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A B S T R A C T   

Study region: Mozambique. 
Study focus: Mozambique does not currently have the necessary tools for systematic monitoring 
and forecasting of drought at a subnational scale. The purpose of this study was to characterize 
drought conditions and trends throughout the country and to evaluate the influence of major 
climatic drivers on drought events (period 1950–2019). Drought conditions were studied by 
means of the Standardized Precipitation and Evapotranspiration Index (SPEI) and run theory. The 
principal component analysis technique and the k-means clustering method were applied for 
defining homogenous drought regions. The Mann-Kendall trend test and Rescaled Range statis-
tical analysis were used for defining the temporal characteristics of drought. The cross-correlation 
method, a spectral analysis based on the Fast Fourier Transform and a cross-wavelet analysis, 
were used to identify possible climate drivers. The results are ultimately intended to contribute to 
the development of a drought monitoring system in this country. 
New hydrological insights for the region: Three homogeneous drought regions can be defined in 
Mozambique. The South and Centre regions showed more intense and severe drought events. In 
all regions, a significant trend towards a higher incidence of droughts and long-term a persistence 
were found. El Niño-Southern Oscillation and Darwin Sea Level Pressure anomalies were iden-
tified as significant drivers of drought variability, especially in the southern regions. These 
climate indices can be used as predictors in drought forecasting models.   

1. Introduction 

Droughts are among the most common natural phenomena worldwide, and can occur anywhere under any climate regime (Bryant 
et al., 2005; Sheffield and Wood, 2012). However, they constitute one of the least understood natural hazards due to their complexity 
and difficulties in quantification (Hagenlocher et al., 2019). The effects of droughts can be felt in chains of energy production, food, 
water supply, etc., yet are generally detected when the consequences of the phenomenon are difficult to mitigate, and thus droughts 
constitute the disaster that causes the greatest socioeconomic losses worldwide (WMO, 2006). In addition, the effects of droughts are 
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expected to worsen in the coming decades as a result of climate change. Changes in spatial-temporal patterns of precipitation and 
extreme temperatures are likely to make droughts more recurrent (Mishra and Singh, 2011). As stated by the IPCC (2014), there are 
trends of increasing intensities and frequencies of droughts around the world, with arid and semi-arid areas possibly being the most 
affected. This might invalidate traditional methods for examining the impact of environmental factors on drought, based as they are on 
the assumption of stationarity (Jehanzaib et al., 2020). Specific spatiotemporal drought assessments at regional or local levels are 
needed for reliable decision-making in the context of adaptation planning to future climate conditions (see, e.g., Jehanzaib and Kim, 
2020; Kim and Jehanzaib, 2020; and the references therein). 

According to Wilhite et al. (2000), one of the first steps for drought assessment and management in a given zone (country or river 
basin) should be a spatial division into regions according to drought characteristics. The techniques of hierarchical and 
non-hierarchical clustering (Santos et al., 2010; Vicente-Serrano, 2006a) and Principal Component Analysis (Agutu et al., 2017; Lovino 
et al., 2014; Vicente-Serrano, 2006b) can be applied directly to drought indicators for identifying homogenous drought regions. The 
next steps should be aimed at developing a drought monitoring system to create early warnings of emerging drought conditions. The 
temporal variability of droughts in the area under analysis must be studied to accomplish this objective. The historical drought 
variability is usually analysed by means of a technique such as run theory (Yevjevich, 1969), accompanied by trend and persistence 
tests of the drought characteristics (Ayantobo et al., 2017; Huang et al., 2016; Zambreski et al., 2018). The subsequent step is then to 
forecast droughts. Thus, it is necessary to understand the climate drivers that trigger drought events in the region and to use this 
teleconnection information as a forecasting tool. To achieve this goal, methods such as cross-correlation (Araneda-Cabrera et al., 
2021a; Hair et al., 1998) and various spectral analysis applied to climate indices and drought indicators have become popular as a 
means of identifying appropriate drought predictors (El Kenawy et al., 2016; Espinosa et al., 2019; Fleming et al., 2002; Zeleke et al., 
2017). 

A large number of drought indicators serve as a basis for these analyses (Svodova et al., 2016). The Palmer Drought Severity Index 
(PDSI) (Palmer, 1965) is widely used due to its versatility and effectiveness (Alley, 1984; Nam et al., 2015; Quiring and Papakryiakou, 
2003). The Standardized Precipitation Index (SPI) (McKee et al., 1993), currently recommended by the World Meteorological Or-
ganization, uses rainfall series to define drought periods and has also been used widely in studies around the world (Ayantobo et al., 
2017; Stagge et al., 2017). One of its main advantages, compared to the PDSI, is that it can be computed for multiple time scales, which 
allows the assessment of water availability according to the process under consideration (e.g., 3-month SPI provides a seasonal 
estimation of precipitation, whereas 12-month SPI reflects long-term precipitation patterns) (Guttman, 1999, 1998). More recently, 
the Standardized Precipitation and Evaporation Index (SPEI) was introduced by Vicente-Serrano et al. (2010a, 2010b). Its versatility is 
similar to that of the SPI and it has the advantage of considering both precipitation and evapotranspiration. Vicente-Serrano et al. 
(2010a, 2010b) found that SPEI had a better performance than SPI and PDSI under global warming scenarios since it could reflect the 
increase in drought severity associated with higher water demand due to evapotranspiration. However, the need for long-term and 
high-quality input data is often a problem for the application of these indicators, especially in poorly monitored regions (Easterling, 
2013). In recent years, global databases such as Climate Research Unit (CRU) (Harris et al., 2014), TerraClimate (Abatzoglou et al., 
2018) and the Global Precipitation Climatology Centre (GPCC) (Rudolf et al., 2011) have emerged as alternative data sources, showing 
good performance in drought studies (Araneda-Cabrera et al., 2021b, 2020; Lovino et al., 2014). 

In this study, we evaluate the spatiotemporal distribution of drought in Mozambique, and explore its relationships with large-scale 
climate variability. This country is one of the poorest in the world, highly dependent on rain-fed agriculture, and very prone to 
droughts. It has very little water infrastructure and a lack of monitoring systems, so its resilience to extreme hydrological events is very 
low (Osbahr et al., 2008). To the best of the authors’ knowledge, there is a lack of comprehensive drought studies at the national level 
that might provide the basis for the development of national drought monitoring and forecasting systems. The possibility of drought 
forecasting has only been explored in small parts of the country, with a focus on the Limpopo Basin (Dutra et al., 2013; Seibert et al., 
2017; Trambauer et al., 2015, 2014). Climate variability has also been studied in specific regions as part of vulnerability and adap-
tation assessments (Eriksen and Silva, 2009; Macarringue et al., 2017; Osbahr et al., 2008; Uele et al., 2017). Similarly, the relationship 
between droughts and climate indices has not been widely analysed in the country. Manhique et al. (2011) note that El Niño-Southern 
Oscillation (ENSO) appears to play a significant role in the inter-annual frequency of the main summer rainfall over Mozambique. 
However, other climate indices, such as Darwin sea level pressure, have been shown to influence the climate in neighbouring countries 
(Manatsa et al., 2008a, 2008b). 

