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A B S T R A C T 

Index-based insurance (IBI) is a risk transfer tool that is widely used in low-incomes countries, especially catered 
to smallholder farmers. A good correlation between the selected index (in this case Normalized Difference 
Vegetation Index -NDVI-) and the crop losses of the insured area is a key requirement for well-performing 
system. Usually, IBI application area is defined by political boundaries, despite that variation in soil, topography, 
and climate is more important. In this work, agro-ecological variability effects will be studied in the IBI context. 
The case study was the rice crop failure in Babahoyo canton (Ecuador), using NDVI as the crop damage indicator. 

In a previous study, zones of similar soil, topographic and climatic characteristics (AHZs) were defined using 
principal component analysis in Babahoyo canton. Two largest AHZs were found in this canton. They were f7 
and f15, which account for 9 1 % of the total rice crop area in Babahoyo. We sampled reflectance values of red, 
blue, near infra-red (NIR) and medium infra-red (MIR) bands over bare soil (1st of January) by observation 
points, within f7 and f15. The reflectance band values were used to study whether the difference between the 
two AHZs could be appreciated through remote sensing. Then, we did the same but for NDVI average of the rice 
crop cycle, i.e., 15th of January to 15th of May (NDVI_ave). It was done for confirming that the AHZs (f7 and f15) 
have an influence over rice crop development. The used product was MODIS imagery (2001–2017). 

We stratified the sampling through the AHZs, applying 30% density for ensuring the accuracy of the selected 
pixels. Statistically significant differences between the f7 and f15 zones were found in all the analysed re
flectance bands and in NDVI_ave. This found supported the differences that the agro-ecological map pointed out 
in its database. At the same time, the NDVI_ave distribution for each AHZ presented a statistically significant 
difference of the accumulated probability below the threshold (0.4), which is confirmed as a reliable threshold 
for rice crop failure. This stratified sampling could improve the representativeness and accuracy of crop state 
assessments and reduce the basis risk. 

1 . Introduction 

Hegerl et al. (2007) and Sivakumar et al. (2005) indicated that 

climate change has increased the variability and uncertainty of 

weather, making agricultural production more exposed to climate-

driven risks. According to Trærup (2012), smallholder farmers of de

veloping countries are not prepared to address this problem. Under this 

scenario, they would be in a weak position during the next cropping 

season, thereby compromising its continuity (Hellmuth et al., 2009). 

Menand and Townsend (2010) claimed that agricultural insurance 

could be used efficiently for transferring agricultural-production risk 

from farmers to more qualified entities (insurance companies). Ad

ditionally, Skees et al. (2007) and Wright and Hewitt (1994) mentioned 

that agricultural insurance enables farmers to meet their credit com

mitments, improving their capacity to face an extreme event, and al

lowing them to continue and even stimulate their investment in 
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Fig. 1. A) Location of Ecuador in South America, B) location of Babahoyo canton in Ecuador, and C) Babahoyo canton with rice crop coverage. 

agricultural production activities. It has been widely used throughout 
the world, particularly in low-income countries (Chantarat et al., 2007). 

Conventional insurance requires an in situ verification of the re
ported losses, but index-based insurance (IBI) does not. This is a type of 
agricultural insurance that determines the crop damage caused by an 
extreme event through a highly correlated index (de Leeuw et al., 
2014). 

Barrett et al. (2008) pointed out that IBI has some advantages 
compared to conventional insurance. The administrative costs and 
consequently the premium cost are lower. Moreover, IBI can be applied 
over large and widespread areas. Thus, avoiding adverse selection 
(when only most risky farmers are insured), systemic risk (all associated 
risks of a system), and moral hazard (farmers neglect their crops be
cause they are insured). On the contrary, IBI's main limitation is basis 
risk, which is the inherent risk related to an inaccurate correlation 
between an index measure and the real farmer's losses (Mobarak and 
Rosenzweig, 2013; Binswanger-Mkhize, 2012). 

Basis risk can arise due to different situations. For example, when an 
insured farmer obtains a compensation despite having no losses. On the 
contrary, other farmer does not receive a compensation even though his 
crop has actually been hit. Clarke (2016) mentioned that basis risk 
could be increased when all insured farmers pay the same premium 
price, yet a group of them have significantly more losses than those of 
the others, i.e., the risk exposure status of insured farmers varies. 

