shrimp and shell fish
Freshwater fish
Urban area
Rural area
Provincial road
National road
Railway
Other crops
Forest

0.639
1.706
0.048
Infrastructure
29
22
80
400
1000
0.02
0.84

Leenders et al. (2009)

Giang et al. (2009)

4. Results
4.1. Land Cover Damages
The majority of inundation for the 2011 case study example extends from Tonle Sap Lake south
toward the Mekong Delta (Figure 6). In total, approximately 23,000 km2 was found to be inundated,
with the majority (58%) classified as annual cropped rice. While rice paddies did comprise most
of the inundated land area, they were only found to account for around 14% of the total damages
(Table 2). The flooded forest belt surrounding the Tonle Sap Lake accounted for the majority of land
cover damages (64%), due to its comparatively higher maximum damage value for Forests (0.84 vs.
0.078 USD/m2 ), as well as the sensitivity of the ‘Forest’ damage curve to inundation depths between 0
and 0.5 m. The exact damage values for the forest class were derived from the Vietnamese Central
Region Urban Environment Improvement Project (CRUEIP) as the unit cost to replace forest in the
Thua Thien Hué Province [49,50]. As the expected damages for each land cover class are highly
dependent on the associated maximum damage value, it is worth evaluating whether local values
can be applied regionally. For a more detailed discussion of the limitations of this framework, see the
Discussion and Conclusions section.
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Figure 6. Results of damage assessment for land cover categories. Color gradient represents severity of
damages in USD/m2 .
Table 2. Affected area and damage estimates for land utilities considered in this study.
Land Utility

Area (km2 )

Damages (USD)

Rice Rotated with Annual Crop
Annual Crop
Shifting Cultivation
Orchard
Flooded Forest
Grassland
Shrub Land
Urban
Bare Land
Industrial Plantation
Deciduous Forest
Evergreen Forest
Forest Plantation
Bamboo Forest
Coniferous Forest
Mangrove
Marsh/Swamp
Aquaculture
Aquaculture Rotated with Rice
Total

13,355.05
1502.03
38.02
332.35
3542.54
1938.22
1398.63
275.17
68.65
1.42
8.43
2.28
11.35
1.71
482.85
8.32
26.39
22,993

645,235,056
126,696,853
3,073,550
6,572,509
2,889,181,644
44,535,518
34,103,750
710,538,630
0
24,608
2,905,977
1,530,465
8,798,317
842,254
12,703,670
211,169
27,770
4,486,981,740
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4.2. Infrastructure Damages
Over 275 km2 of ‘urban’ land and 29,170 individual structures were exposed to inundation across
the study area, according to the open source data. Total estimates of urban and residential damages
amounted to $710 million. Nearly 5000 km of roads were flooded with nearly all being classified as
either secondary roadways or residential streets. Roads were flooded at an average depth of 1.1 m,
with an upper 95% quantile depth of 3.63 m.
4.3. Populations Affected
The ASAR-WSM flood extent encompassed an area of roughly 40,500 km2 . Based on population
densities of the SEDAC dataset, it was estimated that approximately 4.1 million people resided within
the inundated extent. Estimates from the United States Agency for International Development (USAID)
place the total number of ‘affected people’ at over 4.73 million across Thailand, Cambodia, Laos, and
Vietnam (USAID, 2011). Due to the satellite path, part of the inundated area along the Mekong
Delta was not included in this analysis, which could potentially explain the discrepancy between
these figures.
5. Discussion and Conclusions
The 2011 Southeast Asia flood provides a valuable case study for demonstrating the feasibility
of near real-time damage assessments. Our results demonstrate that GIS-based approaches to such
assessments can efficiently synthesize geospatial and economic data to produce damage estimates at
time scales useful for first responders and decision makers. Furthermore, the impact assessment
framework can be readily implemented at different spatial scales and locations, providing that
associated depth-damage relationships and maximum damage values are known. While the method
described here may have some advantages over traditional post-even evaluations, it is subject to
uncertainties surrounding the estimated flood depths as well as the damage factors used.
5.1. Flood Depth Estimates
Flood depth estimates serve as the primary driving variable for the damage curves used in
this study. While organizations like the MRC have an extensive network of hydrological monitoring
stations (e.g., discharge, meteorological, or rain gauge stations), there is a limited distribution of
real-time river gauges [51,52]. In the absence of widespread field-based observations of inundation
depths from the 2011 flood, we compared the output of the TIN-derived depths with modeled
estimates produced by the MRC. A simulation of a large flood event was generated using the
MIKE11 hydrodynamic model, which produced estimates of inundation extent and depth at 100-m
horizontal resolution. Geographic agreement between the ASAR-detected flood extent and the modeled
extent was fair, with the modeled output failing to capture flooding north of the Tonle Sap Lake
(Figure A1). Where inundation extents overlapped, the flood depths also showed good agreement
(Figure A2). For this comparison, TIN-derived depths less than one meter were binned up to one
meter, to match the MIKE11 output (the full distribution of the inundation depths produced by this
study can be seen in Figure A3).
As previously mentioned, the MERIT DEM used to generate the flood depth estimates is also
not without uncertainty. While this updated dataset achieves a nearly 20% improvement in land-area
mapped with ±2 m or better vertical accuracy, higher-resolution elevation datasets would prove more
useful for community-level flood assessment [42].
5.2. Damage Estimate Validation
Comparing modeled damages with government or agency estimates raises distinct
methodological challenges. In the case of the 2011 floods, multiple storms occurred over the course
of several anomalous months. It is, therefore, difficult to distinguish which damages were a direct

