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Abstract: Understanding spatial drought characteristics is vital for planning adaptation and
mitigation measures in river catchments. In many parts of the world, spatial drought information is
not available due to lack of adequate evenly distributed data for spatial drought analyses. This study
elucidates a spatial drought analysis in a data-scarce tropical catchment using remote sensing actual
evapotranspiration (ET) and potential evapotranspiration (PET) data. Firstly, the time series of 690
images of remotely sensed ET and PET between the years 2000 and 2014 were spatially analyzed
using the evapotranspiration deficit index (ETDI) approach to obtain ETDIs in the Kilombero River
catchment (Tanzania). Then, spatio-temporal patterns of ETDIs were used to characterize drought
frequency, total drought durations, total drought severity, and drought intensity. The frequency,
durations, severity, and intensity of drought increased from the year 2000 towards 2014, causing
substantial drought changes in the catchment. However, drought intensity revealed that those
changes were mainly from no drought and mild drought to moderate drought. Between the years
2000 and 2014, no-drought areas and mild drought areas declined from 10% to 0% and from 42% to
19%, respectively, whereas moderate drought areas increased from 47% to 81% of the catchment
size. Those changes of drought conditions were partly attributed to anthropogenic land cover
change, especially in the southwest grasslands, and were partly attributed to meteorological factors
in other parts of the catchment. This information is crucial for further land cover change and climate
change investigations, as well as planning water and land resources in the Kilombero River
catchment. Moreover, the study also demonstrates the potential of using publicly available remote
sensing ET products and the ETDI approach for spatially characterizing drought in ungauged
regions.

Keywords: drought frequency; drought intensity; evapotranspiration deficit index; Kilombero; total
drought durations; total drought severity; water stress

1. Introduction

Drought is an environmental disaster that has harsh and long-lasting impacts on natural and
human systems. Drought impacts include humanitarian disasters, economic losses, and stresses on
various elements of the environment [1]. Drought is usually characterized using its frequency (how
often a drought occurs), duration (the length of a drought), severity (the strength of a drought), and
intensity (degree of precipitation shortfall) [2,3]. Information about drought frequency, duration,
severity, and intensity is very important in planning adaptation and mitigation measures for
reducing drought impacts. In many parts of the world, the coverage of this information is not known
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or properly documentend because of data scarcity. As a result, many drought analysis studies,
especially in sub-Saharan Africa, have been using point data, particularly observed rainfall datasets
[4,5]. This has been causing inadequate information about drought coverage, thus affecting the
livelihood of many people in this region. For example, in the year 2009, Ethiopia was hit by severe
drought leading to 6 million people in need of food [6,7]. Between the years 2016 and 2017, Kenya
experienced drought conditions that also led to over 3 million people in need of food [8]. In Tanzania,
the coastal zone experienced relatively high drought duration, severity, and intensity with more
frequent extreme events after the year 2000 than before [5].

Because any meteorological phenomenon has subsequent impacts on hydrology and vegetation,
drought, therefore, is usually divided into three main operation-based types [9]. These are
meteorological drought, hydrological drought, and agricultural drought [3,4,10-13]. However, this
study focused only on agricultural drought because it accomodates both meteorological and
anthropogenic effects on water resources, especially in sub-Saharan Africa [7,8]. Because agricultural
drought is a condition of insufficient soil moisture mainly due to a shortage of precipitation over
some time period [14], its analysis is therefore based on monitoring water balance parameters and
their subsequent deficit in the event of drought [9]. Several indices have been developed to calculate
agricultural drought using various water balance parameters. Most of these indices use parameters
such as precipitation, temperature, actual evapotranspiration (ET), and potential evapotranspiration
(PET), together with soil physical properties, crop characteristics, and crop management practices,
among others [1,9,15-19]. For a full discussion about these drought indices, including their strengths
and weaknesses, see Sivakumar et al. [17] and Zargar et al. [9]. Due to data scarcity in many large
catchments (>40,000 km?) such as Kilombero river catchment in Tanzania [20,21] and the need for less
data-intensive approaches, this study focused on agricultural drought indices that use a few types of
data. Some of these indices are Drought Severity Index (DSI) [22], Soil Moisture Deficit Index (SMDI),
and Evapotranspiration Deficit Index (ETDI) [23].

