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Abstract Southern Africa is highly drought-prone, and its agricultural and 

hydrological systems are vulnerable. Climate forecasts provide tools for decision-

making and adaptation to climate extreme events. This report presents the 

preliminary results regarding the development of seasonal drought forecasts for 

the Limpopo River basin. Using multiple climate-relevant datasets, a diagnosis of 

the climate of the Limpopo basin was carried out, and the relevance of using the 

SPEI drought index for characterizing droughts was also assessed. The results 

showed strong climatic seasonality, in addition to the strong relationship between 

the seasonal drought conditions captured by SPEI. Outputs from four climate 

models, gridded rainfall observations, and a machine-learning method were used 

to generate a real-time experimental probabilistic forecast of rainfall in the 

Limpopo basin. Finally, the next steps are presented to meet the objectives of the 

Initiative, strengthening the capacities of the Limpopo Watercourse Commission. 
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Introduction 

Climate change threatens both natural and agricultural systems in Southern Africa. 

Projected warming and drying trends decrease the climate suitability to sustain 

current systems. The shorter-term variability associated with extreme events or 

interannual oscillations in global drivers has detrimental consequences on food 

security and livelihoods (Rojas et al., 2011). Drought is one of the most damaging 

and complex hydroclimatic hazards, affecting agrifood systems, livelihoods, and 

society. In agriculture, droughts can be conceived as a prolonged period of absence 

of rains that is generally accompanied by high atmospheric water demand, 

resulting in a deficit of soil moisture and water resources long enough to cause 

damage to the agricultural systems (Dai, 2013). The impacts of droughts are 

particularly relevant in areas with high participation of agriculture in the productive 

matrix, as is the case in Southern Africa, where highly relevant crops such as maize 

are grown under semi-arid conditions with high dependence on rain and 

temperature seasonal fluctuations, which mainly affects the rural population 

(Benhin, 2006).  
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Since droughts are the result of the combination of several factors, both their 

monitoring and forecasting are particularly complex. The latter, since their 

components have spatial and temporal features that depend on the scales of 

variability of multiple physical factors (e.g., rainfall, temperature, soil moisture), and 

current observation and modeling platforms are not necessarily comparable and 

compatible since they are generated under different frameworks (Vicente-Serrano 

et al., 2022). Furthermore, the study of the impacts of droughts must necessarily 

consider additional factors such as the exposure of the hydrological systems, crops, 

and the socio-economic sectors (Flo et al., 2021), in addition to climate change 

projections of droughts, which are generally of greater incidence for future climate 

scenarios (Dai, 2013). In Southern Africa, the often imbalance between rainfall and 

evapotranspiration rates, along with their high seasonality, leads to a frequent 

occurrence of droughts (Chikoore and Jury, 2021), which categorizes Southern 

Africa as a drought-prone area, where severe drought events have significantly 

impacted agriculture, hydrological systems and food security (Baudoin et al., 2017; 

Meza et al., 2020). These episodes have impacted agricultural and hydrological 

systems, generating a cascading effect on society and the economy (Meza et al., 

2020).  

The System Dynamics Modeling activity of the CGIAR Digital Innovation Initiative aims 

at understanding the drivers of agrifood systems in order to support decision-

making and natural resources management. In this context, the present project 

aims to generate and deliver reliable seasonal drought forecasts at the appropriate 

time and spatial scales for improved decision-making in food-water-land resources 

management in order to increase resilience to climate variability and change in the 

Limpopo River basin of Southern Africa. For this, last-generation products (e.g., 

outputs from General Circulation Models), Machine Learning tools, and data 



3 

 

libraries are used to generate a tailored seasonal forecast of droughts over the 

transboundary area covering the Limpopo Basin: South Africa, Mozambique, 

Zimbabwe, and Botswana. The multiple stages of this work consider collecting the 

information currently available in Limpopo and the requirements expressed by 

stakeholders in order to identify and delve into current needs and the most 

effective ways to translate and deliver the information. The products generated by 

this project will be designed and implemented by the Limpopo Watercourse 

Commission (LIMCOM). 

Data and Methods 

The Limpopo River Basin 

The Limpopo province in Southern Africa corresponds to a 415,000 km² basin 

spreading over South Africa, Mozambique, Zimbabwe, and Botswana. In general, 

the climate in the Limpopo Basin ranges from warm desert to the West to warm-

semi-arid to humid subtropical climate to the East. The annual rainfall has a high 

seasonality and spatial heterogeneity, with about 95% concentrating between 

October and April in the warm season, and winter is characterized by extended dry 

spells. A high interannual variability highly regulated by the El Niño-Southern 

Oscillation (ENSO) is observed, showing above (below) normal amounts during La 

Niña (El Niño) years (Hoffman et al., 2018).  

