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Abstract

Drought is one of the natural hazards that has an immense im-
pact on nations and affects many people every year. In this study,
satellite remotely sensed data were employed to estimate multiple
drought indices for the growing season over Tunisia for 13 succes-
sive years. The Vegetation Condition Index (NDVI), and the Land
Surface Temperature (LST) index, were combined to calculate the
Vegetation Health Index (VHI). Moreover, the Precipitation Condi-
tion Index (PCI) was calculated and added to form a newly modified
Vegetation Temperature Precipitation Condition Index (VTPCI). The
effectiveness in drought monitoring by these indices was support-
ed by comparing them with the Food and Agriculture Organization
(FAQO) annual crop yield. These indices indicated that year 2002 was
the driest year in Tunisia, a result that was confirmed by the crop
yield statistical data. The results revealed that four governorates of
the Southern Tunisia are highly prone to drought and that grassland
and cropland are the most susceptible vegetation types to drought
events in Tunisia. The VTPCI shows higher correlation with the an-
nual crop yield data than the commonly used VHI index, particularly
on the sub-national scale, therefore this index is recommended to
be adopted to monitor vegetation drought elsewhere in semi-arid re-
gions where surface weather data are scarce.

Keywords: Natural hazards; Satellite land surface temperature;
TRMM rainfall data; Vegetation health indices

*Corresponding author: Eman Ghoneim, Department of Earth and Ocean
Sciences, University of North Carolina Wilmington, Wilmington, USA, Tel: +1
9109622795; E-mail: ghoneime@uncw.edu

Citation: Ghoneim E, Dorofeeva A, Benedetti M, Gamble D, Leonard L, et al.
(2017) Vegetation Drought Analysis in Tunisia: A Geospatial Investigation. J
Atmos Earth Sci 1: 002.

Received: October 12, 2017; Accepted: November 17, 2017; Published: De-
cember 04, 2017

Copyright: © 2017 Ghoneim E, et al. This is an open-access article distributed
under the terms of the Creative Commons Attribution License, which permits un-
restricted use, distribution, and reproduction in any medium, provided the original
author and source are credited.

Introduction

Although drought is a complex phenomenon, it has been de-
fined specifically by the remote sensing community as a period of
abnormally dry weather, which results in vegetation changes [1,2].
Drought is a recurring climatic process occurs with irregular tem-
poral and spatial characteristics over an expansive region and over
an extended period of time. It is among the most devastating natural
disasters causing economic losses and impacting agricultural, ecolog-
ical and socio-economic spheres [3,4]. Drought has become a major
environmental issue in recent years, especially in semiarid regions of
the northern hemisphere and is likely to intensify and become more
frequent with imminent climate change [5,6]. The growing need for
agricultural production and water resources has driven researchers to
concentrate on drought risk assessments [7]. Therefore, several in-
dices have been developed and widely used for monitoring the local
drought conditions. The Standardized Precipitation Index (SPI) is
a commonly used drought index in monitoring severe drought con-
ditions [8]. However, SPI relies on observed precipitation data col-
lected at meteorological stations, which are not always available in
many developing regions of the world. Satellite data, on the other
hand, provide temporally and spatially continuous data worldwide.
As satellite-based remote sensing can consistently and continuously
monitor the environment, detecting the beginning, end, and severity
of droughts with satellite-derived data is becoming very popular in
drought hazards, desertification and climate change studies [2,9-11,3].

Various types of satellite-based remote sensing data and remote
sensing algorithms have been widely used over the past few decades
to effectively monitor the drought phenomenon worldwide. For exam-
ple, a remote sensing based drought study conducted on China using
the HJ-1 and microwave MASR satellite data [12,10], and in India,
Philippines and Australia using MODIS data [13,14], confirmed the
effectiveness of such data in the national drought monitoring. More-
over, a large number of remote sensing indices based on, for instant,
the NDVI-LST relationship such as Vegetation Health Index (VHI),
Temperature-Vegetation Drought Index (TVDI), Vegetation Supply
Water Index (VSWI), Drought Severity Index (DSI), and Normalized
Vegetation Supply Water Index (NVSWI) have been proposed and
successfully tested [15-18] .

