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A B S T R A C T   

The lack of data on disaster-related loss and damage, especially in developing countries, obstructs the imple-
mentation of the Sendai Framework for Disaster Risk Reduction (SFDRR). This weakens the accuracy, timeliness, 
and quality of the SFDRR monitoring process at the national level. This is the case for the country of Ecuador, 
who has not reported on the progress of SFDRR Target B, indicator B-5a, the number of workers in agriculture 
with crops damaged or destroyed. Consequently, this research developed a geospatial model approach to model 
indicator B-5a in the context of flooding. The model uses Sentinel-1 synthetic aperture radar and other spatial 
data to quantify indicator B-5a at a cantonal spatial level across three ecological regions in Ecuador. The results 
of the model were validated against country provided in-situ measured loss and damage reference data by 
combining elements of flood exposure and vulnerability. A statistical analysis was used to assess the agreement of 
the models with reference data and the models’ ability to reproduce the reference data. The validation procedure 
produced models that had high agreement with the reference data, but the models were sensitive to the different 
ecological regions. This validated geospatial model approach is, to the best of the authors’ knowledge, the first 
attempt to validate geospatially measured Sendai indicators against reference data, and provides an opportunity 
to support countries without information on disaster-related loss and damage in monitoring indicator B-5a of the 
SFDRR.   

1. Introduction 

In 2015, 187 countries adopted the United Nations Sendai Frame-
work for Disaster Risk Reduction (SFDRR) with the goal to protect lives, 
livelihoods, ecosystems, and critical infrastructure from natural and 
human-caused hazards until the year 2030 [54,59,64]. Seven Global 

Targets and four Priorities for Action were identified and agreed upon by 
the international community to achieve the goal of the SFDRR, marking 
a paradigmatic turn from “managing disasters to managing disaster risk 
through understanding risk, reducing existing risk, preventing new risk 
and strengthening societal and environmental resilience” ([59,65], p. 1). 
To implement this, the SFDRR provides a measurable framework for 
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evidence-based policy and is one of the interconnected pillars of the post 
2015 global development agenda. However, scientific support is needed 
to help signatory countries to overcome challenges in measuring and 
advancing the framework’s quantitative Targets in order to execute the 
framework [1,7,34,65]. 

The progress of the SFDRR’s seven Global Targets are monitored by 
38 indicators established by the open-ended intergovernmental expert 
working group on indicators and terminology relating to disaster risk 
reduction (OIEWG-DRR) [55,61]. Countries are to measure indicators at 
a national level and report on a yearly basis via the Sendai Framework 
Monitor,1 an online tool launched in March 2018 by the United Nations 
Office for Disaster Risk Reduction [58],2 with the aim of quantifying 
their progress on the Global Targets, and contributing to the imple-
mentation of the SFDRR. As of November 2021, 195 countries are 
registered to report to the Sendai monitor; however, between 82 and 195 
countries - depending on the target and the year - have not started with 
the reporting process for the period 2015–2021 [58]. Countries are 
supported in their implementation of the SFDRR by the framework’s 
technical guidance on data and methodologies for measuring the Global 
Targets and indicators [61]. However, previous studies [7,60,65] have 
highlighted that many scientific and technological challenges need to be 
surmounted in order to implement the SFDRR, and that “unless gaps in 
data availability, quality, and accessibility are addressed, countries’ 
ability to assure accurate, timely and high quality monitoring and 
reporting of implementation across all Targets and Priorities of the 
Sendai Framework will be severely impaired” ([60], p. 75). 

More people around the globe were affected by flooding than any 
other environmental hazard from 2000 to 2019, which caused around 
USD 651 billion in damages during this time frame [10]. An estimated 
255–290 million people were directly affected by floods from 2000 to 
2018, and between 2000 and 2015, the exposed population grew by 
58–86 million [52]. By 2030, up to 758 million people are estimated to 
be exposed in 100-year flood zones [68]. Hazard event databases, such 
as DesInventar and EM-DAT,3 record more flood hazard events than any 
other hazard type. In many regions across the globe, the agricultural 
sector is the main economic factor and basis for livelihoods; however, 
agriculture is particularly vulnerable to flooding, responsible for USD 21 
billion of the crop and livestock production losses from 2008 to 2018 in 
least developed countries and lower-middle-income countries [16]. 

Ecuador is an example of a country where hazard losses and damages 
have been reported and kept within a national database, which is the 
source for country reporting to DesInventar and the Sendai Monitor. 
Since 1970, 4705 flood events have been reported in Ecuador [57], more 
than any other hazard event type. Flooding is the leading cause of hydro- 
meteorological hazard deaths and the third largest leading cause of all 
hazard related deaths in the country [56]. 

Previous research has indicated that earth observation (EO) data can 
be used to support in achieving the post-2015 global development 
agenda. This has been shown through EO’s ability to help improve de-
cision making in a disaster risk reduction (DRR) context [30], the use of 
machine learning methods and algorithms to advance EO’s analysis 
capabilities [17], the monitoring of hazard loss and damage to support 
the monitoring of SFDRR indicators [65], and in being a cost-effective 
method in acquiring data across scales [17]. However, with the excep-
tion of Walz et al. [65], no other study to the authors’ knowledge have 
used EO in the modelling and quantification of indicators for monitoring 
SFDRR indicators, and while Walz et al. [65] focused on the context of 
agricultural drought, the results from their methodological approach 

could not be validated. Additionally, previous studies that used EO data 
for the monitoring of SFDRR indicators did not include disaster risk 
vulnerability as part of the analysis nor was it applied across different 
ecoregions [65]. Therefore, there are currently no approaches that result 
in the number of people affected as needed for monitoring Target B of 
the SFDRR for the example of flooding, nor has any geospatial model 
approach been validated against in-situ reference loss and damage and 
vulnerability data for any hazard. 

The overall aim of this research is to generate and validate EO-based 
information products for monitoring selected indicators of the SFDRR in 
the context of flooding in Ecuador. The specific objectives of this paper 
are: (i) to further develop the automated derivation of floodplains based 
on Sentinel-1 data to derive a flood hazard information product in 
Ecuador for the year 2017; (ii) to derive a geospatial model approach to 
measure SFDRR Target B, indicator B-5a for the year 2017 based on the 
combination of flood hazard, exposure, and vulnerability to flooding in 
cantons of Bolívar, Los Ríos, and Napo provinces of Ecuador; (iii) to 
validate the EO-based Sendai indicators with in-situ reference data of 
actual loss and damage due to flooding; and (iv) to discuss the oppor-
tunities and limitations of this approach for monitoring SFDRR indicator 
B-5a in Ecuador and to advance the progress in achieving the SFDRR. 

2. Material and methods 

2.1. Spatial unit of analysis and study area within Ecuador 

Ecuador has four administrative levels, from largest to smallest: 
nation, provinces, canton, and parish. The unit of analysis is the canton, 
which allowed a good understanding of the heterogeneity of flood- 
related loss and damage within the provinces. The analysis was not 
applied to the smaller parish level due to data limitations. The admin-
istrative levels below the national level are decentralized institutions 
called Decentralized Autonomous Governments (GADs, according to 
their Spanish initials) that make up the territorial organization of the 
Ecuadorian State.4 GADs have political, administrative, and financial 
autonomy, and are responsible for disaster risk management within 
their borders. 

While the spatial unit of analysis is the canton, not all of Ecuador’s 
221 cantons were used. Three provinces were chosen, Los Ríos, Bolívar, 
and Napo (Fig. 1), as they are representative of the three ecological 
regions of Ecuador’s mainland, namely the coastal, the mountain, and 
the Amazon regions. Each ecological region has a variety of climates, 
biomes, and ecosystems due to the country’s equatorial geographic 
position, the presence of ocean currents, and the Andes Mountains [9]. 
This variety has produced a high level of biodiversity, making Ecuador 
one of the 17 megadiverse countries in the world, with 26 distinguish-
able habitat types and three of the world’s 10 biodiversity hotspots 
[38,42]. The three focal provinces were not only chosen because they 
represent the geographical diversity found within the country (Table 1) 
but also because each province had recorded agricultural flood loss and 
damage in 2017. The year 2017 was selected for this case study because 
this year had the highest number of flood events across the three 
provinces since 2015, the first year of Sendai Monitoring reporting, 
which would allow for more validated flood loss and damage data to 
help with the methodological validation. 

