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ARTICLE INFO ABSTRACT

Keywords: There are over 650 million people in Africa who have no access to electricity; this is in sharp contrast to the
Africa continent’s vast untapped renewable energy potential and due largely to the historical lack of investments in
Photovoltaic (PV) energy infrastructure. New investments in decentralised power generation within Sub-Saharan Africa play a
Energy access progressively important role in increasing energy access and addressing the continent’s electricity supply

Mini-grid . . . . . i
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Energy development policy
Energy investments
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nomic axes can spur the mobilisation of private, public and international sectors in investing in decentralised
energy technologies. An increasing amount of high-resolution global spatial data are available, and used for
various assessments. However, key multidimensional indicators are mainly still provided only at the national
level. To this end, we present a comprehensive and consistent analysis of the attractiveness for decentralised
photovoltaic technologies at an unprecedented level of detail using both high-resolution spatial data and national
reports. We develop and build a new composite indicator that considers the interplay between social, political,
environmental and financial factors at a granular regional level for Sub-Saharan Africa and embeds within it the

importance of the local production costs at high-spatial resolution.

1. Introduction

Increasing energy provision is of paramount importance in Sub-
Saharan Africa (SSA) where currently less than 45% of the population
has access to electricity [1]. The region’s installed power generation
capacity in 2018 was only 122 GW [2], which is the lowest per capita of
any region in the world (equivalent to one-fourth of the consumption in
India). The problem is only getting worse: while in SSA population
growth is 3% per year, installed power capacity is growing at only 0.1%
annually (in contrast with 2% average in emerging economies) [2].
According to the World Bank [3,4] the annual investments needed to
close the existing energy access gap by increasing energy infrastructure
in Africa is around 45 billion EUR (with a present total accumulated
investment of 9 billion EUR).

The requirement for increasing electrification within SSA, is situated
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within the challenging local context of rising fossil fuel costs and poor
grid infrastructure, and the global context of climate change caused by
greenhouse gas emissions (GHG) [5]. Against this backdrop, renewable
energy technologies (RETs) represent a sustainable option for the stra-
tegic deployment of energy technologies in SSA that can improve both
energy access and mitigate climate change, whilst balancing these am-
bitions with important development goals [6-8]. Of the currently
available and economically viable RETs, solar energy has by far the
largest resource potential in Africa, with high-quality solar resources
available everywhere except in the equatorial rainforest areas [9].
Currently, solar photovoltaic (PV) already represents a viable economic
and environmentally-friendly alternative to existing grid electricity
derived from fossil fuels, or off-grid diesel generators within SSA under
certain conditions [10]- particularly in countries with a high retail price
of electricity [11-13]. The case for focusing specifically on decentralised
PV is made by the poor transmission, distribution [14] and road
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List of abbreviations including units and nomenclature

BOS Balance-of-system
COIN European Commission’s Competence Centre on Composite
Indicators and Scoreboards

EODB Ease of Doing Busines

GDP Gross Domestic Product

GHSL Global Human Settlement Layer

HH Household

IMF International Monetary Fund

JRC Joint Research Centre

LCOE Levelised cost of electricity

MICE Multiple Imputation via Chained Equations

MissForest Random Forest Algorithm
NPV Net present value

OECD  Organisation for Economic Co-operation and Development
PV Photovoltaic

RETs Renewable energy technologies

SDGs Sustainable Development Goals

PCA Principal Component assessments

PV-DEI = PV-Decentralised Energy Investment

SHS Solar Home Systems

SSA Sub-Saharan Africa

UNDP  United Nations Development Programme

WEF World Economic Forum

infrastructure [15] present particularly in rural areas in many of the SSA
countries. The lack of suitable infrastructure impedes traditional grid
expansion, which is significant because 59% of the population live SSA
live in rural areas [16]. The ability of decentralised solar PV systems to
reduce the need for transmission and distribution infrastructure devel-
opment means that these systems can be deployed rapidly, with imme-
diate economic and social benefits from increased rural energy access
[17].

Up to now, most electrification master plans have focused on cen-
tralised options [18]. However, new investments in decentralised power
generation within Sub-Saharan Africa play a progressively important
role in bringing electricity access to rural communities and providing
new opportunities for productive activities and employment. In this
paper, we show that there has been a very uneven distribution of
decentralized solar PV investments (stand-alone systems and mini-grids)
by region and country in SSA. Furthermore, these investments do not
seem to align with the amount of solar resources present within a
particular country. Why have some countries been more successful than
others in attracting decentralised technology investments? The reasons
for the lack of investments in solar energy technologies in SSA are likely
to be diverse; often the financial infrastructures within countries are
embryonic, land tenure agreements may be opaque and the political
attitude towards RETs can appear uncertain [19]. Research suggests that
some characteristics that are detrimental to decentralized solar PV in-
vestment may be present in only one SSA country, but are often gener-
alised to the SSA region as a whole. Consequently, viable investments in
solar-PV are being missed [20-24]. This paper investigates the salient
environmental/technical, social, fiscal and political barriers and op-
portunities for investment in decentralised solar PV, differentiated be-
tween SSA countries, and presents the data collected in the format of a
composite indicator which may be used to direct future investment.

A multidimensional framework to assess the country attractiveness
for decentralised energy investment.