The main objective of the current study is to characterize drought conditions and trends over Mozambique between 1950 and 2019, 
and to identify the influence of large-scale climatic drivers on drought events. We follow a five-step methodology (described in Section 
2) of general applicability (i.e., one that could be used in any other country or region worldwide) comprising drought regionalization, 
characterization, trend analysis, long-term dependence, and cross-dependence with climatic factors. Given that Mozambique is heavily 
reliant on agriculture, the analysis focuses on persistent drought, which can affect agricultural production and food security. In this 
way, the results are intended to be of practical value to water managers and users. The ultimate aim is to support drought management 
planning with tools that enable better monitoring and prediction of risk at the regional scale. 

2. Materials and methodology 

The methodology developed in this study involves the following steps: (1) the calculation of the SPEI drought index with a 12- 
month time scale (SPEI-12) for the period 1950–2019; (2) the application of Principal Component Analysis (PCA) analysis and the 
k-means clustering method to define homogeneous drought regions that follow the time patterns of the drought index series; (3) the 
characterization of the drought events according to run theory; (4) the application of the modified Mann-Kendall (MMK) trend test 
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method and the Rescaled Range (R/S) analysis to determine the temporal variability of droughts; and (5) the exploration of the re-
lationships between the SPEI time series and several large-scale climate indices to find appropriate drought predictors. The cross- 
correlation method, the Fast Fourier Transform (FFT) and cross-wavelet analysis were used for this latter purpose. The methods 
employed at each step were complementary and not exclusive. Fig. 1 summarizes the steps in a methodological flow-chart. 

The entire methodology was developed and computed using the R Software (RStudio Team, 2016). Specifically, we used the R 
package "SPEI" (Begueria and Vicente-Serrano, 2017), “stat” (Bolar, 2019), “lmomRFA”, “trend” (Pohlert, 2020), “pracma” (Borchers, 
2019), “tseries” (Trapletti et al., 2020), “stats” (developed by R Core Team and contributors worldwide) and “biwavelet” (Gouhier 
et al., 2016). 

2.1. Study area 

Mozambique covers an area of 801,000 km2 (Fig. 2a). It is in the southern cone of Africa, one of the most drought-prone areas 
worldwide, where extreme hydrological events are expected to become more frequent and damaging due to climate change (Eriksen 
and Silva, 2009; Osbahr et al., 2008; Patt and Schröter, 2008). The climate is tropical, with a hot and rainy summer season from 
November to March (80% of the year’s precipitation falls during this period), and a cool and dry winter season from April to October. 
The national average annual precipitation varies from 683 mm to 1276 mm, with the south and central west being the drier regions. 
The mean annual temperature varies from 23 ◦C to 25 ◦C, with the coastal regions of the centre and north of the country, plus the 
centre-west, being the warmest. The national average annual precipitation level has high interannual variability and has been below 
the average for most years in the past two decades (Fig. 2b). The average annual temperature has increased considerably over the last 
20 years, where its anomalies have reached + 1 ◦C in relation to the period 1950–2019 (Fig. 2c). According to the International 
Disaster Database (EM-DAT, 2020), the drought events of 1987, 1991–1992, 1995 and 2016 were among the severest in the country, 
causing losses of 650 million dollars and affecting at least 24 million people (MunichRE, 2018). In these years, low precipitation and 
high temperature anomalies were observed. 

Although rainfall volumes are higher in the north than in the south, droughts are a recurrent problem throughout the country, 
affecting the socio-economic activities and negatively impacting the quality of life of the population. 

The National Directorate of Water (DNA) divides the country into three Regional Water Administrations—ARAs (Administração 
Regional de Águas)—which are responsible for managing extreme events such as droughts (Conselho de Ministros, 2020): South ARA, 
from the country’s southern border to the Save river; Central ARA, running from the Save river to the Licungo river; and North ARA, 
comprising the territory from the Licungo river to the country’s northern border with Tanzania (Fig. 2a). It should be noted that this 
division into 3 ARAs is very recent. Five ARAs were initially created in Mozambique as part of the 1991 Water Law, based on 
geographic and infrastructural conditions specific to their jurisdictional areas, prioritizing their institutional capacity (Inguane et al., 
2014). 

2.2. The Standardized Precipitation and Evapotranspiration Index (SPEI) 

The SPEI was selected as a hydro-meteorological drought index due to its flexibility as a multi-scalar index (unlike the PDSI), and 

Fig. 1. Workflow of the overall methodology.  
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because of its functionality under climate change conditions, in that it can account for the role of temperature increase in future 
drought conditions (unlike the SPI). The SPEI has been used successfully for drought monitoring in various studies around the world 
(Lovino et al., 2014; Meresa et al., 2016), and has been found to be more effective than other indices in capturing drought responses for 
ecological, agricultural, and hydrological applications (Vicente-Serrano et al., 2012). 

The SPEI is based on the probability distribution of a long-term climatic water balance (CWB = P − ETP) time series, where P is the 
precipitation and ETP the potential evapotranspiration. It is typically computed by summing CWB over k months (similar to SPI), 
termed accumulation periods, and fitting these accumulated values to a parametric statistical distribution from which probabilities are 
standardized (u = 0, σ = 1). Given that the CWB series can have values below zero, a three-parameter distribution is needed to model 
them (Vicente-Serrano et al., 2010a). The three-parameter log-logistic distribution has been found to fit the CWB series very well across 
most of the world for most time scales (Vicente-Serrano et al., 2010b), so we have used this distribution here. 

We utilized a 12-months accumulation (k = 12) to analyse the interannual variability of drought conditions. The choice of time 
scale is driven by the objectives of the study, which ultimately are to provide useful information for water managers and users for 
monitoring and forecasting drought. Drought at this scale can cause yield reductions for both rainfed and irrigated crops, posing a 
severe threat to food security in this country. It has also been seen in Mozambique that SPEI-12 is strongly correlated to SPEI at other 
scales, and that it is effective at detecting the country’s historical drought records.(Araneda-Cabrera et al., 2021b). However, it should 
be noted that using this timescale presents some challenges, such as generating time series of independent measurements and capturing 
the whole drought cycle in a watershed or region. 