Ecuador has an extensive hydrographic network, with most rivers 
originating in the high-Andean region that either then head towards the 
Amazonian plain or towards the Pacific Ocean. Two of the country’s 
principal watersheds are the Guayas watershed, composed of the Duale 
and Babahoyo rivers and their tributaries, and the Napo watershed. 
Bolívar’s and Los Ríos’s sub-basins feed in the larger Guayas river basin, 1 https://sendaimonitor.undrr.org/ (web archive link,   )  

2 UNISDR adopted the acronym of UNDRR on May 1st, 2019 https://eird.or 
g/americas/news/change-of-acronym-from-unisdr-to-undrr.html (web archive 
link,   ) 

3 International disaster database by the Centre for Research on the Epide-
miology of Disasters (CRED), in Belgium 

4 GADs are regulated by the Constitution of the Republic of Ecuador (Ecuador 
2008, Art. 238–241) and the Ecuadorian Substantive Code of Territorial Or-
ganization, Autonomies and Decentralization (Ecuador 2010). 

J.M. Urrutia II et al.                                                                                                                                                                                                                           

https://sendaimonitor.undrr.org/
https://www.rstudio.com/products/rstudio/download/
https://eird.org/americas/news/change-of-acronym-from-unisdr-to-undrr.html
https://eird.org/americas/news/change-of-acronym-from-unisdr-to-undrr.html
https://www.rstudio.com/products/rstudio/download/
https://www.rstudio.com/products/rstudio/download/


Progress in Disaster Science 15 (2022) 100233

3

while Napo’s sub-basins are part of the Napo river basin. Ecuador ex-
periences regular recurrent flooding, particularly in the lower coastal 
basins, Amazonian basins and some basins in the Andes Mountains [45]. 

Bolivar’s land cover (Fig. 1) is primarily composed of pasture for 
livestock (35.9%), followed by various systems of agriculture (25.3%), 
and then forest cover (14.8%) [32]. Los Ríos’s land cover is dominated 
by crop production, with 68% of the province’s land cover dedicated to 
agriculture, of which 5 crops dominate 87% of the cropland’s extent: 
cacao, corn, rice, bananas, and African palm [32]. This stands in contrast 
to Napo’s land cover, which is covered mostly by native forests (73% of 
land cover) and where agriculture accounts for only 2% of land cover 
[32]. Agriculture is an important livelihood source for a majority of 
Ecuadorians engaged in the sector, especially in the three focal prov-
inces where high levels of agricultural dependent livelihoods exist, with 
87% of Bolívar’s, 62% of Los Ríos’s, and 90% of Napo’s agricultural 
population engaged without remuneration [25]. 

2.2. Data 

2.2.1. Sentinel-1 synthetic aperture radar 
Sentinel-1 is an active C-band synthetic aperture radar (SAR) satellite 

mission and was the first satellite to be launched within the Copernicus 
program. It consists of two individual satellites, Sentinel-1A and –1B, 
leading to high potential revisit times of one to five days depending on 

Fig. 1. Ecoregions and major land cover classes in the study area’s three focal provinces.  

Table 1 
Overview of focal provinces.   

Bolívar Los Ríos Napo 

Ecological region Sierra (mountains) Costa (coast) Oriente 
(Amazon) 

Elevation 180–4000+ m.a.s.l <50–1100 m.a.s.l 
300–4000+ m.a. 
s.l 

Rainy season October–May 
250-3000 mm/year 

December–May 
288-492 mm/ 
year 

March–May 
1100-3400 mm/ 
year 

Number of flood 
events in 2017 

16 34 14 

Land cover 
Mostly livestock 
pasture & 
agriculture 

Mostly 
agriculture 

Mostly forest 

Demographics Mostly rural 
population (72%) 

Mostly urban 
population (53%) 

Mostly rural 
population 
(67%) 

Main economic 
activities 

Mixed agriculture, 
commercial, public 
sector & services 

Primarily 
agricultural 

Commercial, 
public sector & 
services 

Sources: ([24]; [19]; [20]; [21]; [32]) 
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the location. Due to acquisition preferences in Europe, locations in 
Ecuador are visited roughly every ten days. We use ground-range 
detected (GRD) products with a spatial resolution of 10 m in this 
study. All available Sentinel-1 scenes for the three focal provinces were 
downloaded for the respective areas of interest from the openly avail-
able archive of the Alaska Satellite Facility (ASF) and preprocessed ac-
cording to Filipponi [18] using ESA’s [15] open source SNAP software. 
This data is used to derive flood hazard for the study. 

2.2.2. In-situ loss and damage data: hectares of crops damaged or 
destroyed 

The National Service for Risk and Emergency Management of the 
Government of Ecuador (SNGRE) provided their national database of 
validated in-situ data of flood events’ loss and damage for the year 2017 
[50]. The SNGRE is the national institute mandated for country wide 
disaster risk management. The SNGRE uses their event loss and damage 
database for national reporting to DesInventar and the Sendai Monitor 
for specific indicators [49], not including indicator B-5a. 64 flood events 
were reported for the year 2017 for the cantons of Bolívar, Los Ríos, and 
Napo provinces. This database contains 33 different variables of loss and 

damage, of which two are used in this research: hectares of crops 
affected; and hectares of crops lost. The crop loss and damage data is 
provided to the SNGRE by the Ecuadorian Ministry of Agriculture 
(MAG), who has the mandate to collect and validate all agricultural in- 
situ loss and damage [33]. This data is then shared with the SNGRE who 
consolidate the data by removing anthropogenic sources of flooding (e. 
g., broken dams or irrigation canals) based on institutional criteria [33]. 
This leaves only fluvial and pluvial sources of flooding. The hectares of 
crops damaged or destroyed by flooding for each canton in the three 
focal provinces for the year 2017 were extracted from this database. 

2.2.3. Land cover and land use data 
Vector land cover and land use data from 2020 were provided by 

MAG [32] and the total number of hectares of relevant cropland was 
calculated for each canton. Unless specifically stated, the cropland’s 
polygons are limited to one crop type and there is no information within 
the dataset to assume that crops are otherwise rotated within a given 
polygon. This data also contained an attribute identifying if a polygon 
was irrigated or not, but did not contain information as to when, or to 
what extent the area was irrigated. 

2.2.4. Population data 
Tabular population projections for 2017 for the cantons used in the 

study based on the 2010 Ecuadorian census [26] were provided by the 
Ecuadorian National Institute of Statistics and Census (INEC). 

2.2.5. Agricultural survey statistics 
Tabular agricultural statistical survey data per canton for the year 

2017 were provided by INEC [25], and were used to obtain the number 
of agricultural workers per canton for 2017. 

2.3. Derivation of geospatial model for Sendai Indicator B-5a 

SFDRR’s Target B aims to “substantially reduce the number of 
affected people globally by 2030, aiming to lower the average global 
figure per 100,000 between 2020–2030 compared to 2005–2015” ([59], 
p. 12). Fig. 2 shows the SFDRR Technical Guidelines’ methodological 
approach of measuring indicators to monitor Target B for the example of 
flooding, which consists of indicators B-1 to B-5 [61]. Indicator B-5 
represents the “number of people whose livelihoods were disrupted or 
destroyed, attributed to disasters” ([61], p. 20), and is the indicator 
which focuses on agricultural livelihoods. Livelihoods within the SFDRR 
Technical Guidelines are defined as “capacities, productive assets (both 
living and material) and activities required for securing a means of 
living, on a sustainable basis” ([61], p. 21). 