Many other simple indices based on remote sensing data were pro-
posed to monitor drought. For example, the Normalized Difference
Vegetation Index (NDVI), developed by Rouse et al., [19] is based
on the ratio between the maximum absorption of radiation in the red
channel, due to the leaf’s chlorophyll content and the maximum re-
flection of radiation in the Near-Infrared (NIR) channel, due to the
cell structure of the leaf [20]. The Vegetation Condition Index (VCI)
was introduced first by Kogan [21,22] to measure changes in NDVI
signal over time. In 1995, Kogan developed TCI (Temperature Con-
dition Index) to normalize temperature data. Later, Kogan developed
another index called the Vegetation Health Index (VHI), which is a
combination of VCI and TCI. Many studies were carried out in many
regions worldwide to evaluate the use of VCI, TCI and VHI indices in
drought monitoring [23-25].
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In addition to the above remotely sensed drought indices, the in-
clusion of rainfall conditions is also an important factor for drought
studies. The Tropical Rainfall Measuring Mission (TRMM) provides
precipitation data needed for comprehensive drought analysis. Rhee
et al., [26] proposed the new multi-sensor Scaled Drought Condi-
tion Index (SDCI), which combined scaled NDVI, LST and TRMM
data with assigned weights (1/4 scaled NDVI + 1/4 scaled LST +
1/2 scaled TRMM). The SDCI outperformed VHI and other existing
indices in the arid region of Arizona and New Mexico and also in
the humid region of the Carolinas [26]. In the present study, a newly
modified drought index, namely Vegetation Temperature Precipita-
tion Condition Index (VTPCI), based on the SDCI, was developed,
examined over the study area, and compared against other drought
indices. The VTPCI combines the vegetation health, temperature con-
dition and precipitation aspects in order to gain a better understanding
of the drought phenomenon in the area under investigation.

The purpose of this paper is threefold. First, to evaluate the po-
tential of a modelling based approach for the detection of vegetation
areas sensitive to drought in a data-limited semi-arid nation, such as
Tunisia, using information derived from satellite remote sensor data.
Second, to provide information on locations at frequent threat of
drought and determine which vegetation cover type is more suscepti-
ble to frequent drought risk in Tunisia. Third, to perform a compari-
son of the spatial occurrences of drought detected by commonly used
remotely sensed indices with the newly VTPCI index and examine
the efficiency of each index using annual crop yield data.

Study Area

The research was carried out in Tunisia which is located in North
Africa with a total area of 164,148 km? and a total population of about
10.8 million (Figure 1). Agriculture plays an important role in Tuni-
sian economy. Today, the country cultivates various types of crops
such as cereals, olives, citrus fruits, sugar beets and figs. In recent
years, drought has become a frequent climate disaster in the Medi-
terranean area, including Tunisia, and the Intergovernmental Panel
on Climate Change (IPCC) expects that such drought will be more
intense and frequent in this region due to climate change [27].

In recent decades, Tunisia has faced a serious water shortage
caused by low annual rainfall distributed unevenly over Tunisian ter-
ritory, which increases the demand for water [28]. The country can
be classified into three climate zones: Mediterranean, semi-arid and
arid (Koppen types Csa, Bsh, Bwh), which all experience differing
water availability. In the northern Mediterranean zone, where precip-
itation exceeds evapotranspiration, an annual water surplus of more
than 500 mm rainfall is typical [29]. In the semi-arid central part of
the country, both the annual rainfall and the number of days with rain
decrease progressively in a southerly direction. The semi-arid zone
receives between 350 to 500 mm of rainfall annually. The southern
arid zone of Tunisia experiences an annual water deficit due to low
rainfall and high rates of evapotranspiration (less than 350 mm). For
most of the country, weather data come from a sparse meteorological
network, which has incomplete records and is not always accessible
to the public. Therefore, satellite data can contribute significantly to
drought monitoring in Tunisia.

Figure 1: Location of Tunisia in North Africa and the different types of
dominant land use/cover in the study area.
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Data and Methods

A series of remote sensing datasets were obtained in order to cal-
culate multiple drought indices to monitor dry conditions in Tunisia
over a period of thirteen years (2000-2013). The analysis is focused
on the growing season which lasts six months from November to
April.