The DSI uses remotely sensed ET, PET, and normalized difference vegetation index (NDVI)
products for estimation of drought severity [22], however, its formulae use mean as a mid-point and
thus can be affected by outliers or single dominant event, whereas as SMDI and ETDI formulae use
median as a mid-point [23]. The SMDI uses soil moisture for indicating long-term drought conditions
[23], whereas ETDI uses ET and PET for indicating short-term drought conditions [23]. Both SMDI
and ETDI can be scaled between -2 and +2 to compare with Standardized Precipitation Index values
[24-29] or between —4 and +4 to compare with Palmer Drought Severity Index values [23,30]. This
study focused on the use of ETDI for estimating short-term drought because it reflects both soil
moisture state and plant health. Moreover, ET accounts for the largest water loss in river catchments.

Because many regions of the world lack sufficiently spatially distributed measured ET and PET
data, currently, spatio-temporal analysis of ETDI have been using simulated ET and PET from
hydrological models [4,23]. For example Narasimhan and Srinivasan [23] used ET and PET from a
hydrological model with spatial resolution of 16 km? That coarse resolution neglects spatial
variability of ET and PET, which is very important in large river catchments, especially in tropical
regions [31,32]. Therefore, due to limited spatial distribution of computational units in distributed
hydrological models, remote sensing products are the only viable data for mapping ET and PET in
large catchments. Nowadays ET and PET from remote sensing products are freely available at
moderate to high spatio-temporal resolution [33], for example, from the Moderate Resolution
Imaging Spectroradiometer (MODIS) imagery program [34]. Moreover, remote sensing-based indices
have already been used to monitor general vegetation state, vegetation health, and drought—these
include DSI, NDVI, Enhanced Vegetation Index, Temperature Condition Index, and Normalized
Difference Water Index [9,17,22].

The objective of this study was to use MODIS ET and MODIS PET to analyze spatio-temporal
drought in the Kilombero catchment in Tanzania. Therefore, this study demonstrated spatio-
temporal estimation of ETDI using readily available remote sensing products in a data-scarce
catchment. Moreover, the study also demonstrated spatio-temporal evaluations of drought
frequency, durations, severity, and intensity from remote sensing-based ETDI.
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2. Materials and Methods

2.1. Case Study

The Kilombero River catchment is located between 7°39" 5-10°2" S and 34°33" E-37°20" E in
south-central Tanzania (Figure 1). The catchment is part of the mighty Rulfiji River basin, the largest
river basin in Tanzania. The catchment encompasses the Kilombero valley and its surrounding
mountains including the Mahenge highlands. The catchment is surrounded by the Mbarika
Mountains in the southeast and the Udzungwa Mountains in the northwest.

Kilombero River catchment N
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Figure 1. Kilombero River catchment (elevation: [35]).

The catchment area is approximately 40,390 km? and its elevation ranges between 167 and 2556
meters above sea level (Figure 1) [35]. The main river in the catchment is the Kilombero River, which
flows towards the northeast. The catchment contributes about 62% of the annual runoff volume in
the mighty Rufiji River basin [36]. A prominent hydrological feature in the catchment is the seasonal
wetland at the Kilombero valley that has been designated as a Ramsar site [20,21,37]. The main land
covers in the Kilombero catchment are savannas, evergreen forests, grasslands, and woody savannas
(Figure 2) [38], and on average, these land covers constitute 47%, 14%, 14%, and 13% of the catchment
area, respectively (Figure 2 and Table 1). Woody savannas are found in the south and southeast of
the catchment, whereas grasslands are localized in the southwest of the catchment and along the
Ramsar site. Evergreen forests are scattered in the northwest and south of the catchment.