To derive the geospatial model for indicator B-5a, this study takes the 
Technical Guidelines’ methodology for indicator B-5a as seen in Eq. 1 
[61] and ‘translates’ it in a manner to derive a geospatial model (Eq. 2). 
Eq. 2 provides the basis for the derivation of the geospatial model for the 
SFDRR indicator B-5a for the example of flooding in the cantons of 
Bolívar, Los Ríos, and Napo in Ecuador for the year of 2017. The number 

of hectares of crops damaged or destroyed does not imply hazard 
severity, and so the number of hectares of crops exposed flooding in Eq. 
2 is used for the number of hectares of crops damaged or destroyed by 
disasters in Eq. 1.   

2.3.1. Flood hazard assessment 
SAR data was used to generate layers of flood hazard information for 

the three focal provinces. The scope of this hazard assessment was to 
provide a systematic mapping of historic flood records for the year 2017. 
A total of 134 scenes were used for Los Ríos, 202 scenes for Bolívar, and 
264 scenes for Napo. The result of this step was a time-series of C-Band 
SAR scenes calibrated to the backscattering coefficient σ 0 (sigma- 
naught, [47]) scaled to a decibel range with a spatial resolution of 
approximately 10 m. Next, an adaptive thresholding technique was 
applied to delineate water areas from each individual scene. The applied 
algorithm was adapted based on Cao et al. [8] wherein each scene was 
split into small regular tiles, which were then checked for a bimodal 
backscatter value distribution. Open water pixels are characterized by 
low backscatter in SAR images, so a bimodal distribution hints towards 
both water and land pixels being present in the tile. If a bimodal dis-
tribution was identified, both the mode of the first peak as well as the 
minimum between the two peaks were saved. Once all tiles were pro-
cessed, the averages of the first modes and the minimums were calcu-
lated to yield one threshold value for water core areas (average of first 
modes) and water boundaries (average of minima between the peaks) 
valid for the entire scene (see Fig. 3). We then used the average of the 
first modes as a threshold and labelled every pixel with a backscatter 
value below that threshold as a water core area. 

Water core areas were then used as input for a region growing al-
gorithm to iteratively extend inside homogeneous water regions, but 
only while their backscatter value was below the water boundary 

(SFDRR Technical Guidelines
′ formula)B − 5a = Number of hectares of crops damaged or destroyed by disasters*average workers per hectare (1)  

(geospatially‘translated’equation) B − 5a = Number of hectares of crops exposed to flooding*average workers per hectare (2)   

J.M. Urrutia II et al.                                                                                                                                                                                                                           
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threshold. This represents a more conservative approach than using the 
water boundary value as a simple threshold as only areas connected to 
water core areas are taken into account to identify the true water extent, 
effectively mitigating false detections. Finally, the identified water areas 
were corrected by a height above nearest drainage (HAND) raster, which 
indicates the vertical distance of each pixel to its closest cell containing a 
drainage network [40]. A NASA digital elevation model (DEM) [39] 
with a spatial resolution of 1 arc sec (~30 m) was used to generate the 
HAND raster. It was assumed that pixels with a HAND value of more 
than 15 m were wrongly classified as water. The result was a raster map 
of water areas for each Sentinel-1 input scene. 

Temporal statistics were derived from the resulting time-series of 
water masks. To discriminate flooded areas from permanent water 
bodies, the land cover dataset provided by MAG [32] was used. From 
this data, the following flood hazard products were calculated:  

• countdates: An auxiliary raster dataset that contains the amount of 
analyzed Sentinel-1 scenes for each pixel  

• flood frequency: A raster dataset containing the relative frequency 
(in %) a pixel was classified as flooded by the algorithm explained 
above. For example, a pixel value of 25 means that this pixel was 
classified as flooded in 25% of all available Sentinel-1 scenes for the 
given pixel.  

• flood depth: Flood depth had to be calculated for each identified 
flooded area and each timestamp individually. The digital elevation 
model was used to calculate the average elevation of the boundary 
pixels of each flooded area. We assumed this average elevation to be 
representative of the elevation of the water surface. We then sub-
tracted the digital elevation model for each pixel within the flood 
area to receive the pixel-wise flood depth. This yielded the flood 
depth values for a single water mask. To average across the time 
dimension, the median flood depth for each pixel was calculated. 

• watermasks datacube: A spatio-temporal datacube containing re-
sults of the water detection with their respective timestamps. 

2.3.2. SFDRR B-5a indicator derivation 
Indicator B-5a was derived by following Eq. 2 to calculate the 

number of agricultural workers affected due to flooding at the cantonal 
level (or model 0, hereafter referred to as MOD-0). This was achieved by 
combining the resulting spatial extent from the flood hazard assessment 
with the land cover land use data, agricultural survey data, and popu-
lation census data (see Chapter 2.2) (Fig. 4) using the open-source 
programs R5 and R Studio.6 The spatial extent of flooding in the three 
focal provinces was determined from the results of the flood hazard 
assessment (see Chapter 2.3.1), which was then used to model the extent 
of cropland exposed to flooding. This extent was used to calculate the 
number of hectares of flooded cropland in 2017 across the three focal 

Fig. 2. Methodological approach to monitor Sendai Target B for the example of agricultural flooding, adjusted from UNISDR [61]; grey boxes with dotted arrows 
represent indicators that are excluded for the given context, whereas blue boxes with solid arrows are included in the assessment of Target B for the given context. 
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 3. Schematic representation of a Sentinel-1 scene tile histogram with a 
bimodal distribution. 

5 https://cran.r-project.org/mirrors.html (web archive link,   )  
6 https://www.rstudio.com/products/rstudio/download/ (web archive link, 

) 
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provinces. The average number of agricultural workers per hectare per 
canton was calculated by dividing the number agricultural workers per 
canton in 2017 by the total number of hectares of cropland per canton. 
MOD-0 indicator B-5a values were calculated by multiplying the number 

of hectares of flooded cropland with the average number of agricultural 
workers per hectare of cropland to obtain the number of agricultural 
workers affected by flooding in the cantons of Bolívar, Los Ríos, and 
Napo for the year 2017. 

Fig. 4. B-5a indicator geospatial model (MOD-0) workflow.  

Fig. 5. B-5a indicator geospatial model validation approach.  

J.M. Urrutia II et al.                                                                                                                                                                                                                           



Progress in Disaster Science 15 (2022) 100233

7

2.4. Geospatial model validation 

The results of MOD-0 were validated against the in-situ crop flood 
loss and damage data (Fig. 4). Derivation of in-situ reference data was 
first conducted by using the model with in-situ loss and damage data in 
lieu of EO data. Afterwards, a validation procedure was implemented to 
approach the model results to the in-situ reference data. This approach 
focused on reducing MOD-0’s over reporting7 of B-5a indicator values by 
integrating flood exposure and vulnerability in three steps. The first step 
centered on reducing flood exposure to annual crop-sensitive periods of 
flooding to produce a crop exposure validated model (MOD-1). The 
second step built upon the first step by removing irrigated cropland from 
flood exposure to produce a no irrigation validated model (MOD-2). The 
third step applied flood vulnerability index values derived from a flood 
risk assessment [36] to each of the three previous models in order to 
produce flood vulnerability validated models (MOD-0/V, MOD-1/V, and 
MOD-2/V). Lastly, a statistical analysis of agreement was applied to the 
resulting models to assess how well the models performed in repro-
ducing the in-situ reference data. 

2.4.1. Derivation of reference values 
Reference values were derived by running the model with the in-situ 

reference crop flood loss and damage data in place of the flood hazard 
data (Fig. 5). Hectares of crops damaged or destroyed by flooding from 
the in-situ data were summed to produce the number of hectares of 
affected crops per canton. The affected hectares were then multiplied 
with the average number of workers per hectare in order to arrive at the 
reference indicator B-5a absolute values for the context of flooding in 
the study’s three focal provinces for the year 2017. The absolute B-5a 
values were then converted to a ratio per 100,000 population 

An agricultural production system validation step based on the 
assumption that production systems geared to larger markets have a 
higher capacity to cope with flooding was initially applied but ulti-
mately not included in the final validation procedure due to poor results. 
Furthermore, the validation procedure was not designed to address the 
under reporting8 observed in the unvalidated model, which is associated 
with Sentinel-1 not capturing flood hazard pixels in cantons where the 
reference values indicate that there should be flooded pixels. 