Data and pre-processing procedures

The Moderate Resolution Imaging Spectroradiometer (MODIS)
Terra MOD13A3 product was used in the current study to investigate
the distribution and health condition of vegetation cover for Tunisia.
This product is provided monthly at a 1-km spatial resolution as a
gridded level-3 product in the Sinusoidal projection. Considering the
relatively large extent of the study area and a time span of 13 years,
MOD13A3 spatial resolutions were considered appropriate. MODIS
provides two types of vegetation indices: The NDVI and the En-
hanced Vegetation Index (EVI). In this study, the EVI index was used
over NDVI since it is more sensitive to changes in areas with thick
vegetation cover (a shortcoming of NDVI), and capable of reducing
the effect of atmospheric noise on vegetation index readings [30,31].
Previous studies indicated that the MODIS EVI index has better abil-
ity to predict crops yield than the NDVI, and the use of crop phenolo-
gy information from MODIS improved the model predictability [32].
Due to this advantage, the EVI has been adopted in the present study.
The EVI can be derived from the following formula:

PNIR - pRed
PNIR+C1* pRed —C2* pBlue + L

Where p are the full or partially atmospheric-corrected (for
Rayleigh scattering and ozone absorption) surface reflectance; L is
the canopy background adjustment for correcting nonlinear, differen-
tial NIR and Red radiant transfer through a canopy; C1 and C2 are the
coefficients of the aerosol resistance term; and L is a gain or scaling
factor. The EVI derived from the MODIS Terra MOD13A3 product,
the following formula is used:

EVI=G*

2band EVI=2.5*M
PNIR — pRed +1
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A total of 78 EVI scenes of the study area were downloaded from
the U.S. Geological Survey (http://glovis.usgs.gov/) and converted
from sinusoidal projection to 1 km gridded geotiff Albers Area Pro-
jection (WGS84), using nearest neighbor resampling method. Since
the objective of the study is to monitor and analyze the vegetation
drought in Tunisia, a mask file of the most possible vegetation cover-
age was created for the study area.

For Land Surface Temperature (LST) data, the MODIS Terra MO-
D11A1 product, with a 1-km spatial resolution, daytime data with
8-day average coverage (four scenes per month) was used. A total
of 312 MODIS-LST images were downloaded, re-projected, masked
out and temperature values were converted from Kelvin to degree
Celsius. Due to the cloud contamination of several LST images, the
best scene out of the four available scenes for each month has been
included in the analysis. Moreover, the Low-Pass filtering algorithm
was applied to each scene in order to minimize the amount of miss-
ing data in some LST scenes and produce more homogeneous images
[33].

Drought originates mostly from a shortage of rainfall over a pro-
tracted time period [34]. For the precipitation data, the Tropical Rain-
fall Measuring Mission (TRMM) 3B43 product was used to char-
acterize rainfall amount and spatial distribution over the study area.
TRMM is a joint mission between NASA and the National Space De-
velopment Agency (NASDA) of Japan and was launched on the 27"
of November, 1997.

The land cover data for Tunisia were obtained from the NASA’s
Earth Observing System Data and Information System (EOSDIS).
MODIS Land Cover MCD12Q1 product was chosen for the present
study. This product provides a detailed vegetation biomass cover with
a spatial resolution of 500 meters. According to the Food and Agri-
culture Organization (FAO) of the United Nations [35], wheat is the
most extensive crop in Tunisia, which accounts for almost 80% of
total production. Nation-wide annual wheat yield data were obtained
from the FAO Statistical Division dataset (http://faostat3.fao.org) for
the period of 2000-2013 to validate the modeled drought maps. More-
over, the annual crop yield data for the period of 2000-2008 for one
of the most agro-productive regions of Tunisia, Siliana governorate,
were obtained and used to estimate the efficiency of the remote sens-
ing drought indices on the local scale [36].

Methodology

Four different types of vegetation drought indices, including the
VCI, TCI, VHI and PCI, were used in this study and compared against
the VTPCI modified drought index.