The Kilombero River catchment is characterized by a sub-humid tropical climate, with a
predominantly unimodal rainfall pattern from November to May [20]. The average annual rainfall in
the catchment ranges between 1100 and 2100 mm [36]. The eastern Mahenge highlands, the
Udzungwa Mountains, and low altitude southwest plains receive high amounts of rainfall, between
1500 and 2100 mm per annum. The Kilombero Valley experiences annual rainfall between 1200 and
1400 mm [36]. The distinct rainy season in the catchment is between December and April, and the
distinct dry season is between June and October [20]. The June-September period usually has a
monthly rainfall below 10 mm, except in the Udzungwa Mountains [21]. The annual mean
temperature in the highlands and in the Kilombero Valley is around 17 °C and 24 °C, respectively.
December and January are usually the hottest months, where day temperatures can exceed 19 °C in
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the mountains and 27 °C in the lowlands [36]. The coldest month is usually July, with temperatures
around 14 °C and 21 °C in the highlands and lowlands, respectively. The average daily ET (derived
from 8day MODIS ET data) in the catchment is about 3 mm.

(a) 2002

(b) 2007

Landcover

Evergreen forests I Shrublands I Grasslands Hl Urban area
\ Deciduous forests I Woody savannas Wetlands [ Water body
Il Mixed forests [ Savannas Il Croplands — River

Figure 2. Moderate Resolution Imaging Spectroradiometer (MODIS) imagery program land cover
classes in the Kilombero River catchment for the years 2002 (a), 2007 (b), and 2012 (c) [38].

Table 1. Moderate Resolution Imaging Spectroradiometer (MODIS) imagery program land covers in
the Kilombero River catchment for the years 2002, 2007, and 2012 [38].

Land Cover (%) 2002 2007 2012
Evergreen forest 15 14 13

Deciduous forest 2 4 5
Woody savannas 14 13 11
Mixed forest 7 8 9
Savannas 47 47 48
Grasslands 14 14 14

The major anthropogenic activity in the Kilombero catchment is agriculture. Agricultural
activities in the catchment include small-scale and large-scale farming, as well as pastoralism. Future
plans in the catchment propose establishment of an agricultural growth corridor [39,40] in order to
increase food production to match the rapid growth of human population in the region. With that
magnitude of significance in food security in the region, the Kilombero River catchment requires
sufficient information about drought frequency, durations, severity, and most importantly their
spatial coverage.

2.2. Data Used

The MODIS product used in analyzing agricultural drought was MOD16A2 version 5, available
at spatial and temporal resolutions of 1 km and 8 days, respectively [34]. A total of 690 MOD16A2
hierarchical data format (HDF) files were downloaded from the MODIS repository
(http://files.ntsg.umt.edu/data/NTSG_Products/MOD16/, accessed on 15 October 2017). For MODIS
products, an 8-day period is a unit of time similar to a week or a month. Therefore, the downloaded
time series had 690 8-day periods.

The MOD16A2 files contain MODIS ET and MODIS PET datasets developed on the basis of the
Penman-Monteith equation [34]. The 690 images of MODIS ET and 690 images of MODIS PET (in the
Geotiff format) covering the Kilombero catchment were extracted from the HDF files. Each image
constituted 47,144 pixels covering the areas of the Kilombero River catchment. Therefore, there were
47,144-pixel time series of MODIS ET and 47,144-pixel time series of MODIS PET each with record
length of 690 data points. The average cloud cover per MODIS image (estimated from 690 MODIS
quality control images) was 14.5%. Pre-processing of the MODIS ET dataset for cloud masking was
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omitted because clouds neither often repeated on certain pixels nor were of large spatial extent per
image [41]. Figure 3 represents patterns of average MODIS PET and MODIS ET in the Kilombero
catchment.

Other subsidiary datasets used in this study included digital elevation model, land cover, and
DSI data both for case study descriptions and interpretation of results. A digital elevation model with
90m resolution was downloaded from the Shuttle Radar Topography Mission database [35]. Land
cover for the years 2002, 2007, and 2012 were downloaded from the MODIS land cover repository
(https://e4ftl01.cr.usgs.gov/MOTA/, accessed on 26 July 2019) [38]. The DSI images for the years 2000,
2005, and 2010 were  downloaded from the MODIS DSI  repository
(http://files.ntsg.umt.edu/data/NTSG_Products/DSI/, accessed on 07 July 2019) [22].