2.4.2. Steps of validation to approach reference values 

2.4.2.1. Crop exposure validated model (MOD-1). The crop exposure 
validation procedure involved removing Sentinel-1 scenes that coin-
cided with when flood exposed crops would not be susceptible to 
flooding (Fig. 5). Flood exposed crops would not be susceptible either 
because the crops would not be present at the time of flooding due to 
their planting/harvest cycle, or if they were present during a flood 
event, their physiology would prevent flood and damage. Perennial 
crops were excluded from the validation process because although they 
would suffer from damaged root systems if exposed to floods lasting 
more than 3–4 days [48], the duration of a given flood event could not 
be determined through Sentinel-1’s temporal resolution. Corn, rice, and 
soy were the annual crops determined to have periods within their 
growth cycles wherein they would be susceptible to flooding (Fig. 6) 
[48,63]. Sentinel-1 scenes that fell outside of the time frames were 
removed from the flood hazard assessment’s watermask data cube. The 
resulting datacube with fewer flood pixels was then used to recalculate 
the extent of flooded cropland and the number of affected agricultural 
workers for SFDRR indicator B-5a. 

2.4.2.2. No irrigation model (MOD-2). Irrigated cropland was removed 
from the crop validated model because irrigated cropland could be 
detected by Sentinel-1 and processed as flooding, although this ‘flood-
ing’ is not flooding and would therefore not be relevant for the analysis. 
This is especially true for rice, which may be planted outside of the 
traditional planting periods established in the previous validation step 
due to dynamic agricultural practices in the focal provinces [48]. Irri-
gated cropland was also removed because the SNGRE database does not 
include anthropogenic sources of flooding, so to minimize the intro-
duction of error, irrigated cropland was eliminated from exposure. 
Irrigated cropland was provided in the land cover data [32] and the 
resulting pixels after their removal were used to calculate indicator B-5a 
values for this model. 

2.4.2.3. Flood vulnerability validated models (MOD-0/V, MOD-1/V, 
MOD-2/V). The last step in the validation process was to apply flood 
vulnerability to the unvalidated model, the crop exposure model, and 
the no irrigation model in order to produce flood vulnerability validated 
models. This step is important because heterogeneous vulnerability to 
natural hazards affects the differentiation of loss and damage, especially 
to agricultural livelihoods ([11,31,37,46]). The integration of vulnera-
bility within the SFDRR B-5a geospatial model validation approach ac-
knowledges the complex ecological, socio-cultural, and economic- 
political dynamics of agricultural context-specific livelihoods of the 
population of the study’s three focal provinces [4,23,43]. An indicator- 
based flood risk assessment [36] at the parish administrative level 
within the focal provinces provided vulnerability index values. The 
mean of the index values for the parishes within a given canton was 
calculated and then multiplied with the results of the previous models to 
produce flood vulnerability validated B-5a geospatial models. 

2.4.3. Statistical analysis of agreement 
The statistical analysis uses a triangulation approach based on Bland- 

Altman (BA) plots, Lin’s concordance correlation coefficient (ρc) 
[28,29], and Spearman’s rank correlation (Rs) and p-values in order to 
assess the comparability and agreement between the models’ and 
reference values and to determine how close the models reproduce the 
reference values. BA plots were chosen based on their strength of 
showing the quantification of the agreement between two quantitative 
measurements by providing the mean difference and applying limits of 
agreement [3,5,6,22,27]. ρc was chosen as it is a common method 
employed to determine how well a data set of observations can repro-
duce reference data [12,28,29]. Rs and p-values were chosen as they 
evaluate the monotonic relationship (i.e., the rate of change between 
two datasets may not necessarily be constant). This approach avoids the 
pitfall of solely employing linear correlation and regression methods, 
which are not apt for describing the agreement between two data sets 
[22]. 

3. Results 

The following chapter will present the results of the analysis of this 
research. 

3.1. Flood hazard information products 

For each of the three focal provinces, a time series (data cube) of 
water masks as well as flood statistics layers for the year 2017 were 
calculated (see Chapter 2.3.1), including, flood frequency and flood 
depth (Fig. 7). 

Most of the flood frequency values are present in Los Ríos, with 
Bolívar having fewer and Napo having the least (Fig. 7). A wide range of 
flood frequency values are visible, especially in Los Ríos, which can 
partially be attributed to intentionally inundated agricultural fields 
(such as rice paddies). Flood frequency values above 50% give hints to 

7 The term “over reporting” is used to denote model values of a canton that 
are larger than the reference values.  

8 The term “under reporting” is used to denote model values of a canton that 
are smaller than the reference values. 
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permanent water bodies that were not part of the reference land cover 
dataset. The flood depth map shows mostly low median flood depth 
values below one meter. This can partially be explained by the shallow 
topography in the Los Rios lowlands. Furthermore, the locations of 
water areas derived from Sentinel-1 imagery are not consistent with the 
theoretical water accumulations inherent in the DEM. This means that 
the DEM-based flood-depth estimation approach (see Chapter 2.3.1) 
may yield negative flood depth values, which are then corrected to 0 m. 

Spatially disaggregated validation datasets of flood frequency and 
flood depth were not available, so only the underlying water detection 
approach based on individual Sentinel-1 scenes could be validated. Data 
from the Copernicus Emergency Management Service (EMS) was used 
for this purpose [14]. The EMS provides remote sensing based rapid 
mapping services (among others) of natural hazards upon activation and 
publishes all resulting maps and geodata on their website,9 through 
which data was acquired of a 2018 flood event in Honduras [14] and a 
2020 flood event in Nicaragua [14] that were mapped using Sentinel-1. 
These events were chosen because they occurred in comparable envi-
ronments to the province of Los Ríos (tropical lowlands) and at the time 
of the study, there were no EMS activations in Ecuador. The flood 
detection algorithm outlined in Chapter 2.3.1 was run using the same 
input scenes and were compared the resulting flood areas to the EMS 
results (a permanent water body dataset provided by EMS was used to 
differentiate permanent water from flooded areas [14]). The following 
two measures of agreement were then calculated: 

Completeness = correctly identified water pixels

÷ total water pixels in reference (3)  

Correctness = correctly identified water pixels

÷ total water pixels in classification (4) 

This yielded completeness values of 67% and 84% and correctness 
values of 90% and 95% for the two EMS detected flood events. From this 
the authors conclude that the flood detection algorithm applied in this 
study is more conservative than the EMS reference. For the flood hazard 
products (water mask datacube, flood frequency, flood depth) this 
means that the total calculated flood extent may be slightly under-
estimated but is unlikely to contain false flood detections. 

3.2. Geospatial model, validation procedure, and statistical analysis 
results 

This study has developed a validated geospatial model approach 
(Fig. 6) to measure indicator B-5a of the SFDRR for the example of 
flooding in the cantons of the provinces of Bolívar, Los Ríos, and Napo of 
Ecuador for the year 2017. The results of MOD-0 (Fig. 8) show the 
spatial distribution of indicator B-5a for the unvalidated geospatial 
model. The spatial distribution of the number of affected people varies 
by province in comparison to the reference values. In coastal Los Ríos, 
where agriculture land cover is highest, many cantons with a high 

number of affected people are measured. Mountainous Bolivar has a mix 
of low and high measured affected people in its cantons, while forested 
Napo cantons have the least affected people. 

