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Abstract
Earth observation (EO) data are increasingly being used 
to monitor vegetation and detect plant growth anomalies 
due to water stress, drought, or pests, as well as to moni-
tor water availability, weather conditions, disaster risks, 
land use/land cover changes and to evaluate soil degra-
dation. Satellite data are provided regularly by worldwide 
organizations, covering a wide variety of spatial, temporal 
and spectral characteristics. In addition, weather, climate 
and crop growth models provide early estimates of the ex-
pected weather and climatic patterns and yield, which can 
be improved by fusion with EO data. The AfriCultuReS pro-
ject is capitalizing on the above to contribute towards an 
integrated agricultural monitoring and early warning system 
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1  | INTRODUC TION

The World Food Summit determines that a population is food secure “when all people, at all times, have physi-
cal, social, and economic access to sufficient, safe and nutritious food that meets their dietary needs and food 
preferences for active and healthy life” (FAO, 2009). This is hardly the case for Africa, with an estimated 821 
million food-insecure people in 2017, which accounts for 31% of the total food-insecure population of the world 
(CDKN, 2019). In various parts of Africa, climate change has produced lower animal growth rates and productiv-
ity in pastoral systems (Nardone, Ronchi, Lacetera, Ranieri, & Bernabucci, 2010; Stige et al., 2006); impacted on 
agricultural pest patterns (Biber-Freudenberger, Ziemacki, Tonnang, & Borgemeister, 2016); increased desertifi-
cation (Feng & Fu, 2013), which affects 46 out of 57 African nations; and increased the frequency and intensity 
of droughts (CDKN, 2019; Intergovernmental Panel on Climate Change, 2020). Droughts and desertification 
processes impact adversely on water resources, which play a key role in agricultural management practices 
(Falkenmark & Galaz, 2007) via: withdrawal of water for irrigation; land cover change (e.g. when forests are con-
verted to agricultural land); and alterations in water division due to changes in land use management (Deutsch 
et al., 2010). In addition, land degradation has decreased agricultural incomes in different countries, with signif-
icant consequences for livelihoods; for example, in Ghana, loss of agricultural income due to land degradation 
was anticipated to cause a 5.4% increase in national poverty rates between 2006 and 2015 (Diao & Sarpong, 
2011). It has been argued, though, that many statistics for the African economy lack reliable data, which is an 
important constraint on decision-making (Jerven, 2013). Thus, there is an urgent need for accurate and widely 
available multi-source information such as land use, farm statistics, crop models, weather forecasts, and climate 
projections to contribute to well-informed agricultural risk assessments, decision-making, and governance at 
multiple levels.

Earth observation (EO) technology has become a common tool to monitor agricultural production systems and 
food insecurity in industrialized and emerging countries (Rembold et al., 2019; Whitcraft et al., 2019); however, its 
single use in the context of food security poses challenges related to the estimation of crop areas and production 
forecasts (Fritz et al., 2019). EO data must be combined or fused with multiple data sources to accurately predict 
crop production in complex food and farming systems. Consequently, agricultural monitoring systems are often 
based on rainfall data, sample field measurements, agricultural statistics, agro-meteorological modelling, and EO-
based methods. An example of an agricultural monitoring system that covers Africa is CropWatch Cloud (http://
cloud.cropw​atch.com.cn/) which is deployed via Alibaba Cloud and provides users access to EO information layers 
for crop monitoring. Another example is the Agricultural Market Information System (AMIS; http://www.amis-
outlo​ok.org/), an inter-agency platform to enhance food market transparency and encourage international policy 

for Africa, supporting decision-making in the field of food 
security. The aim of this article is to present the design of EO 
services within the project, and how they will support food 
security in Africa. The services designed cover the users’ 
requirements related to climate, drought, land, livestock, 
crops, water, and weather. For each category of services, 
results from one case study are presented. The services will 
be distributed to the stakeholders and are expected to pro-
vide a continuous monitoring framework for early and accu-
rate assessment of factors affecting food security in Africa.

http://cloud.cropwatch.com.cn/
http://cloud.cropwatch.com.cn/
http://www.amis-outlook.org/
http://www.amis-outlook.org/
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coordination in times of crisis. The Crop Monitor tool of GEOGLAM (https://cropm​onitor.org/) was designed to 
make available to the public open, timely, science-driven information on crop conditions in support of market 
transparency for the AMIS. It reflects an international, multi-source, consensus assessment of crop growing condi-
tions, status, and agro-climatic factors likely to impact global production, and focuses on the major producing and 
trading countries for the four primary crops monitored by AMIS (wheat, maize, rice, and soybeans).

Several international projects focus on food security. GCRF-Africap (https://afric​ap.info) emphasizes the use 
of models together with fieldwork. While it has no EO component, it does place great emphasis on the use of mod-
els within broader integrated assessment frameworks that make use of a range of expertise across the natural and 
social sciences. TWIGA (https://twiga​-h2020.eu/index.html) is a Horizon 2020 project aiming to provide currently 
unavailable geoinformation on weather, water, and climate for sub-Saharan Africa by enhancing satellite-based 
geodata with innovative in-situ sensors and developing related information services that answer needs of African 
stakeholders and the GEOSS community. CONFER is a Horizon 2020 programme starting in September 2020 the 
aim of which is to co-develop dedicated climate services for the water, energy, and food security sectors with 
stakeholders and end-users, to enhance their ability to plan for and adapt to seasonal climate fluctuations. The 
project will use machine learning, remote sensing and modelling within a climate services framework. However, 
no project so far offers an integrated collection of services that include monitoring, early warning, and future 
predictions.

The EU-funded Horizon 2020 project AfriCultuReS: Enhancing Food Security in African Agricultural Systems 
with the Support of Remote Sensing (grant no. 774652) uses EO-based products, meteorological and climate data 
to develop an integrated agricultural monitoring and early warning system for Africa to support decision-making 
in the field of food security. The target sectors of the AfriCultuReS project are the public sector, the agribusiness 
sector, the financial sector, and the academic sector. We have engaged with potential users from eight African 
countries through several workshops and surveys to collect specific requirements and feedback about data and 
products useful for monitoring and assessing agricultural production, and to understand capacity-building needs. 
With the help of user feedback, we developed a service portfolio with seven service categories (climate, drought, 
livestock, land, crop, weather, and water). In this article, we present how these services have been designed and 
implemented with several case studies.

2  | MATERIAL AND METHODS

2.1 | Study areas

The focus of AfriCultuReS activities is on the following regions in Africa: Equatorial and Central Africa, East 
African Highlands, Gulf of Guinea, Great Horn of Africa, North Africa Mediterranean, Sahel, and Southern Africa. 
More specifically, eight pilot countries were selected in the aforementioned regions (Figure 1)—Tunisia, Niger, 
Ghana, Ethiopia, Kenya, Rwanda, Mozambique, and South Africa—considered to reflect the diversity of climate, 
ecosystems, and farming conditions in Africa. Test sites within the pilot countries were selected for testing prod-
ucts at finer spatial scales. Work in each of the eight countries is carried out in close collaboration with a local 
African partner organization, a full list of which can be found on the AfriCultuReS website (www.afric​ultur​es.eu).

According to the Köppen–Geiger climate classification, which employs seasonal precipitation and temperature 
regimes, there are three first-order climate classification divisions in Africa: tropical, dry, and temperate plus. From 
north to south, climatic conditions transition from warm Mediterranean over the coasts of North Africa to semi-
arid and warm desert over the Sahara, switching to tropical savannah and monsoon climate over the equatorial 
regions and then transitioning again to humid subtropical and warm/temperate oceanic in the south.

The delineation of the major farming systems provides a useful framework within which appropriate agricul-
tural development strategies and interventions can be determined. These have been identified and then mapped, 

https://cropmonitor.org/
https://africap.info
https://twiga-h2020.eu/index.html
http://www.africultures.eu
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in order to estimate the magnitudes of their populations and resource bases. Each of these broad systems is 
characterized by a typical farm type or household livelihood pattern, although significant sub-types are described 
where appropriate.

The classification of the farming systems in the Global South has been based on the following criteria (Dixon, 
Gibbon, & Gulliver, 2001): the availability of natural resources (water, land, grazing areas and forest), climatic 
conditions, landscape, farm size, tenure, and organization; the dominant pattern of farm activities and household 
livelihoods (such as type of crops, livestock, trees, aquaculture, hunting and gathering, processing and off-farm 
activities); and the main technologies used, which determine the level of intensity of production and integration 
of farming activities.

Based on these criteria, the following eight broad categories of farming system have been distinguished:

•	 irrigated farming systems, embracing a broad range of food and cash crop production;
•	 wetland rice-based farming systems, dependent upon monsoon rains supplemented by irrigation;
•	 rainfed farming systems in humid areas of high resource potential, characterized by a crop activity (notably root 

crops, cereals, industrial tree crops—both small scale and plantation—and commercial horticulture) or mixed 
crop-livestock systems;

•	 rainfed farming systems in steep and highland areas, which are often mixed crop-livestock systems;
•	 rainfed farming systems in dry or cold low potential areas, with mixed crop, livestock and pastoral systems 

merging into sparse and often dispersed systems with very low current productivity or potential, because of 
extreme aridity or cold;

F I G U R E  1   Distribution of the AfriCultuReS pilot countries
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•	 dualistic (mixed large commercial and smallholder) farming systems, across a variety of ecologies and with di-
verse production patterns;

•	 coastal artisanal fishing, often mixed farming systems; and
•	 urban-based farming systems, typically focused on horticultural and livestock production.

