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1 Introduction and objective
This report summarizes the activities that were carried out and the results obtained within the work
package „Drought Index Calibration“ (WP5) of the research project SATIDA (Satellite Technologies for
Improved Drought-Risk Assessment). The project aims at improving drought monitoring and forecasting
using satellite-derived and modelled datasets. For this purpose, SATIDA employs a revised and
improved version of the drought index ("Combined Drought Index"; CDI) which is exemplarily applied to
two regions of interest.
To design such an improved drought index requires an in-depth knowledge about the variability and
(spatio-temporal) characteristics of rainfall and soil moisture deficiencies, extreme temperatures and the
condition of vegetation. It also requires an understanding of spatio-temporal dependencies between the
contributing sub-indicators of the CDI, e.g. rainfall, temperature, soil moisture and vegetation. Thus, the
objective of the present work package is to analyse – at pixel level - temporal relationships between the
sub-indicators and identify stable patterns in temporal relationships between rainfall deficiency, soil
moisture deficiency and the subsequent impact on vegetation health (NDVI).

2 Study area
The regions of interest are Ethiopia (ET) and the Central African Republic (CAR).
The pilot site “Ethiopia” covers an area of roughly 15° x 12° and is highly variable in terms of biomass
(Fig. 1 left), elevation (Fig. 1 centre) and rainfall (Fig. 1 right). Major parts of the country are on elevations
of more than 2000m (Fig. 1 centre, brownish colour) with high rainfall amounts and high biomass. Less
elevated regions are characterised by higher temperatures, lower rainfall amounts and therefore often
relatively low biomass/normalised difference vegetation index (NDVI). This low biomass is visible in Fig.
1 (left) where the average NDVI is below 0.4 (brownish colour). Droughts occur in Ethiopia on a regular
basis. According to Guhar-Sphir et al. (2015), 15 major drought events were reported since 1965.

Fig. 1: Main characteristics of the study area Ethiopia. (left) Average annual NDVI derived from MODIS data
(Moderate Resolution Imaging Spectroradiometer). (centre) Elevation (Jarvis et al., 2008). (right) Annual rainfall
(TAMSAT, 2015).

The pilot site “Central African Republic” covers a smaller area of about 13° x 8°. Much of the country
consists of a flat to rolling plateau at about 500 m elevation with scattered hills only in northeast and
southwest (see Fig. 2 centre). Almost the entire country displays a high average biomass/NDVI (Fig. 2
left: ≥ 0.6) and high annual rainfall amounts (Fig. 2 right: ≥ 1000 mm/year). There is little information
available about droughts in the Central African Republic. Only one event was reported in 1983 by EMDAT (Guhar-Sphir et al., 2015).

Fig. 2: Main characteristics of the study area Central African Republic. (left) Average annual NDVI derived from
MODIS data (Moderate Resolution Imaging Spectroradiometer). (centre) Elevation (Jarvis et al., 2008). (right)
Annual rainfall (TAMSAT, 2015).

3 Data
The WP4 “Drought Index Development” provided the data included in this analysis. For a detailed
description of the data, see report D4.1. The data are available in geographic coordinates (datum
WGS84) with a spatial resolution of 0.25° and a 10-daily temporal resolution (dekads). Table 1
summarises the used datasets. For each indicator (e.g. RFE), different types of data are available:
•
•

•

Raw data: original indicators spatially resampled to the 0.25° grid and temporally adjusted to 10-daily
values (dekads)
Drought index 9: calculated from the raw data for the period of 3 months (= 9 dekads) taking into account
maximum number of successive periods (dekads) below (above for LST) long term average in the interest
period and scaled between 0 and 1
Drought index 18: calculated from the raw data for the period of 6 months (= 18 dekads) taking into account
maximum number of successive periods (dekads) below (above for LST) long term average in the interest
period and scaled between 0 and 1

Table 1: Data and sub-indicators used for analysing drought index temporal relationships.