Composite indicators are widely used in policy analysis and public
communication, providing clear comparisons of countries or regions
across a range of complex situations and covering a breadth of topics
[25-31]. However, no composite indicator yet exists that directly ad-
dresses investments in sustainable energy development and rural elec-
tricity access. The need for such an indicator is evidenced by the present
heterogeneity in RET investments in SSA, which is dependent not on
solar resource potential by myriad other factors, included the costs of
production of electricity within a country, the political attitude to RETs,
and social factors [32] such as education on the use solar PV technolo-
gies within a country. The index presented in this paper integrates a
wide range of indices pertaining to the environmental/technical, social,
political and fiscal factors that impact investment in decentralised solar
PV, into a compact indicator that can serve as a measure to direct
funding.

The index focuses on decentralised options, specifically solar PV

stand-alone systems and mini-grids. Calculated at the national-level, and
covering 38 countries in SSA, it takes into account the multidimensional
nature of sustainable energy access by systematically bringing together
factors that affect decentralised energy investment [33] (Fig. 1). It in-
cludes both national level data, as well as high-resolution satellite data.
For specific indicators high-resolution satellite data has been aggregated
to create a national level score for use within the composite indicator
(named in colour). This satellite data can be accessed within the decision
support tool and used to assess energy needs at a higher spatial resolu-
tion. For example, identifying unelectrified rural areas at a 1 km? res-
olution (Fig. 3). Find more detailed description of the indicators in
Table SI.1 how they were calculated in Fig. 2 and S.I. and where the raw
data came from in Table 1 and Table SI.1.

2. Material and methods

Given the complex and multi-faceted nature of sustainable energy
access [34], the tool is expected to be valuable for researchers, investors,
non-for profit organisation and policy makers, to analyse the current
suitability of countries when it comes to their attractiveness for invest-
ment in decentralised electricity generation.

Each of the four main dimensions (pillars) has been carefully con-
structed to align with the overall PV Decentralised Energy Investments
(PV-DEI) index. High scores in the environmental/technical dimension
imply that environmental or technical conditions are favourable to PV
mini-grids implementation: favourable resource conditions, sparse
existing grid infrastructure, and a high potential to reduce COy emis-
sions compared to diesel generators.' High scores in the social dimen-
sion imply that the impacts of investing in PV mini-grids are likely to
significantly improve various social outcomes. Therefore, indirectly,
when current social conditions in the country are lower, the “attrac-
tiveness” for the different stakeholders is higher because the impact of
bringing electricity can cause more positive social impacts. Finally, the
financial and political dimensions score highly when the respective
financial and political situations in a country are stable. For example,
when control of corruption or electricity regulation is effectively
enforced, these contribute to a higher ranking for the political dimension
(Table I, Table SI I).

Data normalisation (to ensure comparability between indicators that
existed naturally at different scales and ranges, and measured in
disparate units), outlier treatment (Winsorization was used to reduce the
effect of possibly spurious outliers), imputation of missing data
(implementation of a random forest algorithm method), and weighting
and aggregation of the 52 indicators (through expert consultations [35]
and principal component analyses conducted at multiple levels of the

1 Diesel generators are currently the most accessible and popular alternative
to decentralised RETs, and thus represent the point of comparison in this study.
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Fig. 1. Factors included in the PV-Decentralised Energy Investment (DEI) Index developed and implemented in this work for Sub-Saharan Africa. This
scheme presents the composite indicator hierarchy structure including 4 main dimensions (environmental, social, political and financial), and the 52 indicators
grouped under the 11 sub-indices. Indicators in black represent national-level indicators and indicators in colour represent indicators at higher resolution level. The
supplementary information includes the data sources and level of geographic detail available for each of these 52 indicators.
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composite indicator hierarchy).

The PV-DEI index was constructed following established best prac-
tice guidelines [33,36]. Correlation and principal component analysis
were conducted to better understand the underlying structure of the
PV-DEI index data. The weighting and aggregation of indicators was
done in alignment with the theoretical framework, (Fig. 2, section 2.2,
sections in S.1.2 to S.I.5). Weights were multiplied by the country’s score
for each indicator, and then scores across all the 52 weighted indicators
were summed together to produce a country’s final index score.

2.1. Effects of earth observation derived data to the indicator framework

An innovation of the PV-DEI Index is that it consists of national-level
indicators combined with high-resolution Earth Observation data and
analytics. The data coverage for the African continent on population,
settlement, energy services (production, consumptions, costs and pay-
ments) is fragmented. These data are crucial for off-grid electricity ac-
cess planning and are not systematically collected in many countries, or
collected in long intervals (i.e. census can be 10 year old), so remote
sense data is an accessible approximation to minimise uncertainty and to
reduce the current gaps in data availability.

These high-resolution indicators such as grid penetration, average
distance of non-electrified population to existing grid, affordability
factors, solar energy resource availability, CO, emissions avoided by the
PV mini-grid, number of jobs created by PV mini-grid installation and
local energy demand (indicators in colour in Fig. 1), were estimated at 1
km? resolution for the identified clusters of population without access to
electricity. They were computed for areas receptive to decentralised
options: populated areas further than 5 km from the existing grid,
excluding areas where lighting was detected by satellite imagery (more
details in SI).