(a) Potential Evapotranspiration (PET) (b)  Evapotranspiration (ET)

— River B Pixel X

Figure 3. (a) 8-day average Moderate Resolution Imaging Spectroradiometer (MODIS) imagery
program potential evapotranspiration (PET) (2000-2014), and (b) 8-day average MODIS
evapotranspiration (2000-2014) in the Kilombero River catchment [34]. Pixel X shows the location of
the timeseries used for illustration of drought analysis.

2.3. Methods

The approach used to analyze agricultural drought involved two steps, namely, estimation of
ETDI and computation of drought characteristics. Estimation of ETDI used ET and PET to calculate
consecutive 8-day periods of dry and wet conditions for each pixel in the Kilombero River catchment.
Then, ETDI time series of pixels were used to identify drought events and calculate drought
frequency, durations, severity, and intensity. These drought characteristics aimed at typifying the
catchment drought conditions. The following sections describe in detail about estimation of ETDI.

2.3.1. Evapotranspiration of Deficit Index

The ETDI estimation used time series of MODIS ET and MODIS PET at a pixel level (Figure 4a—
c). Firstly, water stress (WS) for each 8-day period in a year at a pixel level were computed using
Equation (1) [4,23]. WS ranges from 1 (no ET) to 0 (ET is the same as PET).

PET( jin) = ET(i,jkm) 1
PET( j om)

WS jkn) =

where the subscripts i and j stand for x- and y-coordinates of a pixel, respectively. The subscript k
represents an 8-day period in year n. Because there are about 46 8-day periods in a year, the subscript
k ranges between 1 and 46 with a timestep of one 8-day period. The subscript n ranges between the
years 2000 and 2014, with a timestep of 1 year.
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Figure 4. Graphical representation of data and drought analysis on the example of pixel X in Figure
2. (a) Potential evapotranspiration (PET). (b) Evapotranspiration (ET). (c) Evapotranspiration deficit
index (ETDI). (d) Zoomed-in version of ETDI for illustrating onset and end of drought events (shaded
regions), drought duration (D), and drought severity (S).

Then, the water stress anomaly (WSA) for each 8-day period in a year at a pixel level were also

computed using Equation (2) [23].

med WS(i,j,k) - WS(i,j,k,n)
med Ws(i,j,k) — min Ws(l',j,k)

med WS(i,j,k) - WS(i,j,k,n)
max WS jxy — med WS ;1

X 100% if WS jkn) < med WS j i)

WSA(i,j,k,n) = (2)

X 100% if WS jkny > med WS ;i)

where med WS is the median water stress, min WS is the minimum water stress, and max WS is the
maximum water stress for an 8-day period computed from all values of that period between the years
2000 and 2014. Median water stress removes seasonality [23]. WSA ranges from -100 to +100,
indicating very dry to very wet conditions, respectively.

Because the focus of this study was on spatio-temporal estimation of ETDIs, the common and
specific ETDI equation was used to estimate ETDIs. This equation states that the current ETDI is the
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sum of half of the previous ETDI and the current WSA (Equation (3)) [23]. The current WSA was
divided by 100 to scale ETDI between -2 (very dry condition) and +2 (very wet condition) like the
standard precipitation index [42], as shown in Table 2.

WSAq o

100 ©)

ETD[(i,j,t) = 05 ETDI(i,j,t—l) +

Here, an 8-day time step (k) and annual time step (n) variables were replaced with a continuous
time step (t) variable. The subscript t ranges between 1 and 690 (record length) with a time step of 1
period. It was also considered that at initial condition (t = 1), the previous ETDI was equal to zero.

Table 2. Drought classification scheme based on Standard Precipitation Index [42].

Drought Intensity Drought Category
Equal to 0.00 No drought
-0.01 to -0.99 Mild drought
-1.00 to -1.49 Moderate drought
-1.50 to -1.99 Severe drought
Equal to -2.00 Extreme drought

The WS, WSA, and ETDI equations were implemented in the Python programming environment
(source codes are freely available upon request). After computation of ETDI time series for all pixels
in the Kilombero River catchment, the time series were then used in estimation of drought
characteristics.