Monthly P and ETP data were downloaded from the Climate Research Unit (CRU TS v. 4.04) (http://www.cru.uea.ac.uk/data) to 
compute the SPEI. CRU offers monthly climatic time series at a 0.5◦ resolution (≈ 55 km in the Equator) worldwide (Harris et al., 
2014). At this resolution, a total of 343 time series of SPEI were computed in Mozambique (Fig. 2a). The time span of the analysis was 
from January 1950 to December 2019 (70 years). 

For the purposes of this study, a drought event started when the SPEI took values lower than − 1 and ended when its value returned 
to values higher than this threshold, which corresponds to moderate droughts according to the categories in McKee et al. (1993). In 
addition, to ensure that drought events were independent of each other, and to group mutually dependent droughts, we used the 
inter-event time method introduced by Zelenhasić and Salvai (1987), which is still widely applied in the recent literature (e. g. Liu 
et al., 2020; Rivera et al., 2021). Drought events were designated as independent if the inter-event time lasted more than 2 months (i.e., 
2 consecutive months above the proposed drought threshold); while a drought qualified as an event if it lasted more than 2 months. The 
events were characterized according to run theory, explained in detail in Yevjevich (1969). The intensity (Int) is the minimum monthly 
value that is reached by the index throughout the event, the duration (Du) is the number of months that the event lasts, and the severity 
(Sev) is computed as the sum of monthly SPEI values throughout the event. 

2.3. Drought regionalization 

Principal component analysis (PCA) was used to identify drought patterns in the SPEI series, and hence define homogeneous 

Fig. 2. a) Location of Mozambique and its topography with black marks that illustrate the Climate Research Unit (CRU) grid points (0.5◦ resolution) 
(Harris et al., 2014). Annual national average series of b) precipitation and c) temperature (solid lines) and anomalies with respect to the mean from 
1950 to 2019 (bars). Dashed lines indicate linear trends. 
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regions with similar drought variability and characteristics. It has been widely used for similar regionalization purposes in other parts 
of the world (Espinosa et al., 2019; Lovino et al., 2014; Santos et al., 2010; Vicente-Serrano, 2006b). 

The method consisted of calculating the covariance matrix of the data (SPEI series) with the corresponding eigenvalues and ei-
genvectors. The principal components (PC) are given by linear combinations of the time series (SPEI) with maximum variance 
(Rencher, 2002). The number of regions were defined by the number of chosen PCs. There are several methods for finding the right 
number of PCs (Cangelosi and Goriely, 2007). Here the criterion selected was that they explain at least 75% of the accumulated 
variance, while the following PC represents less than 5%. Then, the main components were rotated (rotated principal components, 
RPC) using the Varimax technique (Espinosa et al., 2019) to locate more accurately the spatial patterns of drought variability, to 
improve their interpretation, and to redistribute the final explained variance (Vicente-Serrano, 2006b). To identify the spatial patterns 
of the SPEI, Pearson’s correlation coefficients (r) were calculated between each RPC and the SPEI series of each CRU, resulting in 
smooth and gradual patterns of the SPI-12 field (Espinosa et al., 2019). When a group of centroids (CRU cells) had the high correlations 
r with an RPC, we delimited a new region. 

In parallel, hierarchical clustering analysis was applied through the k-means method (Santos et al., 2010; Vicente-Serrano, 2006a; 
Wilks, 2006). The goal was to compare the number of optimal clusters with the number of PCs obtained according to the above 
criterion to validate the regionalization defined by the PCA method. To choose the optimal number of clusters, we used the Euclidean 
distances between the created clusters, which yields the lowest possible number with the greatest possible homogeneity. 

Euclidean distances ensured heterogeneity between clusters, so in order to guarantee the homogeneity within clusters, the regional 
heterogeneity measure Hn proposed by Hosking and Wallis (1993) was used, this as a means of assessing whether the resulting regions 
were statistically homogeneous. A region is considered "acceptably homogeneous" if Hn < 1, "possibly heterogeneous" if 1 < Hn < 2 
and "definitely heterogeneous" if Hn ≥ 2. 

From this point onwards, all subsequent analyses were performed with SPEI-12 series representative of the resulting homogeneous 
regions, obtained by averaging all the time series contained in each of them. 

2.4. Trend and persistence analysis 

This step sought to analyse the temporal variability of droughts by exploring trends and their long-term persistence. On the one 
hand, the Mann-Kendall (MK) trend test was used to analyse whether the SPEI time series presented a significant trend, either positive 
or negative. The MK trend test is a rank-based non-parametric method that analyses the difference in signs between the previous and 
subsequent data points, using the standard normal variant (Z) (Hipel and McLeod, 1994). Although the MK trend method requires the 
measurements to be independent, for simplicity of analysis in the present paper we have assumed that monthly SPEI-12 meet this 
condition, as other studies have also done (García-Garizábal, 2017; Yao et al., 2018). 

On the other hand, the Rescaled Range (R/S) statistical analysis was applied to the SPEI time series in order to quantify the long- 
term persistence of trends. We ascertained whether the drought trends observed to be statistically significant in the study period (past) 
persist in time (future), since this is related to the predictability of droughts and climate change (Koutsoyiannis, 2005, 2003). This 
analysis was introduced by Hurst (1956). The long-term persistence of trends in the time series is analysed by estimating the 

Table 1 
Climate indices considered in the correlation analysis.  

Variable/data set Period available Data availability 

Darwin sea level pressure (Darwin SLP)* Jan 1882-now http://cpc.ncep.noaa.gov/data/indices/darwin 
Tahiti sea level pressure (Tahiti SLP)* Jan 1882-now http://cpc.ncep.noaa.gov/data/indices/tahiti 
Southern Oscillation Index (SOI)* * Jan 1866-now https://psl.noaa.gov/gcos_wgsp/Timeseries/SOI/ 
ENSO indices (ERSSTv5): El Niño 1 + 2, El Niño 3, El Niño 4, and El 

Niño 3.4 * 
Jan 1950-now https://cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.81-10. 

ascii 
Pacific Decadal Oscillation (PDO)* * Jan 1948-Dec 

2018 
https://psl.noaa.gov/data/correlation/pdo.data 

South Western Indian Ocean (SWIO) Nov 1981-now https://stateoftheocean.osmc.noaa.gov/sur/ind/swio.php 
Western Tropical Indian Ocean (WTIO)* * Jan 1870-now https://psl.noaa.gov/gcos_wgsp/Timeseries/Data/dmiwest.had. 

long.data 
South-eastern Tropical Indian Ocean (SETIO)* * Jan 1870-now https://psl.noaa.gov/gcos_wgsp/Timeseries/Data/dmieast.had. 

long.data 
Indian Ocean dipole mode index (DMI)* * Jan 1870-now https://psl.noaa.gov/gcos_wgsp/Timeseries/Data/dmi.had.long. 