Finally, the composite indicator analysis was complemented by a
separate high-resolution (1 km?) spatial analysis of the levelised cost of
electricity (LCOE) of decentralised-PV across SSA, in order to include the
importance of local production cost. The estimated production cost of
electricity ranged from 0.17 to 0.29 EUR/kWh SSA (see section 2.3). The
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PV-DEI index and LCOE are aggregated to an intermediate sub-regional
level by taking an equally-weighted average of national PV-DEI score
and the average sub-regional LCOE value. Since some PV-DEI indicators
are also available at high resolution, we additionally use this to perform
an economic and technological analysis to evaluate the potential market
for decentralised energy investment. The uncertainty of geospatial data
aggregated at country level and how the accuracy can affect the results
has been analysed in a number of previous studies [10,37-40]. The
analyses showed the usefulness of adding remote sense data to mitigate
uncertainties derived from the existing data gaps and to reduce the
inaccuracies due to fragmented data coverage.

To summarise, the aim of this study is to provide a detailed map of
suitable locations in SSA for decentralised solar-PV investments,
considering local economic conditions (such as the LCOE), as well as
social, financial, environmental, and political factors. Moreover, it can
be used to identify the best performing countries or regions, in order to
learn from the policies that may have contributed to the increased
attractiveness of the country for DEI. The LCOE can also be used sepa-
rately to quantify investment costs for selected locations/regions,
helping to prioritise investments and policies within countries or even
within sub-national regions.

2.2. PV-DEI index methods

2.2.1. Structure of the PV-DEI index

The construction of the PV-DEI index was based on a paradigm shift
(away from an existing exclusive focus on LCOE analysis or alternative
mono-dimensional qualitative measures), the authors believed neces-
sary to evaluate the multiple dimensions along which stakeholders
simultaneously assess a country’s potential for PV decentralised
deployment. The composite indicator was designed and developed to
measure the multidimensional factors which cannot be captured by a
single indicator, e.g. competitiveness, affordability and governance. The
multidimensional factors were chiefly environmental/technical, social,
political and financial considerations effecting stakeholder decision-
making on PV mini-grid investments. Thus, these four categories form

PV-DElIndex

Weighting Weighting
factor ENV factor SOC
|
Environmental/Technical Social
Sub-Pillar Sub-Pillar Sub-Pillar Sub-Pillar
ENV.1 ENV.n SocC.1 SOC.n
Indicator Indicator Indicator Indicator
ENV.1.1 ENV.n.n SOC.1.1 SOC.n.n

Data Treatment:
Winsorization and
imputation

Normalisation

Weighting Weighting
factor ENV.n.n factor ENV.1.1

Data Treatment:
Winsorization and
imputation

Normalisation

Weighting
factor SOC.1.1

Weighting
factor SOC.n.n

Weighting Weighting
factor POL factor FIN
|

Political Financial

Sub-Pillar Sub-Pillar Sub-Pillar Sub-Pillar
POL.1 POL.n FIN.1 FIN.n

Indicator Indicator Indicator Indicator
POL.1.1 POL.n.n FINL.1 FIN.n. n

Data Treatment:
Winsorization and
imputation

Normalisation

Weighting
factor POL.1.1

Weighting

factor POLN. n

Data Treatment:
Winsorization and
imputation

Normalisation

Weighting
factor FIN1.1

Weighting
factor FINn.n

Fig. 2. Data treatment process followed in the construction of the PV-DEI index at country-level.
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Fig. 3. (a) Mapping unelectrified rural locations suitable for decentralised energy solutions (1 km? resolution) (b) Domestic electricity demand (kWh) (1

km? resolution).

the pillars of the PV-DEI index.

In order to accurately reconcile these multiple dimensions within a
composite indicator, the holistic structure of the PV-DEI index was
informed by an extensive review of the existing literature, including
whitepaper reports, academic papers and press releases which focused
on specific sets of thematic indicators (see SI, Fig. SI1). The grouping of
indicators within the pillars was informed by a stakeholder survey and
continued review of the literature (Fig. 1, Table 1, Table SI1). The sur-
veyed experts were selected from various governmental agencies,
research institutions, private investors, financial institutions, and civil
society organizations involved in the rural electricity sector in Africa.

Once the structure had been built in alignment with the existing
literature and stakeholder expertise, and populated with indicators, the
validation and robustness assessment of this structure was followed
using correlational assessments and principal component analyses
(detailed below). The PV-DEI index creation followed the ‘best practice’
for composite indicator design outlined by the European commission
COIN service [41].

2.2.2. Data selection

Data selection was critical in determining the overall quality of the
PV-DEI index composite indicator. The literature review and expert
consultations were used to construct the hierarchical structure of the PV-
DEI index prior to data collection, to ensure selection was in alignment
with the framework and not based on availability.

Indicators were chosen from reliable sources; where possible these
were international organisations working under statistical regulations or
codes of conduct. The quality of the data source was assessed using
criteria defined by the International Monetary Fund (IMF) Data Quality
Assessment [42]. This focused on the objectivity of the source in their
collection and/or production of the data, methodological soundness in
both data collection and processing, accuracy and reliability within the
final data, the frequency and consistency of data updates, and accessi-
bility. Accessibility was an important consideration as limitations here
would compromise third parties’ ability to investigate the original
source material.

