
Contents lists available at ScienceDirect

Int J Appl Earth Obs Geoinformation

journal homepage: www.elsevier.com/locate/jag

Exploring improvements to the design of an operational seasonal forage
scarcity index from NDVI time series for livestock insurance in East Africa

Lucas De Otoa,⁎, Anton Vrielinga, Francesco Favab, Kees (C.A.J.M.) de Biea

aUniversity of Twente, Faculty of Geo-information Science and Earth Observation, P.O. Box 217, 7500 AE, Enschede, the Netherlands
b International Livestock Research Institute, P.O. Box 30709, Nairobi, 00100, Kenya

A R T I C L E I N F O

Keywords:
Drought
MODIS
NDVI time series
ISODATA clustering
Phenology
Index insurance

A B S T R A C T

Recurrent drought represents a major threat in arid and semi-arid regions of East Africa where pastoralists
depend on their livestock for subsistence. In Kenya and southern Ethiopia, an existing satellite-based index
insurance scheme aims to protect pastoralists against the adverse effects of drought. Under that scheme, payouts
are made based on an area-aggregated seasonal forage scarcity index derived from remotely-sensed Normalized
Difference Vegetation Index (NDVI). NDVI values are directly averaged per unit areas of insurance (UAI), which
are based on administrative borders but take into limited account the ecological variability within the unit. The
choice of administrative boundaries at the onset of the analysis may negatively impact the performance of the
product. Our study explores an alternative index design based on an ecological stratification of the study area.
First, we performed an unsupervised classification of NDVI time series from the Moderate Resolution Imaging
Spectroradiometer (MODIS) to group pixels with similar temporal NDVI trajectories. Next, we used average
NDVI profiles and ancillary data to discard areas deemed insignificant for forage production. We then trans-
formed NDVI values into z-scores to assess how each pixel relates to the multi-year distribution of NDVI values
per class and season. In the final step, we calculated the alternative forage scarcity index, which is the percentage
of pixels with anomalously low NDVI values per season and UAI (i.e. z-score ≤ −1.0). To evaluate its perfor-
mance, we compared unit-level results for both the original and alternative designs against spatially-aggregated
monthly household survey data on livestock mortality from 16 sample sites corresponding to eight adminis-
trative units within the study area. Besides performing better in predicting livestock mortality (i.e. increases of
53% and 39% in correlation coefficients as measured by Pearson’s r and Spearman’s ρ, respectively) and
strengthening the ecological significance of the index, the proposed design has a number of other advantages: 1)
the index is calculated using a much larger statistical basis, 2) it allows for analysis of forage conditions at sub-
unit level, and 3) it offers a more flexible structure for payout calculation. These advantages could be of par-
ticular relevance for expanding the index-insurance scheme to agro-pastoral regions characterized by more
heterogeneous landscapes. Finally, we propose to consider using this approach to better account for the eco-
logical variability of rangelands in other NDVI-based early warning and monitoring systems.

1. Introduction

Recurrent drought represents a major peril in arid and semi-arid
regions of East Africa (Nkedianye et al., 2011). This can severely affect
pastoralist communities residing in these areas (Homewood et al.,
2012). Prolonged lack of water availability may lead to forage scarcity
and disease outbreaks that can result in widespread livestock mortality,
especially if adverse conditions prevail for more than one season
(Vrieling et al., 2016). Pastoralists are then forced to sell what remains
of their livestock at low prices, possibly losing their sole source of in-
come. As a result, they are prone to fall into chronic poverty traps

(Barnett et al., 2008).
In the last decades, the frequency and severity of droughts has in-

creased in the East African region (Huho and Mugalavai, 2010). This
negatively affected regional food security that largely depends on local
agricultural and livestock production (Tierney et al., 2015). During
2010–2011, a large part of East Africa suffered from the severest
drought in 60 years, triggering a major humanitarian crisis (Yang et al.,
2014). In February 2017, after two consecutive seasons of poor rainfall
in 2016, the government of Kenya declared this drought a national
disaster when the number of people affected reached 2.7 million (Food
and Agriculture Organization of the United Nations (FAO, 2017). To
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control such catastrophic events and minimize its consequences, effi-
cient mitigation strategies need to be implemented and geospatial in-
formation can play there a prominent role (Vicente-Serrano et al.,
2012).

A promising innovative intervention aiming to alleviate the nega-
tive impact of recurrent droughts is index-based insurance (Barnett and
Mahul, 2007). Unlike traditional claim-based agricultural insurance
that requires expensive and time-consuming verification of individual
losses by the insurer, the index-based model is generally considered to
be a more cost-effective approach for small holder farmers and livestock
keepers because it eliminates the loss verification need (Barnett et al.,
2008). Payouts under this scheme are based on an objectively measured
variable that is highly correlated with the loss being insured (Carter
et al., 2014). The insurance indemnifies the policyholder based on
readings of an index in relation to pre-specified thresholds (de Leeuw
et al., 2014). Often-used indices comprise rainfall (gauge measurements
or satellite-derived estimates) and satellite-based measures of vegeta-
tion greenness, such as the normalized difference vegetation index
(NDVI) (Turvey and Mclaurin, 2012; Gommes and Kayitakire, 2013).

A crucial step for developing index-based insurance is the selection
of a proxy variable that should be correlated with the asset being in-
sured (Chantarat et al., 2013). Of equal importance is the process of
transforming that variable into an index, which implies various design
options (Brown et al., 2011; de Leeuw et al., 2014). These decisions will
largely determine the performance of the product, meaning that in-
surance holders effectively receive indemnities when they need it, i.e.
when the peril hits. The potential mismatch between payouts and actual
losses is referred to as basis risk (World Bank, 2011) and constitutes one
of the critical elements for the success of an insurance scheme.

