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This paper focuses on drought risk assessment using satellite data. Methods of the

extreme value theory (EVT) are applied for a time series of vegetation health

index (VHI) derived from the National Oceanic and Atmospheric Administration

satellites in order to provide drought hazard mapping. A Poisson-GP (generalized

Pareto) model is applied for modelling VHI extreme values. The model allows

estimation and mapping of return periods of different categories of droughts. An

approach to economical risk assessment due to droughts is presented that relies

on the following components: damage function assessment, crop yield

assessment, and crop area estimation. The advantage of the proposed approach is

that it allows quantification of drought hazard through the drought return

period, damages, and ultimately drought risk using satellite data. The derived

drought hazard map is integrated with high-resolution crop map to provide final

estimates of risk. The proposed approach is implemented for quantitative

assessment of drought risk for the Kyiv region in Ukraine. The derived map

shows that risk is distributed non-uniformly over the region, thus allowing

identification of areas with higher risk. Such a map would be of great benefit to

both local authorities to take directed actions to reduce the risk and insurance

companies operating in agriculture sector.

1. Introduction

Over the last decades, there has been an upward global trend in natural disaster

occurrence. Hydrological and meteorological disasters, such as floods and droughts,

are the main contributors to this pattern (Guha-Sapir et al. 2012). Droughts are one

of the most dangerous and complex natural hazards. Unlike other extreme phenom-

ena, droughts usually develop slowly, with no clear onset, and do not have a direct

structural impact. There are several types of droughts (Wilhite & Glantz 1985;
Mishra & Singh 2010): meteorological (lack of precipitation during an extensive

period of time), hydrological (lack of surface and ground waters), agricultural (lack
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of soil moisture that leads to crop damages), and socio-economic (depends on the
processes of supply and demand).

Over the last decades, several droughts have had a significant impact on food secu-

rity in many regions (Guha-Sapir et al. 2012). In recent years, a risk-oriented approach

for managing the risks of disasters has been adopted (Kussul et al. 2010; Tonini et al.

2012; Skakun et al. 2014). To enable drought risk assessment, corresponding drought

hazard and drought risk maps should be developed. Drought risk is a function of two

arguments (Jonkman et al. 2003): hazard probability and vulnerability. In other

words, risk is a mathematical expectation of vulnerability (consequences) function.
A traditional approach to assess drought hazard is to analyze rainfall, tempera-

ture, and soil moisture measurements from meteorological stations using, for exam-

ple, extreme value theory (EVT) (Beguer�ıa & Vicente-Serrano 2006). A number of

ground-based indicators have been developed to identify droughts, e.g. Palmer

drought severity index (PDSI) (Palmer 1965), standardized precipitation index (SPI)

(Guttman 1998), crop moisture index (Palmer 1968), and surface water supply index

(Shafer & Dezman 1982). The accuracy of drought hazard estimates from in situ sta-

tions is dependent on the density and uniformity of station location. Providing a
dense spatial coverage of ground measurements is not always possible due to

resource constraints (Tonini et al. 2012).

Alternatively, Earth observation (EO) from space can provide better spatial

resolution with long-term archived data. Other advantages of EO include human-

independent information, continuous and repetitiveness observations in space and

time, coverage of large areas, and operational delivery of information. EO data can

be effectively used for both drought hazard mapping (Huffman et al. 2010; Tonini

et al. 2012; Kogan, Adamenko, & Guo 2013) and drought vulnerability assessment
(Silleos et al. 2002). Singh and Kogan (2002) and Singh et al. (2003) utilize vegetation

health index (VHI) derived from National Oceanic and Atmospheric Administration

(NOAA) satellites to monitor droughts in India. Bhuiyan et al. (2009) use geographic

information systems techniques to quantitatively model ground water recharge.