For the indicator data itself, quality was assessed using a combina-
tion of criteria outlined by the OECD/JRC European Commission in the

‘Handbook on Constructing Composite Indicators’ [33]. Following these
guidelines ensured datasets were relevant to the overall purpose of the
PV-DEI index, measured within an appropriate timeframe for the phe-
nomenon of interest, appropriately sensitive to slight changes in this
phenomenon, interpretable and complete with clear definitions of the
items and/or populations studied, coherent across SSA countries, ac-
curate and reliable (Table S.I and Table SI-II).

2.2.3. Structural assessments

To identify the underlying structure of the PV-DEI index, both
correlational and principal component assessments (PCA) were con-
ducted. Initial correlational investigations were conducted using the
COIN tool [41] (Fig. SI.1) These correlational assessments were under-
taken to ensure no two indicators within the same sub-pillar were highly
correlated (high positive correlation: +0.5), rendering the use of one of
them redundant. This was repeated to additionally ensure no indicators
were negatively correlated with other indicators in their sub-pillar (high
negative correlation: —0.5), which would have suggested an inconsis-
tency between the indicators and what was being measured, with some
indicators cancelling each other out Indicators that were either posi-
tively or negatively correlated with their neighbours were investigated
to determine whether there was a theoretical grounding for this. If a
theoretical grounding was discovered, and it was deemed relevant and
necessary to retain the indicator because of the information it contained
it was included in the index, and if not it was excluded. In the PV-DEI
index only negative correlations were retained between indicators in
the environmental sub-pillar (shown in red) however none of these
exceeded —0.5 (Fig. SI.1).

PCA were conducted in addition to these correlational assessments,
to visualise the underlying structure of the PV-DEI index (Fig. SI.2) PCA
were undertaken to ensure that the grouping of indicators into sub-
pillars and pillars was in alignment with the data, in addition to the
qualitative stakeholder suggestions and literature review. This resulted
in a refined composite indicator that is valid both qualitatively and
quantitatively. To illustrate an example of how the index was refined
using PCA, Indicator 48 which measures the removal of taxes and tariffs
was moved from the financial dimension, to the political pillar that fo-
cuses on the creation of a decentralised energy market, based on the
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Table 1
List of the 52 composite indicators included in the PV-DEI index structured by 4 main pillars (environmental/technical, social, political and financial) and 10 sub-
pillars.
Pillar Sub-Pillar Indicator Name Data Source
Environmental/ sp.01  Resources ind.01 PV output - Country average PVGIS, Huld et al. [4,5]
Technical p.1 ind.02 PV output -Spatial variability PVGIS, Huld et al. [4,5]
ind.03 Seasonality Indicator PVGIS, Huld et al. [4,5]
ind.04  Wind resource Endowment IRENA, DTU [6]
ind.05 Biomass resource potential IRENA, RFA [7]
sp.02 Existing ind.06 Grid Penetration Szabo et al. [8], NASA [9],
Infrastructure JRC-GHSL [10]
ind.07 Distance from settlements to grid JRC-GHSL [10], Szabo et al. [8],
NASA [9],
ind.08  Power Outages in firms in a Typical Month World Bank [11]
ind.09  Value lost due to electrical outages World Bank [11]
sp.03  Avoided Emissions  ind.10  CO, emissions avoided by the PV mini-grid instead of diesel mini-grid Methods
Social p.2 sp.04  Accessibility ind.11 Rural Population vs total population World Bank [11]
ind.12 Rural Access to electricity World Bank [11]
ind.13 Perceived availability of skilled Employees Human Capital Index (WEF) [12]
ind.14  Consumer Awareness - Lighting Africa Campaign Lighting Africa [13]
sp.05  Impacts ind.15  Life Expectancy at Birth World Bank [11]
ind.16  Respiratory Disease Incidence WHO [14]
ind.17  Education Attainment - Harmonized Test scores World Bank [11]
ind.18 Primary Completion Rate World Bank [11]
ind.19  Gender. Unemployment Rate - Female to Male Ratio UNDP Human development
Indicators [15]
ind.20  Estimated number of jobs created directly related to the deployment of =~ JRC-GHSL [10], OECD [16]
PV mini-grids
ind.21  Prevalence of undernourishment as a percentage of the population International Food Policy Research
Institute [17]
Political p.3 sp.06  Political ind.22  Political Stability and Absence of Violence/Terrorism World Bank Worldwide
Environment Governance Indicators [18]
ind.23  Control of Corruption as the risk that companies will face bribery or World Bank Worldwide
other corrupt practices Governance Indicators [18]
ind.24  Publicised Laws: Whether basic laws and information on legal rights are ~ World Justice Project [19]
publicly available
ind.25  Complaint redress mechanisms: people able to bring specific complaints ~ World Justice Project [19]
to government about provision of public services
ind.26 ~ Government regulation effectively enforced World Justice Project [19]
ind.27  Due Process is respected World Justice Project [19]
ind.28  Property Rights: No unlawful expropriation without adequate World Justice Project [19]
compensation
ind.29  Business Regulatory Environment Ibrahim Index of African
Governance IIAG [20]
ind.30  Project Development Barriers ClimateScope [21]
ind.31  Absence of Restrictions on Foreign Investment Ibrahim Index of African
Governance [20]
ind.32  Robustness of Banks WEF Global Competitiveness
Report [22]
sp.07 ind.33  Light Handed regulatory framework ClimateScope [21]
Decentralised Energy ind.34  Off Grid Financing Facilities ClimateScope [21]
Market ind.35  Rural Electrification Programme: rewards countries where a detailed ClimateScope [21]
rural electrification program is in place
ind.36  Availability of Pay As You Go (PAYG) solar technologies ClimateScope [21]
ind.37  Transparent Grid Extension Plan ClimateScope [21]
ind.38  Mini-grids concessions ClimateScope [21]
ind.39  Off-grid energy access target ClimateScope [21]
ind.40  Tariff deregulation: off-grid developers can structure the tariffs they ClimateScope [21]
charge for their electricity themselves
ind.41 Tax/Duty Reductions: renewables benefit of reductions in tax and duties ~ ClimateScope [21], IRENA [23],
Financial p.4 sp.08  Financial Risk ind.42  Weighted Average Cost of Capital (WACC) Ondraczek et al. [24]
ind.43 Inflation consumer prices (annual %) IMF [25]
ind.44  Exchange Rate Risk measured the volatility in the exchange rate within =~ World Bank [11]
each country
ind.45 Cost of fuel incumbents: Pump price for diesel fuel World Bank [11]
ind.46  Current electricity generation from fossil fuels The Shift Project [26]
sp.09  Market Size ind.47  Electricity Expenditure Per Day World Bank [11], JRC [27]
ind.48  Electricity demand growth (10 year projection) ClimateScope [21]
ind.49 Growth Rate of Peak demand (5 year average) ClimateScope [21]
ind.50  Consumption modelled for universal access to electricity Methods section
sp.10  Experience in the ind.51 Clean energy Investments ClimateScope [21]
sector ind.52  Foreign investment in Clean energy ClimateScope [21]
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results of an intermediary principal component analysis. This remained
in keeping with the conceptual framework of the political dimension.
The structural assessments detailed here were repeated after each data
treatment to understand the effects these were having on the overall
structure of the index. For more detail on the PCA and correlational
assessments please see the supplementary materials.