2.2 | User requirements and EO data identification

Gaining an understanding of user needs necessitated addressing three main issues: the crops most important to 
food security in the eight focus countries; the most important agricultural risks in each country; and the kinds of 
EO-based products which could best contribute to ameliorating these risks. Secondary data sources used to un-
derstand these issues included the EarthStat (Monfreda, Ramankutty, & Foley, 2008) and FAOSTAT databases in 
the case of key crops, and an in-depth review of academic literature in the case of agricultural risks.

Secondary data were complemented by engagements with potential users through surveys, as well as through 
rounds of in-country stakeholder workshops organized in collaboration with local African partner organizations 
in 2018 and 2019. Representatives from the four identified user sectors (public sector, academia, finance and 
agribusiness) were invited to workshops, although representation of different sectors varied between countries. 
Further rounds of workshops are planned for 2020 and 2021, during which potential users will be able to interact 
with the AfriCultuReS platform and provide further input into design and functionality.

These various data sources were combined, analysed and translated into users’ requirements following the 
Group on Earth Observation (GEO) User Requirements Registry approach (http://www.geo-tasks.org/urr-tutor​
ials) and linking this information to the GEO Societal Benefit Areas (SBAs; https://www.earth​obser​vatio​ns.org/
sbas.php). Requirements mainly cover the SBAs of Food Security and Sustainable Agriculture and Water Resources 
Management. Finally, users’ requirements have been stored in a database. Similar review processes will follow in 
order to adjust and consolidate the database.

Questionnaires and surveys were also sent to local African partners to identify EO, meteorological, and in-situ data 
available for the regions of interest. In order to satisfy users’ needs and to produce food-security-related estimates and 
warnings, a broad range of EO raw and processed data were investigated. The EO products that were considered are 
either already available from third parties or being produced by the project. For the selection of the relevant EO-based 
geodata the following key characteristics were taken into account: the spatial, temporal, and spectral resolutions; the 
radiometric resolution; the timeliness of data; the accuracy of data; the swath width; the launch date, availability of 
archive data and continuity of data provision; the simplicity and easiness of access; interoperability; the automation.

2.3 | Development of AfriCultuReS services

In order to provide the information identified through the analysis of the users’ requirements, several services 
have been proposed at various temporal and spatial scales. As a general rule, after extensively analysing the 
project’s needs, in particular in terms of EO products to be developed, several guidelines were followed for the 
implementation of AfriCultuReS services. The same guidelines have been taken into consideration for the selec-
tion, processing, and management of the EO data. These guidelines are:

•	 to deliver space-based agricultural production services that will be aligned with the African Space Policy and 
Strategy and AfriGEOSS, the African segment of the GEO in the domain of food security; and

•	 to rely upon the data and services provided by Copernicus and the GEO initiatives, as well as other third-
party EO data and value-added services, such as the European Space Agency (ESA) Food Security Thematic 
Exploitation Platform, or the Landsat archive on Amazon Web Services.

http://www.geo-tasks.org/urr-tutorials
http://www.geo-tasks.org/urr-tutorials
https://www.earthobservations.org/sbas.php
https://www.earthobservations.org/sbas.php
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AfriCultuReS services rely on the users’ exploitation of information products that alone, or in combination 
with other information products, satisfy the users’ requirements. In addition, in order to address the diversity of 
users (i.e., from decision- and policy-makers to farmers and land managers) and needs, the products within the 
AfriCultuReS project were developed following a multi-scale approach. As a result, three spatial scales were con-
sidered, as indicated in Table 1.

The definition of the project’s service portfolio in support of enhanced food security decision-making was 
mostly based on the exploitation of EO data. The analysis of users’ needs and the technological capacity of project 
partners have gone a step further into the detailed definition of the services’ components, leading to the seven 
general categories of services described below.

2.3.1 | Climate services

As has been reflected by the World Meteorological Organization (WMO, 2019), climate services should provide 
the scientific basis to enable policy- and decision-makers at different temporal (e.g., weather, season, decades) 
and spatial (e.g., country or local) scales to establish the proper actions (e.g., when to plant or irrigate) and ad-
aptation plans (e.g., investing in drought-resilient crops and livestock). In this sense, AfriCultuReS climate ser-
vices have a twofold purpose. On the one hand, they provide the necessary climatic information (e.g., rainfall, 
temperatures, radiation) to other services (e.g., crop and drought services) to be used as input (Kim, Shin, Lee, 
& Jeong, 2019). On the other hand, they provide information about mid-term climate variability (seasonal fore-
casts) and long-term climate change scenarios. With this in mind, the current state-of-the-art climatic informa-
tion was considered. In particular, at seasonal scale, the multi-model seasonal forecast system provided by the 
Copernicus Programme (https://www.coper​nicus.eu/) through the Copernicus Climate Data Store (https://clima​
te.coper​nicus.eu/clima​te-data-store) was used, while at decadal scale and for climate change projections, Phase 
6 of the Coupled Model Intercomparison Project (CMIP6) and CORDEX-Africa (Hewitson, Lennard, Nikulin, & 
Jones, 2012) were considered, respectively; both of them distributed through the Earth System Grid Federation 
(Carenton-Madiec, Denvil, & Greenslade, 2015). All this climatic information was downloaded and post-pro-
cessed to make it remotely available through the Santander User Data Gateway (http://www.meteo.unican.es/
udg-wiki; Cofiño et al., 2018) in order to obtain the final products defined or requested by users by applying the 
tools included in the climate4R framework (Iturbide et al., 2019) and to be seamlessly included by the remainder 
of the AfriCultuReS services.

TA B L E  1   Spatial scales for AfriCultuReS products

Spatial scale Description and relevance

Coarse: 1:1,000,000–1:4,000,000 Useful at a continental and regional level especially for 
applications such as drought monitoring or extreme weather 
risk assessment. This scale is relevant to address the needs 
of decision- and policy-makers from regional institutions in 
agribusiness, finance, security, etc.

Medium: 1:250,000–1:1,000,000 Useful for monitoring vegetation status, flood risk assessment, 
or water resources assessment at a national to provincial scale. 
This scale is appropriate to address the information needs of 
national and provincial government ministries

High: 1:10,000–1:250,000 Useful for crop yield prediction, crop health and anomaly 
detection at a landscape to field level. This scale can address the 
information needs of farmers and land managers

https://www.copernicus.eu/
https://climate.copernicus.eu/climate-data-store
https://climate.copernicus.eu/climate-data-store
http://www.meteo.unican.es/udg-wiki
http://www.meteo.unican.es/udg-wiki
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2.3.2 | Crop services

Crop services provide manifold information for decision-making on crop production. AfriCultuReS crop services 
include crop and calendar yearly mapping, frequent crop phenology and condition monitoring, as well as forecasts 
on expected yield for main crops, based on crop growth models. These multi-scale crop services, including the 
crop early warning service, provide the basis for evidence-based decision-making on food security. Current and 
seasonal maps on crop land use and main crops grown allow the precise identification, location, and measurement 
of production areas. These inputs are a corner stone of planning and prioritization of zonal interventions to im-
prove crop cultivation conditions or to cope with food production shortages.

In the case of crop condition assessment, this is done directly through the use of vegetation indices such as 
the Normalized Difference Vegetation Index (NDVI) and Leaf Area Index (LAI), or using the Vegetation Condition 
Index (VCI) which compares the current NDVI to the range of values observed in the same period in previous 
years. The NDVI has been selected as the vegetation index most commonly adopted to represent the amount 
of live biomass present in a pixel, while the LAI is recognized by international organizations such as the Global 
Climate Observing System and Global Terrestrial Observing System as one of the essential climate variables. The 
VCI is widely used to monitor vegetation and drought conditions (Quiring & Ganesh, 2010). The VCI was designed 
to evaluate vegetation health, while separating the weather-related component of the NDVI from the ecological 
element. VCI data are characterized using the vegetation condition classes previously proposed: 0.7–1, normal 
vegetation condition; 0.5–0.7, moderate vegetation condition; 0.3–0.5, poor vegetation growth; less than 0.3 
extremely poor growth condition (Qian et al., 2016). The service at high resolution is based on NDVI and LAI his-
torical values retrieved from Sentinel-2 images (Figure 2).

2.3.3 | Drought services

Drought is the major disaster affecting food production, thus its prediction has been relevant to decision-makers 
(Demisse et al., 2019; WMO, 2019). Drought alone accounted for 19% of the crop and livestock losses from dis-
asters in Africa during the period 2005–2014 (FAO, 2017). Drought services address two main types of drought: 
meteorological and agricultural. Meteorological drought is defined by a precipitation deficiency threshold over a 
predetermined period of time. In turn, agricultural drought is defined by the availability of soil water to support 

F I G U R E  2   Schematic view of the procedure for carrying out AfriCultuReS crop condition monitoring using 
VCI, NDVI or LAI based on available Sentinel-2 imagery. The NDVI or LAI, computed on that image by using 
SNAP software, is compared with the historical values (mean, maximum and minimum) corresponding to the 
same period of the year. The year has been divided in decades
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crop and forage growth rather than by the departure of normal precipitation over some specified period of time. 
Note that the impact of drought on food production depends on the intensity, duration, and spatial coverage 
of drought. Moreover, long drought periods strongly affect the resilience of the terrain to intense precipitation 
(Haile et al., 2019). As a result, both the drought monitoring and the seasonal forecast are considered within 
AfriCultuReS services.

In the case of the Seasonal Drought Forecast service, it is based upon the calculation of the standardized 
precipitation evapotranspiration index (SPEI), which is able to provide an estimation of the onset, duration, and 
intensity of a drought event (Vicente-Serrano, Beguería, & López-Moreno, 2010). In addition, the SPEI allows for 
a multi-scalar analysis, by calculating its values on different temporal windows. The multi-scalar nature of SPEI 
enables the identification of the return time of different drought types (Schwalm et al., 2017).