The VCI was first proposed by Kogan [22] and related to the
long-term minimum and maximum NDVI. The assumption of VCI
for drought monitoring is that a harsh drought will affect vegetation
growth and result in the lowest values (closer to zero) in the multiyear
observations. Conversely, the highest VCI values (closer to 100) will
represent an optimal climatic condition [4]. The VCl is a pixel based
normalization of the NDVI and it is calculated using the following
formula (in the present study, the NDVI values were replaced with
EVI ones):

EVI—-EV Imin

VCl(%)=100*———
EVImax - EV Imin

EVImax and EVImin are the absolute multi-year maximum and
minimum, respectively, calculated by the corresponding pixels in the
same month from the entire EVI records (2000-2013). VCI values
range between 0 and 100 (%), reflecting relative change in the vege-
tation condition from extreme to optimal. Monthly VCI values for the
entire dataset were calculated for the study area.

The TCI, also proposed by Kogan [22], proposed that drought
episode will cause a land surface thermal stress and a reduction in
soil moisture which could trigger higher temperature values in the
drought year than the same month of non-drought years. Accordingly,
a low surface temperature in the vegetation growing season indicates
more favorable conditions while high land surface temperature shows
unfavorable drought conditions. The TCI can be estimated using the
following formula:

1C1(%) =100 LSTmax=L5T
LST max—LST min

Where LST is the average temperature value for the current month,
LSTmax and LSTmin are the absolute maximum and minimum tem-
perature values, respectively.

The VHI is a weighted average of the above two indices (VCI and
TCI) that represents the overall vegetation health for the area under
investigation [21]. The VHI can be calculated using the following for-
mula:

VHI = o * VCI + (1- a) * TCI

Where a is the coefficient quantifying the contributions of V'CI and
TCI in the combined condition. Since the shares of V'CI and TCI are
not known for any specific location, it was assumed that the shares are
equal to 0.5.

While VHI has proven to be a fairly good indicator of drought
conditions in low-latitudes, mainly in arid, semi-arid, and sub-humid
climatic regions, this drought index only accounts for the vegetation
condition and the land surface temperature [37]. As indicated earlier,
abnormally low rainfall is the primary cause of drought. Therefore,
the importance of the precipitation as an influencing factor should be
also considered in a comprehensive drought analysis. TRMM Accu-
mulated Rainfall in millimeters with 3-hour intervals was obtained as
a set of 0.25" x 0.25° gridded data in ASCII format. These data were
imported and averaged in Excel to provide a monthly rainfall data.
All the monthly data were then uploaded to ArcGIS and converted to
shapefiles. Using the Kriging algorithm, the point data were interpo-
lated to provide continuous rainfall data for each month (2000-2013)
in the raster format. The Kriging method estimates unknown values
from observed values at surrounding locations based on regression
against values of surrounding data points. This interpolation tech-
nique proved to be successful for an application with scarce precipi-
tation data availability [38]. The Precipitation Condition Index (PCI),
based on microwave remote sensed TRMM precipitation, was recent-
ly proposed by Zhang and Jia [10]. The PCI was calculated using the
following formula:

TRMM ~TRMM min

PCI (%)=100* ;
TRMM max—TRMM min

Where TRMM, is the pixel value representing precipitation, TRM-
Mmin and TRMMmax are the absolute minimum and maximum, re-
spectively. During the normalization procedure, the PCI values were
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linearly scaled from 0 to 100, corresponding to changes in precipita-
tion from extremely unfavorable to optimal.

The VHI index can be used to monitor drought from vegetation
and soil temperature aspects, whereas the PCI index accounts for
the rainfall condition only. Until recently; however, no indices could
suitably reflect the comprehensive information of drought from both
meteorological and agricultural aspects. Rhee et al., [26] proposed a
new remote sensing-based drought index, known as the SDCI. This
index was utilized for agricultural drought monitoring in both arid
and humid regions and uses multi-sensor data. SDCI performed better
than existing remote sensing drought indices in the arid region of Ari-
zona and New Mexico as well as in the humid region of the Carolinas
[26]. In line with the previous SDCI, a newly modified drought index
(named VTPCI) from the SDCI, was adopted in the present study.
The VTPCI combines the VCI, TCI, PCI values using the following
formula:

(VCI +TCI + PCI)
3

Since the relative proportions of VCI, TCI and PCI are unknown
for specific locations, the V'TPCI assumes that the shares are equal.
The VTPCI derived drought maps were compared against those de-
rived from VHIs over Tunisia.