During the last decade, many index-based insurance schemes have
been designed and implemented in developing countries in Africa, Asia
and Latin America (Miranda and Farrin, 2012). In East Africa, the In-
ternational Livestock Research Institute (ILRI) together with several
partners designed the Index Based Livestock Insurance (IBLI), aimed to
protect pastoralists residing in the Arid and Semi-Arid Lands (ASALs) of
Kenya from drought related asset losses (International Livestock
Research Institute (ILRI, 2016). The product was commercially laun-
ched in the Marsabit District in Kenya in January 2010 and later ex-
panded to other areas of the country and southern Ethiopia (Woodard
et al., 2013). IBLI is constructed around a forage scarcity index based on
NDVI time series. Initially conceived to be used within a model for li-
vestock mortality prediction (Chantarat et al., 2013), IBLI has evolved
towards a ‘forage scarcity contract’ that uses the index readings to
calculate payouts directly (Vrieling et al., 2016). The design of IBLI has
changed through the years in a constant effort to reduce basis risk. The
current design utilizes 10-day NDVI composites from the Moderate
Resolution Imaging Spectroradiometer (MODIS) at 250m resolution
that are first averaged spatially per administrative unit, then temporally
per season, and finally compared between years to estimate the relative
condition of forage per administrative unit for a particular season.
While originally spatially-constant time periods were used for temporal
integration, phenological analysis of NDVI time series provided more
accurate spatially-variant seasonal definitions while removing periods
of the year that are consistently dry and when NDVI provides little
information (Vrieling et al., 2016). However, further gains to IBLI’s
accuracy could be achieved, for example through a more careful con-
sideration of the spatial aggregation step (Vrieling et al., 2014).

Different reasons justify spatial aggregation based on administrative
units in the context of index construction for insuring livestock drought-
related losses. Firstly, drought is a spatially extended natural hazard
which tends to affect vast neighbouring zones at the same time.
Secondly, additional data that could be used for comparison or vali-
dation (such as official statistics) are often only available at an ag-
gregated scale. Finally, using administrative boundaries may result
convenient for managing other commercial operations related to the
product (i.e. sales, payments, advertising, etc.).

Nonetheless, direct spatial aggregation of NDVI within adminis-
trative units may not provide the most meaningful results, given that
sub-areas of the unit may have different ecological characteristics re-
sulting in varying NDVI trajectories. Different rangeland types may
have different value for animal nutrition and therefore, this loss of in-
formation may negatively impact the performance of the product.
Although IBLI units have been adjusted in coordination with local
stakeholders considering certain ecological characteristics (Chelanga
et al., 2017), differential spatial responses to drought within an ad-
ministrative unit may not be captured by the model. This could lead to
over- or underestimations of actual losses in certain areas which may in
turn result in an increase of the product’s basis risk. A more detailed
assessment of spatial variability of drought effects within the unit be-
fore aggregation could potentially positively affect the predictive power
of the index. One option to achieve this is using NDVI temporal char-
acteristics to define ecological strata, as for example implemented in an
agricultural insurance project in Ethiopia (de Bie, 2017; de Bie et al.,
2018)

The aim of this paper is to present an alternative method to calcu-
late a forage scarcity index to be used in the framework of IBLI, which
accounts for ecological variability within administrative units; to
compare its outcomes with respect to those of the current design; and to
contrast them against livestock mortality data with the overall goal to
further reduce the basis risk of the final insurance product.

2. Study area

The study area encompasses thirteen Kenyan counties and the
Borana zone in southern Ethiopia (Fig. 1). It comprises a total of 172
unit areas of insurance (UAI) that were designed in the framework of
the IBLI project. These spatial units correspond to administrative divi-
sions whose boundaries have been adjusted in some cases in colla-
boration with local stakeholders to better reflect the use of rangelands
by pastoralists in the area.

The thirteen Kenyan counties belong to the ASALs (The Ministry of
Devolution and ASAL of the Republic of Kenya, 2018) and cover 70% of
the total area of the country. According to the last national census
17.5% of the country’s total population lives in these counties, corre-
sponding to more than 6.7 million inhabitants (Kenya National Bureau
of Statistics (KNBS, 2009). The Borana district has an area of
43,000 km2, which represents around 4% of the total area of Ethiopia
and is home to close to a million inhabitants (about 1.3% of Ethiopia’s
population) (Central Statistical Agency (CSA, 2007). The economic
spine of the ASALs is livestock production. The livestock population
includes beef and dairy cattle, camels, goats, sheeps and chicken
(Johnson and Wambile, 2011). In wetter areas, crop cultivation is
gaining increasing importance as an economic diversification strategy
(Rufino et al., 2013).

Average annual rainfall ranges from about 300mm in the dry parts
of Marsabit to almost 900mm in the eastern coast and around 1000mm
in humid areas of Narok in the southwest (Fick and Hijmans, 2017).
Most of the study area is characterized by two rainfall seasons separated
by clear dry periods: the long rains (LR) run approximately from March
to May and the short rains (SR) from October to December (Vrieling
et al., 2014).

The arid lands of Kenya have the highest incidences of poverty and
the lowest level of access to basic services of the country. Infant mor-
tality rates are high while school enrolment rates are low. Disease
outbreaks are frequent and affect both human and animal populations.
Drought is a major factor contributing to poverty in these regions
(Johnson and Wambile, 2011).

IBLI is currently active in eight purely pastoral counties in Kenya
(Fig. 1) under the Kenyan Livestock Insurance Program (KLIP) and in
the Borana region of Ethiopia and covers about 20,000 pastoral
households. The Government of Kenya has planned the expansion of
KLIP to the remaining ASAL counties by 2020. Feasibility studies for
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IBLI expansion have also been conducted in the Sahel (Fava et al.,
2018). The new Kenyan counties and regions under consideration for
IBLI geographic scaling are less arid and include vast areas where agro-
pastoralism is the dominant livelihood, thus requiring the evaluation of
alternative contract design options that take into account higher pro-
ductivity and greater landscape heterogeneity.