2.3.2. Drought Characterization

The ETDISs of pixels in the Kilombero catchment for the period between the years 2000 and 2014
show negative and positive values which represent dry and wet conditions, respectively (see
illustrations in Figure 4c-d). In this study, drought characterization focused on negative values of
ETDIs. The start of a drought event was considered as a point in time when ETDI was less or equal
to —1.0 (Figure 4d), and negative values continued for at least eight consecutive 8-day periods, that
is, for approximately 2 months [42,43]. The ETDI value of —1.0 was selected as the starting-point
because it indicates a deficit equivalent to unit standard deviation below normal or no drought
condition (Table 2) [44]. The end of a drought event was considered as the time when ETDI returned
to zero values (Figure 4d) [43,45]. The ETDI value of zero was selected as the end-point because
usually after the start of a drought event any subsequent negative ETDI cumulatively contributes to
the total drought condition.

Once the starts, ends, and number of drought events for a 5-year time series of each pixel were
identified (as in Figure 4d), drought frequency (DF), total drought durations (TDD), total drought
severity (TDS), and drought intensity (DI) were computed. DF is the number of drought events per
quinquennium. TDD is the total number of months from all drought events in a quinquennium [46].
Therefore, 8-day periods were converted into months (46 8-day periods are equivalent to 12 months).
The TDS represents severity of all drought events occurring in a quinquennium. It was computed as
the cumulative sum of ETDIs from TDD [5]. The DI was calculated as the ratio of TDS to TDD. The
DF, TDD, TDS, and DI formulae for a 5-year time series of a pixel were implemented in the Python
programming environment (source codes are freely available upon request). In order to monitor short
period drought changes, drought characterization was performed for three quinquennia, namely,
2000-2004, 2005-2009, and 2010-2014 periods.
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3. Results

3.1. Drought Characteristic: Frequency

The maps of DF in the Kilombero catchment show that the number of drought events in the three
quinquennia ranged between 0 and 10 (Figure 5). The map of the first quinquennium shows that the
area southwest of the catchment did not experience drought at all (Figure 5a). However, the largest
part of the catchment experienced about 1 to 4 drought events (Figure 5a,b). During the second
quinquennium, the largest part of the catchment experienced 1 to 3 drought events (Figure 5¢,d).
During this period, the largest part of the catchment experienced only two drought events (Figure
5d). There were also few spots of no drought events scattered across the catchment (Figure 5c).
During the third quinquennium, the largest part of the catchment experienced about 3 to 6 drought
events, although there were spots of 1 to 2 and 7 to 10 drought events (Figure 5e,f). Areas with no
drought events in the first, second, and third quinquennia covered about 10%, 1%, and 0% of the
catchment, respectively (Figure 5b,d,e).

(a) 2000-2004 (c) 2005-2009 (e) 2010-2014

5
1
— River )
(b) 2000-2004 (d) 2005-2009 (f) 2010-2014
70
56 . 4
R 42- - .
o
£ 281 - :
14 - -
0 - - LU L L T 1
012345678910 012345678910 012345678910

Drought frequency (-)

Figure 5. Map (a) and histogram (b) of drought frequency (DF) during the first quinquennium. Map
(c) and histogram (d) of DF during the second quinquennium. Map (e) and histogram (f) of DF during
the third quinquennium.

3.2. Drought Characteristic: Total Durations

During the first quinquennium, TDD ranged between 0 and 44 months. In this period, 81% of
the catchment area had TDD between 2 and 15 months, whereas 10% of the catchment area did not
experience drought at all (TDD =0) especially in the southwestern part of the catchment (Figure 6a,b).
During the second quinquennium, 92% of the catchment area also had TDD between 2 and 15
months, and the remaining area had few scattered spots of zero TDD (Figure 6c¢,d). During the third
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quinquennium, almost the entire catchment had lost zero TDD. In this period, 82% of the catchment
area had TDD between 16 and 32 months. Moreover, 9% of the catchment area had scattered spots of
TDD between 33 and 45 months especially in the southern part of the catchment and at the wetland
(Figure 6e,f).