Agriculture in the Limpopo province is dominated by irrigated industrialized and 

rainfed small-scale production of maize (Schoeman et al., 2013). Over drier lower 

elevation areas, mixed sorghum and millet pastoral systems are produced 

(Chikoore and Jury, 2021). In addition to cropping systems, the dominant grassland 

areas support wildlife and livestock production (Rutherford, 2004). A map of the 9 

(out of 17) dominant land cover types according to the International Geosphere 
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Biosphere Programme classes provided by the Moderate Resolution Imaging 

Spectroradiometer (MODIS) 500-m Land Cover Type Product (MCD12Q1) (Friedl et 

al., 2010) for 2020 is presented in Figure 1. It is observed in Figure 1 that there is a 

high dominance of the grasslands class in spite of the abundance of other land-

cover types, such as savannas, croplands, and forests that concentrate over higher-

elevation areas. 

 

Figure 1 MODIS IGBP land-cover classification of the Limpopo River basin for the year 2020. 
Gray lines represent country borders. 

 

Seasonal forecasting approach 

The development of seasonal forecasts tailored to local needs has become an 

essential component of natural resource management and resilience to adverse 

conditions associated with climate. The latter has allowed the implementation of 

operational early warning systems of relevant variables developed through co-

production processes, taking full advantage of state-of-the-art forecast systems 

(Montes et al., 2022). The present project makes use of a last-generation seasonal 
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forecasting approach, the Xcast system (Hall and Acharya, 2022), recently 

developed by scientists from the National Oceanic and Atmospheric Administration 

(NOAA) of the United States. Xcast corresponds to a set of Python libraries designed 

to process highly computationally demanding gridded data and make Python’s 

toolkits compatible with multi-dimensional gridded data. Multiple climate 

prediction tools are embedded in Xcast, including traditional statistical methods, 

Machine Learning approaches, and postprocessing tools such as cross-validation, 

verification, and visualization. In this project, Xcast is being used initially to assess 

the skill of the seasonal forecast of relevant variables from the point of view of 

droughts, such as seasonal rainfall amounts. The assessment of the real-time 

probabilistic seasonal forecasts of rainfall for October through December 2022 for 

the Limpopo River basin using the Probabilistic Output Extreme Learning Machine 

(POELM) to process the multi-model ensemble of the forecast issued by four 

General Circulation Models: CMCC Earth System Model, ECMWF’s SEAS5, DWD 

GCFS2p1, and METEOFRANCE. UCSB CHIRPS (Funk et al., 2015) precipitation is used 

as an observational reference for hindcast calibration. Both GCMs and CHIRPS data 

were aggregated at a 0.5° × 0.5° spatial resolution. The forecast system is being 

implemented in a Jupyter Notebook. 

Preliminary Results 

Preliminary results are presented in terms of a general climatology of drought-

relevant variables in the Limpopo River basin, a characterization of droughts, and a 

real-time experimental seasonal rainfall forecast. Daily data from the AgERA5 

product (C3S, 2019), a statistically downscaled (0.1° × 0.1°) version of ECMWF’s 

ERA5, are used. Also, Normalized Difference Vegetation Index (NDVI) data from the 

Advanced Very High-Resolution Radiometer (AVHRR) Global Inventory Modelling 
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and Mapping Studies (GIMMS) NDVI3g v1 product (Pinzon and Tucker, 2014) for the 

period 1982 through 2015 were used.  

Temperature and rainfall climatology 

Figure 2 shows the climatology (1980-2021) of the seasonal values of total rainfall, 

mean air temperature, and potential evapotranspiration (PET). PET was calculated 

using the widely-used Thornthwaite method. The seasonal rainfall climatology 

(Figure 2a-2d) shows a high concentration from December to January, ranging from 

161 mm to 696 mm over the region, while the drier period is observed in during the 

cold season (June to August) with amounts that range from 7 mm to 93 mm. In 

addition, a spatial pattern of a higher amount over central and South areas is 

observed. The transition seasons (March-May, September-November) depict 

maximum values of around 300 mm on average.  

