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A B S T R A C T

Expanding renewable energy in Africa is crucial for increasing electricity access and combating climate change, 
but scarce or coarse-resolution meteorological data often hinders accurate model-based renewable energy sys
tems planning. Current assessments of the renewable energy potential and, subsequently, the design of renewable 
energy systems are typically based on coarse resolution reanalysis products such as ERA5 or MERRA-2. In this 
interdisciplinary study, we used the high-resolution validated meteorological data ICON-LAM from 2017 to 
2019, based on physically consistent, atmospheric simulations with the ICON model, as an input to design cost- 
optimised renewable energy systems over southern Africa, and compare it to results obtained with ERA5 data. 
Higher wind energy potentials, averaging about 50 %, were found derived from ICON-LAM compared to ERA5, 
while solar energy potentials were similar. The cost-optimised energy system design using ICON-LAM inputs 
leads to a cost reduction of about 14 %, driven mainly by a 13 % lower battery capacity requirement, compared 
to using ERA5 – a result rooted in the cheaper wind energy revealed by ICON-LAM. This suggests that the cost of 
renewable energy systems may have been overestimated in the past, potentially hindering their efficient 
deployment. Hence, the study emphasises the importance of using high-resolution atmospheric modelling data 
sets as a decisive input for energy system planning.

1. Introduction

Africa remains the least electrified continent in the world [1]. 
Renewable energy presents a crucial opportunity to bridge this elec
tricity supply gap, given the continent’s vast and largely untapped 
renewable energy resources, as highlighted by recent participatory 
mapping [2] and multidisciplinary assessments [3] of green hydrogen 
cost-potentials from the H2Atlas project. The feasibility of distributed 
renewable energy systems further reinforces their potential to alleviate 
energy poverty in Africa by providing a cost-effective and technically 
viable alternative to centralised fossil-fuel-based power generation. 
Evidence from off-grid communities worldwide [4] and Africa [5] 

demonstrates their effectiveness in extending electricity access to pre
viously un-electrified areas. Furthermore, the ongoing global transition 
toward carbon-neutral energy systems in response to climate change [6] 
underscores the urgency of a renewable energy-driven transformation in 
Africa. The expansion of renewable energy within African energy sys
tems is therefore underpinned by multiple technical, economic, and 
policy-related factors.

Wind and solar are the most widely accessible renewable energy 
sources for electricity generation compared to others, such as biomass 
(biofuels and wastes), water (hydro and tidal), or geothermal heat [7]. 
However, both are variable renewable energy (VRE) resources, as they 
are highly dependent on weather conditions [8]. Energy systems in 
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general consist of interconnected networks of components involved in 
the production, conversion, delivery, and use of energy across various 
sectors, including power generation, heating/cooling, transportation, 
and industry [9]. Such energy systems are complex, as they consist of 
heterogeneous, spatio-temporally interconnected multi-scalar and 
multi-dimensional system components [10]. Incorporating power 
generated by VRE further complicates the energy systems design, 
implementation, and operation. Analysing complex energy systems with 
respect to VRE at a sufficient, decision-relevant level of detail is 
challenging.

How to deal with the internal fluctuation of power supply from VRE 
in an energy system has therefore been a long-standing and widespread 
discussion. Cochran et al. (2012) [11] identified best practices for 
integrating VRE into electricity markets, emphasising energy system 
flexibility, public engagement (especially for new transmission), and 
market design reforms. Sinsel et al. (2020) [12] reviewed the challenges 
and solution technologies for VRE integration, finding that the solution 
technologies vary significantly and interrelate, and that it is possible to 
identify groups of solution technologies for addressing challenge groups. 
More recently, Deguenon et al. (2023) [13] provided an overview of 
battery energy storage systems, including their characteristics, appli
cations, and technologies suitable for grid-scale use. They found that 
lithium and flow batteries are the most widely used technologies, and 
that battery integration into the power grid could help achieve a VRE 
penetration rate of 40–50 %. Proposed viable solutions in the literature 
are, e.g., the self-complementarity of VRE, or the inclusion of backup 
systems, such as a storage system using battery or “power-to-x” [14], as 
well as dispatchable power systems like fossil-fired power plants [15] 
and hydropower plants [16]. To build reliable energy systems, the key 
lies in successfully identifying the self-complementarity of VRE sources, 
specifically, how their total power generation varies within the energy 
systems.

In this context, previous research has explored the geophysical 
constraints of the reliability of solar and wind energy in terms of their 
hybridisation, i.e. how both sources may complement each other, at 
both global [17] and regional scales [18]. The complementarity of wind 
and solar energy has been, for example, analysed for historical periods 
based on MERRA-2 reanalysis [19] and dynamical downscaling simu
lations with regional climate models [20]. For the investigation of future 
periods of wind and solar energy complementarity, simulations from the 
sixth phase of the Coupled Model Intercomparison Project (CMIP6) have 
been used by Costoya et al. [21]. The complementarity of VRE resulting 
in extremely low generation is also of interest, for example, Richardson 
et al. [22] identified solar and wind energy “droughts” under the in
fluence of different weather conditions and climate modes for Australia. 
For a comprehensive review of the complementarity analysis of VRE, 
readers are referred to Jurasz et al. [23], where different types of 
complementarity – temporal, spatial, and spatiotemporal – between 
renewable energy sources are introduced, along with metrics for 
assessing complementarity. In this study, the self-complementarity of 
VRE is defined as the hybridisation of solar and wind power generation 
within a given region, emphasising its role in optimising energy balance 
at a local scale.