Rojas et al. (2011) utilize VHI to map the empirical probability of drought occur-

rence in agriculture areas in Africa. The developed methodology is being imple-

mented within the Agriculture Stress Index System (ASIS) (FAO ASIS 2013) at the

Food and Agriculture Organisation (FAO) of the United Nations. Tonini et al.
(2012) use data acquired from SPOT-Vegetation satellite to map return levels of the

absolute difference normalized difference vegetation index. The derived return levels

are used for drought risk assessment in Ethiopia. Kogan and Guo (2014) analyze

VHI data to investigate drought dynamics at global and regional scale for early

twenty-first century. It should be noted that previous works are mostly focused on

qualitative and quantitative assessment of drought risk components, namely proba-

bility or vulnerability (Silleos et al. 2002; Tonini et al. 2012; Kogan, Adamenko, &

Guo 2013), but not the risk itself. Moreover, only few studies address the issue of
assessing economic damages associated with agriculture droughts (Holden &

Shiferaw 2004; Kallis 2008). This study is aimed at filling this gap.

In this paper, a new approach to quantitative estimation of drought risk based on

satellite data is presented. Unlike existing works that in most cases provide drought

risk indicators and indicators for drought monitoring, the proposed approach aims

to quantitatively estimate drought risk components and the risk itself. Drought haz-

ard mapping is performed based on the use of VHI derived from NOAA satellites

and the EVT techniques that enables modelling of extreme values. Drought
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vulnerability is assessed by estimating the crop areas and crop yield to quantify
potential impact of a drought on crop production. Finally, drought hazard and vul-

nerability maps are integrated to derive a drought risk map (Kussul et al. 2010).

2. Study area and materials description

Ukraine is one of the most developed agricultural countries and one of the biggest crop

producers in the world. According to the 2011 statistics provided by the USDepartment

of Agriculture Foreign Agricultural Service, Ukraine was the 8th largest exporter and

10th largest producer of wheat in the world. Since last decade, Ukraine experienced six
droughts (2003, 2007, 2008, 2009, 2010, and 2012) that covered between 40% and 60%

of the country and up to 80% of the major grain crop area (Kogan, Adamenko, & Guo

2013; Kogan & Guo 2014). Therefore, drought risk mapping and quantification in

Ukraine became a key element in providing support to policy-makers in food security

(Kogan et al. 2013a, 2013b; Shelestov et al. 2013). Drought hazard mapping is done for

the whole territory of Ukraine to map drought return periods. Drought risk mapping is

done for the Kyiv region (figure 1) for which a high-resolution crop map is available.

Vegetation health index (VHI) derived from polar-orbiting NOAA satellites at
16 km spatial resolution from 1981 to 2012 (Kogan 2002) is used as a main variable in

Figure 1. Location of the study area: Ukraine and Kyiv region (shown with bold boundaries).
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the study. This spatial resolution enables analysis of droughts at 256 sq. km scale

which is 12 times better than the coverage of meteorological stations in Ukraine (on

average the single station covers the area of 3225 sq. km). VHI data are provided as

weekly composites. The reason for selecting this vegetation index instead of other sat-
ellite-based indicators (e.g. normalized difference vegetation index [NDVI], vegetation

condition index [VCI]) is that it incorporates moisture and thermal conditions of vege-

tation canopy and directly relates to the classification of the droughts (Svoboda 2000).

Table 1 shows drought severity classification with corresponding VHI values.

3. Methodology description

3.1. General approach

Risk is the function of two components: probability (hazard) and consequences.

Therefore, for quantitative assessment of drought risk, it is necessary to estimate

drought probability (hazard) and potential losses associated with the drought. In

this study, we focus on agricultural droughts that result in crop damages, and conse-

quently lead to decrease of crop production and economic losses.

Let z be a parameter that characterizes a drought. In general, variable z can be rep-

resented by using one of the drought indicators, for example PDSI, SPI, or VHI. To
estimate potential losses due to a drought, the following information is required.

� Damage rate: in general, this rate depends on the parameter z. In this study, we

will assume that lower z values lead to the larger damage rate.