data 
Tropical Northern Atlantic Index (TNA)* * Jan 1948-now https://psl.noaa.gov/data/correlation/tna.data 
Tropical Southern Atlantic Index (TSA)* * Jan 1948-now https://psl.noaa.gov/data/correlation/tsa.data 
North Atlantic Tropical (NAT)* ** Nov 1981-now https://stateoftheocean.osmc.noaa.gov/sur/atl/nat.php 
South Atlantic Tropical (SAT)* ** Nov 1981-now https://stateoftheocean.osmc.noaa.gov/sur/atl/sat.php 
Tropical Atlantic (TASI)* ** Nov 1981-now https://stateoftheocean.osmc.noaa.gov/sur/atl/tasi.php 
North Atlantic Oscillation (NAO)* * Jan 1950-now https://psl.noaa.gov/gcos_wgsp/Timeseries/Data/nao.long.data 

* ; * *; * ** specifies source: 
* Climate Prediction Centre of NOAA 
* * Physical Sciences Laboratory of NOAA 
* ** Ocean Observations Panels for Climate of NOAA 
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autocorrelation properties of the time series. For instance, this allows us to see whether humid years cluster in multiannual humid 
periods or if drought years cluster in multiannual dry periods. Such an estimation is made by means of the Hurst index (H), which is a 
measure of long-term persistence. The H index classifies the time series into 3 types according to their value. When H = 0.5, the series is 
completely uncorrelated and its future trend is different or equal to the past one; when H < 0.5, the future trend of the series will the 
opposite of the past series; and when H > 0.5, the future trend of the series will be the same as the past trend. In the latter two cases, 
with the lowest and highest values of H, respectively, the strength of the persistence is greatest. The steps of the computation can be 
seen in Gao et al. (2020). 

These two analyses were applied to the monthly and annual SPEI time series averaged over the homogeneous drought regions 
obtained in the previous step. The annual series was assessed in this section to strengthen the limitations of using SPEI-12, as these 
measures can be considered non-dependent. 

2.5. Relationships with large-scale climate indices 

A series of large-scale climate indices were selected to analyse their possible relationships with the variability of the SPEI time series 
averaged over the homogeneous drought regions. The climate indices are based on the fluctuations of atmospheric pressure at sea level 
(SLP) of different points around the globe (Darwin SLP, Tahiti SLP, SOI and NAO indices), and the sea surface temperature (SST) of the 
Atlantic (TNA, TSA, NAT, SAT and TASI indices), Pacific (ENSO indices Niño 1 +2, Niño 3, Niño 4, Niño3.4 and PDO) and Indian 
(SWIO, WTIO, SETIO and DMI indices) oceans. The climate indices used are listed in Table 1 together with the data sources and the 
available period of data. For consistency with the SPEI time series, a 12-month moving average was applied to the climatic indices from 
1950 to 2019, with a monthly resolution, except for PDO, SWIO, TASI, NAT and SAT, which were not available for the whole time 
period. 

The cross-correlation method (Hair et al., 1998) was applied between the monthly and annual SPEI series and the climatic indices 
to quantify the strength of the link between them. Since the relationships between climatic and drought indices necessarily could not 
occur at the same time, we first analysed the correlation with zero lag time and then looked for the time lag (on a monthly scale) in 
which the correlation is greater between the two series. The time lag is associated with the early prediction of one series using the 
other, while the correlation coefficient indicates how strong that relationship would be. Based on the cross-correlation results, a 
reduced set of climate indices was selected for the next steps of the methodology. 

A spectral analysis based on Fast Fourier Transform (FFT) and a cross-wavelet analysis was then performed between the monthly 
SPEI series and the climatic indices that showed the best correlations in the previous analysis. The idea was to further explore the 
relationship between these two types of indicators in each homogeneous drought region of the country. 

The FFT is a well-known mathematical procedure that allows us to convert signals (time series) from the time domain to the 
frequency domain. This process is very useful for decomposing a time series comprising various pure frequencies (sinuses and cosines) 
in only a few recurring periods (Period=1/Frequency) of different lengths. Here, we looked for the periods in the SPEI and their highly 
correlated climatic indices. For details of the mathematical process, see Fleming et al. (2002). 

Cross-wavelet analysis was initially introduced by Hudgins et al. (1993), and explores the relationships between two associated 
time series (in this case, the SPEI series and the climatic indices). It combines wavelet transformation with cross-spectrum analysis and 
can notionally capture the characteristic changes and associated oscillations of these two time series in both the time and frequency 
fields (Grinsted et al., 2004). A detailed description of the calculation method and applications can be found in Torrence and Compo 
(1997). 

Fig. 3. Spatial distribution of the correlation coefficients between RPCs and SPEI. The continuous black lines define the regions obtained with 
correlations greater than 0.60. The grey lines show the three Regional Water Administrations (ARAs). 
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These methods have been applied in other similar studies. For example, the cross correlation method was used by Lima and 
AghaKouchak (2017) in Amazonia to correlate the PDSI with climate indices; Santos et al. (2010) used FFT in Portugal to determine the 
periodicity of droughts according to the SPI-6; and Räsänen et al. (2016) applied cross-wavelet analysis in mainland Southeast Asia to 
analyse the relationship between the ENSO and the Palmer drought Severity Index (PDSI, Palmer, 1965). 

3. Results 

3.1. Spatial distribution of droughts 

Following the procedure described in Section 2.2, a total of 343 time series of SPEI values were calculated, these corresponding to 
the CRU coordinates presented in Fig. 2a. Each SPEI-12 time series had a length of 840 months (from 1950 to 2019). 

PCA analysis was applied to the matrix that contained the times series of SPEI (with 840 rows corresponding to the length of the 
time series, and 343 columns corresponding to the coordinates of CRU), to transform its variables into principal components (PC) by 
simple linear transformations. The first PC explained a large percentage of the total variance (46.83%). The variance retained by the 
PC2 and PC3 were 25.17% and 7.51%, respectively. Following the proposed criteria, these three PCs were chosen for the Varimax 
orthogonal rotation, since together they explained 79.5% of the variance, and the part of the total variance retained by the next PC 
(PC4) was below 5% (4.26%). Inverse Distance Weighting (IDW) interpolation was used to plot Pearson’s correlations between the 
three chosen RPCs and each of the 343 SPEI series (Fig. 3). This technique was applied only for plotting purposes; regionalization was 
based on the values at the CRU grid points. Three regions were clearly defined: North (Reg1), South (Reg2) and Centre (Reg3) 
following the classification obtained by the best correlations (r > 0.60). The coordinates of each SPEI series belonging to each RPC are 
listed in the supplementary materials (Table S1). 

It should be noted that other temporal aggregations (SPEI-3 and SPEI-6) were also tested in this step, obtaining very similar ho-
mogeneous drought regions, as can be seen in Fig. S1 of the Supplementary materials. In what follows we used the regionalization 
obtained with PCA on the SPEI-12 series. 