Many studies on VRE complementarity analysis originate from the 
geoscience or meteorology realm and have not incorporated recent ad
vances from the field of renewable energy assessment. For example, 
analyses in these studies are based solely on the gridded meteorological 
data, rather than considering the land eligibility [24] and siting of VRE 
plants [25] as well, and usually the involved energy systems are 
considered in an idealised approach without considering real costs. 
However, these factors are highly relevant for the design of a real-world 
energy system. In contrast, previous studies dealing with VRE comple
mentarity within the energy realm might incorporate the latest findings 
from renewable energy assessments, but they often rely directly on the 
available meteorological data sets for their regions of interest, usually 
coarse-resolution global reanalysis products [26]. This is the 1st 

research gap we identified. The present study addresses it by combining 
recent developments from both fields. Specifically, it integrates existing 
results on VRE land eligibility and plant location identification from 
Winkler et al. [2] with cost-optimised energy system modelling for VRE 
complementarity analysis, driven by a dedicated kilometre-scale high-
resolution physically consistent meteorological data set.

To build an affordable, reliable, and sustainable energy system in 
Africa, in accordance with goal seven of the United Nations Sustainable 
Development Goals (SDGs), the spatial and temporal variability of VRE 
potential and the self-complementarity of VRE feed-in power time series 
need to be accurately resolved to optimise the energy system design. 
This energy system optimisation implies the necessity of accurate 
meteorological data from which reliable VRE information can be 
derived. Additionally, advances in microgrids and energy management 
systems that optimise control strategies for energy systems using meta- 
heuristics, fuzzy logic, or bio-inspired algorithms greatly improve sys
tem performance in terms of cost, reliability, and renewable integration 
(e.g., Fuzzy logic-based energy management [27] or optimal battery 
management using the Modified Slime Mould Algorithm [28]). These 
works also rely heavily on accurate VRE generation profiles. However, 
existing meteorological data sets over Africa used to estimate VRE 
generation are often characterised by coarse spatial resolution [29] and 
data gaps [25].

The limited availability of reliable, high-resolution meteorological 
data significantly constrains the accuracy of energy system modelling 
for energy system design and management in Africa. The impact of using 
better-resolved data products on energy system modelling remains un
known, representing the 2nd research gap identified in this study. To 
address this 2nd research gap, the present work examines how different 
meteorological data products at varying spatial resolutions influence 
energy systems design. The state-of-the-art global reanalysis ERA5 
(referred to as ERA5_ori) [30], its statistical downscaling variants 
ERA5_GWA (using the Global Wind Atlas [31]) and ERA5_GSA (using 
the Global Solar Atlas [32]), collectively referred to as ERA5_adpt, and a 
dedicated high-resolution dynamically downscaled product based on 
ICON simulations in limited area mode (ICON-LAM) [33] are examined.

A previous study already indicated higher onshore wind energy po
tentials using high-resolution meteorological data from ICON-LAM 
simulations compared to ERA5_ori and ERA5_GWA [34]. Based on 
these results, this study hypothesises that the higher wind energy po
tential revealed by ICON-LAM would substantially influence the 
cost-optimised design of the local energy system compared with other 
widely used, coarse-resolution data sets. Southern Africa is chosen as the 
focus area due to the availability of the high-resolution ICON-LAM 
simulations. The region may serve as a pilot area for the entire African 
continent.

The level of detail that model-based energy systems planning can 
incorporate is not only dependent on the quality of the VRE information, 
which is constrained by meteorological data sets, but also on compu
tational capacity, computational methods for optimisation, and energy 
system-related data availability [35]. In large-scale energy systems 
models, typically at the national level, it is usual to use clustered or 
aggregated spatial data due to the high computational cost [35]. The 
spatial granularity of energy systems, often referred to as energy system 
nodes, is predefined, with calculations performed at the level of these 
nodes. The internal structure of the components within these nodes is 
typically disregarded. Likewise, this study defines administrative prov
inces as the energy system nodes and the energy system modelling is 
performed for each such province in southern Africa.

This study begins with an analysis comparing the wind and solar 
potential maps derived from ICON-LAM and ERA5 data (section 3.1). 
The motivation is to illustrate the maximum possible amount of VRE 
potential in southern Africa. Then, the complementarity analysis of solar 
and wind energy over southern Africa is carried out by incorporating the 
representative future electricity demand time series projected for the 
year 2050 for southern Africa. A cost-optimised renewable energy 

S. Chen et al.                                                                                                                                                                                                                                    Energy 342 (2026) 139565 

2 



system is designed for each province in southern Africa, with power 
generation from VRE and power storage from batteries considered to 
meet the projected regional electricity demand. The underlying VRE 
complementarity designed in this cost-optimised energy system is able 
to address both a reliable electricity supply and minimum overall costs. 
To evaluate the direct impact on local energy systems, this study holds 
assumptions that power transmission from generation to consumers is 
lossless within a region and that there is no power exchange between 
regions, following the works in Ishmam et al. [3] and Winkler et al. [2]. 
The cost and design of the energy system are compared based on the 
wind and solar VRE from different meteorological data sets (section 3.2
and 3.3). Finally, the daily time series of the renewable energy systems 
in terms of meeting the electricity demand shares of wind energy, solar 
energy, and battery (dis)charge are further investigated and compared 
(section 3.4).

2. Materials and methods

Three meteorological data sets are used in this study. These data 
differ in terms of their production methodology, as indicated by their 
data type: reanalysis product ERA5, statistical downscaling products 
ERA5_GWA and ERA5_GSA, and dynamical downscaling product ICON- 
LAM. The varying spatial resolutions and levels of detail in these prod
ucts also make the comparison of the derived results particularly 
noteworthy.