VTPCI =

Land Use Land Cover (LULC)

In order to estimate the impact of climate change-induced drought
on different vegetation-cover types, the MODIS LULC map (MC-
D12Q1 product) of the region has been utilized. A total of ten classes
(Figure 1), including cities, sandy desert, stony desert, water bodies,
bare rocks, salt hardpans, evergreen/deciduous forest, open deciduous
shrubland, sparse grassland, and croplands (with the crop cover over
50%) were extracted and incorporated in the analysis. The cropland
cover was singled out and later utilized to calculate the correlation
coefficients between observed crop yield and the crop areas directly
affected by the extreme, severe and moderate drought conditions.

Efficiency estimation of VHI and VTPCI using crop yield data

According to Smith et al., [39], the high correlation of the NDVI
taken during the growing season indicates the capability of correctly
forecasting wheat yield well ahead of the end of the growing season.
Whereas estimating crop yield is not the primary objective of this
study, it is imperative for validating the derived remote-sensed indi-
ces including the modified drought index (VTPCI). Based on reports
by UN-FAO (FAO, 2014), wheat accounts for about 80% of cereal
production in Tunisia, the rest being barley and oats. The wheat is
almost entirely grown under rain fed conditions. Therefore, wheat
was chosen to serve as an index usefulness indicator. The country
annual wheat yield data were obtained from the FAO Statistical Divi-
sion dataset, whereas the annual crop yield data for the administrative
district of Siliana, governorate of Tunisia, for the years 2001 through
2008, were obtained from the drought report on Tunisia by Bergaoui
et al., [36]. The latter crop yield data were used for validating the
derived remotely sensed drought indices at the district level.

Several researchers suggest that the variation in final crop yield is
explained by plants phenological cycle [4,26,39,40]. Therefore, wheat
growing stages for the Tunisia region were also considered and incor-
porated in the analysis. According to the USDA/Foreign Agriculture
Service reports for Tunisia (Wwww.thecropsite.com/reports/?id=3644),

wheat flowering in Tunisia occurs in March, harvest follows in June/
July, but most importantly, April serves as the most critical month for
moisture, because plants are in their grain-fill stage and heavily rely
on water to boost the grain weight. April rainfall is the most influ-
ential factor in the local farmer decision-making. Thus, yearly April
drought data along with the multi-year annual mean drought data for
both VHI and VTPCI were investigated in the analysis. The drought
affected areas identified by VHI and VTPCI as drought-prone were
calculated on a pixel basis, with the scaled index values below 30
(extreme, severe and moderate drought combined). The derived crop
mask was applied to limit the analysis to agricultural areas only. Lin-
ear regression analysis was employed to investigate the strength of
the correlation between the crop yield data and those areas indicated
by the studied drought indices in order to estimate their effectiveness.

Results and Discussion

Spatial and temporal comparisons of remote sensing
drought indices

In order to compare the spatial patterns of drought over the study
region, a series of classified drought severity maps were produced
for each month of the growing season for thirteen years. The widely
used classification scheme of Kogan [22] was adopted in the pres-
ent study. Here each index was classified into 5 categories (Table 1),
which range from extreme drought (0 to 10) to no drought (> 40).
The scaling for each index is ranged between 0 and 100, where 0
indicates the driest condition and 100 indicates the wettest. An exam-
ple of the spatial distribution of the calculated indices for all March
months is illustrated in figure 2. Examination of the derived VHI and
PCI, smoothed with 6-month running average time series (Figure 3),
revealed a similar pattern in the behavior of both indices. The exam-
ination of annual mean distribution of both indices proved that there is
a moderate positive correlation between VHI and PCI indicating that
higher rainfall producing healthier vegetation cover. Analysis of PCI
data revealed that approximately 30% of the study area was continu-
ously affected by extreme drought conditions for the growing seasons
of 2001/2002, 2007/2008 and 2009/2010, which corresponds to the
highest peaks of extreme drought marked by VHI. This observation
proves the idea that drought severity relates not only to the vegetation
health but also to the rainfall which plays an important role in influ-
encing drought conditions. Therefore, it is vital to include precipita-
tion data for the in-depth drought monitoring in order to supplement
the quality of the produced results [41].