3. Data

To design the index, we used the Enhanced Moderate Resolution
Imaging Spectroradiometer (eMODIS) NDVI Collection 5 time series.
This product is generated by the United States Geological Survey
(USGS) based on MODIS data acquired by the Terra satellite. It consists
of 10-day (dekadal) maximum value NDVI composites at 250m re-
solution (USGS, 2015). To minimize atmospheric effects that degrade

the NDVI signal, a temporal smoothing is applied by USGS. The
smoothing is based on the Swets algorithm, which consists of a
weighted least-squares regression to a moving temporal window for
each pixel time series assigning largest weights to local peaks in the
NDVI profile (Swets et al., 1999). We used all 10-day composites for the
2001–2017 period for East Africa that relate to day 1–10, 11–20, and
21-end of each month. This dataset was used operationally within the
IBLI project at the moment we started our study. Although the USGS has
presently migrated to Collection 6 that is based on MODIS observations
from the Aqua satellite only, we decided to use the Collection 5 dataset
here due to artefacts detected in the newer product (USGS, 2015).

To assess start- and end-of-season (SOS/EOS), we used an existing
phenological analysis based on eMODIS data (Vrieling et al., 2016). The
general approach is described by Meroni et al. (2014) and modifications
to that approach are specified by Vrieling et al. (2016). First, the Lomb

Fig. 1. Map of the study area. The main divisions are the thirteen Kenyan counties and Borana in Ethiopia. Units where IBLI is currently active are highlighted with
dark red diagonal lines. The secondary division correspond to the UAI used in the framework of the IBLI project. In light blue, the 16 sample sites used for the IBLI
Marsabit household survey. The background shows mean NDVI values from eMODIS time series. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article).

L. De Oto, et al. Int J Appl  Earth Obs Geoinformation 82 (2019) 101885

3



normalized periodogram (Scargle, 1982) is used to estimate per-pixel
the power associated to an annual single and double frequency of its
NDVI time series, based on which each pixel was classified as unimodal,
bimodal, or no seasonality. Then for each dekad, multi-annual median
NDVI values are retrieved for the whole series. The resulting median
profile is used to identify the NDVI minima which are regarded as
breakpoints between seasons. Finally, a parametric double hyperbolic
tangent model is fitted to the data for each individual season. The per-
pixel SOS (EOS) is estimated for each year as the moment when the
model surpasses (falls below) 20% (80%) of the total amplitude be-
tween the minimum NDVI before (after) the vegetation green-up
(decay) and the maximum NDVI of that season. The analysis results per
pixel in a 16-year time series of season-specific SOS and EOS values.

To aid interpreting and assessing the ecological strata, we used two
data sources, i.e.:

• Google Earth (Google Inc., 2015), which integrates high and
medium resolution satellite imagery, aerial photography and digital
map data and provides toponymical information and picture layers
which are particularly useful when performing visual interpretation;

• the global land cover maps at 300m resolution from the European
Space Agency’s Climate Change Initiative – Land cover project (ESA
CCI-LC), which integrate information from different medium to low
resolution datasets in yearly classifications from 1992 to 2015 (ESA,
2017). For this study we used the 2015 product.

To evaluate the performance of the index, we used the IBLI Marsabit
household survey. This survey was conducted as a collaborative effort
of ILRI and American universities (i.e., Cornell University, the BASIS
Research Program at the University of California at Davis, and Syracuse
University) in the framework of the project “Index based livestock in-
surance (IBLI) for northern Kenya’s arid and semi-arid lands: the
Marsabit Pilot”. It gathers monthly information corresponding to 16
sites purposively selected within the Marsabit county (Ikegami and
Sheahan, 2016). The sites are defined as polygons located within eight
of the insurance units (Fig. 1). For this research, all the sites have been
considered. We retrieved seasonal mortality from 2008 to 2015. The
mortality rate was calculated using a larger definition of seasons, i.e. LR
from March to September and SR from October to February. Data are
unavailable from October 2013 to September 2014.

4. Methods

4.1. Ecological stratification

4.1.1. Pre-processing and ISODATA clustering
NDVI is a useful means to inter-relate aspects of climate with ve-

getation and animal dynamics (Pettorelli et al., 2005). It has been used
to define zones with similar vegetation characteristics (Soriano and
Paruelo, 1992), to identify ecosystem functional types (Paruelo et al.,
2001) and to map land cover types at different scales (Udelhoven et al.,
2009; de Bie et al., 2011; Rodrigues et al., 2013). NDVI values and its
temporal changes reflect the impact of climatic conditions (Wang et al.,
2003) and disturbances like drought (Singh et al., 2003) or fire (Maselli
et al., 2003) on vegetation biomass. Classifying land surfaces according
to long-term NDVI behaviour can help to characterize various vegeta-
tion communities in a region and constitutes an appropriate basis to
assess environmental changes (Alcaraz-Segura et al., 2009), and
anomalies based on weather events (Liu et al., 2013).