2.1. Meteorological data sets

ERA5 [30] is a state-of-the-art global reanalysis product (ERA5_ori). 
With a temporal resolution of 1 h and a spatial resolution of 31 km, it has 
been widely used in Renewable Energy Potential (REP) assessments, e. 
g., Ref. [36]. The new ERA6 reanalysis is expected to replace ERA5 in 
2027, with grid space reduced to half (close to 15 km) that of ERA5 [37]. 
The Global Wind Atlas [31] and Global Solar Atlas [32], both with a 
nominal spatial resolution of 250 m and long-term mean temporal av
erages are also frequently used information for REP analysis, for 
instance Ref. [38]. These global atlases (Wind: GWA, Solar: GSA) are 
integrated with a statistical downscaling approach [39] to overcome the 
coarse spatial resolution in ERA5. Following this approach, the 
long-term mean ratios of the global atlases to ERA5_ori, i.e., GWA/ER
A5_ori and GSA/ERA5_ori, are first calculated and then multiplied with 
the ERA5_ori time series to obtain ERA5_GWA and ERA5_GSA (collec
tively referred to as ERA5_adpt).

High-resolution, i.e., convection-permitting or, interchangeably, 
kilometre-scale, meteorological data are scarce for Africa. Pan-African 
simulations are, e.g., by Stratton et al. [40] and Kendon et al. [41] at 
4.5 km resolution. For this study, a dedicated high-resolution dynamical 
downscaling atmospheric simulation experiment over southern Africa 
was performed by Chen et al. [33] using the ICON model [42] in Limited 
Area Mode (ICON-LAM) at a convection-permitting resolution of 3.3 km. 
The ICON-LAM simulation is driven by the global initialised analysis 
from the German Weather Service (DWD) and uses a numerical weather 
prediction configuration of DWD. Chen et al. [33] give a detailed 
overview of the experiment setup and configuration, including an 
extensive evaluation of near-surface wind and solar irradiance, which 
demonstrates the suitability of the ICON-LAM 2017 to 2019 data for REP 
analysis. In Chen et al. [34], further evaluations show that ICON-LAM 
more accurately reproduces observed wind speed closer to the wind 
turbine height, as well as the derived wind power, when using a 
state-of-the-art renewable energy simulation model, compared to 
commonly used data sets.

The model domain of the ICON-LAM simulations defines the spatial 
focus of this study. It encompasses southern Africa below about 16◦

south, i.e., countries Namibia, Botswana, South Africa, Lesotho, and 
Eswatini are fully covered, and Zimbabwe and Mozambique are partially 
covered, and hence included in the study with a total of 65 provinces. 

This is referred to as southern Africa. The location and details of these 
countries and their provinces are shown in Fig. S1 and Table S1. Addi
tionally, the results presentation does not include the 14 outermost grid 
cells of the model domain that serve as the lateral boundary conditions 
relaxation zone. The details of the model domain setup were docu
mented in Ref. [33].

The time span of the ICON-LAM simulations - from 2017 to 2019 - 
defines the temporal focus of this study. The selection of the period for 
conducting ICON-LAM simulations was based on the availability of the 
forcing data of the ICON-LAM simulation and the representation of 
meteorological conditions with respect to wind and solar energy gen
eration in the recent 30 years, in order to ensure a robust energy system 
analysis. As detailed by Chen et al. [33] the year 2019 was identified as 
generally above the 30-year average, 2017 below, and 2018 close to 
average, based on total surface global solar irradiance from ERA5. In 
comparison, wind speed at 100 m also showed a clear difference be
tween these 3 years, although with more spatial heterogeneity.

2.2. The wind and solar power calculation and the REP estimation

The renewable energy simulation model RESKit [43] is employed to 
calculate wind and solar power in this study. In the RESKit model wind 
workflow (originally built by Ref. [39], updated by Ref. [44]), the 100 m 
wind speed is logarithmically scaled to the wind turbine hub height, and 
the wind power generated by the wind turbine is then derived according 
to a synthetic power curve – wind power as a function of wind speed. In 
the RESKit solar workflow [45], the solar irradiance received on top of 
the solar photovoltaic (PV) panels is first determined, and then the solar 
power generated by the solar PV panels is calculated accordingly using 
the law of photoelectric conversion. Other system-level loss factors are 
also considered, such as drops in PV panel photoelectric conversion ef
ficiency due to the unfavourable ambient air temperature, losses from 
the inverter when converting direct current (DC) to alternating current 
(AC), and losses from soiling on the solar PV panels.

Based on the land eligibility and placement identification analyses 
performed by Winkler et al. [2], we calculate in total of 1,829,467 wind 
turbines and 748,388 km2 solar PV panels in southern Africa that are 
eligible for the installation of the onshore wind and open-field solar PV 
energy placements. Advanced wind turbines and solar PV panel mod
ules, which are available from the laboratory or manufacturer and are 
barely installed now but may be widely used in the future, are selected to 
be simulated with the RESKit model. Table 1 details key parameters of 
advanced wind turbine and PV panel technologies that are used in this 
study. The baseline wind turbine has turbine parameters predicted for 
2035 (as proposed by Ref. [46] and used in Ref. [34]). The solar PV 
module features solar power conversion efficiency projected for 2050 
[45]. Utilising all the eligible placements for the installation of wind and 
solar farms with advanced wind and solar energy technologies, the 
onshore wind and open-field solar PV energy potentials are estimated 
using the RESKit model over southern Africa with the ERA5_ori, 

Table 1 
Key parameters of anticipated advanced wind turbine and PV panel technolo
gies. Note that all simulated wind turbines have deviating parameters from the 
baseline configuration that lead to a local maximum wind resource harvesting 
efficiency.