The reference values per canton (Table A.2 in Appendix A) were 
produced using the workflow of MOD-0 but with the in-situ measured 
flood loss and damage data replacing the flood hazard assessment (See 
REF in Fig. 8). MOD-0 had a tendency to heavily over report in Los Ríos 
(for example, the cantons of Baba, Babahoyo, and Montalvo) but under 
report in Napo (e.g., Carlos Julio Arosemena Tola, Quijos, and Tena). 
Bolivar had a mix of both over reporting (e.g., Chimbo & Guaranda) and 
under reporting (e.g., Chillanes & San Miguel). One canton was modeled 
correctly against the reference values (Archidona with 0 affected peo-
ple). The results from the statistical analysis of agreement (Fig. 9) 
indicate that MOD-0 for all three provinces taken together has low 
agreement compared to REF. The BA plot shows a large negative bias (i. 
e., large over reporting), low ρc (0.32), and a non-significant Rs (0.21) 
and p-value (0.31). 

The results from the validation procedure indicate that each suc-
cessive model was better able to address the over-reporting first seen in 
the unvalidated model by bringing the resulting number of affected 
hectares of cropland and people from the validated model closer to the 
reference values (Fig. 8 and see Tables A.1 & A.3 in Appendix A). The BA 
plots for MOD-1 and MOD-2 show improved agreement with each 
validation step (Fig. 9), and the models that integrated vulnerability 
showed even better agreement than their counterparts with no vulner-
ability. While MOD-1 and MOD-1/V have less than 5% of their measured 
differences outside of the limits of agreement, MOD-2 and MOD-2/V 
have smaller biases and smaller areas of agreement, despite slightly 
more observations (8%) outside of the limits of agreement. MOD-2/V 
has the BA plot with the best agreement. 

The results of the ρc analysis show that agreement between the 
models and the reference values increased with each model of the 
validation procedure, with MOD-2/V having the highest ρc of 0.92, with 
1 being perfect agreement [2,35]. All models resulted in poor, non- 
statistically significant Rs (ranging from 0.20–0.32) although the crop 
exposure models had the best scores (0.32 each). The resulting p-values 
are not statistically significant. 

When the statistical analysis is applied at a provincial level, we see 
that the results are differentiated (Table A.4 and Figs. A.1-3). Bolívar’s 
models have little variation between one another. The BA plots for Bo-
lívar show that the area of agreement between all models are similar and 
with no outliers, but the MOD-2/V model has the smallest bias (− 0.1). ρc 
for Bolívar show that all models have excellent agreement but the results 
of the Rs for the province do not show statistical significance. For Los 
Ríos, each successive model in the validation approach results in higher 
agreement. The MOD-2/V has the smallest bias (32.7) area of agree-
ment, and the highest ρc (0.98) in comparison to the other models, all 
with only one under reporting outlier. This outlier, the canton of Baba, 
reduces the results of the Rs when moving from MOD-1 to the MOD-2. 
However, if this outlier is removed, the results of the ρc, Rs, and p- 
values all improve and are statistically significant for MOD-2/V 
(ρc = 0.997, Rs = 0.76, p-value = 0.004). The statistical analyses for 
Napo show that all models have poor agreement with biases in the BA 
plots no smaller than 414.8 and with all ρc values equal to 0.01. 

Fig. 6. Time period of crop flood susceptibility [48].  

9 https://emergency.copernicus.eu/emsdata.html 
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Fig. 7. Results for the flood frequency (Panel A) and median flood depth (Panel B) mask.  
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Fig. 8. Reference Sendai indicator B-5a values and results of the measurement of indicator B-5a’s geospatial validation procedure (Table A.1 in Appendix A for table 
with results per canton per model). 
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Although the models produced high Rs and small p-values, this is most 
likely due to the small sample size of cantons in the province. 

These results show that for the combined provinces, MOD-2/V ach-
ieved excellent agreement in being able to model the reference values as 
a whole for the year 2017, despite the low Rs and p-values. When the 
analysis is applied at a provincial level, MOD-2/V also resulted in 
excellent agreement in Bolívar and Los Ríos but not in Napo. The 
models’ ability to reproduce the variables (Rs and p-values) for both 
Bolívar and Los Ríos was not too strong, unless the outlier for Los Ríos is 
kicked out. In this case there is strong correlation and significance. The 
results of the analysis for Napo resulted in poor agreement and 
significance. 

4. Discussion 

This paper presents a validated geospatial model approach using 
earth-observation information in combination with spatially explicit 
statistical data to quantify indicator B-5a for monitoring Target B of the 
SFDRR for the example of flooding in the cantons of Bolívar, Los Ríos, 
and Napo provinces of Ecuador. The aim of this innovative methodo-
logical approach is to support countries in monitoring loss and damage 

due to natural hazards as required for the implementation of the SFDRR 
for the context of Target B, indicator B-5a, as well as SFDRR’s goal of 
implementing integrated and inclusive technological measures to pro-
tect lives and livelihoods. In the following chapter, the semi-automatic 
flood hazard mapping using Sentinel-1, the validated geospatial model 
approach to estimate SFDRR indicator B-5a, its evaluation, as well as 
opportunities, limitations, and recommendations of the developed 
model will be discussed in the context of agricultural crop flooding 
impacts in Ecuador. 

4.1. Semi-automatic flood hazard mapping using Sentinel-1 

This study created flood hazard maps based on historical flood events 
in 2017 captured by Sentinel-1 data. While open flooded areas could be 
mapped from Sentinel-1 SAR scenes with high accuracy, the temporal 
resolution of Sentinel-1 was a limiting factor. On average, 50 Sentinel-1 
scenes were available per pixel across the three focal provinces. How-
ever, these acquisitions came from both the ascending and descending 
orbits of the satellites, leading to irregular temporal sampling between 
three and fifteen days. This means that flood events that occurred be-
tween acquisitions could not be mapped and are not represented by the 

Fig. 9. Bland-Altman plots showing increasing agreement (i.e., narrower plots) between the reference and validated geospatial models for all cantons within the 
focal provinces for the year 2017, per 100,000 population. The Y-axis is the difference between the reference and the given model values, while the X-axis is the mean 
of those two measures. The bias in a given model is the distance between the solid black line (= 0), and the mean difference (= middle dashed line). The limits of 
agreement (mean ± 1.96SD) are the upper and lower dashed lines. The dotted red lines are the upper and lower 95% confidence interval. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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flood hazard maps. This also prevents capturing the duration of flood 
events, possibly leading to the misinterpretation of sequential flood 
events in a given pixel as separate events. While this temporal data 
collection limitation cannot be addressed within the scope of this 
research, higher observation density, which is foreseen by the planned 
launch of Sentinel-1C and D satellites (launches expected in 2022/2023 
[66,67]), can reduce this limitation. 

The flood mapping approach used in this study is optimized for the 
detection of open water areas as it makes use of the reduced SAR 
backscatter due to the specular surface that mirrors the radar signal 
away from the sensor. This approach was selected due to its operational 
robustness [8]. The scattering mechanisms are completely different 
when flooding occurs beneath vegetation cover, as the double bounce 
effect can increase SAR backscatter in this case [53]. This means that our 
approach systematically underestimates flood events in forested regions, 
which especially affects the province of Napo as it is mostly covered by 
forest. Furthermore, the applied algorithm does not correct for other 
potential surfaces with very low backscatter values that might not be 
removed by the HAND-correction approach. Such surface types can be 
large smooth areas like airport runways. 

Flash floods that occur in mountainous terrain only accumulate open 
water bodies in the lower regions. In areas of steep terrain, flash floods 
are most destructive but cannot be recorded by the algorithm applied in 
this study because the water quickly drains away. This limitation can be 
especially seen in the province of Bolívar, 77.6% of agricultural land is 
on terrain with a slope of 25% or greater [32,51]. Approaches that make 
use of Sentinel-1 coherence to map destructed dwellings or infrastruc-
ture in the aftermath of a flood event could be applied to delineate the 
course of a flash flood event (e.g. Olen and Bookhagen [41]). 