In this study we classified the study area into ecological strata by
clustering pixels with similar NDVI dynamics using the ISODATA al-
gorithm as in de Bie et al. (2011). ISODATA is one of the most widely
used clustering algorithms in remote sensing (Jensen, 2005). As it is less
time consuming than alternative clustering methods, it is preferred for
large datasets (Gómez et al., 2016). We applied the algorithm in ERDAS
Imagine (Hexagon Geospatial, 2016) to perform a series of

unsupervised classification runs with a predefined minimum of 10 and
maximum of 100 classes, increasing one class every run. The maximum
number of iterations has been set to 50. To identify the run with the
best separability, we evaluated the distance between classes for each of
the resulting classified images. For this purpose, we used the divergence
separability measure (Swain and Davis, 1978) and determined the
mean divergence between all cluster signature pairs. Larger divergence
values imply that the clusters are more distinct. The optimal number of
classes to stratify the study area is the one presenting a distinguishable
peak in mean separability (de Bie et al., 2011). We performed the
classifications on a reduced data stack. Instead of using each individual
dekadal NDVI value, we retrieved the multi-annual median, 10th and
90th percentile values per pixel and dekad. Our purpose was to reduce
the amount of data to be processed and at the same time base the
stratification on insurance-relevant information (i.e. 10th and 90th
percentiles represent the tails of the distribution curve, values that fall
under these low probability areas can be considered anomalies). This
resulted in 36 dekads times three parameters equalling 108 data layers.
Only pixels located within the study area have been processed. All
pixels for which any of the 108 data layers showed negative NDVI
values have been masked out since they correspond to (temporary)
water bodies.

4.1.2. Vegetation seasonality per class
Phenological analysis from NDVI time series allows to obtain a

spatio-temporal representation of vegetation seasonality (Vrieling et al.,
2011). Following the definition of classes, we used the existing phe-
nological analysis described in Section 3 to estimate strata-specific
start-of-season (SOS) and end-of-season (EOS) with the aim to identify
the key period when forage biomass develops. For each stratum and
season we computed the spatial average of the pixel level SOS and EOS
values. This resulted in a time series of spatially-averaged SOS/EOS
values, from which we calculated the temporal mean and standard
deviation. With the aim of setting a fixed temporal window for which
the index is to be calculated, we widened the average SOS and EOS
estimate using the temporal standard deviation to account for possible
earlier (later) than average start (end) of seasons. Finally, we translated
the resulting dates into a number from 1 to 36, reflecting the dekad that
the date represents, i.e. 1 being 1–10 January.

4.1.3. Evaluating classes’ importance for forage
Each stratum has been assessed in terms of relevance for forage

production on the basis of the following elements:

• NDVI annual profile analysis: we plotted and visually inspected the
annual mean, maximum and minimum NDVI; and the median, 10th
and 90th percentiles for each dekad over the whole time series.

• Class phenology: for each class we calculated the percentage of
pixels having unimodal, bimodal or undefined seasonality.

• High resolution images: We examined freely available imagery from
Google Earth (Google Inc., 2015). The inspection focused on visual
variables like colour, pattern and shape, and was oriented towards
the identification of areas that are particularly relevant for grazing
(e.g. natural pastures, notably those that are close to human set-
tlements), and areas that are poor forage producers (e.g. bare areas,
sparse shrublands on sandy or rocky soils, croplands). Of notable
utility for this step was the integration of pictures made, georefer-
enced and uploaded to the platform by users.

• ESA CCI-LC map of 2015: We reclassified the original product in five
classes (i.e. cropland, forest, shrubs and grasslands, bare soil,
others), then performed an overlay and calculated per class the
percentage of area covered by each type.
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4.2. Forage scarcity index calculation

4.2.1. Current IBLI-design and implementation
Fig. 2a illustrates the processing steps for IBLI’s forage scarcity

index for one UAI as it is currently implemented. In this paper, we will
refer to this index as IBLI. The 10-day eMODIS NDVI composites are
first spatially averaged per UAI (Fig. 2a1), and then temporally aver-
aged using two fixed time windows: 1 March to 30 June for the LR and
1 October to 31 December for the SR (Fig. 2a2). This results in a sea-
sonal average NDVI per UAI (Fig. 2a3). To assess the relative forage
condition, this average is transformed into a z-score using the multi-
year mean and standard deviation based on all LR or SR seasons in the
complete time series. (Fig. 2a4). The readings of the index are ulti-
mately used to calculate payouts. Pastoralists within a certain UAI will
start receiving a payment whenever the readings of the index for a
particular season fall below a certain threshold.

Note that in this paper we will not assess the payment model, but
limit ourselves to evaluating the biophysical index.

4.2.2. New approach based on ecological strata
In Ethiopia, the Geodata for Innovative Agricultural Credit

Insurance Schemes (GIACIS) project has used NDVI-based stratification
in the framework of an insurance product aimed to protect small
farmers in the rainfed cropping areas of the highlands (Netherlands
Space Office, 2016; de Bie et al., 2018). The GIACIS approach clusters
pixels based on their similar temporal behaviour and pools the pixel-
level data within the clusters to generate drought thresholds and derive
payouts (de Bie, 2016). Under this scheme, a 16-year time series of
NDVI images at 1 km resolution are classified using the ISODATA al-
gorithm to generate ecological zones defined according to their long-
term NDVI behaviour.

Here we propose a way to integrate this ecological stratification
logic in the calculation of an alternative forage scarcity index, which we
refer to as Eco-Strata Based Index (ESBI) (Fig. 2b). First, strata are

defined as described in Section 4.1.1. Certain strata are discarded be-
cause deemed irrelevant for forage provision (Fig. 2b1). Using the
phenological model described in Section 4.1.2, average start- and end-
of-season dekads are calculated for each strata (s). These dekads will be
henceforth referred to as SOSs and EOSs. Per pixel dekadal values of
NDVI are first aggregated in time according to these stratum-specific
SOSs and EOSs. This step can be expressed as:

∑= =

=
CumNDVI NDVIp

s
t SOS

t EOS
p
t

s

s

whereCumNDVIp
s is the cumulative NDVI value for a season defined by

SOSs and EOSs for a pixel (p) belonging to the strata (s) and NDVIp
t is

the value of that pixel in one of the dekads (t) between SOSs and EOSs
(Fig. 2b2). Similar to IBLI, seasonal forage scarcity is analysed here with
the rationale that total primary productivity during a season is what
affects forage availability, irrespective of the precise timing of this
forage formation.