Design Value

Baseline wind turbine:
Hub Height 130 m
Rotor Diameter 174 m
Capacity 5500 kW
Specific Power 231.3 W m− 2

Solar PV panel design:
Solar PV module WINAICO WSx-240P6 [45]
Conversion rate Projected for 2050
Capacity Proportional to the available land area at 20 m2/kWpeak
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ERA5_adpt, and ICON-LAM datasets.

2.3. Spatially resolved electricity demand and time series for 2050

A basis for any energy system optimisation is electricity demand 
data. The annual sub-national disaggregated electricity demand data for 
the study region of southern Africa is sourced from Ishmam [47]. The 
annual electricity demand projections are built upon the Net Zero 2050 
scenario provided by the Network for Greening the Financial System 
(NGFS) Scenario Framework (data source [48] and technical docu
mentation [49]). These projections consider electricity demand from 
residential, commercial, agricultural, manufacturing, service, and 
transportation sectors. Geospatial proxies such as level of access to 
electricity, population density, CO2 emissions distribution, gross do
mestic product (GDP) distribution, etc., corresponding to these sectors, 
are then utilised to disaggregate the annual national electricity demand 
to the administrative level 1 (GID-1), i.e., provinces.

Hourly load curve data were then obtained from Toktarova et al. 
[50] for each country and adjusted to the UTC time zone to match the 
time zone of the generation time series. It is important to note that the 
shapes of these load curves may change over time as access to electricity 
improves and as the industrial and service sectors of countries grow, 
along with advancements in energy efficiency. However, for the pur
poses of this study, the load profiles have been retained in their current 
form and then scaled to align with the projected annual disaggregated 
demand in 2050. For in-depth information regarding the demand 
disaggregation methodology, please refer to Ishmam [47].

To illustrate the electricity demand, the spatially resolved hourly 
electricity demand time series for 2050 have been summed up over the 
entire southern Africa study domain as well as over individual countries 
in the study region (Fig. 1). All time series utilised in this study are in 
UTC. The annual cycle for the whole region shows the highest values 
during the austral winter (Fig. 1a). The country of South Africa is pro
jected to exhibit the highest electricity demand in southern Africa by 
2050, estimated at 342 TWh year− 1, about 86 % of the total annual 
electricity demand in the region. Due to scale, for better visibility, the 
electricity demand time series of the remaining study area countries are 
also shown in Fig. 1b, with the highest values during the austral spring 
and summer when cooling demand is highest.

Hourly fluctuations in electricity demand for all of southern Africa, 
South Africa, and the Western Cape province, which is the economic hub 
of South Africa, are shown in Fig. 2. The hourly electricity demand 
displays a discernible diurnal cycle, with a reduced nighttime demand 
from approximately 02:00 to 07:00. Expectedly, there is a contrast in 
energy demand between weekdays and weekends; also, public holidays 
stand out. A slight seasonal cycle is visible with an increased electricity 
demand during the austral winter months and evenings.

2.4. Energy systems modelling

The power time series calculated by the RESKit model for onshore 
wind energy and open-field solar PV energy serve as the basis for 
designing optimal energy systems. This study focuses on a future 2050 
electricity demand scenario as introduced in the previous section. To 
alleviate the computational burden in the energy system modelling, 
power time series of wind and solar energy are clustered over each en
ergy system node (province). Following studies of Ryberg [45] and 
Franzmann et al. [51], segmented average clustering is used in this 
study: For each of the energy system nodes, the annual Full Load Hours 
(FLH) of every individual wind and solar placement within an analysis 
region is calculated and ordered from the highest to the lowest. They are 
further serially divided into N groups with similar FLH members. The 
power time series belonging to the same FLH group are averaged as the 
group representative. The class number used as N is set to 10 and 3 for 
wind and solar power time series clustering, respectively.

After getting the representative wind and solar power time series in 
each energy system node, the energy system framework, ETHOS.FINE 
(code repository [52] and documentation [53]) and the solver Gurobi 
[54] are used to derive cost-optimised energy systems based on wind 
energy, solar energy, and battery storage for each province indepen
dently in the year 2050. ETHOS.FINE minimises the total annual costs 
while fulfilling the aforementioned provincial electricity demand based 
on the restricted maximum operation time series of renewable energy 
generation and on the ability to use curtailment. Due to the one-node 
spatial resolution of the energy systems, power transmission losses 
from power plants to power consumers and power transmission between 
provinces are not considered to solely focusing on the impact of different 
weather data products. The techno-economic parameters for calculating 
the total annual costs follow published works in Refs. [55,56].

3. Results and discussion

In this study, the impact of three different meteorological data sets 
on the design of a renewable energy system over southern Africa is 
investigated. For this, an energy system considering wind energy, solar 
energy, and battery storage is designed in a cost-optimised way to meet 
100 % of the provincial 2050 electricity demand scenario in the 65 
provinces of southern Africa. Three meteorological data sets for 2017 to 
2019 are used to calculate the solar and wind power generation, serving 
as input for the design of the cost-optimised energy system.

The analyses for this study begin with an investigation of the 
maximum possible wind and solar energy potential in the study domain. 
Then, the complementarity of wind and solar energy with respect to 
meeting local electricity demand at the lowest system cost is analysed. 
The cost of the system, the required capacity of the wind, solar, and 
battery components, and the share of electricity generation/(dis)charge 
over time are compared and discussed.