It is necessary to account for the variability of the area of insurance 
application for avoiding basis risk in IBI implementation (Stoppa and 
Hess, 2003; Hertzler, 2004). For this reason, White et al. (1992) 
claimed that effective crop condition monitoring is very desirable, and 
it must be based on a solid sampling and statistical design that allows 
one to estimate the status, trends, and conditions of the phenomena that 
affect crops. 

We used NDVI as crop failure indicator, because, following Rulinda 
et al. (2012), the Normalized Difference Vegetation Index (NDVI) is the 
most widely used vegetation index, and it is based on the normalized 

difference of near infra-red (NIR) and red spectral reflectance (Pettorelli 
et al., 2005). The relationship of NDVI with vegetation state is well 
known. Moreover, it can also be used as crop state indicator, biomass 
estimator, and drought monitoring (Son et al., 2012; Subash et al., 2011 
and Gu et al., 2007). 

In the index-based insurance field, as is evidenced in the studies of 
Trangmar et al. (1986), Barraza (2012) and Mude et al. (2009), the 
standard methodology of NDVI sampling is determined by adminis
trative regions and land use. Most studies have focused on climate as 
the main source of variability, leaving out the probable soil and topo
graphic variability effect on index values. 

Thus, it is very important to have information regarding also soil 
and topographic properties that could afford researchers a better ex
planation of vegetation index variation across the study area. Some soil 
and topographic properties cannot be easily amended through a similar 
management crop system, such as soil texture, structure, altitude, and 
slope; thereby, we have to consider them. Many authors like 
Cambardella et al. (1994) and Letey (1985) have found that soil and 
topographic variables jointly with climate have an important effect on 
crop conditions, which will be estimate through NDVI values (Gu et al., 
2007). 

This study was performed in the context of an IBI implementation 
assessment in Babahoyo canton, Ecuador. This insurance design at
tempts to reduce basis risk through a proper discrimination of insurance 
influence area (IIA) variability produced by the interaction of soil, to
pography (slope, altitude), crop, and climate. IIA is a region where a 
determined index is representative. In this case, we have used agro-
ecological homogeneous zones (AHZs) for determining IIA. AHZs ag
gregated zones with similar soil, topographic, and climatic character
istics; they were generated by principal component analysis in a pre
vious study of Arias et al. (2018). 

Our proposed IBI design will use NDVI as occurrence indicator of 
extreme events; in this case, they are drought and flood, which are the 
most frequent and largest events susceptible to be detected through 



NDVI. A completed evaluation of drought hazard in Babahoyo canton is 
presented in Arias et al. (2018) work. 

For this reason, this paper aims to design an efficient stratified NDVI 
sampling. Considering the soil, topographic, and climatic variability 
found in the study area that could reduce basis risk of an eventual IBI 
design, as well as using an adequate sampling density. The stratification 
criterion was based on AHZs map. 

2. Materials and methods 

2.1. Location of study area 

The study area is located in Ecuador (Fig. 1 A), in Babahoyo canton, 
see Fig. 1 B. Its area is 109,391 ha out which 102,517 ha correspond to 
agricultural lands. The study is focused on rice crop (Fig. 1 C), this crop 
is the most cultivated (46,556 ha) in Babahoyo (IEE, 2009), reaching 
45% cultivated area of the canton (MAGAP, 2014). 

2.2. Cartographic data 

2.2.1. Agro-ecological homogeneous zones map 
This map was generated by (Arias et al., 2018), it grouped similar 

soil, topographic, and climatic characteristics in agro-ecological 
homogeneous zones (AHZs) through principal components analysis in 
the Ecuadorian Coastal region (Fig. 2 A). 

2.2.2. Rice-cultivated land in Babahoyo canton (1:25,000) 
The map of rice cultivated area for 2014 in Babahoyo canton (Fig. 2 

C) was generated through pixels' supervised classification on high spatial 
resolution images (RapidEye), which have a spatial resolution of 5 x 5 
m per pixel (MAGAP, 2014). In this canton, rice crop is periodi-cally 
cultivated over consolidated areas seldom varying year by year. Some of 
the areas present an irrigation structure that farmers could use 

T a b l e 1 

T e c h n i c a l cha rac t e r i s t i c s of i m a g e r y se t (MODIS M O D 1 3 Q 1 V 6 ) . 