The non-hierarchical k-means clustering method was applied to the 343 SPEI time series to validate the regionalization obtained by 
PCA. According to PCA, a successful regionalization would be a classification into 3 groups, so here we analysed a clustering of 2, 3 and 
4 regions (i.e., a variation of ± 1 with respect to the PCA result). The spatial extent of the resulting clusters is shown in Fig. 4, and the 
coordinates of the SPEI series belonging to each cluster are detailed in the supplementary materials (Table S1). Using the Euclidean 
distance between clusters method (Table 2), the classification into 2 groups (Fig. 4a) is considered inadequate, since the distance 
between both clusters in this configuration (26.76) is less than the distance between them (37.36) when grouped into 3 clusters 
(Fig. 4b). When clustering into 4 groups (Fig. 4c), the area representing cluster 1 in the 3-group division (Fig. 4b) is divided into 
clusters 1 and 4, while cluster 2 remains invariant. To be accepted as a better classification, the two distances (cluster 1 and 4) with 
respect to cluster 2 should be greater than the distance between cluster 1 and 2 when grouped into 3 clusters. Since this is not true for 
the distance between clusters 2 and 4 (35.41 < 37.36), the division into 4 clusters is rejected. Although not shown in this paper, 
regionalization was also performed with Ward’s hierarchical clustering method (Wilks, 2006), obtaining similar results. 

Based on these results, in what follows we used the regionalization obtained with PCA, which divides Mozambique into 3 ho-
mogeneous drought regions (Fig. 3). In these 3 regions, the Hn index was − 0.111 for the northern region, − 0.004 for the central region 
and − 0.024 for the southern region. Thus, both heterogeneity between clusters and homogeneity within clusters was guaranteed. The 
SPEI series were averaged in each region (93 SPEI series on the North, 110 on the South and 140 on the Centre regions) to use in the 
subsequent analysis (Fig. 5). 

Fig. 4. Comparison of clustering in (a) two, (b) three and (c) four groups.  
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3.2. Characterization of drought events 

Run theory was adopted to characterize the drought events in the 3 regions previously determined (Table 3). A lower number of 
drought events, but of longer duration and higher severity, were found in the Centre region. On average, drought events were less 
intense and severe in the North. They occurred on average every 4.9 years in the North, every 4 years in the South, and every 5.9 years 
in the Centre region. The longest, most intense, and severest events began in 1982, 1987, 1991, 1994, 2005, 2009, and 2016; and most 
of them affected all three regions. 

3.3. Temporal variability and persistence of droughts 

The representative SPEI time series for each region are shown in Fig. 5. They are clearly non-monotonic, non-stationary according 
to ACF analysis (autocorrelation function, not shown here), and trend-stationary (statistical significance level of 1%) according to the 
KPSS test (the Kwiatkowski–Phillips–Schmidt–Shin test). 

The MK test (Z index) and the R/S analysis (H index) applied to the annual and monthly SPEI time series of the three homogeneous 
drought regions are presented in Table 4. In all cases and regions, the trends were negative (illustrated in Fig. 5), although in the North 
region they were statistically non-significant at a level of 5% for the annual SPEI. 

In all cases, the Hurst index (H) was greater than 0.5, which suggests that the negative long-term trends will persist in the near 
future. In the South and Centre regions, the H values were higher, suggesting that trends will persist with greater strength, while long- 
term trend persistence strength will be weak in the North region. 

3.4. Identification of large-scale climate drivers 

The cross-correlations and lagged cross-correlations between the proposed climate indices (Table 1) and the SPEI of the homo-
geneous drought regions are shown in Table 5. The best correlations are shown in the top rows of the table. The anomalies in the time 
series of the best-correlated climate indices are shown in Fig. 6. Most of the correlations were negative (Darwin, Niño 3.4, Niño 3, Niño 
4, WTIO and SETIO), and only one was positive (SOI), indicating they are anti-phase or in-phase, respectively, relative to the SPEI. 

The North region persistently showed a poor correlation with the climate indices analysed, while the strongest correlations were 
obtained in the South and Centre regions. In these two regions, strong correlations with the different El Niño indices were noticeable (r 
up to − 0.59), with the higher correlations being found for the El Niño 4 and El Niño 3.4 SST indices, which showed crests around 2–3 
months earlier than the negative peak of the SPEI. Another strong correlation (r = − 0.58) with a similar time lag was found with the 
Darwin SLP index. Based on the above observations, El Niño 4 and Darwin indices were chosen for the spectral analysis using the FFT 
technique and cross-wavelet analysis. 

FFT allowed us to appreciate the periodic behaviour of the monthly SPEI patterns in each homogeneous drought region, and of 
Darwin SLP and Niño 4 climatic indices. The periodograms are set out in Fig. 7. The results showed that climatic indices and SPEI series 
have a periodicity associated with high energies between 40 and 120 months (3.5 and 10 years). In the North region, periods of 
between 35 and 60 months (3 and 5 years) were found. These periods are consistent and similar to those reported in other studies in 
Africa (Oguntunde et al., 2018, 2017). 

The spectral analysis of the SPEI, Darwin SLP, and El Niño 4 patterns was expanded using cross-wavelet transform (Fig. 8). Both 
Darwin SLP and El Niño 4 events showed strong impacts on the monthly series of SPEI, especially in the South and Centre regions, 
indicating that they play a relevant role in the characteristics of the evolution of droughts in Mozambique. Specifically, the positive 
events of Niño 4 show statistically significant negative links (confidence level 95%) with the monthly SPEI series of the South and 
Centre regions, with a signal of 16–128 months (1.3–10.7 years). In the North region, climatic indices did not show strong effects on 
the evolution of droughts (something previously seen in the low correlations); however, the statistically significant strongest signals 
were found for 16–64 months (1.4–5.4 years) over the entire study period. In the three regions, the energy density is higher in the 
periods where drought events were detected (e.g., the major drought event of 1991). 

Table 2 
Euclidean distances between clusters for the analysis with two, three and four classification groups.   

Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Two classification groups 
Cluster 1 0 0 0 0 
Cluster 2 26.76 0 0 0 
Three classification groups 
Cluster 1 0 0 0 0 
Cluster 2 22.88 0 0 0 
Cluster 3 37.36 26.16 0 0 
Four classification groups 
Cluster 1 0 0 0 0 
Cluster 2 38.32 0 0 0 
Cluster 3 30.21 22.20 0 0 
Cluster 4 20.44 35.41 23.80 0  
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Fig. 5. SPEI time series averaged over the three regions: North (Reg1), South (Reg2) and Centre (Reg3). The thin horizontal dashed line represents the threshold considered to define a drought event 
while the thick dashed line represents the linear trend of the time series. 
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4. Discussion 

The above results provide new insights into the spatial and temporal patterns of drought in Mozambique, and their relationship 
with the large-scale climate variability. 