Description

Time period

Raw
data

Drought
index 9

Drought
index 18

RFE

Rainfall estimate (in mm/10 d)

Since 1992

X

x

x

LST

Land surface temperature (in °K)

Since 2000

X

x

x

ECV

Volumetric soil moisture (in m³/m³)

Since 1992

X

x

x

SWI

Soil water index (in %)

Since 2007

x*)

-

-

Indicator

Normalised difference vegetation
Since 2001
X
x
x
index (dimensionless)
*) Soil water index has been only analysed for Ethiopia because no data was produced for CAR
NDVI

4 Methodology
It is the objective to identify stable patterns in temporal relationships between rainfall deficiency, soil
moisture deficiency and the subsequent impact on vegetation health. Vegetation health or vegetation
status is represented here by the NDVI. Thus, we analyse the (time-lagged) relationship between all the
other indicators and the NDVI. We focus here on correlation analyses to identify possibly existing
temporal dependencies between the various sub-indices. For the time-lagged correlation analysis we
use the R “ccf” function of the “stats” package. The algorithm computes the cross-correlation of two
univariate series for any user-defined time lag (R Core Team, 2014). The algorithm is shown in Eq. 1
and Eq. 2 (Venables & Ripley, 2002).

We consider thirteen time lags of -12 to 0 time steps (=dekads). The NDVI remains fixed during the
analysis (in Eq. 1 variable Y) and the corresponding indicators (e.g. RFE, LST, ECV) are shifted by the
indicated number of time steps (in Eq. 1 variable X). For each pixel, the cross-correlation function (r ij ) is
calculated for all lags t (e.g. -12 dekads to 0 dekads).
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The cross-correlation function (ccf) between rainfall (RFE) and vegetation status (NDVI) for one pixel in
Ethiopia is shown as an example in Fig. 3. It shows a clear maximum of the correlation coefficient (+0.87)
for the time lag of -4. Thus, in this example, the highest correlation (strongest relationship) between
rainfall and vegetation status can be detected with an offset of 40 days (4 dekads). With other words,
rainfall will affect the vegetation most strongly with a delay of 40 days.

Fig. 3: Cross-correlation function between rainfall estimate (RFE) and normalized difference vegetation index
(NDVI) for a pixel in Ethiopia.

However, when comparing the raw data directly as in the above example, both seasonal components
(e.g. driven by climate, soils, vegetation type and topography) and possible anomalies (e.g. droughts
caused by inter-annual variations) will determine the relationship of two indicators. To remove the
influence of (externally driven) seasonal component, we also calculate the z-score or the standard score
of the raw data (Eq. 3) and run the time-lagged correlation analysis on these de-seasonalized variables.
The z-score represents the distance between the raw score (X) and its mean in units of the standard
deviation (s).

𝑧𝑧 =

𝑋𝑋−𝑋𝑋�

(3)

𝑠𝑠

Note, that the drought indices also include a normalisation of the raw data but for a given period of
interest (e.g. 3 and 6 months).
The Table 2 summarises all data combinations that have been analysed.
Table 2: Overview of indicators and types of data used for the correlation analysis with NDVI.

Indicator
Rainfall
estimate
Land surface
temperature
Volumetric soil
moisture
Soil water
index

Raw data
RFE vs. NDVI
LST vs. NDVI
ECV vs. NDVI
SWI vs. NDVI

z-score of
raw data
Z-Score
RFE vs. NDVI
Z-Score
LST vs. NDVI
Z-Score
ECV vs. NDVI
Z-Score
SWI vs. NDVI

Drought index 9

Drought index 18

DI 9
RFE vs. NDVI
DI 9
LST vs. NDVI
DI 9
ECV vs. NDVI

DI 9
RFE vs. NDVI
DI 18
LST vs. NDVI
DI 18
ECV vs. NDVI

-

-

For each combination, two inter-connected maps are created:
•
•

Time lag in dekads: the time lag yielding the highest correlation for each pixel is mapped
Maximum correlation coefficient (r): the highest correlation coefficient for each pixel is mapped (multiplied
by 100)

Since we assume a positive correlation for RFE vs. NDVI, ECV vs. NDVI and SWI vs. NDVI, the “highest
correlation” is defined as the maximum of the cross-correlation function (ccf). This means that only
positive correlation coefficients are mapped in these cases. However, higher temperatures are not
necessarily positive for a good vegetation status. This is displayed in Fig. 4. The maximum of the crosscorrelation function (ccf) for LST would result in a time lag of -12 and a correlation coefficient of +0.27.
Thus for LST-related data sets, we additionally prepare maps where the “best correlation” is defined as
the absolute maximum of the cross-correlation function (ccf). For the example of Fig. 4, the “best
correlation” would result in a time lag of -3 and a correlation coefficient of -0.86.