As outlined in Chapter 2.3.1, we estimated flood depth for individual 
flooded areas based on their boundary pixels in the reference digital 
elevation model. Uuemaa et al. [62] assess the vertical accuracy of 
different freely available global DEMs and find that the root mean 
square error of the NASADEM lies between 6 and 12 m across different 
test sites. Hence, these inaccuracies are inherent in the flood depth 
product calculated in this study. The use of consistent and comprehen-
sive high resolution digital elevation data, e.g. data acquired by airborne 
laser scanning, could lead to a more reliable estimation of flood depth. 
Regarding the estimation of flood frequency per pixel, the approach does 
not allow for the comparison of frequency percentages between pixels. 
For example, 25% flood frequency in one pixel may not mean that it has 
been flooded the same absolute number of times than a neighboring 
pixel that also has 25% frequency. This ambiguity present in the 
approach can therefore reduce the heterogeneous nature of in-situ flood 
loss and damage. 

In total, the Sentinel-1 based flood hazard mapping approach used in 
this study can provide robust results for long-term flood events char-
acterized by open water which is justified for the target SFDRR indicator 
B-5a, because this type of flood occurs mostly in flat lowlands where the 
land is used for agriculture. In steep or forested terrain, the use of our 
approach is limited. 

4.2. Estimating the number of affected workers in agriculture with crops 
damaged or destroyed 

4.2.1. Data 
This study used various types of input data to estimate SFDRR in-

dicator B-5a and to derive reference values for the validation procedure. 
While estimations were achieved and reference values were derived (see 
Chapter 3.2), various aspects of the input data were limiting factors. 
Although this study integrated flood vulnerability, addressing 

previously identified gaps of complimenting hazard impact measure-
ment and the number of people affected [65], the vulnerability data 
used is based on the 2010 Ecuadorian National Census [24,36]. The 
COVID-19 pandemic prevented the 2020 Ecuadorian National Census 
from being conducted and so prevented more recent data from being 
used within the model and in the flood risk vulnerability analysis. 
Furthermore, the vulnerability data was conducted at the parish 
administrative level, which allowed for a more nuanced understanding 
of the heterogeneous nature of in-situ flood vulnerability than if the data 
was done at the larger canton level. However, due to agricultural sta-
tistical data limitations within the model, the vulnerability data was 
aggregated up to the cantonal level, which may have introduced adverse 
spatial unit-level aggregation effects, impacting the overall loss and 
damage analysis. Future applications of this research should therefore 
strive to utilize more recent data for the smallest administrative level 
possible to avoid aggregation effects. 

Although the national land cover land use data [32] was the most up 
to date available, it did not capture all in-situ agricultural dynamics that 
could affect flood exposure. For example, the land use data presented 
rice fields and soy fields as separate entities with no relationship with 
one another. However, once rice is harvested, rice fields are often 
rotated with soy due to its ability to fix nitrogen in the ground [48]. This 
means that fields that are rotated between crops in actuality but that are 
not described as such in the land cover data would increase the overall 
flood exposure in the models as the fields would be double exposed 
(once per each crop). Therefore, there is some level of uncertainty within 
this dataset. 

While the availability of in-situ measured flood crop loss and damage 
data allowed for the validation of MOD-0, the manner by which this data 
is collected and processed by one institution, and then handed over to 
another institution, who further processes it, has potentially introduced 
measurement or validation errors within the reference data [33]. These 
errors range from technicians being prevented from first-hand recording 
loss and damages in the field due to adverse terrain conditions to simple 
calculation errors not caught along the validation chain. Although both 
the SNGRE and MAG confirmed that this data for the year 2017 is reli-
able [33], reference data for other years should be thoroughly checked 
for discrepancies. 

SNGRE’s and MAG’s differing institutional understanding of what 
constitutes the criteria, causes, and effects of flooding (see Chapter 2.2) 
limits the validation procedure. While the Sentinel-1 flood hazard 
assessment was not able to discriminate between natural and anthro-
pogenic sources of flood events, in order to be in line with the SNGRE’s 
criteria, the procedure excluded irrigated cropland (MOD-1) to better 
reflect the reference values (REF). However, this approach also removes 
cropland where natural sources of flooding could occur, thereby failing 
to capture affected agricultural workers. This is reflected in the results of 
the validation procedure in the canton of Baba when moving from MOV- 
1 to MOV-2, where the values went from over reporting to under 
reporting. Although this limitation could be overcome by including 
specific flood pixels of cropland when they are not planned to be irri-
gated in specific months, the lack of plot-level irrigation data prevented 
this limitation from being addressed. This approach of removing irri-
gated land is also problematic when considering that future climate 
change impacts will alter the distribution of irrigated cropland and the 
demand for irrigation [13,44]. The impacts of this on future B-5a geo-
spatial model applications on agriculturally rich areas, such as in can-
tons of the Los Ríos province, could lead to systematic under reporting of 
affected workers. 

The application of the approach to a different area or year of interest 
presents temporal and spatial data challenges. All necessary input data 
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would have to be made available for the given area and year of interest, 
including flood vulnerability data. Although the validation procedure 
showed that the integration of flood vulnerability into the geospatial 
model improved results, this approach calls for the availability of risk 
assessments as the basis for modelling loss and damage data using a 
geospatial model. While freely available Sentinel-1 data can be used to 
look back and detect and monitor characteristics of flood hazard 
severity, its availability and resolution for a given area of interest needs 
to be assessed. Nevertheless, the geospatial model approach in this study 
shows the value of using freely available EO data and other geospatial 
statistics to help bridge the data gap on loss and damage. 

4.2.2. Model 
To the knowledge of the authors, this is the first attempt to validate 

geospatially measured Sendai indicators based on earth-observation 
data in combination with flood exposure and vulnerability against in- 
site reference data. Such a validated model approach can enable coun-
tries to quantify loss and damage and with this provide a consistent 
database for monitoring progress in the implementation of SFDRR tar-
gets. While a good overall agreement of results was achieved with MOD- 
2/V, especially in areas of flat, un-forested agricultural land, such as in 
the province of Los Ríos, the statistical evaluation showed the results 
were moderate in the mountainous province of Bolívar and poor in the 
forested province of Napo. These discrepancies can be explained by the 
ecological characteristics of each province, steep slopes and tree canopy 
cover, and the temporal resolution of the Sentinel-1 that inhibit the 
satellite from capturing flood affected cropland. This study shows the 
value of applying the geospatial model approach across distinct ecor-
egions, as different opportunities and challenges in monitoring SFDRR 
indicator B-5a have come to the forefront of this research. 

This study built upon a previous approach to geospatially adapt the 
SFDRR Technical Guidance [61,65] by transferring the geospatial model 
approach to the context of flood hazard and implementing a validation 
procedure using in-situ loss and damage data and a combination of flood 
exposure and vulnerability. This validated approach showed that a 
geospatial translation of the SFDRR’s Technical Guidance benefits from 
clearly specifying hazard/exposure and including vulnerability in order 
to capture the heterogeneous nature of flood risk manifested as loss and 
damage. For example, the wording of the SFDRR Technical Guidelines’ 
[61] definition of livelihoods assumes that if crops are damaged or 
destroyed, the livelihoods of agricultural workers are impacted. This 
assumption ignores the possibility of informal income streams that may 
supplement the livelihoods of agricultural workers who work without 
remuneration. The integration of flood vulnerability addresses this gap, 
as seen by the fact that each geospatial model that integrated vulnera-
bility resulted in better agreement and correlation than their non- 
vulnerability counterparts. This can be seen in MOD-2/V, which inte-
grated all hazard/exposure and vulnerability validation steps of the rule- 
based approach to achieve better agreement than models that did not 
integrate as much specification. Although the rule-based approach 
allowed for excellent agreement in the resulting MOD-2/V for the year 
2017, these rules are bounded by the data used to inform the rules, and if 
the data is limited, then the rules will also be limited. For example, the 
crop exposure validation step removed irrigated cropland because the 
assumption that anthropogenic sources of flooding are the only source of 
flooding in this land class increased MOD-2 agreement with REF. 
However, this assumption is a limitation that may produce low MOD-2 
agreement if the approach is applied in another year. 