A d a p t e d f rom (Didan , 2 0 1 5 ) . 

Characteristic Description 

Temporal granularity 

Temporal extent 

Spatial extent 

Coordinate system 

Datum 

File format 

Geographic dimensions 

Number of science dataset (SDS) 

layers 

Rows/columns 

Pixel size 

16-day 

2001-2017 
Ecuador 

Projected to Universal Transverse 

Mercator 

WGS 1984 Zone 17 S 

HDF-EOS 

1200 km x 1200 km 

12 

4800 rows X 4800 cols 

250 m 

as a support labour after the rainy season. However, the water used for 
it dependents on the precipitation and drought events are reported from 
these areas. 

2.2.3. Data from satellite imagery 
The product downloaded (NASA LP DAAC, 2015) and used was 

MODIS MOD13Q1V6 which has the following characteristics, see 
Table 1. 

We used composite images (16 days) corresponding to the rice crop 
cycle (January 15th to May 15th) from 2001 to 2017, totalling 170 
images. The rice crop cycle in Ecuador lasts about 120 days. 

The HDF (Hierarchical Data Format) is a multilayer file, which in
cludes twelve layers (Didan, 2015). The following layers were used in 
this study: 

Hdf:0, pixel values in this layer correspond to NDVI. The total 
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Fig. 2. A) Agro-ecological homogeneous zones (AHZs) map from (Arias et al., 2018); B) AHZs in Babahoyo canton, C) rice crop coverage, and D) AHZs on rice 
cultivation area in Babahoyo canton. 



imagery set was used (170 images), as well as two NDVI images for 
each rice crop cycle month along 2001-2017. 
Hdf:3, pixels values in this layer corresponds to surface reflectance 
band 1 (red), was used only the January 1st (2001-2017) observa
tion, totalling 17 images. 
Hdf:4, pixels values in this layer corresponds to surface reflectance 
band 2 (NIR), of which only the image of January 1st (2001-2017) 
was used, totalling 17 images. 
Hdf:5, pixels values in this layer corresponds to surface reflectance 
band 3 (blue), of which only the image of January 1st (2001-2017) 
was used, totalling 17 images. 
Hdf:6, pixels values in this layer corresponds to surface reflectance 
band 7 (medium infra-red MIR), of which only the image of January 
1st (2001-2017) was used, totalling 17 images. 

Table 2 
Topographic, soil and climatic characteristics of agro-ecological homogeneous 
zones (AHZs) in Babahoyo canton. 

AHZs characteristics 

Slope 

Altitude 

Clay 

Effective depth 

pH 

Organic matter 

Temperature 

Precipitation 

Soil Classification* 

P 

0 - 5 % 

1-12 m 

> 50% 

50-100 cm 

5.6-6.5 

2 -4% 

24-25 °C 

500-700 mm 

Typic hapluderts 

fis 

5-12% 

> 1 2 - 3 5 m 

35 -50% 

> 1 0 0 cm 

6.6-7.4 

2 - 4 % 

24-25 °C 

700-900 mm 

Vertic eutrudepts 

According to USDA Soil Taxonomy (Soil Survey Staff, 2014). 

2.3. Bare soil and NDVI sampling methodology 

The first criterion of stratification was an AHZs map (Arias et al., 
2018) as seen in Fig. 2 A, which overlies (using overly ArcGIS tool 
Identity) the Babahoyo canton boundary, resulting the agro-ecological 
homogeneous zones of Babahoyo canton (Fig. 2 B). Then, this map was 
overlain with rice crop coverage (Fig. 2 C) to obtain AHZs within rice 
cultivation in Babahoyo canton (Fig. 2 D). The most representative 
AHZs found within the rice crop coverage were selected (f7 and/25) see 
Fig. 3 A. The main differences between these two AHZs are related to 

soil and topographic characteristics, particularly their water retention 
capacity (Arias et al., 2018). The former step is the improvement of the 
standard methodology because it considered the agro-ecological char
acteristics (soil, topography and climate), analysed their joint interac
tion with land use (rice crop coverage), and political boundary, facing 
an extreme event. 