� Crop area (geographical distribution of crops that are influenced by a drought

in the given area): this could be a map of crop land or specific crops. This

parameter is required to estimate losses in production caused by the drought.

� Expected (potential) crop yield: this parameter is important in order to quan-
tify losses in production, in particular how crop yield would be affected by the

drought.

� Cost of crops: this information is necessary in order to quantify and estimate

economic losses caused by the drought.

The drought risk at location with coordinates (x, y) (we will assume that the area

of interest is represented as a grid of cells; the size of the cells depends on the spatial

resolution of available data-sets) can be calculated as follows:

rðx; yÞD pxylxy; (1)

Table 1. Drought severity classification according to Svoboda (2000) with relation to the
VHI values.

Category Description Impacts
VHI
values

D0 Abnormally dry Short-term dryness slowing planting and growth of crops 36�40

D1 Moderate Some damage to crops 26�35

D2 Severe Moderate crop losses 16�25

D3 Extreme Major crop losses 6�15

D4 Exceptional Exceptional and widespread crop losses 0�5

904 S. Skakun et al.



where pxy is probability of drought at location (x, y) and lxy shows losses associated
with the drought.

Since the risk can be expressed as a mathematical expectation of vulnerability

(consequences) function (Jonkman et al. 2003) and losses are dependent on distribu-

tion of crops, crop area, expected crop yield and crop costs, equation (1) can be

rewritten in the following way:

rðx; yÞD pxy�lxy D
Zz2
z1

pxyðzÞlxyðzÞdzD
X
k

Zz2
z1

pxyðzÞdkðx; y; zÞykðx; yÞskðx; yÞvkdz; (2)

where pxy(z) is the probability density function (pdf) of drought occurrence with level
z at location (x, y); dk(x, y, z) is the damage rate of crop k due to the drought charac-

terized with parameter z (dk(x, y, z) 2 [0; 1]); yk(x, y) is the crop yield (t ha¡1); sk(x, y)

is crop area (ha); and vk is the crop cost (USD/t).

Therefore, cumulative drought risk in the area (x, y) 2 A can be estimated as

follows:

RA D
Z
A

rðx; yÞdxdyD
X
k

Z
A

Zz2
z1

pxyðzÞdkðx; y; zÞykðx; yÞskðx; yÞvkdzdxdy: (3)

3.2. Drought probability density function (pdf) estimation

Since the drought is related to the extreme values of VHI, one needs to model mini-

mum VHI values to estimate the drought pdf function. Therefore, it is necessary to

model the VHI values that are smaller than some specified threshold. Such values are

usually modelled using a Poisson-GP (generalized Pareto) model (Beguer�ıa &Vice-

nte-Serrano 2006). In this paper, the Poisson-GP model is applied to the time series
of satellite-derived VHI values to estimate drought pdf function pxy(z). This model

consists of a Poisson process for modelling the occurrence of exceedance of high

threshold and a GP distribution for the excess over the threshold:

Fðx; s; gÞD 1�½1C gðx=sÞ�¡ 1=g

: (4)

In order to relax assumption of independence of block minima, cluster minima

below a specified threshold are used (Katz et al. 2002; Beguer�ıa &Vicente-Serrano

2006). The main reason for selecting cluster minima over the block ones (for exam-

ple, on monthly, quarterly, or yearly basis) is that it includes only smaller VHI values
which characterize the drought; in turn, block minima also includes higher VHI

values. Cluster minima are selected in the following way. Let xt 2 X (t D 1, . . ., T) be
a VHI time series for some pixel, and x0 is the threshold (in our case, x0 D 40). A sub-

set Xc D { xt j t D mC1, mC2, . . ., mCk} is called a cluster, if the following require-

ment is met: xm > x0, xmC1 < x0, . . ., xmCk < x0, xmCkC1 > x0. For the cluster Xc, the

minimum is calculated xmin D min(xmC1, . . ., xmCk). Estimation of parameters of the

GP distribution is performed using the maximum likelihood (ML) method (Bakan &

Kussul 1996; Shelestov & Kussul 2008).
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Usually, probability is estimated in terms of return period which is the expected
time interval between consequent extreme events. The return period is defined as the

inverse of the probability of exceedance (Beguer�ıa & Vicente-Serrano 2006).