For each stratum and season (i.e. LR and SR are treated separately),
the whole distribution of CumNDVIp

s values over the complete time
series is standardized, resulting in z-scores at pixel level (Fig. 2b3). This
step can be expressed as:

=
−

zCumNDVI
CumNDVI CumNDVI

CumNDVIσ

¯

( )p
s p

s
p
s

p
s

Where zCumNDVI is the standardized value ofp
s CumNDVIp

s ;
CumNDVI¯

p
s is the mean of the distribution of CumNDVIp

s belonging to
the strata (s) for the season that is been considered and CumNDVIσ( )p

s

is its standard deviation. These zCumNDVIp
s indicate for each

CumNDVIp
s how many standard deviations above or below is it located

with respect to the mean of its ecological stratum for that season.
In the final step, z-scores are aggregated at UAI level. To do so, we

consider one standard deviation below the mean as the threshold (Th)
beyond which the seasonal vegetation productivity is considered to be
anomalously low. This is a commonly used threshold to distinguish

Fig. 2. Schematic representation of index calculation process for one UAI according to the different methods a) IBLI as explained in section 4.2.1 b) ESBI as explained
in section 4.2.2.
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moderate from extreme drought (Jain et al., 2015; Rembold et al.,
2019). Assuming a normal distribution this corresponds per strata, to
15.9% of the total number of pixels (in space and time) that get se-
lected. We then express the number of pixels with z-scores lower or
equal to -1.0 as a percentage of the total number of retained pixels of
the unit, i.e. pixels belonging to classes that were not discarded
(Fig. 2b4). This can be expressed as

=
∑ ≤

=
=

E
zCumNDVI Th

N

( )
u
s p

p N
p
s

1

where Eu
s is the value of ESBI for a UAI (u) in the season (s), p is one of

the N retained pixel locations within that unit and Th=−1.0. Al-
though this spatial aggregation step still provides a single index for a
specific season-unit combination, the logic of its calculation now ac-
counts for the internal ecological variability within the unit. Given that
fixing Th to -1.0 is a somewhat subjective choice, we conducted a
sensitivity analysis by testing Th-values from −2.5 to 0.0 in 0.1 steps.
For each Th-value we obtained an alternative set of Eu

s values for all
seasons and all UAIs, and calculated the coefficient of determination
(R2) between Eu

s at Th=−1.0 and Eu
s for the alternative thresholds.

4.2.3. Outcomes comparison and performance evaluation
To compare outcomes of our ESBI against the original IBLI forage

scarcity index, we calculated per UAI the Pearson correlation coefficient
(r) using the whole time series (16 LR and 16 SR).

In addition, we evaluated how closely the temporal distribution of
ESBI and IBLI forage scarcity indices match seasonal mortality rates
retrieved from the IBLI Marsabit household survey. The reason for this
is that in regions like the ASALs of Kenya, livestock depends entirely on
forage for nutrition (Dror et al., 2014). Although livestock mortality is a
complex, unknown function of rainfall and other factors, the condition
of the vegetative cover in rangelands is a key determinant of herd dy-
namics (Chantarat et al., 2013). To assess their correlation, we com-
bined all the sites and applied both a parametric and a non-parametric
test, i.e. Pearson’s (r) and Spearman’s (ρ) correlation coefficients, re-
spectively. The significance of the coefficients has been evaluated using
t-tests. We also applied Lee and Preacher’s test (2013) to evaluate if the
correlation coefficients obtained for ESBI and IBLI differ significantly.

5. Results

5.1. Ecological stratification

Following the 91 runs of the ISODATA clustering (i.e. for 10–100
classes), we retained 79 as the optimal number of strata to classify the
area since it corresponds with the first noticeable peak in mean se-
parability. Fig. 3 shows the result of the ISODATA classification.

Based on the analysis of the different sources described in Section
4.1.3, we deemed 14 classes irrelevant for forage production and
therefore excluded these classes from further analysis (Fig. 4). In the
north-western part of the study area, we discarded classes corre-
sponding to seasonally flooded zones around Lakes Turkana, Logipi and
Baringo, as well as large rocky or salty desert areas (i.e. Chalbi Desert
around Lake Turkana and Chew Bahir in southwest Borana). These
classes were also found as small isolated patches spread throughout the
centre of the study area corresponding to non-vegetated sandy or clayey
terrains, rock outcrops or dry riverbeds. All these classes present mean
annual NDVI lower than 0.11, more than 50% of the pixels showing
undefined seasonality and more than 50% of the area cover is classified
as bare soil. We also excluded classes presenting a less than 10% of the
area covered by shrubs or grasslands, where the predominant land
cover type is either forest (i.e. northern Borana, southern Garissa,
highlands towards the centre of the study area) or croplands (i.e.
western Narok). In total, about 6% of the study area was masked out. As
a consequence, some units in Narok lost more than 70% of their pixels

(Fig. 4).
The retained classes can be grouped into three major types (Fig. 4).

Type 1 represents classes with a clear bimodal seasonality. They occupy
about 74% of the study area. These classes present a relatively stable
timing of green-up and decay between years (Fig. 5a). As a result,
average seasonal definitions (season start and end) provide a stable
basis to analyse seasonal drought anomalies. Within this type, three
sub-types can be identified. Subtype 1A include classes that have NDVI
values below 0.2 throughout the year. These correspond to semi-desert
areas in the north-western part of the study area. Despite vegetation in
these areas is sparse and bare soil occupies at least 5% of the area, they
are often important grazing areas for camels and goats during the wet
season. Subtype 1B is the most spatially extended (i.e. 54% of the whole
study area). It groups classes where at least 90% of the pixels are
classified as bimodal and at least 90% of the area corresponds to shrubs
and grasslands. In subtype 1C, shrubs and grasslands still occupy an
important part of the territory, but at least 20% of the area corresponds
to either croplands, forests or a combination of both.