() 2000-2004 (c) 2005-2009 _ (e) 2010-2014

{ TDD (month)

mm 59
31
2
— River o
(b) 2000-2004 (d) 2005-2009 (f) 2010-2014

Area (%)

0 15 31 45 59 0 15 31 45 59 0 15 31 45 59
Total drought durations (month)

Figure 6. Map (a) and histogram (b) of total drought durations (TDD) during the first
quinquennium. Map (c) and histogram (d) of TDD during the second quinquennium. Map (e) and
histogram (f) of TDD during the third quinquennium.

3.3. Drought Characteristic: Total Severity

Like DF and TDD, the pattern of TDS also shows that the southwestern part of the catchment
had no drought severity during the first quinquennium (cf. Figures 5a, 6a, and 7a). During this period,
10% of the catchment area experienced zero TDS, whereas 81% of the catchment area experienced
TDS between -2 and -60. Moreover, the remaining part of the catchment experienced TDS mainly
between —-61 and 135 (Figure 7a,b). During the second quinquennium, areas experiencing zero TDS
diminished to 1%, whereas an area experiencing TDS between -61 and -135 increased to 17% of the
catchment area. In this period, 81% of the catchment area still experienced TDS between -2 and -60
(Figure 7c,d). Unlike the first and second quinquennia during the third quinquennium, 83% of the
catchment area experienced TDS between —60 and -135. In this period, 8% of the catchment area
experienced —2 and -60, whereas 9% of the catchment area experienced TDS beyond —135 (Figure
7e,f). TDS beyond -135 was somewhat experienced at the center and south of the catchment during
the third quinquennium.
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(a) 2000-2004
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Figure 7. Map (a) and histogram (b) of total drought severity (TDS) during the first quinquennium.
Map (c) and histogram (d) of TDS during the second quinquennium. Map (e) and histogram (f) of
TDS during the third quinquennium.

3.4. Drought Characteristic: Intensity

During the first quinquennium, part of the catchment that exhibited zero DF, TDD, and TDS was
also covered by no drought conditions (cf. Figures 5a, 6a, 7a, and 8a). During this period, the no-
drought area was about 10% of the catchment area (Figure 8 and Table 3). About 42% and 47% of the
catchment area experienced mild drought and moderate drought, respectively. However, few spots
of severe drought were also found in the south and northeast of the catchment during this period
(Figure 8a). Figure 8b also shows that DI was almost equally distributed below and above the upper
limit of moderate drought (DI equal to —1.00) during the first quinquennium.

Table 3. Spatial coverage of drought intensity categories in the Kilombero River catchment between
the years 2001 and 2014.

Coverage (%) 2000-2004  2005-2009  2010-2014
No drought 10 1 0
Mild drought 42 33 19
Moderate drought 47 64 81
Severe drought 1 2 0
Extreme drought 0 0 0

During the second quinquennium, no drought and mild drought conditions substantially
decreased to 1% and 33% of the catchment area, respectively, due to the increase of moderate drought
to 64% and severe drought to 2% of the catchment area at the center towards northeast of the



Water 2020, 12, 998 11 of 17

catchment (cf. Figure 8a,c and Table 3). This is also discernible in Figure 8d, where the DI distribution
is slightly skewed towards lower values. Unlike the first and second quinquennia, during the third
quinquennium moderate drought substantially increased to 81% of the catchment area at the expense
of no drought, mild drought, and severe drought conditions (Figure 8e,f and Table 3). Mild drought
substantially diminished to 19%, but tails of both no drought and severe drought conditions
diminished completely (Figure 8f and Table 3).

(a) 2000-2004 (c) 2005-2009 (e) 2010-2014

DI (per eight-days)
I (0.00 — No drought condition [ -1.00 to -1.49 — Moderate drought

[ -0.01 to -0.99 — Mild drought I -1.50 to -1.99 — Severe drought — River
(b) 2000-2004 (d) 2005-2009 (f) 2010-2014
4 . . .
g 31 : -
o
g2 1 ]
1 . ] .
0 - . | -
o o o o o o o o o o o o o o o
o 0 o e} o o re! o ) S S) N o 0 o
o i i Q © o = = Q@ © o - i Q ©

Drought intensity (eight-days — 1)

Figure 8. Map (a) and histogram (b) of drought intensity (DI) during the first quinquennium. Map (c)
and histogram (d) of DI during the second quinquennium. Map (e) and histogram (f) of DI during the
third quinquennium.