Expressed in years, it is equal to

tx D 1=½λ�1¡FðxÞ��; (5)

where F(x) is the probability for the GP distribution defined in equation (4), and λ is
the arrival rate in the Poisson model.

3.3. Loss function estimation

Since it is impossible to measure the damages (crop yield losses) caused by drought,

we propose the following approach to loss function estimation that is based on VHI.

Salazar et al. (2007) previously showed that winter wheat crop yield could be linearly

related to VHI. Therefore, VHI could be considered as an implicit indicator of differ-

ent factors impacting the losses, including agriculture practice, irrigation, seed qual-

ity, resistance to droughts, etc. Thus, we propose an empirical damage function that

linearly relates crop damages to VHI (figure 2):

dkðA; lÞD dðVHIÞD 0; VHI > 40;

1¡VHI=40; VHI � 40
:

�
(6)

Potential crop yield can be estimated using biophysical models of crop growth or

satellite-derived indices (Salazar et al. 2007; Kogan et al. 2013a, 2013b), while global

and regional crop land maps or crop specific maps can be derived from satellite imag-

ery (Pittman et al. 2010; Gallego et al. 2012; Gallego et al. 2014).

Figure 2. Dependence of damage rate on VHI used in the study.
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4. Results

4.1. Drought hazard mapping and assessment for Ukraine

The first parameter that needs to be selected in the Poisson-GP model is the threshold

value. The threshold controls the sample size, and usually should be high enough so

the amount of samples is reasonable to estimate distribution parameters. However,

setting the threshold too high results in poor asymptotic property of the model, and

in this case, the data do not follow the GP distribution. In this study, the threshold

value of 40 that corresponds to vegetation stress (table 1) is selected. The suitability
of selecting this threshold value is also checked through the mean excess (ME) plot.

If the process fits a GP distribution, then the ME plot should be linearly dependent

starting from the threshold VHI D 40. Figure 3 shows the ME plot for the pixels in

the region of 96 km by 96 km. As it can be seen, the mean VHI values follow a

straight line after VHI < 40, which justifies the selection of this threshold within the

GP model.

After selecting the threshold value, VHI cluster minima are selected for each pixel.

Figure 4 shows an example of VHI time series with cluster minima for different time
periods, while figure 5 shows distribution of the number of clusters over Ukraine.

The number of clusters is different for each pixel being on average 90 during the

32 years period (i.e. about three clusters per year). Figure 4 also shows the impor-

tance of cluster minima in comparing with, for example, quarterly extreme values.

For 2007 (figure 4(b)), there are two cluster minima that are taken for February and

July, while block minima produce four values including high VHI values (more than

40, i.e. no vegetation stress) for the October�December period.

Figure 3. Mean excess plot for the pixels the region of 96 km by 96 km with latitude C48.38
to C49.10 and longitude C30.67 to C31.39.
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It should be noted that data from the winter period are also included into the anal-

ysis. The rational for this is as follows. Winter conditions influence the state of winter

crops both in terms of temperature and moisture. Analysis of cloud-free VHI data

over Ukraine shows that there are VHI values that relate both to stressed and good

vegetation conditions (figure 4(b)). Unlike, for example NDVI alone, VHI includes

NDVI and brightness temperature values that for each pixel are normalized using

Figure 4. Example of VHI time-series for 1981�2012 (a) and 2007 (b) with cluster minima
indicated with squares. The time series is shown for the pixel with the following coordinates:
latitude C48.24 and longitude C31.68.
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corresponding absolute maximum and minimum values during the 32-year observa-

tion period (also referred as “climatology” by Kogan & Guo (2014)). Therefore, low

VHI values for agricultural lands during winter period might have an impact for win-

ter crops. Such an impact might not be purely in the form of agriculture drought, but
for example hydrological drought or frost kill.