2.2.4. Data treatment: data intensification, outliners’ treatment and
imputation of missing data

The processes used in the construction of the PV-DEI index were
capable of distorting the obtained results. Therefore, great care was
taken to investigate the implications of choices made regarding nor-
malisation techniques, imputation of missing data, and the weighting
and aggregation procedures.

Initially we ensured indicators were comparable across SSA coun-
tries with diverse population sizes, land areas, and natural resources.
This necessitated the intensification [36] of appropriate indicators: For
example, raw data on total number of jobs created was intensified by
dividing by the country’s labour-force population, to make this indicator
comparable across countries with disparate working populations.

The distribution of the indicator statistics can be heavily influenced
by outliers. Winsorization was used to remove extreme outliers.
Following the protocol in the COIN tool [36], data sets were winsorized
when skew was greater than 2 (high degree of distortion from the
normal distribution) and kurtosis (measure of outliers present in the
distribution) was greater than 3.5. In total, nine out of the 52 indicators
included in the PV-DEI index were winsorized. A sensitivity assessment
was conducted to examine the effects of winsorization on PV-DEI index
scores (Fig. SI.3).

Following winsorization the challenge of missing data was
addressed. Initially, countries with data coverage lower than 65% across
the 52 indicators were removed. Two methods were then assessed for
imputing missing values:

i) Multiple Imputation via Chained Equations (MICE)
ii). Implementation of a random forest algorithm (MissForest).

In the final index the MissForest package was used. This made fewer
assumptions about the shape of each data-set and did not require a
specific regression model to be specified for imputation; instead it used a
technique that was capable of modelling non-linearities between vari-
ables. In contrast MICE used linear regressions a priori to predict
continuous missing data-points from the existing data, however the
‘true’ imputation model may have contained non-linearities. When re-
assessing the correlations between variables following each imputa-
tion method using the COIN tool [41], the MissForest method (Fig. SI.5)
preserved the original relationships between the variables better than
the MICE technique (Fig. SI.4). This result is in alignment with the
findings of Shah et al. [43], who found that a random forest technique
was more efficient than default MICE methods, and produced narrower
confidence intervals when looking at complex datasets. Our research
therefore also lends additional support for their hypothesis.

For the 11 categorical variables included in the index the mode of the
region of SSA in which the country was located was used to impute any
missing values. This is in alignment with the best practice for handling
missing categorical data. The data was then quantised by assigning the
maximum value of 1 to ‘yes’ answers, 0.5 to ‘somewhat’ answers and
0 to ‘no’ answers; this would be reversed in the case of negatively
weighted indicators. For example, in response to the Climatescope2018
survey question on the presence of a rural electrification programme,
countries that responded ‘yes’ would score 1, ‘somewhat” would score
0.5 and ‘no’ would score 0.