Regarding seasonal mean temperatures, the maps of Figure 2e-2h show important 

spatial variations with higher temperatures generally over the East areas and a 

clear correspondence with rainfall patterns. In summer (Figure 2e), temperature 

ranges regionally from about 16ºC to 28ºC, while in winter (Figure 2g), it can range 

from a mean of 9ºC to 21ºC. Finally, PET, displayed in Figures 2i-2l, shows a pattern 

of maximum rates during the warm/humid season that can reach values above 500 

mm over the areas of lower precipitation (Figure 2a) and higher temperatures 

(Figure 2e) to the East of the basin. Conversely, PET in winter is generally one-third 

that in summer, with regional maximum values of around 180 mm. In general, it is 

observed that the climatological values of rainfall and PET are relatively similar, 

which suggests that the anomalies induced by, for example, global climate drivers 

such as ENSO can act as forcings of an imbalance between rainfall and 

evapotranspiration that could potentially lead to drought events. 
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Figure 2 Maps of seasonal means (1980-2021) of (a)-(d) total rainfall, (e)-(h) mean 
temperature, and (i)-(l) total potential evapotranspiration (PET) for the Limpopo River basin. 
DJF: December-January-February; MAM: March-April-May; JJA: June-July-August, SON: 
September-October-November. Gray lines represent country borders. 

 

Cumulative values of rainfall and PET, as well as annual mean temperatures, show 

interannual trends that may be significant. Figure 3 shows the above-mentioned 

interannual trends (1980-2021) along with their statistical significance according to 

the non-parametrical Mann–Kendall test (Kendall, 1955) at a confidence level of 

0.05. Annual rainfall (Figure 3a) shows a contrasting pattern of positive trends to 

the North and negative trends to the South of the basin. Although a small area of 

Limpopo shows significant negative trends in rainfall, Figure 3a suggests that there 

is a pattern that could be associated with climate change signals or other drivers 

that deserve to be studied. On the other hand, temperatures show a clear 
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increasing pattern, with a large area of the basin showing statistically significant 

increases (Figure 3b). Interestingly, it is observed that trends show a North-South 

gradient that seems to be consistent with the trends in rainfall in terms of 

increased temperatures and drying. Similar to temperature, PET presents a 

generalized increase over the Limpopo province, which concentrate on the South 

and East areas. 

 

 

Figure 3 Maps of interannual trends (1980-2021) in (a) total annual rainfall, (b) annual mean 
temperature, and (c) total annual potential evapotranspiration (PET). Black dots denote 
statistically significant trends according to the Mann-Kendall test. Trends are aggregated 
for ten years-periods. Gray lines represent country borders. 

 

Droughts in the Limpopo River basin 

Droughts over the Limpopo River basin are analyzed using the Standardized 

Precipitation-Evapotranspiration Index (SPEI) in terms of their climatology, 

interannual trends, and association of vegetation anomalies by using NDVI data. 

The Standardized Precipitation-Evapotranspiration Index (SPEI) 

The SPEI is a widely-used drought index that has been described as suitable for arid 

and semi-arid regions since it considers both the influence of rainfall deficits and 

PET (Vicente-Serrano et al., 2010), reflecting drought conditions at multiple 
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timescales. SPEI is calculated using monthly values of rainfall and temperature as 

inputs. First, monthly PET is calculated, in the present case using the Thornthwaite 

equation, to then calculate the accumulated potential water balance as the 

difference between rainfall and PET at different timescales. The third step 

corresponds to the normalization of the water balance using a log-logistic 

probability distribution. SPEI time series are then obtained for selected timescales 

from 1-month, 3-month, 6-month, or longer (Vicente-Serrano et al., 2010). In the 

present preliminary work, the 6-month period was selected, which was integrated 

from October through March.  

Climatology of droughts 

As an illustration of the high interannual and spatial variability in the drought 

conditions captured by the SPEI index, Figure 4 shows the maps obtained for each 

year between 1981 and 2021. Firstly, years in which drought conditions have been 

quite severe (negative SPEI values) draw attention, as was in 1992, 2016, and 2019. 

During these years, droughts in the rainy season were widespread throughout the 

Limpopo province, whose impacts have been documented in the literature. Also 

noteworthy are the years in which the drought persisted from one year to the next, 

as is the case of 1991-1992 or 2015-2016, which could have been very detrimental 

to agricultural and hydrological systems. These dry periods contrast with wet years 

represented by positive SPEI values, as is the case of 1981, 2000, or 2008. In any 

case, maps of Figure 4 suggest that the occurrence of droughts is usually 

generalized over the basin, with a few years in which both negative and positive 

SPEI values are present (e.g., 2006 and 2010). 
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Figure 4 Interannual maps of SPEI (1981-2021) for the Limpopo River basin. 

 

According to Figure 4, there is no clear pattern of interannual trends toward a 

greater or lesser occurrence of droughts. However, the time series of Figure 5a, 

where the mean regional time series of SPEI is displayed, shows a slightly negative 

interannual trend, although non-significant according to the Mann-Kendall test. 