For each pixel, GP parameters of the model represented by equation (4) are estimated

using the ML method. In order to analyze how VHI fits to the GP model, a Q�Q plot

between quantiles from data and from the fitted distribution is used. The coefficient of

determination for the linear fit 1:1 that corresponds to equal quantiles is used as a mea-

sure. Figure 6 shows distribution of coefficient of determination for different pixels.

Analysis of figure 6 shows that coefficients of determination for Q�Q plot varies from

0.7 to 0.9 for different pixels that shows good fit of VHI to the GP model.
Based on parameters of the GP distribution, it is possible to estimate return period

and correspondingly probability (equation 5) of a drought with specified VHI level.

Figure 5. Distribution of the number of clusters over Ukraine.

Figure 6. Distribution of coefficient of determination for Q�Q plot between quantiles from
VHI data and from the fitted GP distribution.
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Figure 7 shows return period for the exceptional droughts (VHI < 6) and the VHI
values for the return period of 20 years (corresponds to the probability of 0.05). It

should be noted that the map of VHI return period (figure 7(a)) exhibits areas with

high return periods (more than 50 years). These areas are located in the northern and

western parts (Carpathian Mountains) of Ukraine, and are characterized mainly by

forest cover and non-agricultural lands. On other hand, southern regions of Ukraine

which have mainly agricultural lands have return period of 5�10 years, and there-

fore, very high probability of drought. According to Kogan, Adamenko, and Guo

(2013a), winter crops in Ukraine suffered droughts (more than 30% of winter crops
areas) in 2003, 2007, 2010, and 2012 for the past 10 years. Therefore, the derived

VHI return period map is qualitatively consistent with different land cover classes

and drought occurrence for the study region.

Return period for exceptional droughts (VHI < 6) is also assessed using different

observation time periods. In particular, return periods are estimated using

Figure 7. Return period (in years) for the exceptional droughts (a), and VHI values for the
return period of 20 years (b).
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1981�2002 (22 years) and 1993�2012 (20 years) VHI observations, and compared to
the ones estimated using the full data-set (1981�2012). These comparisons are shown

in figure 8. Analysis of these results shows that return period estimated using

1981�2002 and 1993�2012 data are overestimated comparing to the 1981�2012

Figure 8. Comparison of drought return periods estimated using full VHI data 1981�2012
and truncated data: (a) 1981�2002 and (b) 1993�2012.
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data with root mean square error (RMSE) 5.7 and 7.8 years, respectively. It suggests
that in our case estimates of return period are sensitive to the observation time

period, and the period from 1981 to 2012 is critical in estimating the drought return

period.

4.2. Drought risk mapping and quantification for Kyiv region

The drought hazard map derived in the previous subsection is used as an input in

equation (3) for drought risk mapping and quantification in the Kyiv region. In par-

ticular, we focus on the exceptional droughts (VHI < 6). This case study region is

selected because of availability of a high-resolution crop map. This map was pro-
duced in 2010 at 30 m resolution using a time series of Landsat-5 images (Gallego

et al. 2012, 2014). In particular, we consider winter wheat which is a major crop in

the region accounting for more than 40% of production of all crops. The winter crops

are reliably mapped with accuracy of about 90% (Gallego et al. 2012, 2014).

Figure 9. Winter wheat crop mask for the Kyiv region derived from Landsat-5 images in
2010. Top right map shows location of Kyiv region within Ukraine.

912 S. Skakun et al.



Therefore, a winter wheat mask is extracted from the crop map, and is further used
for drought risk mapping and quantification. The derived mask is shown in figure 9.

The crop damage rate is estimated using equation (6). Therefore, the damage rate

is 1 to 0.825 for VHI values from 0 to 5, respectively.