3.1. ICON-LAM reveals higher onshore wind and similar open-field solar 
PV energy potential

Considerable differences are found between the maximum harvest
able wind energy potentials estimated from the three data sets, as shown 
in Fig. 3 (the corresponding percentage difference can be found in 
Fig. S2). These results are consistent with the findings of Chen et al. [34]. 
In contrast, similar maximum harvestable solar energy potentials are 
shown in Fig. 3 (also in Fig. S2), estimated from different data sets. They 
are actually almost identical, with few detectable differences, and very 
similar spatial distributions of solar irradiance for the data sets were also 
shown in Chen et al. [33]. Comparable results for wind and solar energy 
potential, as indicated by the capacity factor [57] – the ratio of actual 
power generated to the nominal generation capacity – is shown in 
Fig. S3. The solar and wind energy potential maps in Fig. 3, S2, and S3
are produced based on a total of 1.8 million eligible wind turbine 

Fig. 1. a) Projected total hourly electricity demand for 2050 for the entire 
southern Africa and those countries that are fully or partly covered by the 
ICON-LAM model domain, b) Same as in a) but zoomed in for countries with 
relatively lower electricity demand [47].
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placements and 0.74 million km2 solar photovoltaic (PV) panel place
ments in southern Africa, respectively; values for each of these eligible 
placements are plotted, resulting in eventually a continuous map made 
up of many individual data points.

When comparing wind energy potentials derived from the three data 
sets, the coarse spatial resolution of ERA5_ori (31 km) becomes obvious, 
as details of wind energy potentials are hardly visible compared to the 
other two high spatial resolution data sets. However, the general pat
terns of contrasting high and low wind energy potentials are consistent 
between the data sets. In addition, ICON-LAM shows generally a higher 
wind energy potential over the entire study domain, while ERA5_GWA 
partially agrees with ICON-LAM. The respective spatial mean annual 
wind energy potential derived from ERA5_ori, ERA5_GWA, and ICON- 
LAM are 12.39 GWh/turbine, 11.37 GWh/turbine, and 17.02 GWh/ 
turbine, with all 1.8 million eligible wind turbine placements 
considered.

Relatively large solar energy potentials within our study area exist in 
western South Africa and small parts of southern Namibia and Botswana 
(Fig. 3b, d, and 3f). Locations along the south coast, eastern South Af
rica, Zimbabwe, and southern Mozambique are less favourable for solar 
energy installations. These locations correspond to the general atmo
spheric circulation patterns and the spatial patterns of precipitation in 
southern Africa (Fig. S1 in Chen et al. [33]), where clouds reduce the 
incoming solar radiation. The agreement in the spatial patterns of solar 
energy potentials derived from three data sets indicates that large-scale 
anticyclonic circulation patterns with high-pressure clear-sky conditions 
in the southwest of the domain are well represented by ERA5 and 
ICON-LAM.

3.2. Lower annual costs in energy systems derived from ICON-LAM

The total annual costs and the individual shares of different tech
nologies (wind, solar, battery) of these cost-optimised energy systems in 
southern Africa, derived from different meteorological data sets, are 
shown in Fig. 4. A scaled axis is additionally provided in Fig. 4, since 
values of provinces from South Africa, due to its dominant electricity 
demand in all of southern Africa (see Fig. 1), exceed the other countries 
as outliers. Out of the 65 provinces of our southern African study 
domain, 52 are considered capable of supporting a cost-optimised en
ergy system that meets 100 % of the regional 2050 scenario electricity 

demand by exploiting only renewable energy sources, i.e., the local wind 
and solar energy potentials per region, combined with battery in
stallations. Table S1 details the basic information for each province and 
indicates whether the cost-optimised energy system would be feasible to 
build or not. If the cost-optimised energy system cannot be built, the 
reasons are also documented, which are usually rooted in no eligible 
wind and solar placements at all or the optimisation being proven 
infeasible or unbounded.

In general, cost-optimised energy systems designed based on the 
ICON-LAM data set have lower total annual costs compared to the other 
two data sets. The annual cost from ICON-LAM is 11 % Euros/a less than 
from ERA5_adpt and 16 % Euros/a less than from ERA5_ori, averaged 
over three years for all provinces. Cost-optimised energy systems 
derived from ICON-LAM have more wind energy capacity (comparable 
to ERA5_adpt and 9 % more than ERA5_ori) and less solar energy ca
pacity (13 % less than ERA5_adpt and 23 % less than ERA5_ori) 
compared to the two ERA5 variants. In addition, the required battery 
capacity of cost-optimised energy systems derived from ICON-LAM is 
less than the other two (9 % less than ERA5_adpt and 17 % less than 
ERA5_ori).

To investigate the reasons behind the lower annual costs of energy 
systems designed with ICON-LAM, a comprehensive analysis of annual 
operational characteristics of energy systems derived from different 
meteorological data sets is presented in Fig. 5. The figure shows the full 
load hours (FLHs), levelized cost of electricity (LCOE), VRE potential 
utilisation rate, and curtailment rate for wind and solar technologies, 
and (dis)charge frequency and levelized cost of storage for battery 
technology, used in the energy systems. More FLHs of wind energy 
(Fig. 5a), pointing to cheaper wind energy (Fig. 5d), are available for use 
in the cost-optimised energy systems designed with ICON-LAM (on 
average, 1.3 times greater than the others), which is consistent with the 
findings of Chen et al. [34] that high-resolution kilometre-scale atmo
spheric modelling over southern Africa yields higher wind energy po
tentials. Meanwhile, lower required battery capacity (Fig. 4), about 200 
MW on average, indicates that wind and solar power estimated from 
ICON-LAM better complement each other in meeting demand, as less 
backup (battery) capacity is needed, leading to lower system cost. This is 
further confirmed by the lowest average battery (dis)charge frequency 
(Fig. 5c) of energy systems designed with ICON-LAM, as compared to 
with other ERA5 variants.