Drought Indices Values Drought Conditions

<10 Extreme drought
10-20 Severe drought
20-30 Moderate drought
30-40 Abnormal dry

>40 No drought

Table 1: Classification of VCI, TCI, VHI, PCI and VTPCI drought indices.

A series of multi-year means were generated in order to compare
spatial patterns of VHI and the newly developed VTPCI (Figure 4),
which accounts for all three important aspects of drought (vegeta-
tion health, land surface temperature, and precipitation). The spatial
distribution of the VTPCI over the region generally agreed with that
of the derived VHI. Both indices indicated that the season 2001-02
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exhibited the most extensive and extreme drought conditions over the
thirteen year span. It is important to note that the extreme and severe
drought area for 2001/02, derived from VTPCI, corresponds with the
entire area occupied by cropland. The driest years of 2001-02 are fol-
lowed by the drought-free years of 2002/03 and 2003/04. Moderate
drought occurrences, highlighted by the VHI, were observed in the
Mediterranean parts of the study area right above the Atlas Mountains
in 2005/06. This area also overlaps with the cropland cover. The sea-
sons of 2009/10 and 2012/13 years show drought distributed mostly
in the southern and south-eastern directions. According to both VHI
and VTPCI, the 2003/04, 2006/07, 2010/11 seasons were the wettest
during the 13 years of observations.

Figure 2: Distribution of VHI, PCI and VTPCI for March for years 2001
through 2013.

J

The year-to-year change in annual VHI and VTPCI mean val-
ues confirms these observed findings (Figure 5). The highest peaks
of the annual VHI match with the highest peaks of the annual
mean VTPCI values, which correspond to the wettest seasons (e.g.
2002/03, 2003/04, 2006/07, 2008/09 and 2010/11). Simultaneously,
the mean VHI and VTPCI values for the 2001/02 season were the
lowest throughout the whole investigation period suggesting the dri-
est conditions throughout the study period (13 years). The drought
of 2001/02 was one of the most catastrophic events for the Tunisian
economy. According to the FAO report issued in 2004, the nation of
Tunisia witnessed its worst drought in the past 50 years from 1999 to
2002. This catastrophe affected agricultural producers primarily. FAO
statistics (http://faostat3.fao.org) verified that during the 2001/02 pe-
riod the production of wheat was the lowest (14,144.05 Hg/ha), which
drastically affected the local economy in Tunisia [35].

Figure 3: Temporal variations in VHI and PCI: (a) In a time series smoothed
with 6-month running average (b) Annual mean VHI vs. annual mean PCI
(c) The correlation scatterplot (d) Time series of proportion of study area in
each drought severity category identified by VHI (e) Time series of propor-

tion of study area in each drought severity category identified by PCI.

Figure 4: Spatial distribution of annual mean (a) VHI and (b) VTPCL.
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Figure 5: (a) Time series of annual mean VHI versus annual mean VTPCI,
(b) Temporal distribution of mean VTPCI versus the amount of drought af-
fected areas.

Evaluation of VHI and VTPCI using LULC and crop
Yield data at the national scale

Overlaying the LULC onto VHI and VTPCI drought maps re-
vealed that the most vulnerable vegetation type to drought conditions
is sparse grassland, whereas evergreen and deciduous forest are the
least susceptible to changing drought conditions (Figure 6). This can
be ascribed to the fact that forest is better adapted to tolerate regular
periods of water deficit and has developed structural mechanisms to
cope with these conditions compared to grass (e.g., deep taproots).
Neither VHI nor VTPCI indices showed peak in vegetation response
for the period from 2003 to 2004, which corresponds to the wettest
conditions. Despite the similarities in vegetation response, the newly
modified VTPCI index, which accounts for precipitation conditions,
vegetation vigor, and temperature, outperformed the commonly
used VHI. VTPCI indicates better response to dry conditions for the
grassland class with higher observed peaks in 2004/05, 2007/08 and
2009/10. This finding is expected since grass lifecycle is fully depen-
dent on the amount of precipitation.