Based on AHZs (f7 and flS), a random points shapefile (RPS) was 
generated using an ArcGIS tool, fulfilling the following conditions: 

a) Avoiding the border effect by eliminating the observation points, 
which were within the first 80 m from the border, b) Covering at least 
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Fig. 3. High spatial resolution images RapidEye of study area portion (represented by black rectangle in A) and sampling random points of: B) bare soil prepared for 
rice sowing at January 13th, 2014 and C) rice cultivation affected by flood at March 29th, 2012 both inside of AHZs f7 and fl5. 



Table 3 
Descriptive statistics of bare soil reflectance bands (red, NIR, blue and MIR) and 
NDVI ave of rice crop cycle. 

Mean 

Typical error 

Median 

Standard 

deviation 

Kurtosis 

Skewness 

Count 

Reflectance 

Red NIR Blue 

Bare soil (January 1st) 

0.285 

0.001 

0.283 

0.102 

1.866 

0.555 

6213 

0.368 

0.001 

0.374 

0.108 

1.158 

0.222 

6213 

0.244 

0.001 

0.255 

0.105 

- 0 . 1 3 0 

- 0 . 0 6 0 

6213 

MIR 

0.231 

0.001 

0.229 

0.076 

- 0 . 0 5 6 

0.154 

6213 

NDVI_ ave 

Rice crop cycle 
/ T 

15th) 

ary 15th-May 

0.468 

0.001 

0.487 

0.116 

0.559 

- 0 . 7 8 5 

31,756 

Table 4 
ANOVA for agro-ecological homogeneous zones (AHZs) of bare soil reflectance 
bands (red, NIR, blue and MIR). 

Source Square sum F.D. Mean square F-ratio P-value 

Red 
Inter-AHZ 

Intra-AHZ 

Total (corrected) 

NIR 
Inter-AHZ 

Intra-AHZ 

Total (corrected) 

Blue 
Inter-AHZ 

Intra-AHZ 

Total (corrected) 

MIR 
Inter-AHZ 

Intra-AHZ 

Total (corrected) 

0.27 

64.92 

65.19 

0.73 

71.61 

72.34 

0.59 

67.88 

68.47 

0.054 

35.63 

35.68 

1 

6211 

6212 

1 

6211 

6212 

1 

6211 

6212 

1 

6211 

6212 

0.27 

0.011 

0.73 

0.012 

0.59 

0.011 

0.05 

0.0057 

63.22 

54.09 

9.49 

Italic and bold represent significant statistical difference. 

30% of the study area, and c) avoiding sampling the same pixel by 
imposing a minimal distance among points. As each pixel represents 
250 x 250 m, the diagonal (D = 353.55 m) plus 1 m was chosen as the 
minimal distance among sample points. 

The NDVI and reflectance (red, blue, NIR and MIR) pixel values 
were extracted by RPS. The selected pixels of the red, blue, NIR and 
MIR bands correspond to Januarylst (2001-2017); and NDVI pixel 
values correspond to images during the rice crop cycle (January 15th to 
May 15th) in the same period. The quality of the extracted pixels were 
tested through the quality layer (Didan, 2015); this layer has a quality 
indicator (Rank key) for each pixel of both NDVI and reflectance (red, 
blue, NIR and MIR) layers. When a pixel has the Rank key = 0, it in
dicates that this pixel has high quality and that we can use it with 
confidence. Thus, we eliminated all pixels with Rank key different to 0, 
see user guide of Didan et al. (2015). 

Only the images of January 1st (from 2001 to 2017) were used; 
because, it is the time of the year where we can find bare soil, as 
consequence of land's preparation for the rice sowing (Cabangon and 
Tuong, 2000; Moreno, 2014). This is clearly observed in the high spatial 
resolution image (5 x 5 m) shown in Fig. 3 B. To ensure that sampling 
pixels were representative of bare soil, only the observations of red, 
blue, NIR and MIR that have the corresponding NDVI values < 0.2 
were used because a higher value could correspond to vegetation cov
erage. 