Fig. 2. Hourly electricity demand time series for a) southern Africa, b) South Africa, and c) Western Cape as projected for 2050, with days of the year aggregated by 
month shown on the x-axis and hours of the day shown on the y-axis. Please note the different scales of the colour bars used in the figure.
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Generally, all three data sets agree with each other that a low po
tential utilisation rate with a maximum around 7 % from the total wind 
and solar potentials (Fig. 5g and h), combined with an appropriate 
amount of installed battery capacity, is sufficient to meet the electricity 
demand for all provinces in southern Africa. Furthermore, on average 
more than half of the solar energy is curtailed (Fig. 5k), while a rela
tively higher proportion of wind energy (curtailment rate <35 % in most 
provinces) is utilised (Fig. 5j), due to the nature of their generation, 
where solar energy is almost only available during the day while wind 
energy does not have a relatively strong periodic signal. Little interan
nual variation is observed regarding the cost and design (Fig. 4) and the 
operational characteristics (Fig. 5) of cost-optimised energy systems 
based on data from 2017 to 2019.

3.3. Spatially varied costs and design of energy systems using different 
meteorological inputs

Fig. 6 presents the cost-optimised energy system for each southern 
African province in 2017, derived from three meteorological data sets. 

Results for 2018 and 2019 are shown in Figs. S4 and S5, which display in 
essence the same patterns. South African provinces, especially Western 
Cape and KwaZulu-Natal, have the highest total annual costs compared 
to other provinces in southern Africa, but ICON-LAM lowers the average 
costs by 11 % and 16 % compared to ERA5_adpt and ERA5_ori, 
respectively. The cost differences between energy systems derived from 
two ERA5 variants are relatively small, around 5 %. Given the signifi
cantly lower electricity demand compared to South African provinces, 
other provinces in southern Africa beyond South Africa show insignifi
cant variations in terms of energy system design and costs. The following 
analysis, therefore, focuses on South Africa.

According to ICON-LAM (Fig. 6b), the southern coastal provinces of 
South Africa (Western Cape, Eastern Cape, and KwaZulu-Natal) exhibit 
greater wind energy capacity installations than those based on both 
ERA5 (Fig. 6f and j), with maximum differences of 48 % and minimum of 
8 %. Meanwhile, the northern four provinces of South Africa demon
strate slightly lower wind energy capacity installation from ICON-LAM 
compared to ERA5_adpt (on average, 17 %) and to ERA5_ori (on 
average, 8 %). In contrast, the energy systems derived from ICON-LAM 

Fig. 3. Comparison of estimated 2017–2019 average annual total power derived from ERA5_ori, ERA5_GWA/_GSA, and ICON-LAM simulated by the RESKit model 
wind and solar workflows across all eligible wind turbine and solar PV panel placements in southern Africa. Black lines are country borders, and grey lines are 
provinces in southern Africa used as energy system nodes in the study. Names of the countries and provinces included in this study are shown in Fig. S1 and Table S1. 
All maps are made up of multiple colour-coded site-specific information, where each data point represents one wind turbine (a total of 1.8 million turbines) in Fig. 3a, 
c, and 3e and one area of solar PV panels (a total of 0.74 million km2 panels) in Fig. 3b, d, and 3f, visually appearing as continuous data fields.
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(Fig. 6c) require less solar energy capacity compared to ERA5_adpt 
(Fig. 6g) and especially ERA5_ori (Fig. 6k) of 9 % and 24 % on average, 
respectively. A similar behaviour is observed for the required battery 
capacities, with a slight increase only in the northernmost province 
(Limpopo, 6 %) using ICON-LAM (Fig. 6d) compared to ERA5_adpt 
(Fig. 6h). This is mainly due to the cheaper wind energy as well as better 
complemented wind and solar energy that ICON-LAM delivers 
compared with ERA5 variants, as indicated in section 3.2 based on 
Figs. 4 and 5.

3.4. ICON-LAM: increased wind and reduced solar energy contribution 
for meeting demand over time

To illustrate how hourly electricity demand is met using a combi
nation of technologies and how the energy system is cost-optimised 
through the curtailment of VRE power generation, a random subset of 
time series data is selected from the cost-optimised energy system in the 

Western Cape province of South Africa. Fig. 7 shows energy systems 
cost-optimised by energy system modelling based on VRE potentials 
derived from ICON-LAM, ERA5_adpt, and ERA5_ori. The total power 
available in the system is the combined generation from wind energy 
and solar energy, as well as the charging (negative) or discharging 
(positive) from the battery. The electricity demand is depicted in an 
inverse manner, representing demand as an energy sink. Since the 
electricity demand is met 100 % on an hourly basis, as illustrated in 
Fig. 7, the lines representing the total power available in the system and 
the electricity demand are two symmetric lines with respect to the zero 
line. The energy system limits the amount of wind and solar power it 
generates to balance costs and operational efficiency. The maximum 
possible wind and solar power are higher than the actual power gener
ated, and the difference is curtailment. This curtailment helps the system 
to minimise costs.

After illustrating the sample time series in the cost-optimised energy 
systems, how different energy systems optimised with different 