While the validated geospatial model approach presented in this 
study produced a model with high agreement (MOD-2/V), the small 
sample size used undermines the results of the statistical analysis. For 

example, when applying the validation procedure at an individual 
provincial level, some models had high levels of correlation despite 
having poor agreement. Additionally, the resulting non-statistically 
significant p-values of the three provinces together are most likely 
impacted by the low sample size. Although the low sample size is a 
major limitation of this study, the validation procedure itself is still 
innovative and future research should increase the sample size by 
applying the methodology across more spatial units (e.g. scaling up to all 
cantons in the country), or alternatively, use smaller spatial units of 
analysis for finer-scale results. There is also a need to further test the 
robustness of this approach by transferring it to additional years, as well 
as in other hazard contexts and countries, where similar or different 
ecological regions may affect results. While this approach specifically 
advances SFDRR Target B, indicator B-5a, the transference of this geo-
spatial model approach to other SFDRR indicators would require 
changes in the conceptualization and in the validation procedure of the 
model in order to be in line with other hazard, local risk contexts, and 
SFDRR indicators. Additionally, these findings demonstrate the need for 
locally-informed risk information, specifically vulnerability data, to 
refine the approach in support of overcoming data challenges that 
countries face in implementing the SFDRR. The findings of this research 
present an opportunity for policy-makers to advance policies that enable 
the collection of risk information to further progress the achievement of 
SFDRR Target B, indicator B-5a across different ecological regions. 
Specifically for Ecuador, who has not reported on SFDRR indicator B-5a, 
this geospatial model approach could be used to inform a national 
methodology for achieving this indicator. Therefore, this research sup-
ports SFDRR’s goal of using technology in an integrated and inclusive 
manner to prevent and reduce hazard exposure and vulnerability to 
disaster with the ultimate aim of protecting lives and livelihoods in 
various ecosystems from natural and human-caused hazards [54,59]. 

5. Conclusion 

This paper presents a validated geospatial model approach which 
quantifies indicator B-5a of the SFDRR for Target B regarding the 
number of people affected for the example of agricultural crop flooding 
in the provinces of Bolívar, Los Ríos, and Napo of Ecuador for the year 
2017. Models that integrated flood risk vulnerability had better agree-
ment with the reference values (REF), with the validated model that 
excludes irrigation and includes flood vulnerability (MOD-2/V) having 
the highest agreement for all three focal provinces. This showed the 
value of adding vulnerability to the SFDRR to better understand disaster 
losses and damages. The results of the geospatial model were sensitive to 
the different ecological regions of Ecuador, with the highest and most 
consistent agreement in the coastal region (Los Ríos), moderate results 
in the mountainous region (Bolívar), and poor results in the Amazon 
region (Napo). 

This research progressed the use of a geospatial model to quantify 
Sendai indicators by adjusting it to the context of flood hazard and 
validating the model against in-situ reference data based on Sentinel-1 
and geostatistical data. The benefit of applying this research in a 
geographically diverse country is that while several limitations in the 
research were found, particularly in EO data collection and processing, 
the use of older statistical datasets, and a small sample size, it is hope of 
the authors that future research will strengthen this approach and the 
use of EO in the support of monitoring the SFDRR. This could be ach-
ieved through multiple EO data, but also through the access of other 
geodata, which support the assessment of hazard, exposure and 
vulnerability. Decision-makers can also play a key role in advancing the 
achievement of the SFDRR through the use of this validated geospatial 
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model approach by implementing policies that increase the depth and 
breadth of risk assessments. 

Credit author statement 

JMU, KS and YW designed the validated geospatial model approach. 
The quantitative assessment of the model was conducted by JMU and 
KS. The model validation procedure was derived by JMU, KS and YW. 
The in-situ reference data were provided by JM, DY, AR, MA, and JA, 
and the implications of their sampling and reporting strategy discussed. 
GR and MN developed the Sentinel-1 based flood hazard analysis. JMU 
drafted the manuscript with inputs from all authors. All authors revised 
and approved the manuscript. 

Data Availability 

Sentinel-1 datasets related to this article can be found using open 
source software from ESA [15] at https://step.esa.int/main/down 
load/snap-download/. 

Land cover datasets related to this article can be found at http://ge 
oportal.agricultura.gob.ec/geonetwork/srv/spa/catalog.search#/meta 
data/4f7e118f-0439-42bf-ab62-f0e7c842a379, an open-source online 
data repository hosted at MAG [32]. 

Population dataset related to this article can be found at https 
://www.ecuadorencifras.gob.ec/base-de-datos-censo-de-poblacion-y-vi 
vienda-2010/, an open-source online data repository hosted at INEC 
[24], https://sni.gob.ec/proyecciones-y-estudios-demograficos, an 
open-source online data repository hosted at Ecaudor’s Sistema Nacio-
nal de Información, and https://www.ecuadorencifras.gob.ec/docu 
mentos/web-inec/Estadisticas_agropecuarias/espac/espac_2017/Indic 

e_de%20publicacion_ESPAC_2017.xlsx, an open-source online data re-
pository hosted at INEC [25]. 

Funding 

This work was supported by the German Federal Ministry for Eco-
nomic Affairs and Energy (BMWi) in the context of the VALE (Devel-
opment and Validation of Earth Observation-Based Indicators for the 
Monitoring of the Sendai Framework Using the Example of Flooding in 
Ecuador) project [grant number: 50 EE 1920 A]. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgements 

The research is part of the project VALE funded by the German 
Federal Ministry for Economic Affairs and Energy (BMWi) [grant num-
ber: 50 EE 1920 A]. The derivation of information products was con-
ducted in close collaboration with the SNGRE, the Ecuadorian country 
office of the United Nations Development Program (UNDP), and 
UNDRR. It is thereby assured that the development and validation of this 
methodology is in line with the national and international approach of 
implementing the SFDRR. The authors would like to thank Angel A. 
Valdiviezo-Ajila and Andrea Hermenejildo de la A for their contributions 
to the VALE Project and to Guido Lüchters for his highly valuable advice 
on the statistical analyses for the model evaluation.  

Appendix A  

Table A.1 
Number of people affected per canton due to agricultural crop flooding in 2017 in the provinces of Los Ríos, Bolívar, and Napo, Ecuador, per 100,000 population, based 
on Sentinel-1 hazard assessment using the validated geospatial model approach as illustrated in Figs. 4 & 5.  

Province Canton REF MOD-0 MOD-0/V MOD-1 MOD-1/V MOD-2 MOD-2/V 

Bolívar 

Caluma 0 1 0 1 1 1 1 
Chillanes 37 25 3 22 17 22 17 
Chimbo 0 113 14 112 82 112 82 
Echeandía 2 8 1 1 1 1 1 
Guaranda 244 310 258 298 236 270 214 
Las Naves 15 81 4 65 49 65 49 
San Miguel 92 43 8 41 27 41 27 

Los Ríos 

Baba 609 4230 1582 2237 1949 12 10 
Babahoyo 407 9813 12,433 4508 3339 474 351 
Buena Fe 0 51 28 32 22 27 19 
Mocache 0 279 103 52 45 48 41 
Montalvo 3668 10,790 2237 4719 3538 4649 3485 
Palenque 0 1703 357 138 122 59 53 
Puebloviejo 0 414 134 45 34 42 32 
Quevedo 0 5 8 3 2 3 2 
Quinsaloma 0 32 5 27 22 25 21 
Urdaneta 39 882 228 180 145 169 136 
Valencia 0 85 36 65 54 54 45 
Ventanas 0 42 24 5 4 2 1 
Vinces 0 489 314 131 105 127 102 

Napo 

Archidona 0 0 0 0 0 0 0 
Carlos Julio Arosemena Tola 404 4 0 4 3 4 3 
El Chaco 0 14 1 14 8 14 8 
Quijos 979 21 1 21 12 21 12 
Tena 746 16 9 15 11 15 11 

Total 7242 29,451 17,788 12,736 9828 6256 4723   
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Table A.2 
2017 Reference data for validating B-5a geospatial model and validation process.  