The completed data sets were normalised to ensure comparability
between indicators that existed at different scales and ranges and were
measured in disparate units. The rescaling or min-max method of nor-
malisation was chosen as this preserved the shape of the data
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distribution for each indicator, and did not unduly reward or punish
exceptional indicator values in contrast to standardisation using Z-
scores (Fig. SI.6). Using the rescaling technique all indicators had the
same range. Therefore, the influence of indicators with smaller natural
intervals were exaggerated within the composite indicator. However,
due to winsorization within the COIN tool the intervals of all the datasets
were less disparate. The smallest intervals were on indicators such as life
expectancy, which had a mean of 62.28 and a standard deviation of
5.09. Due to the value placed on a human life the enhanced disambig-
uation of countries with respect to this variable was not discouraged. As
shown in Fig. SL6, the choice of normalisation technique did not
significantly distort the ranking of countries within the PV-DEI index.

2.2.5. Weighting the composite indicator

Other combined metrics, such as the World Bank’s ‘Ease of Doing
Business’ (EODB) [44], have weighted all indicators equally without a
stated justification for this decision. In this paper an equal weights
approach was not selected as the authors did not desire direct
compensability between indicators, due to some indicators having
greater importance for directing investment in decentralised solar-PV.

Mirroring the methods used in the creation of the structure of the PV-
DEI index, the weighting of indicator scores was done in alignment with
a theoretical framework based on an extensive literature review and
expert consultations (see Refs. [35,45,46] and SI), and detailed principal
component analyses conducted at the sub-pillar level of the composite
indicator hierarch.

Explicitly, principal component analyses were used to determine the
relative loadings of individual indicators within sub-pillars. Indicators
that loaded most highly onto the first principal component for a given
sub-pillar were judged to be in greater alignment with the over-all sub-
pillar measure, and weighted to reflect their greater relevance, (check-
ing, that this made sense theoretically and was in keeping with the
stakeholder elicitation). For example, the first principal component for
the sub-pillar ‘Regulatory and Business Environment’ (comprised of
indicators 26 to 32) is shown in Fi SI.7. In accordance with the authors
evaluation of the first principal component, and as evidenced in a review
of the relevant literature, the importance of property rights (Indicator
28) was weighted more highly that other indicators within this pillar.
This process was repeated to weight the individual indicators within all
the sub-pillars (See supplementary materials).

At higher levels of the PV-DEI the importance of the pillars were
evaluated using a stake-holder elicitation survey, to determine how
important broad categories of indicators e.g. Social or Financial were to
different individuals wishing to use the index. Weights were multiplied
by the country’s score for each indicator, and then scores across all the
52 weighted indicators were summed together to produce a country’s
final index score (weights and detailed methodology included in SI).

The authors acknowledge that the scores obtained from the PV-DEI
index are highly dependent on the weighting system chosen, in this
paper sensitivity assessments have been conducted using weights
selected that represented private finance, international donors and
governments, and philanthropic perspectives. These were obtained from
the different participants in the stakeholder elicitation. Fig. 5 illustrates
how results were contingent on the weights selected in these different
perspectives.

2.3. Net present value calculations and levelised cost of electricity model

The levelised cost of electricity (LCOE) of solar decentralised tech-
nologies was geospatially assessed across Sub-Saharan Africa and
embedded into the “big picture” given by the composite indicator either
economic, environmental/technical, social or political dimensions. To
calculate LCOE for PV mini-grids with battery storage, the model esti-
mates the performance of the PV mini-grid overall geographical popu-
lated areas in Sub-Saharan Africa at 1 km? spatial resolution. The total
amount of solar irradiation, the intermittency of the solar irradiation



M. Moner-Girona et al.

and the electricity demand depend strongly on location. Therefore, the
same PV array and battery storage arrangement may be over dimen-
sioned for some locations and undersized in others. The algorithms
optimize the PV array and battery storage size for a given populated
location (1 km? cell) ensuring a frequency of power outage less than 5%
of days. The methodology consists of geospatial analysis of the energy
output and reliability of PV mini-grid system described in detail and
validated in Refs. [47-49]. These methods have been adapted here to
include also the estimated electricity residential consumption in the
populated areas. The algorithm (detailed description in A) uses a com-
bination of hourly solar radiation data from satellites combined with
temperature and wind speed data from reanalysis, and population dis-
tribution and density data [50]. The specific algorithm also incorporates
measured data on PV module and battery performance using Li-ion
batteries instead of the traditional lead-acid batteries [48] and the
estimated electricity consumption data per 1 km? cell (supplementary
material).

The levelised cost of electricity LCOE for PV mini-grids for each
location is calculated by 20 years lifetime taking into the account the
distribution and density of population per cell (1 km?). The LCOE
calculation involves local techno-economic assumptions including daily
data of solar resource [51,52], upfront costs, lifetime of PV modules and
batteries, etc. (detailed description in SI). To estimate the LCOE values,
the model makes use of capital costs including economy of scales
(Table 2). To calculate the LCOE the costs of installation, distribution,
operation and maintenance are taken into consideration by the
following equation:

CAPEX, + Y7, {(Rl +00/(1 + fn)‘}

LCOE, = (€Y
T
pI {(Esn)/(l + rn)‘}
N
CAPEXy =Y _ | (PViw, *PVgur,) + (PViw, *BOSgur, )
n=1
+ (BATxwn, *BATgyr, ) + Consn*line% «Ncells, 2