The resulting drought regionalisation differs from other divisions created for other management purposes (FEWS NET 

Table 3 
Identification of drought events and their characteristics with run theory in the three homogeneous drought regions.  

North South Centre 

Begin Du Int Sev Begin Du Int Sev Begin Du Int Sev 

06/1953  3 -1.04 -3.11 06/1964  3 -1.17 -3.31 08/1968  3 -1.12 -3.22 
01/1961  3 -1.37 -3.70 10/1970  5 -1.93 -6.97 02/1973  2 -1.12 -2.19 
12/1966  4 -1.57 -5.06 05/1973  4 -1.25 -4.56 09/1983  6 -1.44 -7.44 
05/1975  8 -1.37 -9.50 11/1982  14 -2.01 -22.70 10/1987  5 -1.59 -6.66 
04/1977  8 -1.75 -12.91 01/1987  8 -1.64 -11.07 12/1990  3 -1.54 -4.10 
04/1981  9 -1.62 -12.94 10/1987  2 -1.07 -2.10 02/1992  12 -2.26 -25.54 
12/1987  12 -1.80 -18.27 12/1991  15 -2.77 -32.81 03/1994  21 -1.62 -29.40 
12/1990  3 -1.74 -4.72 01/1995  4 -1.48 -5.40 04/2005  16 -1.72 -21.02 
12/1998  3 -1.65 -4.22 09/1995  4 -1.22 -4.35 02/2016  11 -1.66 -14.17 
04/2003  12 -1.48 -13.64 12/2002  2 -1.49 -2.80      
12/2005  3 -1.31 -3.61 09/2005  4 -1.18 -4.49      
02/2009  12 -1.27 -13.62 04/2008  7 -1.41 -7.77      
04/2013  7 -1.15 -7.84 12/2015  12 -1.97 -20.47      
01/2017  5 -1.49 -6.21           
Average:  6.57 -1.47 -8.52 Average:  6.46 -1.58 -9.91 Average:  8.78 -1.56 -12.64  

Table 4 
Trends (Z) and Hurst index (H) of monthly and annual SPEI in the period 1950–2019 in the homogenous 
drought regions.  

Region  Annual Monthly 

North Z -1.25a  -3.86 
H –  0.69 

South Z -2.32  -7.88 
H 0.61  0.74 

Centre Z -2.10  -6.83 
H 0.61  0.74  

a Trend statistically non-significant (ρ > 0.05) 

Table 5 
Cross correlations between the SPEI time series of each region and the climatic indices. r is the correlation coefficient, r_lag is the lagged correlation 
coefficient obtained when lag = lag_months (greater correlation) and r_annual is the correlation coefficient between the series aggregated annually.  

Climatic indices North South Centre 

r r_lag lag months r annual r r_lag lag months r annual r r_lag lag months r annual 

Niño 4 -0.20 -0.24 4 -0.24 -0.45 -0.48 3 -0.49 -0.53 -0.56 3 -0.59 
Niño 3.4 -0.17 -0.30 6 -0.23 -0.45 -0.46 2 -0.50 -0.51 -0.57 3 -0.59 
Darwin -0.14 -0.25 7 -0.21 -0.43 -0.44 2 -0.48 -0.50 -0.54 3 -0.58 
Niño 3 -0.15 -0.34 7 -0.23 -0.42 -0.43 1 -0.47 -0.47 -0.53 4 -0.55 
SOI 0.14 0.21 6 0.17 0.37 0.38 2 0.42 0.45 0.48 3 0.52 
WTIO -0.19 -0.20 4 -0.20 -0.38 -0.38 0 -0.40 -0.41 -0.41 0 -0.43 
SETIO -0.28 -0.29 2 -0.24 -0.32 -0.40 -6 -0.35 -0.38 -0.41 -3 -0.39 
Niño 1 þ 2 -0.12 -0.29 8 -0.19 -0.31 -0.31 -1 -0.36 -0.35 -0.40 4 -0.42 
Tahiti 0.10 -0.18 20 0.09 0.27 0.27 1 0.29 0.33 0.35 2 0.36 
PDOa -0.20 -0.21 3 -0.21 -0.22 -0.28 -9 -0.25 -0.30 -0.30 -1 -0.32 
SWIOb -0.13 -0.13 -2 -0.10 -0.17 -0.20 -5 -0.19 -0.24 -0.26 -3 -0.23 
NAO 0.17 0.18 1 0.16 -0.22 -0.29 4 -0.26 -0.22 -0.33 5 -0.32 
TASIb -0.14 -0.24 -10 -0.17 0.30 0.30 -1 0.31 0.18 0.36 11 0.22 
TNA -0.24 -0.24 -2 -0.22 -0.10 -0.20 17 -0.12 -0.17 -0.18 -2 -0.15 
DMI 0.05 -0.21 -11 -0.02 -0.17 -0.30 5 -0.21 -0.16 -0.26 5 -0.22 
NATb -0.27 -0.28 -1 -0.26 0.08 0.18 7 0.09 -0.13 0.21 11 -0.09 
SATb -0.12 -0.21 -10 -0.16 0.24 0.27 -3 0.24 0.12 0.29 11 0.13 
TSA -0.12 -0.13 3 -0.14 -0.07 -0.25 -19 -0.09 -0.07 -0.22 -16 -0.08  

a Period Jan1950-Dec2018. 
b Period Jan1982-Dec2019. 
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Moçambique, 2014; INGC, 2009). As shown in Fig. 3, the regions as defined also do not entirely coincide with those used by the 
Mozambican government for water resources management (ARAs), although the spatial positioning patterns (North, Centre, and 
South) are maintained. The use of the proposed divisions as drought management areas would allow for more appropriate regional 
strategies for assessing, monitoring, and responding to drought (Wilhite et al., 2000). The most important drought events identified in 
these regions have been listed and coincided with the major ones at the national level. 

The trends observed in the SPEI series were consistent with the trends found for the SPEI input variables (i.e., precipitation and 
temperature) shown in Fig. 2b and c., where trends were positive for temperature and negative for precipitation. In addition, these 
findings are in line with similar ones reported by Jury (2013), who used satellite sensor data to analyse climate trends in southern 
Africa and found that temperature and precipitation trends were positive and negative, respectively, over the period 1980–2010 in 
Mozambique as a whole. On the other hand, the persistence analysis points to an increase in the incidence of droughts throughout the 
country. Although these results should be taken with caution due to the climate system complexity, they further highlight the need for 
the development of drought forecasting tools and more specific, in-depth studies on drought variability in the homogeneous regions. 
These results are consistent with those found at the continental level and in other regions of Africa (Masih et al., 2014; Rouault and 
Richard, 2005), and with the variations seen in recent years on precipitation and temperature in Mozambique (Jury, 2013; Uele et al., 
2017). 