Type 2 gathers classes in which an important portion (> 40%) of
the pixels present unimodal seasonality according to the phenological
analysis. Shrubs and grasslands are dominant (i.e. 30% to more than
70% of the class area), closely followed by croplands (i.e. 15% to more
than 50% of the class area). The main dry period occurs between mid-
July and the end of October, whereas the short dry spell between short
and long rains (February-March) on average results only in a small drop
of NDVI. These classes occupy about 7% of the study area and are
concentrated in the south-western counties, i.e. Narok and Kajiado.

Type 3 classes present more chaotic temporal patterns of NDVI
(Fig. 5b). The large interannual variability of these patterns makes it
problematic to accurately determine fixed seasonal definitions. Season
start and end show large interannual variability. In some years the
vegetation shows a clear bi-seasonal behaviour, whereas in others only
one green-up and senescence can be identified. This class type occupies
almost 13% of the study area and they are located to the West (i.e.
Turkana, Baringo and West Pokot), the extreme Southeast (i.e. Lamu)
and the north of Borana.

5.2. The ESBI forage scarcity index

ESBI was calculated for Th=−1.0 and compared against alter-
native threshold values to assess the sensitivity of our threshold choice.
Fig. 6 represent the results of the sensitivity analysis for Th. The curve
shows a gradual decrease of R2 when moving further away from
Th=−1.0. For values of Th between −1.3 and −0.7 we still explain
approximately 90 percent of the ESBI-variability that we get when
setting Th at −1.0, suggesting a limited sensitivity in that range. As can
be expected, focussing only on pixels with more extreme drought (i.e.
Th < −1.5) or including also pixels with only small below-normal
values (Th > −0.5) rapidly decreases R2.We may infer from this that
remaining within a reasonable range of± 0.3 of zCumNDVIp

s for the
threshold choice (i.e., moderate drought) will similarly represent ESBI
variability.

Fig. 7 shows per pixel readings of ESBI and the corresponding
spatial aggregation at unit level for a very dry season (i.e. LR 2011 is
the season with the highest mean ESBI in the study area for the ana-
lysed time span). As a result of the spatial aggregation, the index results
in values ranging from zero to almost 100% (i.e. the maximum value of
ESBI is 99.88%, reached in Qaqalo Moyale, Borana in LR 2011).

Although notable differences exist, the temporal correlation be-
tween outcomes of IBLI and ESBI remains strong for the majority of the
units (i.e. r < −0.75 in 68% of the units). Fig. 8 exhibits the spatial
distribution of the Pearson correlation coefficient across the study area.
The lower values mostly correspond to either units with a large areal
coverage of discarded strata and that have therefore lost big part of
their pixels for the ESBI calculation, or areas where classes of types 2 or
3 are dominant.
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The correlation between index readings and mortality rates was
found to be significant for both ESBI and IBLI at the 95% confidence
level, both for Pearson and Spearman coefficients. Fig. 9 shows scat-
terplots between livestock mortality rate and both indices for all the
sites and all the seasons together. Increases of 53% and 39% in corre-
lation coefficients as measured by Pearson’s r and Spearman’s ρ, re-
spectively, suggest that the ESBI better explains the inter-annual
variability of livestock mortality than IBLI. Increases in both correlation
coefficients have found to be significant at the 99% confidence level.

6. Discussion

6.1. On the ecological stratification

Image stratification based on similar temporal behaviour of NDVI
has been repeatedly used as an efficient approach to separate ecologi-
cally-meaningful units across large areas (Soriano and Paruelo, 1992;
Paruelo et al., 2001; Alcaraz-Segura et al., 2009; Udelhoven et al.,
2009; de Bie et al., 2011; Maynard and Karl, 2017). In this study, we
attempted to define meaningful units that relate to forage availability
for livestock. The stratification approach assisted in this case in

excluding areas with marginal forage production from the analysis.
Unlike previous applications, the classification has been run here on a
reduced data stack based on the 10, 50 and 90 percentiles. This aimed
at grouping pixels together for which the distribution curves of his-
torical readings are similar in terms of mean and tails. Extremely dry or
wet periods (reflected in unusually low or high NDVI readings) are
normally related to weather events that are not necessarily cyclic.
While the use of these readings for classification can be seen as classi-
fying based on outliers, we believe that values contained in the tails of
the distribution curve, represent interesting and relevant information in
the context of insurance, as stated in section 4.1.1. The extent to which
the data reduction affects the final clustering and separability peaks
remains unknown. Although the impact is presumably negligible, the
issue could be explored further in future studies.

In line with the findings of Vrieling et al. (2016), the main part of
the study area had a clear bi-modal seasonality (i.e. type 1: 74% of the
area). Although vegetation in more than 80% of the study area shows
stable phenological cycles with limited inter-annual variability in SOS
and EOS (i.e. types 1 and 2), around 13% (i.e. type 3) shows strong
year-to-year variations. These are fluctuating environments character-
ized by both seasonal and inter-annual variations in rainfall and water

Fig. 3. Classification of the study area resulting from applying the ISODATA algorithm on a reduced NDVI data stack that comprises the median, 10th, and 90th
percentile values for each of the 36 dekads of the year for the whole time series. The classification contains 79 classes that are arranged here according to their mean
NDVI. Violets and purples correspond to bare soil and sparsely vegetated areas, including salty or rocky deserts. Turquoises and greens correspond mostly to
grasslands and croplands. Yellows, oranges, and reds correspond to more densely vegetated areas.
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availability (Oba, 1992; Leslie and Little, 1999) and complex pheno-
logical patterns (Vrieling et al., 2016). An accurate definition of seasons
for this type of classes is not possible and consequently, forage assess-
ment based on average phenology may not be the most appropriate
approach for these areas.