Where:

n: PV mini-grid zone

LCOE,: levelized cost of electricity in location n [EUR/kWh]
CAPEXj: initial PV mini-grid investment cost at t = 0 [EUR]
t: time in years t = 0 is the installation year

Table 2
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T: economic lifetime of the PV mini-grid [years]

O¢: operation and maintenance cost in year t [EUR]

Ry replacement cost in year t [EUR]

Consy: average annual electricity consumption in location n [kWh]
ES,: average annual electricity production from the given system
depending on solar radiation and population in location n [kWh]
ry: discount rate in location n

The initial PV mini-grid investment cost were calculated for each PV
mini-grid zone (aggregated cells following criteria in section consump-
tion). For each PV mini-grid zone, the total PV size (PVkw,) and battery
size (BATgwn,) were determined, and then the up-front cost per
component were calculated by the effect of the economies of scale
(Table 2).

The annual energy output [kWh/year] has been calculated for each
pixel 1km x 1km using a combination of several models [48], a model for
effective irradiance with solar radiation measured from satellites, a PV
output power model with measured data on module performance, and a
model for battery performance based on measured battery data. The
baseline effectively produces a snapshot of the technology allocation for
connecting the current population using current PV mini-grid technol-
ogies. For the baseline, the model runs under the most conservative
assumptions, considering as a priority energy access but not considering
the effects of industrialization per settlement. The baseline takes into
account the current situation without projections on population growth,
and without projections on increase of consumption.

2.3.1. Consumption calculations

The study focuses on detecting suitable sites to bring electricity by
decentralised options to population without access to electricity in Sub-
Saharan Africa. The lack of availability to harmonized geodata of Afri-
can settlements and the inconsistent demographic information produced
through census campaigns and released in aggregate form by UN has
promoted the science community to invest in extracting information
from the available satellite remote sensing archives and plan to process
future incoming imagery [54]. Since the most accurate geographic dis-
tribution of the population is essential for determining where the pop-
ulation has no access to electricity, the latest integrated continental
dataset the population distribution provided by the Global Human Set-
tlement Layer (GHSL) framework [55] was applied in the study. The new
algorithm surveys remote areas where the population is most likely
without access to electricity. A combination from multiple sources was
use to compile the dataset of the existing grid (OSM, WB datasets,
Arderne et al. [56], ECOWREX [57] and from rural electrification
agencies/EU delegations (Burkina Faso [58], Kenya [49], Tanzania [59,
60]). The population layer was spatially combined by the 5 km buffer

PV mini-grid component costs including economies of scale and dependency according to the household density (HH) The component costs.

Economies of scale

Lifetime [years] Discount rate [%]

PV Size <1 kW,

5 kWp< PV Size <15 kW,

PV Size>100 kW,

PV module [EUR/kW,] 996 830 664 20 5

Balance-of-system [EUR/KW,] 1200 1000 800

Distribution lines [EUR/kWh/km] HH < 50 100<HH<50 HH>100 20 5
Distribution cost not included (SHS) 0.025 0.02

Li-ion battery [EUR/kWh nominal] Battery capacity<50 kWh Battery capacity >50 kWh 10 5
350 280

Note: The baseline optimisation for PV mini-grids with PV size between 5 kWp and 15 kWp assumes values for the capital costs and lifetime based on field specific data
(2018) [53] and a low discount rate (5%) compare to the rate given to traditional energy infrastructure.” Solar Home Systems (SHS).

? Discount rates for energy projects generally take values between 3% and 15%, depending on the sector [72]. While in developed regions it is reasonable to expect
even lower discount rates (e.g. 3%), projects in Africa are rather expected to be in the higher end of the limit. However, international institutions, such as OFGEM
(Office of Gas and Electricity Markets) and ENTSO (the European Network of Transmission System Operators) [73], recommend the use of uniform discount rates for
comparative purposes in case of cost-benefit analysis (CBA) assessments of energy infrastructure with long lifetimes. For time periods analogous that those in our study,
their recommendation is to use social discount rates between 3% and 5%. This recommendation is valid for private investments whose main benefits are public, as is
the case in this study [74]..


https://datacatalog.worldbank.org/dataset/africa-electricity-transmission-and-distribution-grid-map-2017
https://www.nature.com/articles/s41597-019-0347-4
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Fig. 4. (a) Sub-Saharan Africa map with the PV-DEI index score for each country computed for the private sector approach: From highest performance (in dark
green) to lowest performance (in dark red). The colour scheme is divided in five ranges, separated at the values of the 20, 40, 60", and 80™ percentiles. (b)
Country-level ranking and breakdown of index with share of the four main dimensions (Environmental, Social, Political and Financial).

area of already existing electricity grid, the NASA nighttime lights im-
agery (Lighted area as a subset of the NASA image compiling data
captured by a sensor aboard the NASA-NOAA Suomi NPP satellite) [61]
and the geostatistical probabilistic layer on household electricity access
in Africa [40,62,63].