Fig. 4: Cross-correlation function between land surface temperature (LST) and normalized difference vegetation
index (NDVI) for a pixel in Ethiopia.

5 Results
In this section, we show the results of the time-lagged correlation analysis for both regions of interest.
There are sub-sections for each indicator’s relation to NDVI (e.g. RFE, LST and ECV). We present the
different datasets of each indicator (e.g. raw data, z-score of raw data, drought index 9 and drought
index 18) that have been compared with the corresponding dataset of the NDVI. Finally, we will briefly
discuss the established relationships between the indicators and NDVI.

5.1

Ethiopia

5.1.1 Rainfall estimates (RFE)
Larger amounts of rainfall in Ethiopia can be associated to the Highlands in the Western part of the
country (see Fig. 1 centre and right). Consequently, one can find a typical annual rain pattern and thus
a typical annual growth cycle of the vegetation. This seasonal pattern is mainly detected by the
correlation analysis of the raw data of RFE vs. NDVI as shown in Fig. 5 (a). In the above-mentioned
region, we find correlation coefficients (r) of ≥+0.6 (e.g. dark yellow to blue colours) and mostly time lags
between -3 and -6. However, at lower elevations in the east of the country, we recognise a less
pronounced relation in Fig. 5 (a) with r below +0.6 or very low (r <0.3) in the north (orange to red colours).
This can be related to generally higher temperatures, lower precipitation amounts and thus a low NDVI
throughout the entire year (see Fig. 1).
When comparing the normalised data of RFE with NDVI (Fig. 5 b, c and d), the seasonality effect is
removed, leading to less strong relationships (see right maps of r with red to yellow colours). All
indicators show a similar spatial pattern for r with lower correlations (close to 0) in the northwest. Slightly
higher r but still only around +0.2 to +0.5 (light orange to yellow colours) are present in small regions in
the northeast and southwest which correspond to lower elevations (see Fig. 1 centre). The correlation
coefficients (r) of the drought index 9 (DI9) and the drought index 18 (DI18) vary spatially more than
those of the z-score. The corresponding time lags scatter between 0 and -8 dekads.
To conclude, we find no satisfying relationship that links rainfall deficiency with a bad vegetation status
(e.g. drought).

(a)

(b)

(c)

(d)

Fig. 5: Time lag and correlation coefficient for rainfall estimates (RFE) vs.
normalized difference vegetation index (NDVI) for Ethiopia.

5.1.2 Land surface temperature (LST)
The positive correlation between LST and NDVI is shown in Fig. 6. The temperature pattern can be
related to growth cycle/vegetation status only with a high temporal offset (-7 to -12 dekads). As already
mentioned in section 4, analysing such positive correlations is only presented for the sake of
completeness.

(a)

(b)

Fig. 6: Time lag and correlation coefficient for land surface temperature (LST) vs.
normalized difference vegetation index (NDVI) for Ethiopia.

Similar to the raw data of RFE, in Fig. 7 (a) a pronounced relationship between LST and NDVI (r of -0.5
to -1.0) is found at higher elevations and can be attributed to the seasonal pattern of temperatures and
vegetation. Note that the maps of Fig. 7 (a) and (b) analyse the negative correlation (e.g. increasing
temperatures result in a lower than average vegetation biomass).
Again, employing the z-score (Fig. 7 b) lowers the correlation and removes spatial pattern. A clearly
stronger relation is visible for DI9 (Fig. 7 c) and DI18 (Fig. 7 d) which aggregate information over the
preceding 3 and 6 months, respectively. Here we analyse again the positive correlation, because the
LST drought indices take into account the negative impact of exceeding temperature (e.g. considering
the number of successive dekads above the long-term average in the interest period). For a detailed

description see WP4. The detected time lags for DI9 and DI18 vary mainly between 0 and -4 dekads
(see Fig 7 c and d left maps, green to yellow colours). Compared to DI9, DI18 displays generally shorter
time lags (e.g. more cases of 0 and -1 dekads), which can be explained by the longer period of interest
that is already considered in the index.
Compared to RFE, we find a slightly better relationship between the excess of temperature and a bad
vegetation status as well as a slightly more consistent spatial pattern for the time lags.