The cropland cover also appeared to be susceptible to dry condi-
tions. Both indices generally showed similar behavior throughout the
time series, with the exception of 2005/06 period, when VHI index
was able to detect the cropland and the forest response to the effects
of drought. Visual inspection of the annual mean VHI spatial distribu-
tion for the 2005/06 season together with the LULC, revealed that the
areas affected by moderate drought lie within the cropland and the de-
ciduous forest land cover. Both indices highlighted the 2001/02 sea-
son as the most crucial with more than 10% of the affected croplands
experiencing extreme drought conditions. Both VHI and VTPCI re-
vealed that cropland was hit hard in 2002, but it recovered quickly in
2003. This suggests that cropland is sensitive to drought, but it is also
resilient and is able to recover fast.

The relevance of using VHI and VTPCl indices in terms of drought
monitoring was tested through the correlation between the area affect-
ed by drought, according to VHI and VTPCI, versus the wheat yield
for the entire region. Regardless of the small sample size (13 consec-
utive years of observations) and at a significance level () of 0.10,
there was a moderate but significant (p = 0.08) inverse correlation,
between the national crop yield and the size of the area experiencing
extreme drought (Table 2). It is worth noting that many factors such
as, soil quality, atmospheric conditions, water distribution, and so-
cio-economic stability affect crop yield. Moreover, variation in crop
yield is influenced by pests, diseases, fertilizers and farm manage-
ment practices. Since these numerous elements affect crop yield, an
absolute correlation was not expected from the computed satellite-de-
rived indices.

Targeted Land Drought Index/
T 1 Extent VHI VTPCI
Cover Type emporal Lxten Severity Type ¢
Annual 0 - 30 Combined -0.60 -0.56
National Cropland .
March 0 - 30 Combined -0.83 -0.75
Cover

April 0 - 30 Combined -0.34 -0.44

Sub-National Annual 0 - 30 Combined -0.60 -0.56
Cropland Cover April 0 - 30 Combined -0.83 -0.85

Table 2: Linear correlation coefficients between the amount of land affect-
ed by drought versus the annual wheat yield for the entire study region.
*Based on 13 observations.

Figure 6: Vegetation response to drought derived from VHI (upper figure)
and VTPCI (Lower figure). It shows that the most vulnerable vegetation
type to drought conditions is sparse grassland, whereas evergreen and decid-
uous forests are the least susceptible to changing drought conditions.
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A time series clearly shows the relationship between drought in-
dex values and crop yields over the past 13 years (Figure 7). The
results show that correlation coefficient values are higher in March
(-0.83 and -0.75) than April (-0.34 and -0.44) for VHI and VTPCI.
This could be ascribed to wheat flowing in March. Results also indi-
cated that VTPCI are higher in April compared to VHI which could be
due to the grain filling stage when precipitation is critical. In contrast,
the VTPCI is slightly lower than VHI in March, as a consequence of
the excessive rainfall during the flowering stage that makes wheat
more susceptible to scabs disease, as explained by Herbek and Lee
[42], leading to decreased yield. Consequently, including the precip-
itation in the index efficiency analysis may have lowered the March
correlation coefficients values.

Figure 7: National wheat yield and annually averaged VHI and VTPCI for
Tunisia (correlation coefficients r = -0.60 and r = - 0.56, respectively).

Comparison of VHI and VTPCI performance at the
sub-national scale

As one of the most agro-productive regions of Tunisia with an an-
nual precipitation that exceeds 400 mm [36], the Siliana governorate
was chosen as the sub-national level study site. This governorate fully
lies within the Medium Production Potential zone according to the
FAO agricultural classification scheme. River valleys and associated
floodplains make up a fifth of this governorate where floodplain soils
may be moderately or severely flooded in winter. Valleys in northern
sites are flood free with high agricultural potential, whereas southern
locations are lightly flooded and less suitable for cultivation. As is the
case at the national scale, both indices successfully identified 2001/02
as the driest season of the decade. VTPCI at the district level seems to
show smoother, more continuous temporal distribution of dry condi-
tions compared to the VHI with multiple independent drought peaks
(e.g. December 2006, November 2009 etc.).