Similarly, Figure 5b shows the percentage of the Limpopo basin area that has 

presented drought conditions (negative SPEI) for different categories from 

moderate to extreme, according to Vicente-Serrano et al. (2010). Although the 

regional mean SPEI values do not show a significant trend, the area under drought 

conditions seems to have been increasing in recent decades, especially for the case 
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of the total area, being the trends of those four categories statistically significant 

(Mann-Kendall test). 

 

 

Figure 5 (a) Timeseries of annual mean SPEI (1980-2021) for the Limpopo River basin and its 
lineal trend. (b) Timeseries of percentage area under drought conditions (negative SPEI). 
Shaded area in (a) represent the regional standard deviation. Dashed lines in (b) correspond 
to the linear trends for each category. 
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The relationship between the SPEI and NDVI (averaged from October through 

March) for the period 1982-2015 was assessed in order to explore the vegetation 

response to drought conditions represented by SPEI. Most of the Limpopo River 

basin exhibits a positive statistically significant correlation, suggesting that the SPEI 

index and the 6-month aggregation timescale correctly capture the dependence of 

vegetation on water availability. Negative or close to zero correlations are observed 

in some areas of the center and South of the basin, which could be associated with 

the presence of complex terrain, shallower soils, and, therefore a weaker signal of 

the status of the vegetation captured by NDVI. 

 

 

Figure 6 Map of Pearson correlation coefficient between SPEI and NDVI (1982-2015). Black 
dots denote statistically significant correlations (p = 0.05). 
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Seasonal forecast of rainfall anomalies in the Limpopo River basin 

Xcast was used to generate an experimental probabilistic seasonal forecast of total 

rainfall from October through December (OND) 2022, initialized in September 

(Lead-1), for the Limpopo River basin as a case study. Figure 7 shows the 

probabilistic forecast produced for the year 2022 using the POELM method. Only 

the above-normal probabilities are displayed, as this was the dominant probability 

over the region. In general, above-normal rainfall was most forecasted for the 

central areas of Limpopo, with probabilities up to more than 80%. The areas further 

West were less likely to have above-normal rainfall. Below-normal rainfall was not 

forecasted. 
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Figure 7 Map of probabilistic seasonal forecast of total rainfall (October-November 2022) for 
the Limpopo River basin. Only above-normal probabilities are displayed. 

 

Figure 8 shows the skill maps generated by comparing cross-validated multi-model 

ensemble hindcast data CHIRPS rainfall observations. Figures 8a and 8b show the 

Index of Agreement (IOA), a measure of error (Willmott, 1982), and Pearson 

correlation coefficient, respectively, used to assess the level of skill of the forecast. 

The map of Figure 8a shows that IOA can reach values close to 0.5, suggesting a 

relatively good skill (values closer to 1 represent higher skill), which are in general 

higher over Northern areas. Similarly, the Pearson correlation (Figure 8b) indicates 

better performance in the North and South of the Limpopo River basin. Figures 8c 
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and 8d show the Generalized Receiver Operating Characteristic (GROC) score and 

the Rank Probability Skill Score (RPSS) of the cross-validated probabilistic hindcast 

produced with POELM, respectively. GROC is a measure of discrimination (Mason 

and Graham, 2002), and RPSS is a measure of relative forecast quality (Murphy, 

1969). Both GROC and RPSS show in the particular case of the present experimental 

forecast, a better overall skill is observed over central areas of the basin. 

 

 

Figure 8 Maps of (a) Pearson correlation, (b) Index of Agreement, (c) Generalized Receiver 
Operating Characteristic (ROC) score, and (d) the Rank Probability Skill Score (RPSS). 

 

  



16 

 

Concluding Remarks 

Next steps 

The preliminary results presented above focus on the climatology of droughts and 

relevant meteorological variables and the experimental implementation of a 

seasonal precipitation forecast for the Limpopo River basin. However, other 

activities are currently being carried out and will be completed during the course of 

2023. Among them, the different target timescales and lead times for the seasonal 

forecast have to be defined in a participatory process between CGIAR and LIMCOM 

as lead institutions. Similarly, work is currently being done on the drought forecast 

system using the SPEI index, for which the deterministic forecast of both 

precipitation and temperature will be used to generate a forecast of potential 

evapotranspiration and then SPEI. Finally, other activities consider the design of 

platforms for forecast scaling, for which collaboration with other institutions, such 

as the International Institute for Climate and Society (IRI) of Columbia University 

and the CGIAR International Water Management Institute (IWMI), is considered. 
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