Most land covers in the catchment showed the increase of coverage of moderate drought and
the decrease of coverage of no drought and mild drought during the three quinquennia (Table 4). For
example, during the second and third quinquennia, parts of mixed forest, savannas, grasslands, and
deciduous forests that were experiencing moderate drought increased. However, parts of woody
savannas that were experiencing moderate drought did not change, although the one experienced
mild drought decreased (Table 4). Parts of evergreen forest that were experiencing moderate drought
decreased during the second quinquennium, but substantially increased during the third
quinquennium (Table 4).

In comparison to the terrestrial DSI in the Kilombero River catchment, Mu et al. [22] also found
that, since the year 2000, drought has been increasing whereas wet areas have been disappearing (cf.
Figure 9). However, the patterns of wet condition during the year 2000 and no drought condition
during the first quinquennium are not similar (cf. Figures 8 and 9). The former concentrated at the
center along the river, whereas the latter was mainly in the southwest of the catchment.



Water 2020, 12, 998 12 of 17

Table 4. Drought intensity of land covers in the Kilombero River catchment. The first, second, and
third quinquennia were compared against land covers for the years 2002, 2007, and 2012, respectively.
N is no drought condition, Mi is mild drought, Mo is moderate drought, and S is severe drought.

Land Cover (%) 2000-2004 2004-2009 2010-2014
N Mi Mo S N Mi Mo S N Mi Mo S
Evergreen forest 1 6 7 0 1 6 6 0 0 4 9 0
Deciduous forest 0 1 1 0 0 0 3 0 0 1 4 0
Woody savannas 0 6 8 0 0 4 8 0 0 3 8 0
Mixed forest 0 3 3 0 0 2 6 0 0 1 8 0
Savannas 4 22 22 0 0 16 29 1 0 8 40 O
Grasslands 4 5 5 0 0 4 10 O 0 1 13 0
Others 0 0 0 0 0 0 0 0 0 0 0 0

e +2.19 (wet)

— River || -2.62 (dry)

Figure 9. Annual terrestrial drought severity index (DSI) in the Kilombero River catchment for the
years 2000 (a), 2005 (b), and 2010 (c) [22].

4. Discussion

4.1. General Approach

The objective of this study was to spatially characterize drought conditions in a data-scarce
catchment for enhancing adaptation and mitigation measures. Therefore, information about drought
frequency, duration, severity, and intensity was spatially or pixel-wise computed and presented.
Unlike previous applications, which used lumped course resolution data from hydrological models
to estimate drought severity [6,23], this study demonstrated the potential of ETDI in characterizing
drought using finer resolution remote sensing data. In this study, ETDIs were derived from MODIS
PET and MODIS ET datasets.

Although there might be uncertainties associated with MODIS products [22,47], ETDI approach
utilized relative values (i.e., ratios, Equations (1)—(3)) rather than absolute values. The latter require
substantial ground-truth measurements for calibration or bias correction that are difficult to obtain,
especially in a data-scarce region such as the Kilombero catchment [48]. Uncertainties due to ET
estimation formula [34], image acquisition on MODIS satellites [49], cloud cover (*#15%), and
geographical location might have effects on single values, however, systematic errors are known to
have little effect on long-term anomalies [50]. Because the Kilombero catchment is in the equatorial
region, these uncertainties were considered negligible. Moreover, some comparative studies in this
region have shown that even absolute values of MODIS ET satisfactorily represent measured ET
values [51,52]. These studies have shown that MODIS ET’s spatial correlation ranges between 60%
and 74% when compared with monthly measured or estimated ET in this region [51,52]. The
following section describes findings on drought characteristics in the Kilombero River catchment.
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4.2. Findings on Drought Characteristics

Like DF, TDD is not directly related to TDS; however, they all portray the presence of no-drought
areas as well as drought-affected areas. DF maps revealed that about 88% of the Kilombero catchment
experienced about one to five drought events in a 5-year period. This is equivalent to one drought
event in any of the 5 years to one drought event in every year. Using standardized precipitation index
in the east coast of Tanzania, Hassan et al. [5] also found that this region has recently been
experiencing more than one drought episode per year. Because TDD shows an average of 2 to 6
months, and the dry period in the Kilombero catchment is usually between June and October [21,53—
55], this implies that sometimes drought spells might coincide with dry periods (as shown in Figure
4d).