2.3.4 | Land services

Land services provide facts on the current land cover situation and land cover changes, as well as abiotic fac-
tors that affect, or can affect, food production. Land use competition between agricultural and/or pastoral land 
and other uses, mainly urban expansion, constitutes a key factor when tackling sustainable land use planning. 
The increasing demand for space for urban and other non-food production activity development is increasingly 
relegating food production to land areas less suitable for human and economic activities. These changes lead 
to lower productivity of agricultural land. In addition, other factors, such as land degradation, soil erosion, and 
the occurrence of recurrent natural disasters, while not always coincident with land use cover transformations, 
exacerbate the decrease in land productivity. With three proposed land services, AfriCultuReS will contribute to 
improved and informed decision-making with the aim of mitigating the adverse effects of the above factors on 
land and food security.

To be specific, the high-resolution burnt areas mapping service uses multi-temporal Sentinel-2 data sets to 
compute the normalized burn ratio (NBR), which is a spectral index that combines the near infrared (NIR) and 
shortwave-infrared (SWIR) bands to distinguish between burned and unburned areas (Key & Benson, 1999):

where RNIR and RSWIR are the reflectance of the NIR and SWIR spectral bands, corresponding to band 8 (0.842 μm) and 
12 (2.190 μm) of the MultiSpectral Instrument (MSI) sensor of Sentinel-2.

The differenced normalized burn ratio (dNBR) index was also calculated, defined as:

that is, the difference between the NBR values computed by using a pre-fire and a post-fire image. In this way burned 
areas can be detected, and the severity of the damage can be quantified, by introducing appropriate thresholds on the 
possible values of dNBR. The dNBR index provides a continuous scale of differences that can be related to a magni-
tude of ecological change, which in turn offers a conceptual model for the severity of damage caused to vegetation 
in the burned area: the greater the change detected due to fire, the greater the severity. A relativized form (RdNBR) 
of the dNBR has been introduced (Miller & Thode, 2007) to remove the biasing effect of the pre-fire condition. The 
RdNBR is defined as:

((1))NBR=
RNIR−RSWIR

RNIR+RSWIR

((2))dNBR=NBRpre−NBRpost

((3))RdRBR=
dNBR

√

abs
(

NBRpre∕1,000
)
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In principle, employing the RdNBR allows categorical classifications to be created using the same thresh-
olds for fires occurring in similar vegetation types without acquiring additional calibration field data on each fire. 
However, an alternative relativized burn severity index, the relativized burn ratio (RBR), was recently introduced 
(Parks, Dillon, & Miller, 2014). This index is defined as:

The dNBR maximizes reflectance changes in plants and soil due to drastic changes such as forest fires. Like the 
RdNBR, the RBR is a relativized version of the dNBR, designed to detect changes even where pre-fire vegetation 
cover is low. It was demonstrated that both the RBR and RdNBR are less correlated to pre-fire NBR than dNBR, 
indicating that the relativized metrics are better at detecting high-severity effects across the full range of pre-fire 
vegetation cover. The RBR is an improvement on the dNBR in terms of correspondence to field measures of burn 
severity and overall classification accuracy. Furthermore, the reduced variability in RBR threshold values among 
fires indicates that RBR thresholds are more stable than RdNBR thresholds and are thus more transferable among 
fires and eco-regions. By using suitable thresholds, the range of values of RBR can be exploited to provide the 
burn severity in the form of discrete thematic categories, distinguishing, generally, between “no burn”, “low sever-
ity”, “moderate severity” and “high severity”.

Burnt area maps give an effective support in estimating damage and plan management. This service provides 
key information to many diverse applications such as forestry, agriculture, risk management and enables assess-
ment of the amount of crop, forested and pastoral areas affected by fire. The high spatial resolution service 
consists of an automated satellite-based data set of RBR maps computed continuously for the area of interest. 
The data are computed using Sentinel-2 Level-2A (L2A) images downloaded automatically from the Copernicus 
Hub. The procedure is shown schematically in Figure 3. The AfriCultuReS burned area service at medium spatial 
resolution is taken from the Copernicus Global Land Service based on Proba-V images.

2.3.5 | Livestock services

Across Africa, pastoralism is a vital socioeconomic activity, practised on about 43% of Africa’s landmass (FAO, 
2018). Moreover, livestock is generally the most valuable asset of rural households, providing nutritional require-
ments, transport, and profit. However, rangelands, as the major source of feed for grazing and browsing livestock, 
are faced with several challenges, including, bush encroachment (Belayneh & Tessema, 2017; Mugasi, Sabiiti, 
& Tayebwa, 2000), the proliferation of invasive alien plants (Kganyago, Odindi, Adjorlolo, & Mhangara, 2018), 
wildfires (Kganyago & Mhangara, 2019), drought (Huho, Ngaira, & Ogindo, 2011), as well as displacement due to 
competing land uses (Sullivan & Rohde, 2002). Therefore, mapping of grazing and rangeland resources and their 
changes over time becomes essential, to ensure sustainability and support decision-making and effective imple-
mentation of land use management approaches (Müller, Quaas, Frank, & Baumgärtner, 2011).

The advent of medium- to high-resolution data from sensors such as the Landsat-8 Operational Land Imager 
and the Sentinel-2 MSI, coupled with robust machine learning algorithms such as support vector machines and 
random forest (RF), offers the prospect of operational high-resolution grazing and rangeland mapping. In this proj-
ect, the high-resolution grazing and rangeland mapping product is generated based on the Sentinel-2 MSI, while 
the training data are generated from the ESA Climate Change Initiative (CCI) prototype high-resolution land cover 
map of Africa, and classification is performed using an RF classifier (Figure 4). The RF classifier is an ensemble 
tree-based algorithm which generates classification results by assimilating several classification trees. Each tree 
is grown to maximum depth using bootstrapped samples (i.e., out-of-bag) and randomly selected variables at each 
node. The RF classifier was chosen based on its robustness and better accuracy in applications such as land cover 

(4)RBR=

NBRpre−NBRpost

NBRpre+1.001
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mapping (Abdi, 2020), characterizing grazing quality and quantity (Ramoelo et al., 2015) and species discrimina-
tion (Mansour, Mutanga, Everson, & Adam, 2012). On the other hand, the coarse-resolution product (i.e., the Joint 
Research Centre (JRC) Global Rangeland Mask at 1 km) and the South African National Land Cover at 30 m were 
used as a reference for quality assurance purposes (Vancutsem, Marinho, Kayitakire, See, & Fritz, 2013).

2.3.6 | Water services

Water services provide geospatial products for water body extent mapping and lakewater quality assessment and 
monitoring. Other products are designed to deliver information on soil water availability for crop growing, as well 
as crop water consumption. According to the FAO (Turral, Burke, & Faurès, 2011), the impacts of climate change 
on the global hydrological cycle are expected to modify the patterns of water supply and demand for agriculture, 
the dominant user of freshwater. The extent and productivity of both irrigated and rainfed agriculture can be ex-
pected to change. As a result, the livelihoods of rural communities and the food security of a predominantly urban 
population are at risk from water-related impacts linked primarily to climate variability. The rural poor, who are the 
most vulnerable, are likely to be disproportionately affected. Adaptation measures that build upon improved land 
and water management practices are fundamental in boosting overall resilience to climate change.

2.3.7 | Weather services

Weather services provide seven-day to near real-time deterministic weather forecasts at continental scale (0.25° 
longitude × 0.25° latitude). In addition, probabilistic weather forecasts will serve to deliver early warnings on 
weather extremes at continental scale (0.5° longitude × 0.5° latitude). In the short term, weather factors may re-
duce crop yield, while extreme weather events combined with a climate change environment produce food short-
ages. In fact, yield losses of more than 25% have been projected for various crops and regions (Porter et al., 2014). 
Therefore, weather forecasts, both short and medium range, are required for making decisions. Day-to-day farm 
management requires weather information for the schedule of farming practices; for example, the application of 
fertilizers requires water in the upper to mid layers of the soil, the spaying must be done on non-windy days, etc. 

F I G U R E  3   Schematic view of the procedure followed to detect burnt areas at high spatial resolution using 
Sentinel-2 images
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Weather conditions are also a key driver for the outbreak of pests and diseases, such as fungal diseases. Knowing 
in advance the likelihood of these events can support early decision-making towards the mitigation of the adverse 
effects of weather on food production.

3  | RESULTS

3.1 | Identified user requirements and list of EO data

Gathering user needs has provided us with valuable information about crop types, fertilization requirements, 
calendar advice, irrigation scheduling, and the facilitation of timely agricultural management practices. One of the 
main concerns reflected during some of the national workshops was related to water availability and droughts at 
different time-scales, from climate seasonal forecast to decadal and long-term climate change projections, as it 
strongly affects crop planning and growth, and livestock management. Moreover, climate and weather informa-
tion is also needed as input for crop models.

The list of users’ requirements identified through review of secondary sources and engagements with poten-
tial users in the AfriCultuReS pilot countries can be summarized as follows:

•	 EO monitoring of crop conditions, crop pests, crop diseases, and crop management.
•	 Provide ready-to-use information for irrigation management.
•	 Provide a smart system to predict crop yield for tackling hunger and disasters that affect crops.
•	 Integrate information on traditional cultivation techniques for the assessment of the most appropriate land for 

agricultural production.