Barnes and Baker (2000) and Gomez et al. (2008) indicated that 
remote sensing has been used successfully for many years in mapping 
soil properties. For this reason, reflectance values from the imagery set 

of red, blue, NIR and MIR layers in each representative AHZ were 
sampled. These bands were included in the analysis, as some soil 
properties are better determined using the visible spectrum (blue and 
red), while other properties are better determined using the near and 
medium infra-red spectrum (Viscarra Rossel et al., 2006). 

In Addition, NDVI values during the rice crop cycle were sampled as 
it was mentioned previously. In this manner, we can study whether the 
differences between the AHZs are statistically significant for the NDVI 
values. In this case, stratification could be used for differencing pre
mium cost in each AHZ in an eventual IBI design. In other words, a 
calculation of rice crop lost probability should be applied for each AHZ, 
but not at cantonal level. This could make the IBI sustainable in time 
and more attractive to farmers. 

2.4. Rice-yield estimation 

An NDVI_ave threshold of 0.4, for crop failure, was calculated by 
Valverde-Arias et al., 2018 for rice crops in the same study area (Ba-
bahoyo). The researchers calculated this threshold based on the work of 
Gu et al. (2007) and Rulinda et al. (2012), characterizing the most af
fected years of extreme climatic events from 2001 to 2014. The value of 
0.4 was the NDVI_ave mean of those years, which were affected by 
drought and floods. Via yield estimation, we wanted to verify if this 
threshold is a reliable value and representative of an economic failure 
for rice producers. We did not use a threshold for a particular pheno-
logical stage of the rice crop cycle. Because, some short-duration ex
treme events could be overcome by the crop. Therefore, it is more 
convenient to wait for the end of crop season to quantify the affectation. 

Since 2014, the General Coordination of the National Information 
System (CGSIN-acronym in Spanish-) of Ecuadorian Agricultural and 
Livestock Ministry (MAG -acronym in Spanish-) has conducted a rice-
yield estimation project, in which they have gathered yield samples 
across mapped rice areas. In consequence, 369 georeferenced rice-yield 
observations (t/ha), for 2014-2017 rainfed cycles (January to May) in 
Babahoyo canton over AHZs/7 and/25, were available. These rice-yield 
observations were correlated with their corresponding spatial and 
temporal NDVI_ave values, obtaining a rice-yield estimation model. 
Huang et al. (2013), Quarmby et al. (1993) and Son et al. (2014) have 
also generated rice-yield estimation models based on NDVI values. 

2.5. Statistical analysis of bare soil and NDVI 

First, a statistical descriptive analysis was conducted to test the 
normality of the data set. Then, an analysis of variance (ANOVA) was 
applied, in which the variability factor was the AHZs, for a data set of 
bare soil reflectance (red, blue, NIR and MIR bands). ANOVA for 
NDVI_ave, AHZs and time (years) were the variability factors. The least 
significant difference test of Fisher (Williams and Abdi, 2010) was 
performed to determine the degree of significance of the differences in 
the variability factors. 

For the first data set (red, blue, NIR and MIR bands), we used the 
January 1st image during the period 2001-2017. These values are ex
pressed in percentage ratios with values of from 0 to 1. For the second 
data set, we used an NDVI average (NDVI_ave) of the rice crop cycle 
(January 15th to May 15th) during the same years. This study started 
with a sampling density of 30% to assess the differences between the 
AHZs. For determining the minimal sampling density that allows one to 
discriminate the mentioned differences between AHZs, but conserving 
the sampling representativeness and accuracy. We also tested 5, 10, 15, 
20 and 25% sampling densities in the same imagery data set. Then, we 
performed an ANOVA in which the variability factors were the sam
pling densities and AHZs. This analysis has allowed us to suggest an 
accurate sampling density that could be more adequate for practical 
purposes in IBI design. 
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Table 5 
ANOVA of NDVI ave for agro-ecological homogeneous zones (AHZs)/7 and/Z 5. 

Source 

Main effects 

A:AHZ 

B:years 

Iterations 

AB 

Residues 

Total (corrected) 

Sum of squares 

6.40 

108.35 

15.083 

306.30 

429.82 

F.D. 