For this study, the assessment was oriented towards discarding
classes that are not relevant for forage production. As a result, some
units ‘lost’ a large part of their pixels and consequently the index cal-
culation for these areas is based on a very small area and may not re-
present the actual forage conditions within the unit. However, since

these units are less important for livestock production, they could be
left out or grouped with other neighbouring units to attain a reasonable
number of representative forage pixels to work with. Furthermore,
besides discarding classes, different weights could also be assigned to
each class in relation to their relative contribution to forage production.
For example, classes representing key forage production areas could be
assigned a larger weight. Remotely sensed greenness has been proven to
be a predictor of both forage availability (Egeru et al., 2015) and forage
quality (Ryan et al., 2012). Consequently, the weighing of classes could
be based for example on mean seasonal NDVI. A more precise weighing

Fig. 4. Main strata types. The map indicates the location of the different types and subtypes in the study area. The graphs represent a typical annual profile of the
classes grouped in each type. The multi-annual median is depicted in medium green, the 10th percentile in light green and the 90th percentile in dark green. The
orange bars represent average season duration. Discarded areas are depicted in light grey. The blue areas in the southwest are UAIs for which more than 70% of the
pixels are considered irrelevant for forage production. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article).

Fig. 5. Annual NDVI profiles for 2001–2016 corresponding to a class belonging to a) type 1 and b) type 3, shown with the purpose of illustrating the between-year
stability of the NDVI seasonality.
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could also be performed by analysing the herbaceous biomass of dif-
ferent classes as done in Egeru et al. (2014). Typical NDVI temporal
profiles of main areas used for grazing can also be reconstructed to
create a collection of signatures that are representative of relevant areas
for forage production. Classes presenting profiles that match these
signatures would get higher weights. A more detailed insight on how
pastoralist locally manage their herds and a spatial overview of it would
also be an useful input for such an exercise (i.e. maps depicting main
routes used for carrying the livestock, frequently used grazing areas,
etc). Such insights could be obtained through local stakeholder en-
gagement, participatory mapping or crowdsourcing activities (Naibei
et al., 2017)

6.2. On the ESBI design

Index-based insurance products are becoming increasingly popular
in developing countries as a practical way to insure smallholder farmers
and pastoralists for whom the implementation of standard insurance
packages can be problematic in terms of costs and management (Brown
et al., 2011). For this kind of products, the effectiveness of the index

depends on both the appropriate selection of the proxy to base the
payouts on and the way the product is designed (Chantarat et al.,
2013). In this study, the same variable (NDVI) has been used with
different designs, resulting in different index outcomes.

The ESBI approach postpones the spatial aggregation step to the
end, which has various advantages. In the IBLI design, the normal-
ization step (z-scoring) is based on a single value (i.e. the average
seasonal NDVI) per season per UAI, whereas in the new approach this
operation is based on the whole distribution of NDVI values per stratum
and season. As a result, the statistical basis for index calculation is
enlarged. Also, since the index is now calculated at pixel level, the
design gains flexibility, for example in terms of weighing classes based
on relevance as mentioned in Section 6.1. To aggregate index readings
at the UAI level, we consider per season pixels with zCumNDVIp

s of one
standard deviation below the mean of their ecological stratum. In fact,
this threshold may be adapted to optimize the link with drought out-
come validation data, and accordingly could even be set differently per
stratum or per UAI. While we here decided to maintain the commonly-
used threshold of Th=−1.0 for identifying drought pixels, we note
that our correlations (Pearson’s r) with livestock mortality even

Fig. 6. Sensitivity analysis of Th. The curve represents the variation in the coefficient of determination between ESBI and index readings as calculated by changing
the values of Th.

Fig. 7. ESBI values at pixel and unit levels for LR 2011.
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increased from 0.63 to 0.65 when reducing Th from −1 to −1.2. Also
other spatial integration options can be envisaged, for example by
simple averaging of z-scores, or assessing the area under the cumulative
z-score curve for each unit and season (given a larger weight to smaller
z-score values). Equally interesting, ESBI allows to analyse forage

scarcity also at sub-unit level. The impact of drought varies within a
unit, and also within an ecological zone. ESBI is a suitable tool to aid
detecting areas that are more prone to forage scarcity, which is very
valuable information that can be used to correct for chronic over- or
underpayments when calculating payouts at an aggregated level.

Fig. 8. Spatial distribution of Pearson correlation coefficient that expresses the agreement between IBLI and ESBI outcomes per UAI considering all the seasons of the
whole time series (LR 2001 – SR 2016).

Fig. 9. Scatterplots showing the correlation between mortality rate and index readings as calculated for both methods considering all the sample sites and seasons
together (192 observations); r indicates the Pearson and ρ the Spearman correlation coefficient.
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Although this study proposed significant modifications to the cur-
rent index design, the correlation between IBLI and ESBI results re-
mains high, notably for units with predominance of classes that present
a clear, temporally stable seasonality. This result is expected as the two
methods use the same NDVI data and the concept of analysing negative
anomalies of zCumNDVIp

s is the same and therefore is expected to give
similar results, particularly for units with rather homogeneous agro-
ecology and phenology. This suggests that both methods are robust in
similarly capturing major drought events. Instead, the two indices are
less correlated in more heterogeneous areas, where the current IBLI
design might not be ideal, while ESBI is expected to better account for
the within-UAI variability in vegetation dynamics. This has important
implications for KLIP expansion in the Kenyan semi-arid counties where
the current index-insurance product design is not fully suitable in some
places because of the heterogeneity of the landscape. However, this
study only considers the index correlation with livestock mortality, but
no economic utility analyses is performed to evaluate the expected
welfare, which would require developing the payout model and setting
its parameters (Jensen et al., 2019). This would be an important com-
plementary step to this study to compare the quality and value of the
two index-insurance products.