F I G U R E  4   Methodological flow for grazing and rangeland mapping product
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•	 Support the development of index-based insurance.
•	 Enhance service provision to farmers by local government (policy monitoring, seed and fertilizer subsidy, field 

extension services, crop insurance, precision farming, early warning for drought, pests, diseases, disaster man-
agement, agricultural downstream logistics, farm-level calendars).

•	 Produce information for main crop yield forecasting.
•	 Set up index-based livestock insurance against extreme events for pastoralists to minimize their risk.
•	 Calibrate and evaluate climate services at local and regional scale; meteorological information based on the 

available national and/or international observational networks is needed as input.
•	 Provide information on the likelihood of extreme weather conditions (frost, high temperatures and heat waves, 

extreme precipitation events) related to agricultural activities.

The user requirements were then connected to actual services, intended to be designed and developed by the 
AfriCultuReS project. For the implementation of these services a set of EO products was identified as most appro-
priate. The EO products are presented in Table 2 along with the data source or provider for each scale considered.

3.2 | The AfriCultuReS service portfolio

Following the guidelines described in Section 2 and taking into consideration the users’ requirements identified 
and the availability of relevant EO products, the AfriCultuReS service portfolio was designed. It is presented in 
Table 3. Due to the large number of services developed, one representative service per service category identified 
in Section 2.3 is provided below. A case study accompanies each service description.

3.2.1 | Climate services: AFRICRS-S1-P02—Seasonal climate forecast and early warnings

Climate services aim to provide seasonal forecast and decadal and long-term climate projections at continental 
and, when possible, local or regional scales. At seasonal scale, these services obtain one month in advance the 
expected climate evolution for the next (typically 6–9) months as given by the state-of-the-art seasonal forecast 
systems produced by the Copernicus initiative. As a result, this service will allow proper adaptation measures to 
be planned according to the expected seasonal climate conditions.

As an example, the seasonal forecast of 2-m mean daily air temperature for autumn 2019 is shown in Figure 5 
at continental scale, including the tercile plot corresponding to Rwanda. In this figure, the most probable tercile 
(lower than normal, normal, and higher than normal) for each grid box is shown in colour (blue, yellow and red, 
respectively), while the transparency of the dots represents the uncertainty of the forecast as given by the hind-
cast (retrospective forecast). This is illustrated in more detail in the tercile plot in which the forecast for each year 
and the observed tercile are shown, reflecting the capability of the forecast system to predict each class in the 
past and, as a result, the uncertainty associated with the new forecast. Note that this forecast can be adapted to 
the target season and climate indices needed (e.g., plant dates) by end-users, extending the capabilities of other 
existing services (WMO, 2019).

3.2.2 | Crop services: AFRICRS-S2-P02—Crop condition monitoring (high resolution)

The crop condition assessment service provides information about the status of vegetation and crops through the 
VCI (see Section 2.3.2).
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As an example, the agricultural area of Jendouba, one of the Tunisian test areas, was chosen to test the ser-
vices in its rather wet climate and evaluate the impact on the availability of cloud-free images. Figures 6a and b 
shows the historical maximum and minimum NDVI computed for the area by using Sentinel-2 images acquired 
from January 2018 to 13 July 2019. In addition, Figure 6c shows the VCI map computed using the Sentinel-2 image 
acquired on 23 July 2019. The VCI is divided into four classes according to Qian et al. (2016): (d) normal vegetation 
condition; (c) moderate vegetation condition; (b) poor vegetation growth; (a) extremely poor growth condition. 
From the VCI map the statistics on the distribution of VCI values for the pixels classified as crop, grass, or shrub 
were retrieved. They are 81.5% for (a), 4.37% for (b), 3.11% for (c), and 11% for (d).

TA B L E  3   List of the AfriCultuReS services per scale level.

Product ID Product name Coarse Medium High

Climate AfriCRS-S1-P01 GAEZ Agro-Climatic 
Condition

✓

AfriCRS-S1-P02 Seasonal Climate Forecast 
and Early Warnings

✓

AfriCRS-S1-P03 Decadal Climate Change 
Predictions

✓

AfriCRS-S1-P04 Long Term Climate Change 
Projections

✓

Crop AfriCRS-S2-P01 Crop Type Mapping ✓

AfriCRS-S2-P02 Crop Condition Monitoring ✓ ✓ ✓

AfriCRS-S2-P03 Crop Yield Forecast ✓ ✓

AfriCRS-S2-P04 Crop Calendar ✓

AfriCRS-S2-P05 Crop Phenology Monitoring ✓

AfriCRS-S2-P06 Crop Early Warning ✓ ✓ ✓

Drought AfriCRS-S3-P01 Seasonal Drought Forecast ✓

AfriCRS-S3-P02 Drought Monitoring and 
Early Warning

✓

Land AfriCRS-S4-P01 Land Use & Land Use 
Change Monitoring

✓ ✓ ✓

AfriCRS-S4-P02 Land Degradation ✓

AfriCRS-S4-P03 Disasters Mapping and 
Monitoring (Fire, Flood)

✓ ✓

Livestock AfriCRS-S5-P01 Grazing and Rangeland 
Mapping

✓ ✓ ✓

AfriCRS-S5-P02 Grazing and Rangeland 
Condition Monitoring

✓ ✓ ✓

Water AfriCRS-S6-P01 Water Bodies Mapping ✓ ✓ ✓

AfriCRS-S6-P02 Lake Water Quality 
Monitoring

✓ ✓ ✓

AfriCRS-S6-P03 Soil Moisture Monitoring ✓ ✓

AfriCRS-S6-P04 Water Consumption 
Monitoring

✓ ✓ ✓

Weather AfriCRS-S7-P01 Weather Forecast ✓

AfriCRS-S7-P02 Weather Extremes Early 
Warning

✓
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F I G U R E  5   (a) Seasonal forecast for the African continent for the 2-m air temperature for September to 
November 2019 (the study area of Rwanda is indicated by a green box) - the dot size and the transparency 
show, respectively, the percentage of members corresponding to the most probable tercile and the skill of the 
prediction; and (b) Seasonal forecast for the Rwanda study area for autumn 2019. White dots represent the 
tercile (rows) observed for each year (columns) during the hindcast period (1993-2016)
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3.2.3 | Drought services: AfriCRS-S3-P01—Seasonal drought forecast

Complementary to the Seasonal Climate Forecast and Early Warnings, the Seasonal Drought Forecast service 
aims to provide the probability and intensity of drought conditions for the next season one month in advance, in 

F I G U R E  7   (a) Seasonal drought forecast for the African continent during spring of 2016 (the study area 
of South Africa is indicated with a green box); and (b) 1 Month Standardized precipitation evapotranspiration 
index from March to May 2016 in South Africa. Note that for the calculation of the SPEI-01 index the climatic 
conditions of the previous month, February 2016 in this case, are considered
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order to plan proper adaptation measures according to the predicted drought conditions, using the time series 
of the SPEI index. This service has been identified by end-users during the workshops as an important relevant 
product to properly establish actions for the next season. Note that the conjunction of both climate and drought 
Services gives the user a general view of the expected climate conditions for the next months.

As an example, the one-month-in-advance seasonal forecast of the SPEI for spring 2016 is shown in Figure 7, 
corresponding to the end of a large drought period of approximately 2 years (2015–2016) affecting South Africa, 
which has been reported in scientific and institutional publications (Archer et al., 2017; Hornby, Vanderhaeghen, 
Versfeld, & Ngubane, 2017; Yuan, Wang, & Wood, 2018). On the one hand, Figure 7a shows that drought con-
ditions (blue) were predicted for the whole continent. The dot size and the transparency show, respectively, the 
percentage of members corresponding to the most probable tercile and the skill of the prediction as given by the 
evaluation of the hindcast against the observations, in this case the EWEMBI data set (Frieler et al., 2017; Lange, 
2018) which can be downloaded from the ISIMIP ESGF server (https://esg.pik-potsd​am.de/searc​h/isimi​p/?proje​
ct=ISIMI​P2b&datas​et_type=Clima​te+atmos​phere​+observed). Based on this, only the south and mid-centre of the 
continent show a reliable forecast of those drought conditions. The tercile plot (Figure 7b) shows, for a location or 
a (climatologically homogeneous) region, the probability predicted for each tercile in the historical period and the 
target season, in this case spring 2016. The white dots show the observed tercile, reflecting the capability (or not) 
of the seasonal forecast system to reproduce the observations. This skill is shown together with the forecast in 
order to reflect its uncertainty according to historical predictions. As could be expected, for this particular season 
and region (the green box in Figure 7a), all the members predicted normal or dry conditions for the season and the 
uncertainty of the prediction is very low, leading to a high confidence in these results. Thus, a source of valuable 
information is established for farmers and authorities to plan adaptation measures based on the given forecast.

F I G U R E  8   Example of high-resolution fire disaster mapping computed for the test area of Jendouba, Tunisia, 
between 17 and 22 August 2019 using the RBR index

https://esg.pik-potsdam.de/search/isimip/?project=ISIMIP2b&dataset_type=Climate+atmosphere+observed
https://esg.pik-potsdam.de/search/isimip/?project=ISIMIP2b&dataset_type=Climate+atmosphere+observed
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3.2.4 | Land services: AFRICRS-S4-P03—Disasters mapping and monitoring (burnt area 
mapping, high resolution)

This service provides key information to many diverse applications such as forestry, agriculture, and risk manage-
ment, and makes it possible to assess the extent of crop, forested, and pastoral areas affected by fire. The service 
consists of an automated satellite-based map data set for burnt areas, with data available on the area of interest 
being continuously updated using Sentinel-2 L2A images.