1 

16 

16 

31,722 

31,755 

Mean square 

6.40 

6.77 

0.94 

0.0097 

F-Ratio 

663.1 

701.35 

97.63 

P-value 

0.000 
0.000 

0.000 

Italic and bold represent significant statistical difference. 

2.6. Effect of agro-ecological variability on failure probability in a rice crop 

In the case that the NDVI_ave of both AHZs (f7 and fl5) are sig
nificantly different, the risk status of each AHZ was calculated. This 
consisted in determining the percentage of the NDVI_ave observations 
bellow the occurrence threshold (0.4) for each AHZ. After that, these 
two percentages were evaluated via a Z-test (Polasek, 2013). If the Z is 
outside of the critical rate range (Z < z0.o25 = — 1-96 and 
Z > Zn.975 = 1.96), the two percentages are significantly different from 
each other. 

3. Results and discussion 

3.1. Representative agro-ecological homogeneous zones 

In the Babahoyo canton over rice crop coverage, we have found 
seven AHZs. The most representative being f7 with 17,110ha and /25 
with 24,676 ha. These two zones accounted for 9 1 % of the study area, 
as seen in Fig. 2 D. 

As shown in Table 2, the most important agro-ecological differences 
between zones f7 and fl5 are slope, altitude, texture, and effective 
depth as well as precipitation. 

3.2. Statistical analysis of soil variability 

Checking over the descriptive statistics (Table 3), skewness and 
kurtosis values were < 2.0 indicating possible normality for datasets of 
reflectance and NDVI_ave, allowing us to continue with the analysis of 
variance. 

As listed in Table 4, the reflectance of bare soil for the red, blue, 
NIR, and MIR bands is significantly different between zones f7 and fl 5. 
This could be due to the different soil characteristics of each zone. 
According to Thomasson et al. (2001), soil properties, such as texture, 
mineralogy, organic matter, and soil moisture, can be discriminated 
using remote sensing. 

The reflectance is lower with higher the soil moisture in soils with 
low humidity; for example, those in the study area at the beginning of 
the rainy season (Weidong et al., 2002). For the red, NIR and blue 
bands, the reflectance is lower in zone/25 than that in /7 (Fig. 4 A, B, C) 
which is in agreement with Table 2. The AHZ /25 is in a higher pre
cipitation zone (700-900mm annually) than that o f /7 (500-700mm 
annually); thus, /25 could have higher soil moisture content. On the 
other hand, the dynamics of water availability in each zone during the 
rice crop cycle is complex, influencing other factors. The slope and 
texture of the soil o f / 7 could provide better conditions for retaining 
water as the soil has finer texture and it is flatter than that of/25. As 
seen in Fig. 3 C (RapidEye scene of March 2012) during a year with 
excessive precipitation, zone/7 presents some flooded areas, while zone 
/25 does not show any trace of poor drainage. 

The reflectance of NIR (Fig. 4 B) i n / 7 (0.38) corresponds to a clay 
soil, according to Thomasson et al. (2001); fl 5 has a reflectance of 0.36, 
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which indicates slightly lower clay content. This difference is in 
agreement with the soil characteristics (Table 2) and with the statement 
that a finer soil texture has greater reflectance (Mouazen et al., 2005). 

Gomez et al. (2008) used MIR to determine soil organic carbon 
(SOC) content and found that values < 1% of SOC are not accurately 
discriminated. Along the same line, Henderson et al. (1992) mentioned 
that the reflectance percentage decreases when organic matter content 
increases. The AHZs / 7 and fl5 are in the same range of soil organic 
matter (2-4%), which correspond to moderate organic matter content 
(Krishnan et al., 1980). However, the MIR reflectance is significantly 
different between AHZs / 7 (0.234) and/25 (0.227), which indicates that 
/ 7 has more organic matter content than that of fl5 (Fig. 4 D). 

3.3. Statistical analysis of NDVI 

As seen in Table 5, both variability factors (AHZs and years) and 
their interaction have a significant effect on NDVI_ave, with a con
fidence level of 99% and p-values of < 0.01. 

According to a multiple rank test of 99% LSD (Fig.5 A), the 
NDVI_ave mean for a rice crop cycle o f / 7 (0.45) is significantly dif
ferent to that of fl5 (0.48), showing that the variability found between 
these zones over bare soil also persists on rice cultivation. 