Relationships found between droughts and El Niño 4 and El Niño 3.4 SST indices agree with those described in Manhique et al. 
(2011) for southern Africa and Mozambique as a whole, and in Manatsa et al. (2008a) for the neighbouring tropical country of 
Zimbabwe. The strong climatic influence of the Darwin SLP index was also found by Manatsa et al. (2008b) in Zimbabwe. Other 

Fig. 6. Anomalies of the best correlated climatic indices with the SPEI time series in the period 1950–2019.  

Fig. 7. Fast Fourier Transform of monthly SPEI time series of a) North, b) South, c) Centre regions, d) the climatic index Niño 4, and e) the climatic 
index Darwin SLP. Peaks have been transformed to years. 
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Fig. 8. Cross-wavelet transform between SPEI of a) North, b) South, c) Centre regions and Darwin PSL climatic index; and of d) North, e) South, f) Centre regions and the Niño 4 climatic index. The y- 
axis is equivalent to the periods defined with the FTT (Period = 1/Frequency); the coloured bar denotes the energy density (red plus high energy density); the 5% confidence level against red noise is 
shown in an outline with the thick black line; and the relative phase relationship is represented with arrows (with the anti-phase pointing to the left, the in-phase pointing to the right). 
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tropical regions of the world have also found El Niño 4 and Darwin to be drought triggers (D’Arrigo and Smerdon, 2008; Gu et al., 
2020; Lyon and Barnston, 2005), so these (and following) results are also of hydrological interest for countries located in these climatic 
regions. 

The periodic behaviour of the monthly SPEI patterns according to FTT match those reported in Section 3.2., and coincide with the 
historical drought records documented in EM-DAT (2020) and Masih et al. (2014). Thus, these results are of great importance, as well 
as being novel for the region. The periodicity found in the El Niño 4 (the same oscillation period was observed for Darwin SPL) index is 
consistent with the widely accepted 3–7 year period (McPhaden et al., 1998). 

The results of the spectral analysis consistently point to an anti-phase relationship between the drought events detected by SPEI and 
the climatic indices Darwin SLP and El Niño 4 in the South and Centre regions. The North region showed a poor relationship with the 
climatic indicators. In this region of the country, drought events are less intense and severe, although the number of events is higher. 
This may be explained by the relationship between the Temperate Tropical Depressions and ENSO. This relationship affects the 
precipitation patterns in Southeast Africa, making ENSO less influential in the North of Mozambique and meaning that it is a wetter 
area than the rest of the country (Manhique et al., 2011). 

These climate indices could be used in drought forecasting models as predictors of drought in Mozambique, with a lead time of 2–3 
months based on the lagged correlations. Such a lead time would enable the establishment of preventive measures against possible 
upcoming droughts (e.g., accumulating water in reservoirs, prioritizing water use for different uses, etc.). In this way, a forecasting 
model could be employed to infer the probability and intensity of drought events in the short-term future, relying on past values of the 
climate indices (Hao et al., 2018), and allowing actions to be implemented when a drought is expected. 

5. Conclusions 

The main objective of this study was to investigate the spatio-temporal characteristics of droughts and their relationships with 
possible predictors of the phenomenon in Mozambique. Although Mozambique is very prone to droughts and suffers continuously from 
their effects, it does not have the necessary management tools to monitor and predict the phenomenon. The proposed five-step 
methodology consists of several methods organised in a coherent way for use in Mozambique or in any other region (country or 
river basin) that requires a first assessment of the spatio-temporal characteristics of droughts. Here, efforts have been made to adapt the 
methodology specifically to Mozambique, where local meteorological and hydrological monitoring data are extremely limited. 

The monthly SPEI-12 was calculated as an indicator of drought from 1950 to 2019 at a high resolution (0.5◦). Principal Component 
Analysis with the Varimax rotation method was used to define 3 homogeneous drought regions located in the North, South, and Centre 
of the country. This regionalization was validated with hierarchical and non-hierarchical clustering methods. The regions as delimited 
do not coincide entirely with those identified by the Mozambican National Directorate of Water but are preferable for drought 
monitoring and management. 

Based on run theory, the South and Centre regions are the ones that have presented the most intense and severe drought events in 
the past. A statistically significant trend towards a higher incidence of droughts was found in the three regions and Rescale Range 
analysis suggests that this trend might persist in the near future. This section presented valuable information for Mozambique on the 
temporal variability of droughts. However, given the limitations derived from the use of SPEI-12, it would be advisable to consider 
additional time scales in future studies to gain further insights into the temporal patterns of drought in each region. 

Strong correlations between two climatic indices—El Niño 4 (ENSO) and Darwin SLP—and droughts were found in the South and 
Centre regions, with a time lag of 2–3 months. These climate indices are representative drought triggers in tropical regions of the world 
such as Mozambique. With the FFT technique, it was found that the periods of SPEI and these two climate indices have a similar 
periodicity of between 3 and 8 years, this being a novel statement with reference to Mozambique. Spectral analysis by means of cross- 
wavelet transform confirmed that SPEI and El Niño 4 and Darwin SLP are strongly related in anti-phase for periods between 1.4 and 
10.4 years. These climate indices could thus be used to develop a drought forecasting system, providing sufficient lead time to establish 
prevention strategies. 

In summary, this study has provided an understanding of the spatial and temporal distribution of droughts in Mozambique. The 
results are of great potential use for Mozambique’s regional water administrations towards developing drought contingency plans. 
Simplified management regions have been defined, characterised, and strongly related to potential drought predictors. The proposed 
methodology can be used elsewhere in the world; however, given its limitations and the large number of topics it covers, certain 
limitations will need to be considered in future studies. 

CRediT authorship contribution statement 

This research is part of the PhD thesis of Araneda-Cabrera R. Both Bermúdez M. and Puertas J. were thesis supervisors. Ronnie J. 
Araneda-Cabrera: Conceptualization, Methodology, Software, Formal analysis, Investigation, Data Curation, Writing – original draft, 
Visualization. María Bermudez: Conceptualization, Validation, Formal analysis, Writing – review & editing, Supervision. Jerónimo 
Puertas: Conceptualization, Resources, Writing – review & editing, Supervision. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to 
influence the work reported in this paper. 

R.J. Araneda-Cabrera et al.                                                                                                                                                                                         



Journal of Hydrology: Regional Studies 38 (2021) 100938

14

Acknowledgments 

Ronnie Araneda gratefully acknowledges financial support from the Spanish Regional Government of Galicia (Xunta de Galicia) 
and the European Union through the Predoctoral Grant reference ED481A-2018/162. María Bermúdez was supported by the European 
Union H2020 research and innovation program under the Marie Skłodowska-Curie Grant Agreement No. 754446 and the Research and 
Transfer Fund of the University of Granada - Athenea3i. The authors would like to thank Manuel Alvarez and Victor Penas for their 
comments and support during the development of the study. 