As an example, one of the AfriCRS Tunisian test areas was considered. Figure 8 shows an example of an RBR 
map, based on Sentinel-2, computed for the test area of Jendouba. The map was computed using two Sentinel-2 
images acquired on 17 and 22 August 2019. Four fire severity levels are distinguished: (1) unburned; (2) low; (3) 
moderate; and (4) high. Monitoring burned areas could help in assessing the loss of agricultural areas as well as, in 
the case of wooded areas, the damage severity and the potential susceptibility to soil erosion.

3.2.5 | Livestock services: AFRICRS-S5-P01—Grazing and rangeland mapping (high 
resolution)

Livestock services provide satellite-based products to support livestock agricultural management decisions. 
These services entail multi-scale historical assessment, seasonal and on-the-go pasture and rangeland mapping 
and condition monitoring.

As an example, South African rangelands were mapped using Sentinel-2 MSI data at 20  m resolution and 
an RF classifier. This case study was chosen based on the availability of recent high-resolution land cover data 
for comparison with mapped rangelands and the extensive mosaic of commercial, small-holder and subsistence 
livestock farming activities. The training data were generated from ESA CCI-LC, the Africa Prototype Land Cover 
Map (released 2017). A visual comparison of the preliminary rangeland map for South Africa (Figure 9d) with a 
reclassified National Land Cover map (NLC 2017/2018) and the JRC-Global Rangeland Mask (Figure 9e) indicates 
huge differences between the maps. The observed differences may be due to several factors, related to dates of 
acquisitions of input data, differences in spatial resolutions and temporal compositing methods used. For example, 
the rangeland map in Figure 9a is based on Sentinel-2 data acquired in 2019 March and April at 20 m spatial res-
olution, while the map in Figure 9b is based on Landsat-8 data collected between 2017 and 2018, and Figure 9c, 
the JRC Rangeland Mask, is based on MODIS data and provided at a spatial resolution of 1-km (https://data.jrc.
ec.europa.eu/datas​et/jrc-10112​-10005). Further information can be found in Pérez-Hoyos (2018). Another con-
tributing factor of the difference is the accuracy of ESA CCI-LC (65%; Lesiv et al., 2017), while that of the NLC is 
about 96%. Therefore, future work will involve the improvement of the rangeland map.

3.2.6 | Water services: AFRICRS-S6-P03—Soil moisture monitoring (coarse resolution)

The Soil Moisture Monitoring service provides decadal information about moisture conditions in different soil 
depth for Africa’s continental tile. This information is provided through the Copernicus Global Land Service 10-
day Soil Water Index (SWI), with a mean value computed over a period of 10 days. Copernicus SWI product is 
derived from the Surface Soil Moisture (SSM) data at 25 km spatial resolution distributed by EUMETSAT and 
produced using near real time data from the ASCAT (Advanced scatterometer) instrument on board the MetOp-A 
satellite. The SWI quantifies the moisture condition at various time intervals from which the depths in the soil can 
be retrieved, according to the equation T = L/C, where T is a factor determining how fast the soil moisture con-
tent decays with time, L is the depth of the reservoir layer referring to the soil profile extending downward from 
the bottom of the soil surface layer which is accessible to C-band scatterometers, and C is a pseudo-diffusivity 

https://data.jrc.ec.europa.eu/dataset/jrc-10112-10005
https://data.jrc.ec.europa.eu/dataset/jrc-10112-10005
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constant. The soil moisture is defined as the amount of water (m3/m3) contained in soil layers identified according 
to their depth measured from the surface. Soil moisture is intimately involved in the feedback between climate 
and vegetation, since local climate and vegetation both influence soil moisture through evapotranspiration, while 
soil moisture and climate determine the type of vegetation in a region. Changes in soil moisture therefore have 
a serious impact on agricultural productivity, forestry, and ecosystem health. Thus, the SWI is used in soil–veg-
etation–atmosphere transfer schemes to improve the accuracy of general circulation models, or to improve the 
understanding of the feedback between climate and vegetation. Soil moisture is directly derived from the SWI 
(SWI10) by comparing actual observations with long-term statistics, based on the 10-year period 2009–2018. 
This product is displayed in a regular latitude/longitude grid (plate carrée) with the ellipsoid WGS 1984 (terrestrial 
radius 6,378 km). The resolution of the grid is 0.1° and is provided as multi-band GeoTIFF. The SWI10 product for 
the country of Tunisia was considered as a case study (see Figure 10).

3.2.7 | Weather services: AFRICRS-S7-P02—Weather extremes early warning (coarse 
resolution)

Early warning systems regarding weather extremes are widely used around the globe, providing valuable infor-
mation about potential extreme weather conditions and risk information in order to protect lives, livelihoods and 
assets. Some examples of such early warning systems are the French “Vigilance” system (Golnaraghi, 2012), the 
European Multi-Purpose Meteorological Awareness Programme (EMMA/METEOALARM; https://www.eumet​
net.eu/activ​ities/​forec​astin​g-progr​amme/curre​nt-activ​ities​-fc/emma/), the Incident Meteorologist Program in 
the United States and the Early Warning System deployed by the Hong Kong Observatory. The Weather Extremes 
Early Warning service aims to inform end-users about temperature and precipitation extremes every day for the 
upcoming 7 days by utilizing the NCEP Global Ensemble Forecasting System (GEFS: Hou, Toth, & Zhu, 2006; Toth 
& Kalnay, 1993, 1997; Wei, Toth, Wobus, & Zhu, 2008; Wei et al., 2006). This information is crucial for proper 
adjustments of agricultural practices related to food security, as weather extremes (e.g., flooding events) have a 
direct effect on crop yield.

The service addresses the probability of extreme temperatures in 3 hr time and at daily intervals and of pre-
cipitation extremes on a daily basis. Extremes (0.01, 0.05, 0.1, 0.9, 0.95, 0.99 quantiles) are defined by the ERA5 
reanalyses data set (Copernicus Climate Change Service, 2017) for each month, or any other additional data set 

F I G U R E  1 0   Example of soil moisture maps for Tunisia: (a) SWI10 map of 1 July 2019; (b) the historical 10-
year mean SWI10 value; and (c) the historical 10-year standard deviation of SWI10

https://www.eumetnet.eu/activities/forecasting-programme/current-activities-fc/emma/
https://www.eumetnet.eu/activities/forecasting-programme/current-activities-fc/emma/
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fit for purpose. The service products come at 0.5° × 0.5° horizontal resolution at continental (Africa, 20°W–55°E, 
40°N–40°S) scale, in graphics (.png) and NetCDF format.

As an example, the extreme precipitation products (0.9, 0.95, 0.99 quantiles) on 25 September 2019 (forecast 
day 1) of the 24 September 2019 (1200 UTC) GEFS prognostic cycle are illustrated in Figure 11 (bottom row), 
along with the 24 hr estimated accumulated precipitation from the Integrated Multi-Satellite Retrievals for GPM 
(IMERG; Huffman, Stocker, Bolvin, Nelkin, & Jackson, 2019) product (top left) and the corresponding quantiles 
(0.95, 0.99, 0.999) from the climatology (top row). Shaded contours (Figure 11, bottom row) depict the percentage 
probability of precipitation occurrence above the specific threshold (Figure 11, top row), as defined by the clima-
tology (ERA5).

According to the GEFS (Figure 11, bottom row), extreme precipitation is likely to occur in the central parts of 
Mozambique (over 90% probability, in all quantile plots), where the most fertile areas are located, in some regions 
of southern Ethiopia and over the mountainous areas of western Kenya, on 25 September 2019. The comparison 
with the IMERG product (Figure 11, top left) indicates that for central Mozambique the daily precipitation was 
actually above the 0.99 quantile values on that day, suggesting good performance of the early warning service.

4  | DISCUSSION

4.1 | Issues of scale, accuracy, and operationality

The service design of the AfriCultuReS project was performed to produce an integrated approach, merging indi-
vidual services that respond to the problem of food security in Africa from different sectors. A notable advantage 
of the project as compared to its predecessors is the direct involvement of potential users in a co-design approach, 
promoted through the numerous workshops and surveys conducted in Africa. Another advantage is the direct 
communication with users and the establishment of the way the services will reach them.

For each AfriCultuReS service the relevant scale(s) for implementation was defined. While climate, weather, 
and drought services run using coarse-resolution global numerical weather prediction models, other services such 
as crop and land services are more meaningful at high resolution, where a higher level of detail about the crop 
types and farmlands is used. Other services, such as vegetation condition, are developed at all scales (from high to 
low resolution) in order to feed other services and provide information for multi-level decision-making.

Each scale has its pros and cons. Low-resolution products provide little detail but cover a wide area. High-
resolution products, on the other hand, provide a high level of detail but for a limited area. The heavier processing 
burden and storage requirements when using high-resolution data need to be taken into account.

Regarding the temporal scale at which services will be provided, the appropriate time-scale is selected for each 
service and each user’s requirements. Time-scales for weather forecasting and climate change monitoring vary 
from a few days up to the end of the century. A crop growth monitoring service has decadal (10-day composite) 
time-steps, while a land cover product is considered stable throughout the year. In addition, each pilot country 
has its specificities (e.g. different crop calendars and growth seasons) which result in specific requirements in 
temporal analysis. Monitoring services require frequently available data; this condition was fulfilled by the use of 
Copernicus 10-day products and Sentinel-1 and Sentinel-2 images with 5- to 6-day revisit times.

Regarding the forecasting products, the early warning system based on the climate seasonal forecast provides 
information one month in advance for the next season, in order to identify the occurrence and intensity of drought 
events and thus to plan the planting dates and growing season of crops. In addition, climate change services pro-
vide the information required for the authorities to define and establish mitigation and adaptation measures (e.g. 
identifying new optimal crops) for climate change.