The variation regime of NDVI during the rice crop cycles of /7 and 
fl5 analysed for the period is also different (Fig. 5 B). In/25, due mainly 
to favourable soil conditions for rice crop. There is a NDVI increase 
from 15th January (at sowing) until March when the crop has reached 
its maturity (flowering). Then, it diminishes during April and May 
during the rice's senescence. Meanwhile, the NDVI in / 7 follows a si
milar pattern but present lower values compared to fl5. As seen in 
Fig. 5 B, the growth of rice i n /7 is limited by soil conditions both for the 

crop's development, and during the time that it takes to reach maturity 
at April. It is one month later than that of/25 (May). 

3.4. Rice-yield versus NDVI 

The observed rice-yield was plotted versus NDVI_ave of the rice crop 
cycle (see Fig. 6). A normal accumulative curve was adjusted (Eq. (1) in 
Fig. 6) to relate both variables. The RMSE (%) of 3.3 and an R2 of 0.71 
indicate a robust model. This type of curve was selected, instead of a 
linear regression to take into account the high values of the NDVI sa
turation effect on plant biomass (Gu et al., 2013) and the soil saturation 
effect on low NDVI values (Rondeaux et al., 1996). The correlation 
coefficient of observed versus estimated rice-yield was high (0.89), 
indicating that NDVI_ave is an adequate indicator that can be used for 
assessing catastrophic crop effects. This adequate correlation is evi
denced in Table 7; where, they were matched NDVI_ave values with 
their corresponding historical rice-yields (from Survey of Surface and 
Continuous Agricultural Production -ESPAC acronym in Spanish-) in 
Babahoyo canton. This indicated us a suitable sensibility of NDVI_ave 
for determining rice-yield reduction in years affected by extreme cli
matic events (drought and flood). 

We consider an extreme-event impact as catastrophic when rice-
yield is not plenty for farmers to make a profit. The national rice-yield 
average is approximately 4.2t /ha and 5.7t/ha in Babahoyo canton. 
Introducing an NDVI_ave of 0.4 in Eq. (1), a yield of 2.6t/ha was ob
tained. This result is < 50% of the regional average. Moreover, a 
comparison between /7's, /25's, and cantonals expected yields with the 
threshold's yield, is shown in Table 6. This confirms that the NDVI_ave 
threshold of 0.4 (Valverde-Arias et al., 2018) is a reasonable value to be 
used under a catastrophic scenario. 
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Table 6 
Estimated rice-yield for threshold, AHZs (/7 and/25) and for Babahoyo canton. 

NDVI_ave Expected Yield (tonnes/ha) 

Threshold 

f? 
flS 
Cantonal 

0.40 
0.49 
0.55 
0.51 

2.6 
5.1 
6.7 
5.7 

Table 7 
NDVI ave and historical rice-yield in Babahoyo canton. 

Year NDVI_ave Yield (t/ha) Category 

2008 

2012 

2013 

2016 

2017 

2014 

2015 

2010 

2002 

2005 

2011 

2001 

2009 

2007 
2003 

2004 

2006 

0.37 
0.40 

0.40 

0.40 

0.42 

0.42 

0.45 

0.46 

0.48 

0.49 

0.49 

0.51 

0.51 

0.52 

0.54 

0.55 

0.55 

2.00 
2.57 
2.63 
2.66 
3.07 
3.13 
3.89 
4.19 
4.78 
4.89 
4.99 
5.51 
5.67 
5.82 
6.40 
6.54 
6.57 

Years affected by extreme climatic events 

Years affected by moderate climatic events 

Normal years 

Years with good climatic conditions 

Years with very good climatic conditions 

Table 8 
ANOVA for different NDVI sampling densities of agro-ecological homogeneous 
zones (AHZs) f7 and /25 . 

Source 

Main effects 

A: sampling density 

B:AHZ 

Interactions 

AB 

Residues 

Total (corrected) 

Sum of squares 

0.032 

5.80 

0.092 

1127.50 

1136.13 

F.D. 