The disappearance of no-drought areas in the southwest of the catchment on the Udzungwa
mountain ranges after the year 2004, as distinctively depicted by DF, TDD, TDS and DI, was caused
by intensification of human activities in the grasslands around Njombe town. In this part of the
catchment, drought condition might be anthropogenically driven. Although grassland did not
change to other land covers, this area shifted from no drought condition to moderate drought
condition, especially during the third quinquennium. This means that the growth of Njombe town
affected patches of grassland but did not change the whole land cover completely. Other parts of the
catchment also showed that patterns of drought events and intensity were not restricted to specific
land covers. That is why similar drought patterns were experienced by woody savannas in the south
and southeast, grasslands in the southwest and along the Ramsar site, evergreen forests in the
northwest and south, and savannas in almost the entire catchment (Figures 2 and 8, Table 4).
Moreover, land cover changes between consecutive quinquennia is negligibly small (<3%; Table 1).
This implies that drought in this catchment was not limited to anthropogenically-driven land cover
changes.

Unlike other land covers, evergreen forests do not shed their leaves, even during the dry period
[48,56]; therefore, changes in DF, TDD, TDS, and DI in these forests between the years 2000 and 2015
indicate meteorological effects. Msofe et al. [57] also found that annual rainfall in the Kilombero
catchment between the years 1990 and 2017 has been significantly decreasing. Because rainfall in this
catchment is linked to El Nifio-Southern Oscillation and Indian Ocean Dipole [8], therefore, drought
condition might also be linked to La Nifa and negative Indian Ocean Dipole. However, it is difficult
to separate these influences because they can strike at different times or at the same time.

The clear trend of the increase of areas experiencing moderate drought from the year 2000
towards 2014, as depicted by DI in the catchment, was also reported as DSI in the study by Mu et al.
[22]. However, differences in the patterns of DI and DSI, especially at the center of the catchment,
might be caused by differences in approach and data used [22,23]. The former used ET and PET data,
whereas the latter used ET, PET, and NDVI. Moreover, DSI values are presented at very course
resolution [22] as compared to DI

5. Conclusions

The Kilombero River catchment is expected to undergo expansion and intensification of
agricultural production in order to reduce food insecurity in the region. However, it still lacks enough
evenly distributed measured hydrological data for guiding management plans. In order to enhance
drought management plans in the catchment, this study focused on the analysis of drought
characteristics. Drought frequency and durations showed that on average the largest part of the
catchment experienced 1 to 5 drought event(s) per quinquennium. Moreover, DI showed the decrease
of no-drought areas and mild drought areas, whereas moderate drought increased across the
catchment. DI also showed that severe and extreme drought conditions between the year 2000 and
2014 were negligible. These changes are partly attributed to man-made land cover change, especially
in the southwest areas around grassland of Njombe town and meteorological factors in other parts
of the catchment. The increasing trend of moderate drought in the catchment is very important for
planning intervention measures and uses of water and land resources in the catchment.



Water 2020, 12, 998 14 of 17

Apart from this, the study also demonstrated the usefulness of the ETDI method and drought
characterization approach for disentangling anthropogenic effects from meteorological effects during
drought condition in river catchments. Unlike other approaches that use many datasets, the ETDI
approach uses only ET products. In addition, the study also provides evidence for a great potential
of remote sensing ET products in estimating drought characteristics in data-scarce catchments. It is
apparent that measured ET data would have produced more convincing findings. However, the
extensive spatial drought information that can be estimated from remote sensing ET is very important
for decision making in poorly gauged catchments around the world. Moreover, researchers can still
improve estimates of drought information as more accurate and finer resolution remote sensing data
becomes available.
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