A rather common constraint of satellite EO data is the cloud cover, where the surface reflectance of optical 
wavelengths or emissivity of thermal wavelengths is disrupted by the clouds, and there is large distortion at the 
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clouds’ shadow. Depending on the nature of the service, the workaround was to use lower-resolution (but more 
frequent) satellite images, leading to a higher chance of acquiring data when there is no cloud cover, to use com-
posite products (e.g., MODIS 8-day composite LAI product) which incorporate cloud filling techniques in order to 
overcome the issue of gaps from cloud cover, and to use microwave images (e.g., synthetic-aperture radar) that 
are not affected by cloud.

For all service products accuracy information is reported. For some service products that are federated and 
need additional processing (e.g., Copernicus products), the accuracy given by the service provider is directly re-
ported. For those requiring some pre-processing, which may not provide equally accurate results when applied 
in the various agro-ecological zones in Africa, or for newly implemented methodologies, some extra validation 
work is being performed as part of the project’s validation phase. Therefore, the data are tested at different levels 
according to available reference data and the level of processing. The reference data sets include non-EO data 
collected for AfriCultuReS purposes through new campaigns at test sites, historical non-EO data available to proj-
ect partners and identified through questionnaires for data availability, EO products of higher spatial resolution, 
as well as data from other reliable sources.

4.2 | Case studies assessment and relation to food security

A case study was presented in this article for each category of services (Section 3.2), thus providing seven specific 
examples of food-security-related service outputs in specific areas of the African continent.

The climate services provided the seasonal forecast of precipitation and temperature at continental and na-
tional scales for autumn 2019, reflecting both the forecast and its uncertainty as defined by the corresponding 
hindcast. In general, warmer than normal conditions were predicted for this season. The climate services also pro-
vide information about mid-term climate variability and long-term climate change scenarios, enhancing the user’s 
knowledge and understanding about the impacts of climate on their field, allowing enhanced decision-making. 
One of the most significant impacts of climate variability and climate change is the potential increase in food inse-
curity and malnutrition. All the components of food security are affected by climate-related issues: crop quantity 
and quality, as well as yield, are affected by the change and variability of climate patterns such as rainfall or tem-
perature, threatening food availability; the deterioration of the agro-climatic conditions could lead to the increase 
of the price of major crops, affecting access to food for low-income populations; climate risks are tightly woven 
with calorie intake, and recurrent extreme events lead to the modification of the traditional diet which affects 
health conditions in societies with low coping and adaptation capacity; and food stability is also threatened by the 
occurrence of uneven phenomena affecting food production.

The crop condition service provided some statistics on crop condition over a specific area, showing some 
deviation of the current vegetation condition from the historical minimum and maximum values, thus highlighting 
the areas where vegetation growth status is poor. The high-resolution version of this product, based on Sentinel-2 
images, enables the monitoring of crop status, taking into account the typical crop field sizes (1–2 ha) in African 
countries. Other vegetation condition products, like the 1 km spatial resolution Copernicus VCI and the 250 m 
spatial resolution MODIS NDVI anomaly, are suitable for monitoring the general status of vegetation without dif-
ferentiating between crop or other land cover types (Zambrano, Lillo-Saavedra, Verbist, & Lagos, 2016).

In the case of the seasonal forecast and early warnings of drought conditions, the drought event that oc-
curred in spring 2016 was considered as an example reflecting, one month in advance, the high probability and 
confidence for drought conditions during this season. This kind of forecast may allow farmers and authorities to 
establish adaptation measures according to the climate conditions predicted. Drought information may lead to 
adjustments in crop selection, cropping patterns and water use efficiency measures (de la Poterie et al., 2018).

A burnt area was successfully identified using a pre- and various post-fire events through Sentinel-2 images 
and by applying the RBR index in the Jendouba area in June 2019. This can lead to the estimation of biomass 
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loss and to support through monitoring recovery and rehabilitation operations. Similar to previous services, the 
burned areas estimate at high resolution allows the extent of crop and grassland areas affected by fire to be as-
sessed (Archibald, Scholes, Roy, Roberts, & Boschetti, 2010). According to the period of the fire event (phenologic 
or post-harvesting), the impact on food production can be estimated.

An example of a rangeland map of South Africa was presented for the livestock service using Sentinel-2 MSI 
data and an RF classifier. As shown by the results in Figure 9, classification errors were large, attributed to tem-
poral and spatial differences between products compared as well as data compositing methods. However, the 
large omission errors may be due to real changes (i.e. decline in rangeland extent), while commission errors may 
be due to errors in the prototype CCI-LC product used for training the RF classifier (Lesiv et al., 2017). In the 
future, crowdsourcing should be considered to gather more reliable training data to improve rangeland mapping. 
Nevertheless, the results from the Sentinel-2 MSI and RF are promising for monitoring of rangeland extent in 
Africa. The product is crucial for assessing, through time, the magnitude of changes and potential threats to range-
lands. The produced grazing and rangeland maps should aid sustainable spatial planning, effective implementation 
of land management approaches, and informed decision- and policy-making in Africa, to avert the risks of food 
insecurity and to achieve global and continental mandates such as the United Nations Sustainable Development 
Goals and the African Agenda 2063 (Kganyago & Mhangara, 2019). The service will provide information not only 
on the extent of rangelands but also on its condition, on which forage production is also dependent.

The SWI10 product is used to monitor soil moisture at coarse resolution over Africa. Through the Copernicus 
SWI10 product the resolution at which soil moisture can be determined directly with Earth observation is con-
siderably improved, providing critical information to farmers’ organizations and agencies responsible for water 
management and irrigation.

The Weather Extremes Early Warning precipitation maps provide insight on the probability of extreme pre-
cipitation occurrence over Africa (0.5° × 0.5° horizontal resolution), based on an ensemble of model runs and 
according to climatology thresholds. Deterministic precipitation forecasts (in millimetres, at 3-hr intervals), are 
also available at finer scale (0.25° × 0.25° longitude/latitude). The precipitation product is a critical input to various 
AfriCultuReS services, including drought early warning and crop yield prediction.

As shown above, many products and services are interconnected. The early warning for drought uses input 
from the weather service and crop condition products. For the livestock service, information on land cover, pas-
ture conditions and water availability are required.

5  | CONCLUSIONS

In the present article the concept behind the description of services of the AfriCultuReS project was presented 
with results regarding users’ requirements collected through review of secondary sources and engagement with 
potential users. Based on these requirements, a list of services related to the climate, drought, land, livestock, 
crops, water, and weather was established and relevant EO products were selected for their implementation. 
Several case studies were presented from the application of the selected methodology in the project’s pilot sites, 
pilot countries, or over the whole African continent according to the appropriate spatial scale. Future articles will 
report on the integration of these services into the project’s platform, their validation by users and their demon-
stration over a different area in Africa.

ACKNOWLEDG EMENTS
This article is part of the AfriCultuReS project "Enhancing Food Security in African Agricultural Systems with 
the Support of Remote Sensing", which received funding from the European Union's Horizon 2020 Research and 
Innovation Framework Programme under grant agreement No. 774652.



     |  717ALEXANDRIDIS et al.

CONFLIC T OF INTERE S T
The authors have no conflict of interest to declare.

AUTHOR CONTRIBUTIONS
T. K. Alexandridis contributed to the conception, design and revision of the manuscript, G. Ovakoglou contributed 
to the design, drafting, revision, submission of the manuscript and acquisition, analysis and interpretation of data, 
I. Cherif contributed to the design, drafting, revision of the manuscript and acquisition, analysis and interpretation 
of data, M. Gómez Giménez contributed to the drafting and revision of the manuscript, G. Laneve contributed to 
drafting the manuscript and acquisition, analysis and interpretation of data, D. Kasampalis contributed to acquisi-
tion, analysis and interpretation of data, D. Moshou contributed to acquisition, analysis and interpretation of data, 
S. Kartsios contributed to the drafting of the manuscript and acquisition, analysis and interpretation of data, M. 
C. Karypidou contributed to the drafting of the manuscript and acquisition, analysis and interpretation of data, E. 
Katragkou contributed to the drafting and revision of the manuscript, S. Herrera García contributed to the drafting 
of the manuscript and acquisition, analysis and interpretation of data, M. Kganyago contributed to the drafting of 
the manuscript and acquisition, analysis and interpretation of data, N. Mashiyi contributed to the drafting of the 
manuscript and acquisition, analysis and interpretation of data, K. Pattnayak contributed to the acquisition, analy-
sis and interpretation of data, A. Challinor contributed to the drafting and revision of the manuscript, R. Pritchard 
contributed to the revision of the manuscript, D. Brockington contributed to the revision of the manuscript,  
C. Kagoyire contributed to the drafting of the manuscript and J. Suarez Beltran contributed to the conception and 
design of the manuscript.

ORCID
T. K. Alexandridis   https://orcid.org/0000-0003-1893-6301 
G. Ovakoglou   https://orcid.org/0000-0001-7195-6112 
G. Laneve   https://orcid.org/0000-0001-6108-9764 
D. Kasampalis   https://orcid.org/0000-0002-9485-3631 
D. Moshou   https://orcid.org/0000-0001-7270-5307 
S. Kartsios   https://orcid.org/0000-0002-2790-3782 
E. Katragkou   https://orcid.org/0000-0003-0863-3411 
S. Herrera García   https://orcid.org/0000-0002-5384-179X 
M. Kganyago   https://orcid.org/0000-0001-9553-0378 
N. Mashiyi   https://orcid.org/0000-0002-8075-0789 
K. Pattnayak   https://orcid.org/0000-0001-9589-8789 
A. Challinor   https://orcid.org/0000-0002-8551-6617 
R. Pritchard   https://orcid.org/0000-0002-6174-3460 
D. Brockington   https://orcid.org/0000-0001-5692-0154 

R E FE R E N C E S
Abdi, A. M. (2020). Land cover and land use classification performance of machine learning algorithms in a boreal land-

scape using Sentinel-2 data. GIScience & Remote Sensing, 57(1), 1–20.
Archer, E. R. M., Landman, W. A., Tadross, M. A., Malherbe, J., Weepener, H., Maluleke, P., & Marumbwa, F. M. (2017). 