Other parameters from equation (3) used for drought risk quantification in the

Kyiv region are as follows:

� crop yield, y D 4t ha¡1 (the maximum winter wheat yield recorded in the Kyiv

region within the 2000�2011 period),
� crop cost, v D 213 USD/t (average price for winter wheat in Ukraine in 2010).

All obtained parameters are integrated in equation (3) to map and estimate excep-

tional drought risk for the Kyiv region (VHI < 6). Since drought probability map

has spatial resolution at 16 km and winter crop map has spatial resolution at 30 m,

all maps are rescaled to 30 m. It should be noted that under such discrepancy of spa-

tial resolution in maps, one should pay attention on including quality information

when integrating such maps. Therefore, corresponding drought risk values are esti-
mated for each 30 m pixel using equation (2). The obtained risk values are accumu-

lated for the counties of the Kyiv region using equation (3) (figure 10) and the whole

region. Figure 11 also shows risk normalized on winter wheat area in the correspond-

ing county of the Kyiv region. Total risk (mathematical expectation) of economic

Figure 10. Risk of economical losses due to exceptional droughts influencing winter wheat in
the Kyiv region accumulated by counties. Top right map shows location of Kyiv region within
Ukraine.
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losses due to exceptional droughts influencing winter wheat production for the Kyiv

region is estimated at approximately 19 million USD. Unfortunately, any reliable

sources on the past droughts’ losses are not available. Hence, further research should
be carried out in order to establish a framework for validating the risk values.

Figures 10 and 11 show that risk and normalized risk are distributed non-uni-

formly for the region. Southern counties where croplands prevail are exposed to the

higher risk than central and northern counties where forest and grassland are domi-

nant. This map provides an objective overview of the regions with higher risks, and

could be used by local authorities and insurance companies to take actions to reduce

the risk. Moreover, different scenarios (corresponding to different probabilities and

return periods) could be easily analyzed by varying corresponding parameters, and a
loss function could be constructed for different categories of the droughts. These are

on-going activities and will be reported in future works.

5. Conclusions and future works

This study presented a new approach to quantitative estimation of agriculture

drought risk based on integration of coarse resolution VHI values derived from

NOAA satellites and high-resolution crop maps derived from Landsat-5 images.

Drought risk at each point (pixel) is considered as a function of disaster probability

and expected economic losses. To estimate the probability of drought, we propose to

Figure 11. Normalized risk of economical losses due to exceptional droughts influencing
winter wheat in the Kyiv region. Risk is normalized by 1000 ha of winter wheat area in the
corresponding county.
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use a Poisson-GP distribution for modelling the extreme values of VHI. Integrating
drought probability with loss function, it becomes possible to quantify the drought

risk which is expressed as expected economic losses due to drought. In our opinion,

the derived drought risk maps are of great importance to local authorities and insur-

ance companies involved in agriculture sector. The proposed approach is validated

for the territory of Ukraine, but it is quite general and can be applied to other agri-

cultural regions. In this regard, some open issues still remain, which are as follows.

� Influence of sampling size on the uncertainties of model’s parameters estima-
tion: this question relates to how accurately we can estimate model’s parame-

ters based on satellite data-sets which are usually available for less time period

than ground measurements? How do these parameters change in time? Not

only risk values but also corresponding risk uncertainties should be estimated

in this regard.

� Damage rate estimation: a theoretical damage rate function based on relation-

ship between VHI and crop yield is used in this study. Further research is

needed that will relate VHI (and other indicators) with ground measurements
of crop damages.

� Relative efficiency estimation: one of the main advantages of satellite data is

their continuous nature while ground measurements are usually in the form of

point measurements. Therefore, satellite data allows reduction of variance

associated with the risk estimation. This value is called relative efficiency (Kus-

sul et al. 2013; Gallego et al. 2014) and plays an important role in agriculture

statistics for assessing efficiency of satellite data.
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