A. 
Province 

B. Canton C. 
Population 
(absolute 
numbers) 

D. Agricultural 
Workers 
(absolute 
numbers) 

E. Total 
Hectares 
of 
Cropland 

F. Average 
Number of 
Workers per 
Ha. Cropland 
(D /E) 

G. 
Damaged 
Hectares of 
Cropland 

H. Reference 
Destroyed 
Hectares of 
Cropland 

I. Reference 
Affected 
Hectares of 
Crops (G +
H) 

J. Reference 
B-5a 
(absolute 
numbers) (I 
* F) 

K. Reference 
B-5a (per 
100,000 
pop.) ((J/C) * 
100,000) 

Bolivar Caluma 15,610 1727 4851 0.36 0 0 0 0.00 0,00 
Chillanes 17,350 15,765 14,926 1.06 1 6 6 6.34 36.52 
Chimbo 13,692 4911 8616 0.57 0 0 0 0.00 0.00 
Echeandía 9560 3347 11,039 0.30 0 1 1 0.33 2.39 
Guaranda 7115 32,797 33,435 0.98 186 77 262 257.00 244.41 
Las Naves 42,403 3493 9807 0.36 0 3 3 1.07 15.02 
San Miguel 28,989 8434 17,361 0.49 53 2 55 26.72 92.17 

Los Rios Baba 42,920 9155 37,196 0.25 342 720 1062 261.38 608.99 
Babahoyo 171,038 55,358 90,510 0.61 816 322 1138 696.02 406.94 
Buena Fe 77,878 20,570 37,403 0.55 0 0 0 0.00 0.00 
Mocache 27,661 8358 45,078 0.19 0 0 0 0.00 0.00 
Montalvo 23,602 12,813 29,551 0.43 2169 171 2340 1014.61 3668.01 
Palenque 42,657 7941 35,523 0.22 0 0 0 0.00 0.00 
Puebloviejo 203,650 7122 26,246 0.27 0 0 0 0.00 0.00 
Quevedo 6757 5399 30,432 0.18 0 0 0 0.00 0.00 
Quinsaloma 17,185 4503 26,685 0.17 0 0 0 0.00 0.00 
Urdaneta 32,052 2334 30,076 0.08 135 25 160 12.42 38.74 
Valencia 51,365 31,705 47,936 0.66 0 0 0 0.00 0.00 
Ventanas 73,544 2107 41,121 0.05 0 0 0 0.00 0.00 
Vinces 80,165 5482 35,852 0.15 0 0 0 0.00 0.00 

Napo Archidona 30,795 1381 2281 0.61 0 0 0 0.00 0.00 
Carlos Julio 
Arosemena 
Tola 

4268 829 1225 0.0.68 25 0 25 17.23 403.70 

El Chaco 105,153 1822 1556 1.17 0 0 0 0.00 0.00 
Quijos 19,416 2500 643 3.89 11 6 17 66.15 978.95 
Tena 74,158 3543 14,726 0.24 2299 0 2299 553.27 746.06   

Table A.3 
Hectares of relevant agriculture per canton in the land cover data [32], the number of affected hectares of agriculture in the in-situ measured data, and each model of 
the validation procedure.  

Province Canton Land Cover Data (Total Ha. 
Relevant Agriculture) 

In-situ measured data (Ha. 
Affected Agriculture) 

MOD-0 (Ha. Affected 
Relevant Agriculture) 

MOD-1 (Ha. Affected 
Relevant Agriculture) 

MOD-2 (Ha. Affected 
Relevant Agriculture) 

Bolívar Caluma 4851 0 1 1 1 
Chillanes 14,926 6 4 4 4 
Chimbo 8616 0 34 34 34 
Echeandía 11,039 1 3 1 1 
Guaranda 33,435 262 333 320 290 
Las Naves 9807 3 16 13 13 
San Miguel 17,361 55 26 24 24 

Los Ríos 

Baba 37,196 1062 7377 3900 20 
Babahoyo 90,510 1138 27,441 12,605 1325 
Buena Fe 37,403 0 73 45 39 
Mocache 45,078 0 639 119 109 
Montalvo 29,551 2340 6883 3011 2966 
Palenque 35,523 0 1797 145 63 
Puebloviejo 26,246 0 650 70 66 
Quevedo 30,432 0 62 36 29 
Quinsaloma 26,685 0 37 31 29 
Urdaneta 30,076 160 3642 742 698 
Valencia 47,936 0 66 51 42 
Ventanas 41,121 0 599 68 27 
Vinces 35,852 0 2564 687 664 

Napo 

Archidona 2281 0 0 0 0 
Carlos Julio 
Arosemena Tola 

1225 25 0 0 0 

El Chaco 1556 0 1 1 1 
Quijos 643 17 0 0 0 
Tena 14,726 2299 48 45 45 

Total 634,076 7369 52,298 21,954 6490   
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Table A.4 
Results of concordance correlation coefficient and Spearman rank correlation and significance (95% level of significance) for B-5a geospatial models, per 100,000 
population.   

Performance 
measurement 

Unvalidated 
model 

Only flood 
vulnerability 
validated model 

Crop exposure 
validated model 

Crop exposure & flood 
vulnerability validated 
model 

No irrigation 
validated 
model 

No irrigation & flood 
vulnerability validated 
model 

All focal 
provinces 

Concordance 
correlation 
coefficient (ρc) 

0.32 (n = 25) 0.41 (n = 25) 0.60 (n = 25) 0.68 (n = 25) 0.91 (n = 25) 0.92 (n = 25) 

Spearman rank 
correlation (Rs) 

0.21 (n = 25) 0.20 (n = 25) 0.32 (n = 25) 0.32 (n = 25) 0.21 (n = 25) 0.22 (n = 25) 

Spearman 
significance  
(p-values) 

0.31 (n = 25) 0.34 (n = 25) 0.12 (n = 25) 0.13 (n = 25) 0.32(n = 25) 0.30 (n = 25) 

Bolívar 
ρc 0.80 (n = 7) 0.85 (n = 7) 0.82 (n = 7) 0.86 (n = 7) 0.82 (n = 7) 0.84 (n = 7) 
Rs 0.45 (n = 7) 0.45 (n = 7) 0.43 (n = 7) 0.43 (n = 7) 0.43 (n = 7) 0.43 (n = 7) 
p-values 0.31 (n = 7) 0.31 (n = 7) 0.43 (n = 7) 0.34 (n = 7) 0.34 (n = 7) 0.34 (n = 7) 

Los Ríos 

ρc 0.31 (n = 13) 0.41 (n = 13) 0.61 (n = 13) 0.70 (n = 13) 0.96 (n = 13) 
0.97 (n = 12) 

0.98 (n = 13) 
0.997 (n = 12) 

Rs 0.78 (n = 13) 0.78 (n = 13) 0.81 (n = 13) 0.81 (n = 13) 
0.47 (n = 13) 
0.76 (n = 12) 

0.47 (n = 13) 
0.76 (n = 12) 

p-values 0.002 (n = 13) 0.002 (n = 13) 0.001 (n = 13) 0.001(n = 13) 
0.11 (n = 13) 
0.004 (n = 12) 

0.11 (n = 13) 
0.004 (n = 12) 

Napo 
ρc 0.01 (n = 5) 0.01 (n = 5) 0.01 (n = 5) 0.01 (n = 5) 0.01 (n = 5) 0.01 (n = 5) 
Rs 0.82 (n = 5) 0.79 (n = 5) 0.82 (n = 5) 0.82 (n = 5) 0.82 (n = 5) 0.82 (n = 5) 
p-values 0.09 (n = 5) 0.11 (n = 5) 0.09 (n = 5) 0.09 (n = 5) 0.09 (n = 5) 0.09 (n = 5)  

Fig. A.1. BA plots for Bolívar for the year 2017, per 100,000 population.   
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Fig. A.2. BA plots for Los Ríos for the year 2017, per 100,000 population.   
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Fig. A.3. BA plots for Napo for the year 2017, per 100,000 population.  
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