5 

1 

5 

91,520 

91,531 

Mean square 

0.0065 

5.802 

0.0184 

0.0123 

F-Ratio 

0.52 

470.96 

1.49 

P-Value 

0.759 

0.000 

0.188 

Italic and bold represent significant statistical difference. 

Means and LSD (99%) 

0.46 -
10 15 20 25 30 

Sampling density (%) 

Fig. 7 . Multiple rank test (LSD) of NDVI ave means for the interaction between 
agro-ecological homogeneous zones (/7 and/25) and sampling densities. 



3.5. Effect of soil variability on failure probability in rice crops Acknowledgements 

Calculating the percentage of NDVI values under the selected 
threshold (t = 0.4), we have observed that f7 had more events (25%) 
than that of fl5 (17%) for the analysed 17 years (Fig. 5 C). The Z-test 
shows that these proportions of accumulated events in each AHZ (f7 and 
fl5) are significantly different because the calculated Z value (18.06) is 
outside the critical rate. 

As previously mentioned, the different soil characteristics of AHZs f7 
and /25 affect the rice crop risk status coping extreme events (drought 
and flood). The interaction between agro-ecological char-acteristics and 
these phenomena is clear. f7 is more affected by floods than is f15; due 
to, / 7 s very fine texture (> 50% clay), low altitude (1-12 m) and flat 
topography, hindering the proper drainage, and ac-centuating its 
flooding vulnerability. On the other hand, under drought conditions, the 
f7 soil characteristics resulted in better water retention than those of/25, 
but at the same time, this water is not available easily to crops (Baver et 
al., 1972). Under extreme drought conditions, the Vertisol soil order 
(Soil Survey Staff, 2014) becomes difficult to till, presenting deep and 
wide cracks that can even destroy roots. 

3.6. Sampling density effect 

Several sampling densities for both AHZs were tested showing that 
there were no significant differences among the 5% to 30% densities 
(Table 8). At any of the tested densities, both AHZs were significantly 
different. In other words, the difference in NDVI_ave between AHZs f7 
and fl5 was always statistically significant and discriminated at all 
sampling densities (Fig. 7). This shows that once the sampling is stra
tified through AHZs, the NDVI_ave is quite homogeneous within each 
AHZ, maintaining a statistically significant difference between AHZs (f7 
and/25) even at low sampling densities (5 or 10%). 

In practical applications, a representative and accurate NDVI_ave 
sampling is desirable. Observing Fig. 7, any of the sampling densities 
provide a stable value for each AHZ. However, 5% sampling density 
shows a higher variance than the rest of the sampling densities. 
Thereby, in the context of IBI, a 10% sampling density is recommended. 

4. Conclusions 

The differences between the AHZs f7 and fl5 were evidenced over 
bare soil. Statistically significant differences for the reflectance means 
of f7 and fl5 for the red, blue, NIR and MIR bands were found in sa
tellite imagery. 

AHZs/7 and/25, which mainly differ in terms of soil, topographic, 
and climatic characteristics, have an influence in the response of rice 
crop growth. This effect has been detected over the NDVI average of the 
rice crop cycle (NDVI_ave), and significant differences in the NDVI_ave 
of AHZ f7 and fl5 were found. 

The percentage of values below the NDVI_ave threshold of 0.4, re
lated to rice crop failure, in AHZs/7and/25 are statistically significantly 
different: 25% and 17%, respectively. These results clearly show a 
higher crop failure probability in f7 than in fl5. In the context of IBI 
implementation, it is necessary to adjust the premium price for each 
AHZ; otherwise, insurance would not be sustainable as the /25 farmers 
will eventually leave. 

Significant differences among sampling densities were not found 
because of the very low intra-variability of AHZ and the high AHZs 
inter-variability. In other words, NDVI_ave is quite homogeneous inside 
each AHZ and very different between AHZs f7 and /25. For practical 
purposes in IBI implementation, a 10% sampling density is re
commended, as it presents adequate accuracy and representativeness, 
as it was found in this study. 

Financial support for Omar Valverde Ph.D. studies in the UPM by 
National Secretary of Higher Education Science Technology and 
Innovation of Ecuador (SENESCYT in Spanish) is greatly appreciated. 
The authors would like to also acknowledge to CGSIN-MAGAP for the 
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