Hydrology 2018, 5, 23

12 of 17

result of specific flood events [30]. When damage figures are reported in post-event evaluations,
statistics detailing affected population and infrastructure are reported by a wide array of sources
(e.g., governments, agencies, and news outlets). Estimates can vary widely depending on the source
and the timing [53]. Limited documentation can also make it unclear whether reported damages
contain just direct tangible effects, or if estimates of indirect and intangible damages are included.
Furthermore, methods by which agencies formulate estimates can often be ambiguous and can be
based on little or no accurate information [49,50]. Therefore, we make no attempt to directly compare
the estimates in this study to those produced by any government agencies. Instead, we emphasize that
the lack of transparency surrounding many existing damage assessments highlights the benefits of
using structured, standardized frameworks like HAZUS or the Standard Method.
While the inclusion of open-source data from OSM can potentially provide some community-level
insight into flood impacts, the sparseness of user-generated data likely means that urban damage
figures are underestimated. In particular, critical infrastructure like healthcare facilities, schools,
transportation hubs, and energy infrastructure were all classified simply as ‘urban.’ The framework as
designed, however, can readily be updated with newer data as they are generated, allowing for more
granular valuations of high priority infrastructure.
As previously discussed, the lack of locally-specific depth-damage relationships can potentially
obscure our findings. While several of the damage curves and maximum damage values used in this
study are regionally-sourced, the diverse landscape in the LMB requires a more detailed understanding
of how to value flood impacts. The high magnitude of the damages surrounding the Tonle Sap region,
for example, illustrates the need for a more nuanced understanding of the unique depth-damage
relationships for each specific land cover class. In this analysis, all forest classes were considered using
the same damage curves, yet the specific morphology of the flooded forest ecosystem makes it highly
adapted to seasonal inundation. It is, therefore, unlikely flood levels of under 1-m would result in the
total losses assumed by the current ‘Forest’ damage curve.
Another potential limitation is the ethnography of the region. Mekong communities are
well adapted to seasonal flooding and have been living in floodplains for thousands of years.
Many residents have experienced periodic flooding in their lifetimes (e.g., in 2000), and are accustomed
to living in flood conditions or relocating in times of flood [28]. Further, houses in the LMB can be
semi-resilient to flooding by employing high stilts and sometimes being constructed as floating houses.
These factors complicate the estimation of “affected” population, and on-the-ground efforts as well as
higher-resolution remote sensing images should be employed where possible to fill these data gaps.
One possibility is to employ a probabilistic approach in which affected populations are assessed in
terms of possible ranges or likelihoods.
Ultimately, the damage values presented here require an explicit understanding of the limitations
of the analysis. The previously discussed uncertainties in both model parameters and structure make
it difficult to view the damages themselves as much more than rapid, initial estimates. However,
these estimates can still provide valuable information by pinpointing areas of interest for more
focused investigation. Several recent studies note that rapid assessments of economic losses can aid
in the allocation of potentially scarce resources during the recovery and reconstruction phases of a
flood event [54,55]. The case study application presented here illustrates how the damages could be
assessed using historical imagery, but the same process could also be applied to flood forecast maps,
further increasing its value for future risk planning.
6. Future Work
The aim of this analysis was to demonstrate the feasibility of a rapid damage assessment
framework to assess and visualize flood impacts of the 2011 Southeast Asia floods. The analysis
can be readily expanded to the entire Mekong region as it is integrated with the near real-time product,
Project Mekong. The damage model used in this analysis has a number of simplifying assumptions
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that could merit further investigation. While inundation depth was the only driver of flood damages
considered here, future analysis of time series data could provide insight into flood duration as a driver.
The updated LCLU maps provided by the LMB improve our understanding of damages to
different land classes but further refinement is still possible, particularly with respect to crop production.
The Mekong Delta is known as the “rice bowl” of Vietnam, and food security is an ongoing area of
research in such a densely-populated part of the world [21,28]. Crop rotations and planting calendars
play a large role in which varieties of rice are growing in any given month, so improved treatment of
crop distributions would better constrain our damage estimates.
Many of the socioeconomic datasets used here are static and could benefit from improved
spatial resolution. As new socioeconomic data (e.g., power lines, power plants, internet/cable
lines, etc.) and satellite data (e.g., Sentinel 1B) become available, the system should be updated
to include the most relevant and latest data.
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Appendix
Table A1. Land utilities with corresponding maximum damage values used in this study.
Land Utility

Maximum Damage Value (Si )

Rice Rotated with Annual Crop
Annual Crop
Shifting Cultivation
Orchard
Flooded Forest
Grassland
Shrub Land
Urban
Bare Land
Industrial Plantation
Deciduous Forest
Evergreen Forest
Forest Plantation
Bamboo Forest
Coniferous Forest
Mangrove
Marsh/Swamp
Aquaculture
Aquaculture Rotated with Rice

0.078
0.109
0.109
0.03
0.84
0.03
0.03
29
0.3
0.84
0.84
0.84
0.147
0.84
0.639
0.03
1.706
0.639
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Figure A1. Comparison of inundation extent between the MIKE11 hydrodynamic simulation of a large
flood event (A) and the Advanced Synthetic Aperture Radar (ASAR)-detected flooding (B).

Figure A2. Histogram comparing MIKE11 hydrodynamic model simulation of a large-scale flood event
(A) versus the TIN estimation from this study (B). For the purposes of this comparison, TIN estimations
less than one meter were binned up to one meter to match the MIKE11 convention.

Figure A3. Full distribution of inundation depths produced by TIN estimates.
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