Appendix A. Supporting information 

Supplementary data associated with this article can be found in the online version at doi:10.1016/j.ejrh.2021.100938. 

References 

Abatzoglou, J.T., Dobrowski, S.Z., Parks, S.A., Hegewisch, K.C., 2018. TerraClimate, a high-resolution global dataset of monthly climate and climatic water balance 
from 1958-2015. Sci. Data 5, 1–12. https://doi.org/10.1038/sdata.2017.191. 

Agutu, N.O., Awange, J.L., Zerihun, A., Ndehedehe, C.E., Kuhn, M., Fukuda, Y., 2017. Assessing multi-satellite remote sensing, reanalysis, and land surface models’ 
products in characterizing agricultural drought in East Africa. Remote Sens. Environ. 194, 287–302. https://doi.org/10.1016/j.rse.2017.03.041. 

Alley, W.M., 1984. The palmer drought severity index: limitations and assumptions. J. Clim. Appl. Meteorol. 23, 1100–1109. https://doi.org/10.1175/1520-0450 
(1984)023<1100:TPDSIL>2.0.CO;2. 

Araneda-Cabrera, R.J., Bermudez, M., Puertas, J., 2021a. Benchmarking of drought and climate indices for agricultural drought monitoring in Argentina. Sci. Total 
Environ. 790, 148090 https://doi.org/10.1016/j.scitotenv.2021.148090. 

Araneda-Cabrera, R.J., Bermúdez, M., Puertas, J., 2021b. Assessment of the performance of drought indices for explaining crop yield variability at the national scale: 
methodological framework and application to Mozambique. Agric. Water Manag. 246. https://doi.org/10.1016/j.agwat.2020.106692. 

Araneda-Cabrera, R.J., Bermúdez, M., Puertas, J., 2020. Unified framework for drought monitoring and assessment in a transboundary river basin. In: Uijttewaal, W., 
Franca, M., Valero, D., Chavarrias, V., Arbós, C., Schielen, R., Crosato, A. (Eds.), River Flow 2020. Taylor & Francis Group, London, pp. 1081–1086. https://doi. 
org/10.1201/b22619. 

Ayantobo, O.O., Li, Y., Song, S., Yao, N., 2017. Spatial comparability of drought characteristics and related return periods in mainland China over 1961–2013. 
J. Hydrol. 550, 549–567. https://doi.org/10.1016/j.jhydrol.2017.05.019. 

Begueria, S., Vicente-Serrano, S.M., 2017. Package ‘SPEI’. version 1.7. 〈ftp://tucows.icm.edu.pl/packages/cran/web/packages/SPEI/SPEI.pdf〉. A case study Birkoor 
Kortigiri Mandals. https://doi.org/10.1175/2009JCLI2909.1.http. 

Bolar, K., 2019. Package ‘STAT’. version 0.1.0. https://cran.r-project.org/web/packages/STAT/STAT.pdf. 
Borchers, H.W., 2019. Package ‘pracma’. version 2.2.9. http://mirrors.ucr.ac.cr/CRAN/web/packages/pracma/pracma.pdf. 
Bryant, E.A., Head, L.M., Morrison, R., 2005. Planning for Natural Hazards — How Can We Mitigate the Impacts ?, in: R.J. Morrison, S. Quin and E.A. Bryant (Eds.), 

Planning for Natural Hazards — How Can We Mitigate the Impacts?, Proceedings of a Symposium, 2–5 February 2005, University of Wollongong, GeoQuEST 
Research Centre, 2005, 1–11. 

Cangelosi, R., Goriely, A., 2007. Component retention in principal component analysis with application to cDNA microarray data. Biol. Direct. 2, 1–21. https://doi. 
org/10.1186/1745-6150-2-2. 

Conselho de Ministros, 2020. BR No 160 de 20.08.20, Boletim da República - I Serie. Publicação oficial da República de Moçambique. Maputo, Mozambique. https:// 
www.inm.gov.mz/pt-br/content/br-n%C2%BA-160-de-200820-boletim-da-rep%C3%BAblica-i-serie. 

Dutra, E., Di Giuseppe, F., Wetterhall, F., Pappenberger, F., 2013. Seasonal forecasts of droughts in African basins using the standardized precipitation index. Hydrol. 
Earth Syst. Sci. 17, 2359–2373. https://doi.org/10.5194/hess-17-2359-2013. 

D’Arrigo, R., Smerdon, J.E., 2008. Tropical climate influences on drought variability over Java, Indonesia. Geophys. Res. Lett. 35, 1–5. https://doi.org/10.1029/ 
2007GL032589. 

Easterling, D.R., 2013. Global data sets for analysis of climate extremes. In: Water Science and Technology Library (Ed.), Global Data Sets for Analysis of Climate 
Extremes. Springer, Dordrecht, pp. 347–361. https://doi.org/10.1007/978-94-007-4479-0_12. 

EM-DAT, 2020. The Emergency Events Database, Universite catholique de Louvain, Brussels, Belgium. http://www.emdat.be/, (Accessed November 2020). 
Eriksen, S., Silva, J.A., 2009. The vulnerability context of a savanna area in Mozambique: household drought coping strategies and responses to economic change. 

Environ. Sci. Policy 12, 33–52. https://doi.org/10.1016/j.envsci.2008.10.007. 
Espinosa, L.A., Portela, M.M., Rodrigues, R., 2019. Spatio-temporal variability of droughts over past 80 years in Madeira Island. J. Hydrol. Reg. Stud. 25, 100623 

https://doi.org/10.1016/j.ejrh.2019.100623. 
FEWS NET Moçambique, 2014. MOÇAMBIQUE Descrição das zonas de Formas de Vida, USAID https://fews.net/sites/default/files/documents/reports/MZ% 

20LHdescriptions%202013%20pt.pdf. 
Fleming, S.W., Marsh Lavenue, A., Aly, A.H., Adams, A., 2002. Practical applications of spectral analysis of hydrologic time series. Hydrol. Process. 16, 565–574. 

https://doi.org/10.1002/hyp.523. 
Gao, X., Dong, S., Li, S., Xu, Y., Liu, S., Zhao, H., Yeomans, J., Li, Y., Shen, H., Wu, S., Zhi, Y., 2020. Using the random forest model and validated MODIS with the field 

spectrometer measurement promote the accuracy of estimating aboveground biomass and coverage of alpine grasslands on the Qinghai-Tibetan Plateau. Ecol. 
Indic 112. https://doi.org/10.1016/j.ecolind.2020.106114. 
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