Understanding the evolution of the 2014–2016 summer rainfall seasons in southern Africa: Key lessons. Climate Risk 
Management, 16, 22–28.

Archibald, S., Scholes, R. J., Roy, D. P., Roberts, G., & Boschetti, L. (2010). Southern African fire regimes as revealed by 
remote sensing. International Journal of Wildland Fire, 19(7), 861–878.

Belayneh, A., & Tessema, Z. K. (2017). Mechanisms of bush encroachment and its inter-connection with rangeland deg-
radation in semi-arid African ecosystems: A review. Journal of Arid Land, 9(2), 299–312.

https://orcid.org/0000-0003-1893-6301
https://orcid.org/0000-0003-1893-6301
https://orcid.org/0000-0001-7195-6112
https://orcid.org/0000-0001-7195-6112
https://orcid.org/0000-0001-6108-9764
https://orcid.org/0000-0001-6108-9764
https://orcid.org/0000-0002-9485-3631
https://orcid.org/0000-0002-9485-3631
https://orcid.org/0000-0001-7270-5307
https://orcid.org/0000-0001-7270-5307
https://orcid.org/0000-0002-2790-3782
https://orcid.org/0000-0002-2790-3782
https://orcid.org/0000-0003-0863-3411
https://orcid.org/0000-0003-0863-3411
https://orcid.org/0000-0002-5384-179X
https://orcid.org/0000-0002-5384-179X
https://orcid.org/0000-0001-9553-0378
https://orcid.org/0000-0001-9553-0378
https://orcid.org/0000-0002-8075-0789
https://orcid.org/0000-0002-8075-0789
https://orcid.org/0000-0001-9589-8789
https://orcid.org/0000-0001-9589-8789
https://orcid.org/0000-0002-8551-6617
https://orcid.org/0000-0002-8551-6617
https://orcid.org/0000-0002-6174-3460
https://orcid.org/0000-0002-6174-3460
https://orcid.org/0000-0001-5692-0154
https://orcid.org/0000-0001-5692-0154


718  |     ALEXANDRIDIS et al.

Biber-Freudenberger, L., Ziemacki, J., Tonnang, H. E., & Borgemeister, C. (2016). Future risks of pest species under chang-
ing climatic conditions. PLoS ONE, 11(4), e0153237.

Carenton-Madiec, N., Denvil, S., & Greenslade, M. (2015). The Earth System Grid Federation (ESGF) project.In Proceedings 
of the 2015 EGU General Assembly Conference, Vienna, Austria.

Climate & Development Knowledge Network. (2019). The IPCC’s special report on climate change and land: What’s in it 
for Africa? Retrieved from https://cdkn.org/wp-conte​nt/uploa​ds/2019/10/IPCC-Land_Africa_WEB_03Oct​2019.pdf

Cofiño, A., Bedia, J., Iturbide, M., Vega, M., Herrera, S., Fernández, J., … Gutiérrez, J. (2018). The ECOMS User Data 
Gateway: Towards seasonal forecast data provision and research reproducibility in the era of climate services. Climate 
Services, 9, 33–43.

Copernicus Climate Change Service. (2017). ERA5: Fifth generation of ECMWF atmospheric reanalyses of the global climate. 
Retrieved from https://cds.clima​te.coper​nicus.eu/cdsap​p#!/home

de la Poterie, A. S. T., Jjemba, W. E., Singh, R., de Perez, E. C., Costella, C. V., & Arrighi, J. (2018). Understanding the use 
of 2015–2016 El Niño forecasts in shaping early humanitarian action in Eastern and Southern Africa. International 
Journal of Disaster Risk Reduction, 30, 81–94.

Demisse, G. B., Tadesse, T., Wall, N., Haigh, T., Bayissa, Y., & Shiferaw, A. (2019). Linking seasonal drought product in-
formation to decision makers in a data-sparse region: A case study in the Greater Horn of Africa. Remote Sensing 
Applications: Society & Environment, 14, 200–206.

Deutsch, L., Falkenmark, M., Gordon, L., Rockström, J., Folke, C., Steinfeld, H., … Neville, L. (2010). Water-mediated 
ecological consequences of intensification and expansion of livestock production. In H. Steinfeld, H. Mooney, & 
F. Schneider (Eds.), Livestock in a changing landscape: Drivers, consequences and responses (pp. 97–110). London, UK: 
Island Press.

Diao, X., & Sarpong, D. B. (2011). Poverty implications of agricultural land degradation in Ghana: An economy-wide, mul-
timarket model assessment. African Development Review, 23(3), 263–275.

Dixon, J. A., Gibbon, D. P., & Gulliver, A. (2001). Farming systems and poverty: Improving farmers' livelihoods in a changing 
world. Rome, Italy: FAO.

Falkenmark, M., & Galaz, V. (2007). Agriculture, water and ecosystems. Stockholm, Sweden: International Water Institute.
Feng, S., & Fu, Q. (2013). Expansion of global drylands under a warming climate. Atmospheric Chemistry & Physics, 13(10), 

100081–100094.
Food and Agriculture Organization. (2009). Declaration of the world summit on food security. In Proceedings of the World 

Summit on Food Security, Rome, Italy (pp. 1–7). Author.
Food and Agriculture Organization. (2017). The impact of disasters on agriculture: Addressing the information gap. Rome, 

Italy: Author.
Food and Agriculture Organization. (2018). Pastoralism in Africa’s drylands. Rome, Italy: Author.
Frieler, K., Lange, S., Piontek, F., Reyer, C. P. O., Schewe, J., Warszawski, L., … Emanuel, K. (2017). Assessing the impacts 

of 1.5°C global warming – simulation protocol of the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP2b). 
Geoscientific Model Development, 10(12), 4321–4345.

Fritz, S., See, L., Bayas, J. C. L., Waldner, F., Jacques, D., Becker-Reshef, I., … McCallum, I. (2019). A comparison of global 
agricultural monitoring systems and current gaps. Agricultural Systems, 168, 258–272.

Golnaraghi, M. (2012). Institutional partnerships in multi-hazard early warning systems: A compilation of seven national good 
practices and guiding principles. Berlin, Germany: Springer.

Haile, G. G., Tang, Q., Sun, S., Huang, Z., Zhang, X., & Liu, X. (2019). Droughts in East Africa: Causes, impacts and resil-
ience. Earth-Science Reviews, 193, 146–161.

Hewitson, B., Lennard, C., Nikulin, G., & Jones, C. (2012). CORDEX-Africa: A unique opportunity for science and capacity 
building. CLIVAR Exchanges, 17(3), 6–7.

Hornby, D., Vanderhaeghen, Y., Versfeld, D., & Ngubane, M. (2017). A harvest of dysfunction: Rethinking the approach 
to drought, its causes and impacts in South Africa. Johannesburg, South Africa: Oxfam South Africa. Retrieved from 
https://www.oxfam.org.za/wp-conte​nt/uploa​ds/2017/03/Final​-Final​-OZA-Oxfam​-Droug​ht-Report.pdf

Hou, D., Toth, Z., & Zhu, Y. (2006). A stochastic parameterization scheme within NCEP Global Ensemble Forecast System. 
In Proceedings of the 86th Annual Meeting of the American Meteorological Society, Atlanta, GA.

Huffman, G. J., Stocker, E. F., Bolvin, D. T., Nelkin, E. J., & Jackson, T. (2019). GPM IMERG Final Precipitation L3 1 day 0.1 
degree x 0.1 degree V06 (edited by Andrey Savtchenko, Greenbelt, MD, Goddard Earth Sciences Data and Information 
Services Center (GES DISC)). https://doi.org/10.5067/GPM/IMERG​DF/DAY/06

Huho, J. M., Ngaira, J. K., & Ogindo, H. O. (2011). Living with drought: The case of the Maasai pastoralists of northern 
Kenya. Educational Research, 2(1), 779–789.

Intergovernmental Panel on Climate Change. (2020). Climate change and land: An IPCC special report on climate change, 
desertification, land degradation, sustainable land management, food security, and greenhouse gas fluxes in terrestrial eco-
systems, summary for policymakers. Geneva: Author. Retrieved from https://www.ipcc.ch/site/asset​s/uploa​ds/sites/​
4/2020/02/SPM_Updat​ed-Jan20.pdf

https://cdkn.org/wp-content/uploads/2019/10/IPCC-Land_Africa_WEB_03Oct2019.pdf
https://cds.climate.copernicus.eu/cdsapp#!/home
https://www.oxfam.org.za/wp-content/uploads/2017/03/Final-Final-OZA-Oxfam-Drought-Report.pdf
https://doi.org/10.5067/GPM/IMERGDF/DAY/06
https://www.ipcc.ch/site/assets/uploads/sites/4/2020/02/SPM_Updated-Jan20.pdf
https://www.ipcc.ch/site/assets/uploads/sites/4/2020/02/SPM_Updated-Jan20.pdf


     |  719ALEXANDRIDIS et al.

Iturbide, M., Bedia, J., Herrera, S., Baño-Medina, J., Fernández, J., Frías, M., … Gutiérrez, J. (2019). The R-based climate4R 
open framework for reproducible climate data access and post-processing. Environmental Modelling & Software, 111, 
42–54.