Correlation analysis showed that both VHI and VTPCI indices
performed slightly better in estimating drought at the regional scale
(0.61 and 0.66, respectively) than at the national scale (0.60 and 0.56,
respectively). This result demonstrates the high relevance of VHI
and VTPCI indexing for spatial monitoring of agricultural drought.
Additionally, the VTPCI outperformed VHI in terms of correlation
coefficients at both national and regional scale (Table 2). The higher

correlation of April month of VTPCI (0.85) than VHI (0.83) suggests
a strong negative relationship of VTPCI drought index with crop
yield during the wheat grain filling stage.

Identification of drought-prone administrative districts in
Tunisia

In order to identify which administrative regions of Tunisia are
the most vulnerable to drought conditions, the spatial distribution of
the drought indices was investigated at the regional scale, and the
frequency of occurrence was compared between regions. As shown
in figure 8, 3 districts of Tunisia (Tataourine, Gabes, and Gafsa) were
identified as highly prone to drought and exhibited the highest level of
intensity compared to other regions. These regions are located in the
arid southern climate zone of the country. The northern mountainous
region with prevalent Mediterranean climate was identified as less
prone to suffering from extreme and severe drought conditions.

In general, these results reflect the regional climate pattern. The
frequency distribution based on VHI corresponds with the major
Tunisian climatic zones and the distribution of annual precipitation.
Also, zones identified as highly prone to drought match the zones
categorized by the FAO as having no to low production potential.
Likewise, zones of the lowest probability of drought coincide with
the zones classified as having medium production potential (Figure
8). Therefore, in order to perform more accurate estimation of useful-
ness of established drought indices the scale of the investigation was
narrowed down from the entire country scale to the local sub-gov-
ernorate level. Drought distribution map, shown in figure 8, reveals
the higher level of detail and serves to identify drought-prone zones
within the same administrative unit. For instance, Rouhia, Kesra, and
El Krib were identified as the most drought-prone districts of Siliana
governorate.

p

Figure 8: Distribution of VHI and VTPCI mean values within governorates
and sub-governorates units of Tunisia.
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Conclusion

Seasonal drought patterns in Tunisia were mapped using 400 MO-
DIS NDVI and LST images in addition to TRMM rainfall data for the
period 2000 to 2013. A total of 4 drought indices (VCI, TCI, VHI and
PCI) were calculated to show the spatial and temporal distribution of
extreme and severe drought in the region. A new modified drought
index (VTPCI), which incorporated precipitation data along with the
vegetation and surface temperature data, was developed in the pres-
ent study. Results show a good correspondence between the modeled
remote sensing drought data and the observed crop yield, validating
the geospatial approach adopted in the present study. The newly mod-
ified index showed enhanced performance over the other indices in
the study region, and outperformed the commonly used VHI on both
the regional/sub-national scale. Furthermore, VTPCI is considered
more effective at identifying drought over the sparse grassland and
open cropland. However, the phenological cycle of wheat may have
influenced the results and should be investigated further.

Remote sensing is a useful tool for drought study, particularly in
large areas with limited access due to security restrictions as in the
present study site (since the start of the Arab Spring in 2011). The
method conducted is a low cost approach, a repeatable procedure and
a viable alternative to field measurements for drought analysis and
monitoring on the national scale. Tunisia witnessed its worst drought
in the year 2002. This finding is consistent with the report of FAO
[35], which based on analyzed tree-ring records, considered the 2002
drought to be the worst drought year in Tunisia since the mid-15" cen-
tury. With this information, Tunisian officials could make informed
land management decisions including where to continue with agri-
cultural endeavors and where to protect pasture lands and forested
areas. The approach used in this study allows for rapid identification
of drought hotspot in Tunisia and highlights those areas and districts
that are prone to extreme and severe drought. This information is es-
sential for future agricultural and rangeland planning purposes and
could be used to help decision makers enact appropriate protection
measures to alleviate future drought events. The proposed procedures
could be adapted, with appropriate modifications, to other countries
in the Middle Eastern region.
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