Additional innovations to the index design could be envisaged and
tested. For ESBI, the logic of using cumulative NDVI is maintained.
While this approach has proven to be appropriate for areas with clearly
defined seasonality, this logic may be less suitable for units where
classes of type 3 are dominant. A season-independent analysis as pro-
posed in the GIACIS project for agricultural areas (de Bie, 2016), based
on dekadal information could possibly be a better option for such units.
A dekadal-based calculation could then be averaged over fixed tem-
poral periods to identify if forage productivity in that period lacked
behind normal (irrespective of the precise timing of the shortage). Final
drought indices for these units could still be determined twice a year,
but the final index could then be a function of the average of the de-
kadal anomalies over the period considered.

Efforts have been made to broaden IBLI from an insurance product
to also includes functions to maintain livestock alive during critical
periods. In this direction, Vrieling et al (2016) have explored options to
shorten the temporal aggregation step at unit level and demonstrated
that payouts can be done earlier by earlier calculation of a forage
scarcity index. They first defined the period when forage is developing
from NDVI-based phenological analysis, and second examined if the
per-unit inter annual variability in cumulative NDVI can be explained
when bringing the end of the temporal aggregation window forward in
time. In the context of ESBI, a similar analysis could be conducted at
strata level to evaluate to what extent the duration of the seasons could
be shortened to make earlier index calculations and payments possible.

6.3. On validation

Validation is an indispensable step to evaluate the performance of
an insurance product in terms of basis risk. The Marsabit household
survey was conceived and conducted with the aim of validating out-
comes and evaluating the impacts of IBLI on pastoralists. Unfortunately,
the spatial extent of the survey is only limited to part of one county.
Regrettably, other survey initiatives at national level, like the Arid Land
Resource Management Project (ALRMP), suffered from poor data or-
ganization and storage, which have resulted in substantial data losses
rending some areas too fragmented for any rigorous analysis.
Furthermore, collection procedures and sampling methodologies em-
ployed have not been properly documented (Mude et al., 2009). This
data deficiency constitutes a serious constraint when testing the per-
formance of an insurance product.

The use of livestock mortality for validating an indicator of forage
scarcity, as performed in this study, is debatable. Livestock mortality
depends on other variables like disease outbreaks or political conflicts.
Moreover, mortality is a function of the herd size and the carrying

capacity of the land, which both have strong interseasonal variability.
For example, a drought in season t could lead to livestock losses, re-
sulting in smaller herds. Even if conditions are sub-optimal in season
t + 1, they could potentially sustain a smaller herd. Such temporal
dependencies are currently not accounted for in our comparison.
Nonetheless, drought-related forage scarcity is considered by far as the
main cause of livestock mortality in the region. Surveys conducted
between 2007 and 2009 in the Marsabit district have confirmed a
reasonably good correlation between the index predictions and the
actual livestock losses experienced by pastoralists in the area
(Chantarat et al., 2013). Besides, even if IBLI contracts are no longer
based on modelled livestock mortality but cover forage scarcity, the
product eventually aims at protecting the pastoralists’ assets. This
means covering the efforts of keeping herds alive during the drought
rather than paying for the losses after the event. In this context, live-
stock mortality can be considered a critical indicator to assess index
based insurance performances.

Yet, other sources that provide direct information on forage state
could be tested, like long-term field observations of forage availability
(Roumiguié et al., 2015), time-lapse photography of forage condition
(Inoue et al., 2015) or crowdsourced information from local pastoralists
(Naibei et al., 2017). Child nutritional data like the mid-upper arm
circumference (MUAC) has also been collected. MUAC can capture
short-term fluctuations in nutritional stress and therefore serve as a
measure of impact of different shocks, including drought, on humans
(Mude et al., 2009). In combination with other variables MUAC time
series could be used as an indicator of food security crises. Used in the
context of a predictive model like in Mude et al. (2009), it may also be
used to validate index predictions.

7. Conclusions

In this research an alternative design for IBLI’s forage scarcity index
was explored. The proposed design, which we refer to as ESBI, is based
on the clustering of pixels with similar temporal NDVI behaviour as a
way to increase the ecological significance of the index. This clustering
is subsequently used first to discard irrelevant classes for forage pro-
duction, and second as a basis for calculating anomalies of a seasonally-
cumulative NDVI.

Contrary to the IBLI design that spatially aggregated NDVI values at
the start of the process and calculated index values per unit, ESBI is
calculated at the grid cell level and postpones the spatial aggregation
step to the end. This process a) enlarges the statistical basis for index
calculation, b) allows for analysis of forage conditions at sub-unit level,
and c) offers a more flexible structure for insurance payout calculation.
Although both IBLI and ESBI are based on the same data source and
correlate strongly for some units, our study underlines that index design
matters. ESBI was shown to have a stronger correspondence to available
livestock mortality data for selected areas, even if both approaches can
only explain a small fraction of it.

The described advantages of ESBI could be of particular relevance
when expanding forage and/or livestock insurance to new agro-pastoral
regions characterized by more heterogeneous landscapes, where re-
sponse to drought may vary significantly in space. Also existing NDVI-
based early warning and monitoring systems could benefit from ESBI’s
approach to clustering and anomaly calculation in order to better in-
corporate the ecological variability of rangelands.

However, further analyses should be made to assess the implications
of the different index design on the insurance payout model and to
understand the expected welfare outcome of the insurance scheme. In
addition, further validation efforts remain needed particularly in these
heterogeneous environments to better understand the relative perfor-
mance of the index and to be able to further implement effective
adaptations to the proposed design. The process of identifying and
collecting meaningful validation datasets requires joint commitment
and synergy from both insurance companies, researchers, governmental
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agencies and pastoralists towards achieving a final product that can
successfully aid protecting food security in the region.
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