Fig. 4. The energy system’s total annual cost (Billion Euros) (blue bar) and the installed capacity (GW) of wind energy, solar energy, and battery (respective orange 
bars from left to right) for the cost-optimised regional energy system derived from different meteorological products for the three weather reference years a) 2017, b) 
2018, and c) 2019. The first column contains all data points, while the second column zooms in on a range from 0 to 1 billion Euros and 0 to 10 GW capacity for a 
better presentation of the data. Each box extends from the first quartile (25th percentile) to the third quartile (75th percentile) of the data, with the median shown as 
a solid line inside. The whiskers are set at 1.5 times the interquartile range (IQR, the difference between the 75th and 25th percentiles) above the 75th percentile and 
below the 25th percentile, i.e., a box ends at ± 1.5*IQR. Data points are marked as outliers if they exceed the range defined by two whiskers. Dashed lines are the 
averages of all underlying data points for the corresponding box plots.
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Fig. 5. Annual operational characteristics, including full load hours (FLH, [hours]) (1st row), levelized cost of electricity (LCOE, cents per kilowatt-hour [€/kWh]) 
(2nd row), potential utilisation rate (3rd row), and curtailment rate (4th row), for onshore wind (1st column), open-field PV (2nd column), and battery (3rd column) 
technologies used in cost-optimised energy systems designed from different meteorological datasets. Please note that terminology changes when it comes to battery 
technology. The (dis)charge frequency is the total energy delivered by the battery divided by its capacity, and the levelized cost of storage is the total annual cost of 
the battery divided by the total energy delivered by the battery. A blank subplot indicates that the corresponding metric does not apply to that particular technology. 
For the description of the components of boxplots, please refer to Fig. 4.
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meteorological data sets behave over time is investigated. This is ach
ieved by examining the time series of cost-optimised energy systems, 
focusing on the shares of electricity demand met by wind energy, solar 
energy, and batteries. Although the time series is simulated on an hourly 
basis, as shown in Fig. 7, daily data is analysed to present more 
condensed information, which nevertheless delivers consistent results, 
as demand is fully met each hour.

The projected 2050 yearly cycle of daily total electricity demand for 
the southern African provinces is shown in Fig. 8 and Fig. 9 compares 
daily electricity demand shares met by wind energy, solar energy, and 
batteries in energy systems. ICON-LAM generally shows higher shares of 
wind energy and lower shares of solar energy: 6 % and 18 % for wind 
and − 7 % and − 19 % for solar, averaged over all days and all provinces 
respectively from columns “ICON-LAM minus ERA5_adpt” and “ICON- 
LAM minus ERA5_ori”. Exceptions are found in Lesotho, compared to 
ICON-LAM, ERA5_adpt uses more (3 %, on average among provinces) 
wind energy (Fig. 9b LSO) and less (3 %) solar energy (Fig. 9e LSO), 
while ERA5_ori has an extremely lower (39 %) wind share with a 
correspondingly higher (41 %) solar share (Fig. 9c and f LSO). This result 
is consistent with the findings of Chen et al. [34], who show that 
ICON-LAM has the highest skill of simulating wind speeds over complex 
terrain, such as over Lesotho, where ERA5_GWA tends to overestimate, 
especially over extremely contrasting terrain features such as hilltops 
and ridges. In contrast, ERA5_ori cannot resolve this type of terrain and 
tends to underestimate due to its coarse spatial resolution.

Wind and solar energy shares, in meeting the electricity demand, 
vary throughout the year but complement each other, as the system is 
designed to fully meet electricity demand (see Figs. 1, 2 and 8) at 
minimal cost. Slightly different temporal patterns of met electricity 

shares are observed between the years 2017–2019 (see Fig. S6 for 2018 
results and Fig. S7 for 2019). The contribution of wind and solar energy 
to meet the electricity demand on a specific day may vary between 
years, as it is influenced by the local weather on that day, or even over 
multiple days, depending on the weather pattern. This interannual 
variability is therefore expected, but no significant year-to-year changes 
are noted in the comparison columns of Figs. 9, S6, and S7, indicating 
consistent results.

In all the cost-optimised energy systems, the total generated power 
from wind and solar energy most of the time meets the local electricity 
demand with only a small contribution of battery power. The spatio- 
temporal average battery discharge rates – the fraction of time when 
the battery is discharging – are 27.7 %, 32.6 %, and 36.5 % for the cost- 
optimised energy systems derived from ERA5_ori, ERA5_adpt, and 
ICON-LAM, respectively, while the corresponding total electricity de
mand met by the battery is only 6.4 %, 5.3 %, and 5.8 %.

4. Conclusions

Our results indicate that the cost-optimised energy systems in 
southern Africa, designed based on ICON-LAM meteorological input 
data, reduces the estimated total annual cost on average by about 14 % 
(16 % less than ERA5_adpt and 11 % less than ERA5_ori) compared to 
the commonly used data set for this task, the ERA5 products, and cuts 
the required battery capacity by 13 % (9 % less than ERA5_adpt and 17 
% less than ERA5_ori). In detail, cost-optimised energy systems derived 
from ICON-LAM, compared to other alternatives, deploy more wind 
energy (comparable to ERA5_adpt and 9 % more than ERA5_ori), less 
solar energy (13 % less than ERA5_adpt and 23 % less than ERA5_ori), 

Fig. 6. The costs and design of cost-optimised energy systems in southern Africa derived from meteorological data sets of ICON-LAM (1st row), ERA5_adpt (2nd row), 
and ERA5_ori (3rd row) based on 2017. For the other years, the reader is directed to Figs. S4 and S5. Energy systems optimised with ERA5 data sets are depicted as 
relative differences compared to results obtained from ICON-LAM. The regions coloured in white indicate that a cost-optimised energy system incorporating wind, 
solar, and battery technologies is not feasible in that region without connections to neighbouring regions.
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and less battery (9 % less than ERA5_adpt and 17 % less than ERA5_ori), 
primarily due to the cheaper wind energy revealed by ICON-LAM. Under 
such circumstances, this would facilitate the development of regional 
renewable net-zero energy systems. This finding further underlines the 
necessity of using high-resolution, physically consistent model-based 
data to plan for a cost-optimised energy system. Data sets with longer 
high-resolution time series and ensemble configurations for uncertainty 
evaluation, although rare, could provide a valuable complement to the 
current pilot study.