(a)

(b)

(c)

(d)

Fig. 7: Time lag and correlation coefficient for land surface temperature (LST) vs.
normalized difference vegetation index (NDVI) for Ethiopia.

5.1.3 Volumetric soil moisture (ECV)
The results of the correlation analysis for ECV and NDVI are displayed in Fig. 8. Again, a very strong
relationship (r above +0.6) is found for the raw data at higher elevations (see Fig. 8 a). The
corresponding time lag map reveals particularly low values of 0 dekads in the west. The normalised
indicators show again a lower correlation and a slightly different spatial pattern. Highest correlations
occur in less elevated areas. The correlation coefficients of DI9 and DI18 are higher than for the z-score.
The time lags of z-score, DI9 and DI18 vary between 0 and -9 (see left maps of Fig. 8 b, c and d).
However, the analysis of DI9 and DI18 results in spatially inconsistent time lags, but DI18 tends to have
the shorter time lags (e.g. more cases of 0 and -1 dekads).
Since the ECV extension after 2013 is an experimental (not yet fully validated) product negatively
impacting the correlation analysis, we map the correlation coefficients and time lags excluding the post2013 data exemplarily for DI9 and DI18. The results are shown in Fig. 9 a and b. A visual comparison
reveals almost no differences between the dataset including post-2013 data (Fig. 8 c and d) and the
dataset excluding post-2013 data (Fig. 9 a and b). Thus, we also added maps of lag differences and
correlation coefficient differences (Fig. 10). The differences are calculated "including post-2013 data"
minus "excluding post-2013 data". The differences in r (right maps) display low values between -0.5 and
+0.5. Similar results are gained for the time lags with mostly 0 dekads and only single pixels with
differences of less than -5 or more than +5 dekads. Thus we can conclude that the post-2013 data do
not have strong impact on the analysis.
In summary, we find a slightly stronger relationship between the soil moisture deficiency and a
decreased vegetation health compared to RFE. The magnitude of the time lags is comparable to LST
but with a slightly different spatial pattern.

(a)

(b)

(c)

(d)

Fig. 8: Time lag and correlation coefficient for volumetric soil moisture (ECV) vs.
normalized difference vegetation index (NDVI) for Ethiopia
including post-2013 data.

(a)

(b)

Fig. 9: Time lag and correlation coefficient for volumetric soil moisture (ECV) vs.
normalized difference vegetation index (NDVI) for Ethiopia excluding post-2013 data.

(a)

(b)

Fig. 10: Difference of time lag and correlation coefficient for ECV vs. NDVI for Ethiopia
excluding post-2013 data.

5.1.4 Soil water index (SWI)
The SWI is only available since 2007. Again, the elevation pattern directly affects the correlation
analysis. As for the ECV raw data, time lags are particularly small with 0 dekads in the west (Fig. 11 a
left) and extending a bit towards the south. The analysis of the z-score results in stronger spatial pattern
in r than for the other indicators. For example, one can find very high r (green colours) in the southwest
and very low r (red colours) in wide parts of eastern Ethiopia (see Fig. 11 b right). Large parts of the
corresponding time lag map exhibit values of 0, particularly for low r values.
Compared to ECV z-score data, there is a stronger correlation at elevated areas, but there is no distinct
pattern for the time lags.

(a)

(b)

Fig. 11: Time lag and correlation coefficient for soil water index (SWI) vs.
normalized difference vegetation index (NDVI) for Ethiopia.