Jerven, M. (2013). Poor numbers: How we are misled by African development statistics and what to do about it. Ithaca, NY: 
Cornell University Press.

Key, C. H., & Benson, N. C. (1999). The Normalized Burn Ratio (NBR): A Landsat TM radiometric measure of burn severity. 
Bozeman, MT: U.S. Geological Survey, Northern Rocky Mountain Science Center.

Kganyago, M., & Mhangara, P. (2019). The role of African emerging space agencies in Earth observation capacity building 
for facilitating the implementation and monitoring of the African development agenda: The case of African Earth 
Observation Program. ISPRS International Journal of Geo-Information, 8(7), 292.

Kganyago, M., Odindi, J., Adjorlolo, C., & Mhangara, P. (2018). Evaluating the capability of Landsat 8 OLI and SPOT 
6 for discriminating invasive alien species in the African Savanna landscape. International Journal of Applied Earth 
Observation & Geoinformation, 67, 10–19.

Kim, K.-H., Shin, Y., Lee, S., & Jeong, D. (2019). Use of seasonal climate forecasts on agricultural decision-making for crop 
disease management. In T. Iizumi, R. Hirata, & R. Matsuda (Eds.), Adaptation to climate change in agriculture: Research 
and practices (pp. 173–191). Berlin, Germany: Springer.

Lange, S. (2018). Bias correction of surface downwelling longwave and shortwave radiation for the EWEMBI dataset. 
Earth System Dynamics, 9(2), 627–645.

Lesiv, M., Fritz, S., McCallum, I., Tsendbazar, N., Herold, M., Pekel, J.-F., … Van De Kerchove, R. (2017). Evaluation of ESA 
CCI prototype land cover map at 20 m (IIASA Working Paper No. 17-021). Laxenburg, Austria: International Institute for 
Applied Systems Analysis. Retrieved from https://iiasa.ac.at/web/home/about/​news/Evalu​ation_of_ESA_CCI_proto​
type_land_cover_map_at_20m.pdf

Mansour, K., Mutanga, O., Everson, T., & Adam, E. (2012). Discriminating indicator grass species for rangeland degra-
dation assessment using hyperspectral data resampled to AISA Eagle resolution. ISPRS Journal of Photogrammetry & 
Remote Sensing, 70, 56–65.

Miller, J. D., & Thode, A. E. (2007). Quantifying burn severity in a heterogeneous landscape with a relative version of the 
delta Normalized Burn Ratio (dNBR). Remote Sensing of Environment, 109(1), 66–80.

Monfreda, C., Ramankutty, N., & Foley, J. A. (2008). Farming the planet: 2. Geographic distribution of crop areas, yields, 
physiological types, and net primary production in the year 2000. Global Biogeochemical Cycles, 22(1), GB1022.

Mugasi, S., Sabiiti, E., & Tayebwa, B. (2000). The economic implications of bush encroachment on livestock farming in 
rangelands of Uganda. African Journal of Range & Forage Science, 17(1–3), 64–69.

Müller, B., Quaas, M. F., Frank, K., & Baumgärtner, S. (2011). Pitfalls and potential of institutional change: Rain-index 
insurance and the sustainability of rangeland management. Ecological Economics, 70(11), 2137–2144.

Nardone, A., Ronchi, B., Lacetera, N., Ranieri, M. S., & Bernabucci, U. (2010). Effects of climate changes on animal produc-
tion and sustainability of livestock systems. Livestock Science, 130(1–3), 57–69.

Parks, S., Dillon, G., & Miller, C. (2014). A new metric for quantifying burn severity: The relativized burn ratio. Remote 
Sensing, 6(3), 1827–1844.

Pérez-Hoyos, A. (2018). Global crop and rangeland masks. Ispra, Italy: European Commission, Joint Research Centre. 
Retrieved from http://data.europa.eu/89h/jrc-10112​-10005

Porter, J. R., Xie, L., Challinor, A. J., Cochrane, K., Howden, S. M., Iqbal, M. M., … Dokken, D. (2014). Food security 
and food production systems. In C. B. Field, V. R. Barros, D. J. Dokken, K. J. Mach, M. D. Mastrandrea, T. E. Bilir, 
& L. L. White (Eds.), Climate change 2014: Impacts, adaptation, and vulnerability. Part A, Global and sectoral aspects: 
Contribution of Working Group II to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change (pp. 
485–533). Cambridge, UK: Cambridge University Press.

Qian, X., Liang, L., Shen, Q., Sun, Q., Zhang, L., Liu, Z., … Qin, Z. (2016). Drought trends based on the VCI and its correla-
tion with climate factors in the agricultural areas of China from 1982 to 2010. Environmental Monitoring & Assessment, 
188(11), 639.

Quiring, S. M., & Ganesh, S. (2010). Evaluating the utility of the Vegetation Condition Index (VCI) for monitoring meteo-
rological drought in Texas. Agricultural & Forest Meteorology, 150, 330–339.

Ramoelo, A., Cho, M. A., Mathieu, R., Madonsela, S., Van De Kerchove, R., Kaszta, Z., & Wolff, E. (2015). Monitoring 
grass nutrients and biomass as indicators of rangeland quality and quantity using random forest modelling and 
WorldView-2 data. International Journal of Applied Earth Observation & Geoinformation, 43, 43–54.

Rembold, F., Meroni, M., Urbano, F., Csak, G., Kerdiles, H., Perez-Hoyos, A., … Negre, T. (2019). ASAP: A new global early 
warning system to detect anomaly hot spots of agricultural production for food security analysis. Agricultural Systems, 
168, 247–257.

Schwalm, C. R., Anderegg, W. R. L., Michalak, A. M., Fisher, J. B., Biondi, F., Koch, G., … Tian, H. (2017). Global patterns of 
drought recovery. Nature, 548(7666), 202.

Stige, L. C., Stave, J., Chan, K.-S., Ciannelli, L., Pettorelli, N., Glantz, M., … Stenseth, N. C. (2006). The effect of climate 
variation on agro-pastoral production in Africa. Proceedings of the National Academy of Sciences of the USA, 103(9), 
3049–3053.

https://iiasa.ac.at/web/home/about/news/Evaluation_of_ESA_CCI_prototype_land_cover_map_at_20m.pdf
https://iiasa.ac.at/web/home/about/news/Evaluation_of_ESA_CCI_prototype_land_cover_map_at_20m.pdf
http://data.europa.eu/89h/jrc-10112-10005


720  |     ALEXANDRIDIS et al.

Sullivan, S., & Rohde, R. (2002). On non-equilibrium in arid and semi-arid grazing systems. Journal of Biogeography, 29(12), 
1595–1618.

Toth, Z., & Kalnay, E. (1993). Ensemble forecasting at NMC: The generation of perturbations. Bulletin of the American 
Meteorological Society, 74(12), 2317–2330.

Toth, Z., & Kalnay, E. (1997). Ensemble forecasting at NCEP and the breeding method. Monthly Weather Review, 125(12), 
3297–3319.

Turral, H., Burke, J., & Faurès, J.-M. (2011). Climate change, water and food security. Rome, Italy: FAO.
Vancutsem, C., Marinho, E., Kayitakire, F., See, L., & Fritz, S. (2013). Harmonizing and combining existing land cover/land 

use datasets for cropland area monitoring at the African continental scale. Remote Sensing, 5(1), 19–41.
Vicente-Serrano, S. M., Beguería, S., & López-Moreno, J. I. (2010). A multiscalar drought index sensitive to global warm-

ing: The standardized precipitation evapotranspiration index. Journal of Climate, 23(7), 1696–1718.
Wei, M., Toth, Z., Wobus, R., & Zhu, Y. (2008). Initial perturbations based on the ensemble transform (ET) technique in the 

NCEP global operational forecast system. Tellus A: Dynamic Meteorology & Oceanography, 60(1), 62–79.
Wei, M., Toth, Z., Wobus, R., Zhu, Y., Bishop, C. H., & Wang, X. (2006). Ensemble Transform Kalman Filter-based ensem-

ble perturbations in an operational global prediction system at NCEP. Tellus A: Dynamic Meteorology & Oceanography, 
58(1), 28–44.

Whitcraft, A. K., Becker-Reshef, I., Justice, C. O., Gifford, L., Kavvada, A., & Jarvis, I. (2019). No pixel left behind: Toward 
integrating Earth observations for agriculture into the United Nations Sustainable Development Goals framework. 
Remote Sensing of Environment, 235, 111470.

World Meteorological Organization. (2019). 2019 State of Climate Services: Agriculture and food security (WMO Report 
No. 1242). Geneva, Switzerland: Author. Retrieved from https://libra​ry.wmo.int/doc_num.php?expln​um_id=10089

Yuan, X., Wang, L., & Wood, E. F. (2018). Anthropogenic intensification of southern African flash droughts as exemplified 
by the 2015/16 season. Bulletin of the American Meteorological Society, 99(1), S86–S90.

Zambrano, F., Lillo-Saavedra, M., Verbist, K., & Lagos, O. (2016). Sixteen years of agricultural drought assessment of the 
BioBío region in Chile using a 250 m resolution Vegetation Condition Index (VCI). Remote Sensing, 8(6), 530.

How to cite this article: Alexandridis TK, Ovakoglou G, Cherif I, et al. Designing AfriCultuReS services to 
support food security in Africa. Transactions in GIS. 2021;25:692–720. https://doi.org/10.1111/tgis.12684

https://library.wmo.int/doc_num.php?explnum_id=10089
https://doi.org/10.1111/tgis.12684