Our results also show significant differences in wind energy poten
tials, with ICON-LAM producing, on average, about 5 GWh per turbine 
(approximately 50 %) more annual wind power compared to other ERA5 
products. The additional wind energy per year revealed by ICON-LAM 
for only one single wind turbine, averaged out of the 1.8 million 
eligible turbines across the study area, could power approximately 1736 
typical British three-person households, the size of a small town, with an 
annual electricity consumption of 2880 kWh/household [58], for one 
year. In contrast, the solar energy potentials are similar (almost iden
tical) across all data sets. This suggests that solar irradiance under 
clear-sky conditions over southern Africa primarily controlled by 
large-scale anticyclonic atmospheric circulation patterns are 
well-resolved in all the data sets. The simulation of wind speed remains 
challenging, particularly for the coarser spatial resolution of ERA5. 
Local surface properties cannot be resolved in such detail as with the 
kilometre-scale ICON-LAM, the simulation of planetary boundary layer 
mixing or surface friction, and ultimately, the accuracy of near-surface 
wind speed simulations is affected.

Regarding the role of batteries in renewable energy systems, the 

three meteorological data sets of the study agree with each other that 
wind and solar can supply most of the electricity demand, with minimal 
battery use – averaged only about 5.8 % of the annual demand has to be 
covered by batteries, for about 68 % of the time, no battery discharge is 
required. Batteries remain essential, however, for times without suffi
cient wind and solar power. This is in accordance with the global 100 % 
renewable or net-zero emission scenarios, where batteries are projected 
to be a critical energy system component to achieving high levels of 
reliability, although their contribution to electricity demand may vary 
depending on local conditions and specific system designs [59].

The complementarity of wind and solar energy that we study here is 
actually a frequently raised topic in the literature. However, many of 
these studies, especially from the geoscience realm, tend to address the 
complementarity of wind and solar energy from a theoretical and stra
tegic perspective, and do not consider the latest developments in the 
field of renewable energy assessment. Compared to our study, these 
studies do not consider the suitability of the land to build wind turbines 
or solar power plants or the specific placement of the renewable energy 
sources, and only include spatially distributed (gridded) meteorological 
information. Also in these studies, the energy system, which includes the 
complementarity of wind and solar energy, often does not consider the 
system costs and the battery capacity, or only includes a predefined 
constant battery capacity. However, these are important factors that 
need to be carefully considered in the design and operation of real-world 
energy systems.

In previous studies within the energy realm that examine the 
complementarity of wind and solar resources, the latest findings from 
renewable energy assessments are typically incorporated. However, 
these studies often rely directly on the available meteorological datasets 
for their regions of interest. Such data sets, usually coarse-resolution 
global reanalysis products, lack the spatial detail required for accurate 
wind energy characterisation. This limitation is particularly pronounced 

Fig. 7. The time series subset of the cost-optimised energy system of the 
province Western Cape derived from three different meteorological data sets 
based on the 2017 weather year. The orange solid line represents the total 
power generation in the energy system, which is made up of contributions from 
openfield PV (solar energy) in the red solid line, onshore wind energy in the 
green solid line, and batteries in the blue solid line. The electricity demand, or 
energy sink, is presented in the brown solid line. The maximum harvestable 
solar and wind energy generation is shown in the red and green dashed lines, 
respectively.

Fig. 8. The projected 2050 daily total electricity demand of the southern Af
rican provinces (numbers), where a feasible cost-optimised energy system can 
be built. The colour bar on the right of the figure, with a different scale, is used 
exclusively for the electricity demand of South African provinces. This is 
necessary due to the large difference in electricity demand between provinces 
in South Africa and other Southern African countries considered in this study. 
All provinces are arranged by country and sorted ascending by name index, i.e., 
their identical GID numbers, which are shown in the ticks on the x-axis. For the 
correspondence between the identical GID numbers and the exact province, 
please refer to Table S1, column “Province code (GID_1 code)”.
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in Africa, where data scarcity remains a persistent challenge. In contrast, 
the present study integrates advancements from both geoscience and 
energy research, providing insights that have not been explored 
elsewhere.

It should be noted, however, that the impact of different meteoro
logical data sets on the cost-optimised design of energy systems is spe
cific to our study area in southern Africa, which is the limitation of this 
study. The region’s complex land-atmosphere interactions, influenced 
by diverse terrain with some highly contrasting features and strong 
ocean-land circulation patterns, play a role in the simulation of VRE 
variables and may limit the broader applicability of our findings. 
Nevertheless, this study highlights the critical need for future VRE-based 
energy system designs to incorporate high-resolution, dedicated 
modelling rather than relying solely on readily available data products.

As for the energy systems modelling, this study assumes lossless 
power transmission and no power exchange between provinces to 
examine the direct impact on the local energy system. While renewable 
energy complementarity studies, like in Ref. [60] that incorporate 
power grid dynamics, interregional power flows, and grid congestion 
analysis offer valuable insights, their application in Africa remains 
challenging due to unstable power infrastructure and limited data 
availability. Furthermore, research by Blanco and Faaij [61] suggests 
that including more energy sectors reduces the need for battery capacity 

in the energy systems. By modelling energy systems with only wind and 
solar energy and without interprovincial transmission, this study may 
overestimate battery needs. Modelling a real-world full energy system 
with all the energy sectors integrated and power exchanged would likely 
lower both battery requirements and overall costs, but the relative dif
ferences in VRE contributions derived from different meteorological 
data sets should remain consistent with the findings of this study.

Furthermore, this study considers annual variations in designing the 
cost-optimised energy system. Multi-decadal simulations that capture 
interannual VRE variabilities, as shown by Caglayan et al. [62], could 
yield more robust results and, therefore, deserve attention in future 
decades-scale applications of the current study.
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