5.2

Central African Republic

5.2.1 Rainfall estimates (RFE)
In contrast to Ethiopia, the Central African Republic does not exhibit large elevation differences. Large
parts of the country have a permanent high biomass throughput the year (see Fig. 1 left, annual NDVI
> 0.7). A slight decrease in the average rainfall and biomass from the south to the northern tip the
country can be seen from Fig 1. This spatial pattern can be observed in the correlation coefficient (r)
map in Fig. 12 (a). High r values of more than +0.8 (blue colours) are visible in the north. This results
from a more pronounced vegetation growth cycle on this northern tip due to the lower average NDVI
(see Fig. 1 left).
The normalised data of RFE with NDVI (Fig. 12 b, c and d) display again a less strong relationship (see
right maps of r with red to yellow colours). All indicators show a similar spatial pattern for r with the
lowest correlations (close to 0) on the southwest tip. The correlation coefficients (r) of the drought index
9 (DI9) and the drought index 18 (DI18) are clearly higher than for the z-score. The corresponding time
lags vary between -2 and -7 dekads.
We find no satisfying relationship that links solely rainfall deficiency with a decreased biomass (e.g.
drought). The time lags are generally larger than for LST.

(a)

(b)

(c)

(d)

Fig. 12: Time lag and correlation coefficient for rainfall estimates (RFE) vs.
normalized difference vegetation index (NDVI) for the Central African Republic.

5.2.2 Land surface temperature (LST)
For the sake of completeness, the results of the positive correlation between LST and NDVI are
displayed in Fig. 13. Similarly to Ethiopia, the temperature pattern can be related to growth
cycle/vegetation status only for large time lags (-7 to -12 dekads).

(a)

(b)

Fig. 13: Time lag and correlation coefficient for land surface temperature (LST) vs.
normalized difference vegetation index (NDVI) for the Central African Republic.

Fig. 14 (a) reveals a very similar spatial pattern for the correlation coefficients (r) between the raw data
of LST and NDVI compared to the raw data of RFE and NDVI (Fig. 12 a). However, in case of LST and
NDVI the negative correlation is analysed (e.g. increasing temperatures result in a lower vegetation
status) and results in time lags of 0 for almost all pixels. The correlations of the normalised data are
again less strong with r below +0.6 (see Fig. 14 b, c and d). However, the r values are clearly higher for
DI9 and DI18 than for z-score. As for Ethiopia, we analyse the positive correlation, because the LST
drought indices take into account the negative impact of exceeding temperature (see WP4). The
detected time lags for DI9 and DI18 vary mainly between 0 and -5 dekads (see Fig. 14 c and d left
maps).

Compared to RFE, we find a slightly better relationship between the excess of temperature and a
“bad” vegetation status. The time lags (mostly 0 to -3 dekads) are clearly lower than for RFE.

(a)

(b)

(c)

(d)

Fig. 14: Time lag and correlation coefficient for land surface temperature (LST) vs.
normalized difference vegetation index (NDVI) for the Central African Republic.

5.2.3 Volumetric soil moisture (ECV)
The ECV data cover only small parts of the country as regions with permanent vegetation cover have
not been processed. The results of the correlation analysis for ECV and NDVI are shown in Fig. 15. The
raw data exhibit high correlations (above +0.7) for time lags of 0 dekads (see Fig. 15 a).
The normalised indicators show again lower correlations between 0 and +0.5. The time lags of z-score,
DI9 and DI18 vary between 0 and -10 dekads and are spatially dispersed (see left maps of Fig. 8 b, c
and d).
We find a slightly better relationship between the soil moisture deficiency and a “bad” vegetation status
than for RFE. The magnitude of the time lags is comparable to the one of RFE.

(a)

(b)

(c)

(d)

Fig. 15: Time lag and correlation coefficient for volumetric soil moisture (ECV) vs.
normalized difference vegetation index (NDVI) for the Central African Republic.

6 Summary
The main conclusions of the time-lagged correlation analysis for Ethiopia are:
•
•
•
•
•

We found no satisfying relationship that links rainfall deficiency with vegetation status
The relationship between the excess of temperature and vegetation status is slightly stronger
than for RFE
The relation between soil moisture deficiency and vegetation health is also slightly stronger
than for RFE
The magnitude of the time lags is slightly higher than for LST and ECV
Removing the seasonal component cancels more or less completely any relation of drivers
(RFE, LST and ECV) and NDVI

The time-lagged correlation analysis for the Central African Republic leads to very similar results.
However, compared to Ethiopia, we found clearly smaller time lags when comparing LST and NDVI than
for the other indicators. The impact of ECV could not be studied as it was not provided for the entire
country.
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