The GHSL builds on past experiences and on different resolution
settlement products and reports on processing 40 years of Landsat im-
agery for mapping the global built-up areas from 1975 to 2015 [55]. The
number of population allocated in each 1000 m x 1000 m cell derives
from GHSL associated to the GHS-POP data [55]. The population grid
datasets GHS-POP are derived from the GHSL building density and
population census data and originally developed in order to reallocate
census population to built-up areas. A multi-criteria site-selection al-
gorithm was designed to identify the populated areas without access to
electricity. The criteria used to delineate the electrified areas were:

i) Populated areas located within a 5 km distance to the existing
electricity grid.

ii) Settlements with detected night time light (based on the NASA
satellite with 1km? resolution).

iii) Areas where the probability of a household having electricity is
higher than 10% [62].

iv) In order to select the areas where PV mini-grids are favourable,
we selected the population living out of the delineated “electri-
fied buffer” and aggregated the neighbour population for
contiguous grid cells. The cells fulfilling the above criteria (out of
the buffer) and with household density larger than 50 HH/km?
(HH > 50) were selected followed by an aggregation function
with an 8-direction connectivity criteria of the adjacent cells. In
this way, we proceed in a differentiation for decentralised options
between PV stand-alone systems and PV mini-grids in relation to
the density of population and size of the PV system corresponding
to the aggregated cells. As a result, each group of cells form one
individual zone representing unique load centre for the commu-
nities with independent PV mini-grids or PV stand-alone systems.

v) For each of the individual zones the PV systems are optimized by
the algorithms described in A. When the resulting PV size is larger
than 1 MW, then is not considered as a decentralized solution.

Validation of the applied model has been completed by partially
available settlement data and visual interpretation of satellite images.
The modelling exercise identified 87,258 potential PV decentralised
options covering a total population about 176 million people.

The total peak demand for each identified cell with population
without access to electricity is estimated by summing up domestic de-
mands and a coincidence factor of 70% [49]. Each load consumption is
calculated per cell depending on the allocated population GHSL, the
index of poverty of the corresponding country, the social infrastructure,
the contribution of productive use in relation to the poverty and un-
employment indexes. The domestic electricity load per populated pixel
is calculated following the assumption that residential sector is the
dominant costumer group. The total electricity residential consumption
per settlement is calculated by the number of household (HH) depending
on the average people per household of each country. The electricity
consumption per household are chosen to be consistent with two of the
multi-tier matrix Tier 3 and Tier 4 used in the Sustainable Development
Goal 7 (SDG7) for measuring access to household electricity supply [48,
64]. The SDG multi-tier matrix range from Tier O no access to electricity
to Tier 5 the highest level of consumption, > 3000 kWh/year/HH [64].

3. Results

3.1. National scoring on attractiveness to investment in decentralised
technologies

The PV-DEI index and accompanying LCOE data were designed as a
flexible tool to support the mobilisation of sustainable investment from
either the private, public, non-for profit, and international sectors. The
multidimensional framework of the composite indicator has the
advantage of being malleable to different stakeholder priorities by
adjusting the weights of individual indicators and aggregation. This is
implemented in a new web-based tool where stakeholder priorities can
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Fig. 5. Al Effect of the ranking of countries depending on the three stakeholder approaches. B | Spatial distribution of the PV-DEI index for private sector,
civil society and international donor approach. White background indicates countries in which composite indicator function is not statistically robust.

be reflected by user-specified weights (SI).

In this paper however we focus on scoring and analysis under
weighting priorities pertinent to the private sector, determined through
expert consultations ([35] and SI). In six of the SSA countries, the results
of the analysis are not shown due to the lack of reliable data (Djibouti,
Gambia, Guinea Bissau, Equatorial Guinea, Gabon and Eswatini).

The emerging overall picture of the county level PV-DEI (Fig. 4) is
that Eastern and Southern African countries (6 of the 8 top countries)
scored significantly better than central African countries. In the west
region, results were more heterogeneous with countries such as Senegal
and Benin performing well, while other countries such as Ghana and
Sierra Leone scored poorly. The five best scores were those for Ethiopia,
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Kenya, South Africa, Uganda and Rwanda. Two of the 8 top countries
were located in Western Africa; Senegal and Benin. At the other end, 4
out of the 8 lowest scores are in Central Africa, with the five lowest-
ranking being Sierra Leone, Congo, Ghana, South Sudan and the Dem-
ocratic Republic of the Congo. The lower end of the scale includes, not
surprisingly, countries experiencing prolonged and recurrent financial
and political instability and conflict, such the Democratic Republic of
the Congo, which is emerging from political crisis and civil war. Well-
performing countries have relatively solid commercial and financial
bases such as Kenya and South Africa. An important indicator in these
rankings is the market size in each country defined as the off-grid pop-
ulation with not yet access to electricity in absolute terms. As the PV-DEI
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Fig. 6. a) Spatial distribution of PV DEI index computed with the LCOE at sub-regional level. The composite indicator captures sub-national differences within
countries to determine whether there was a privileged part in the country specifically for decentralised option and country-level socio-economic indicators that are
unequally distributed. To facilitate the overview and understanding of data distribution the percentile method the colour scheme is divided in five ranges, separated
at the values of the 20“‘, 40'h, 60“‘, and 80™ percentiles (from dark red to dark green). b) Spatial distribution of the environmental, social, political and financial
dimensions computed with the LCOE at sub-regional level. Each of the dimensions capture sub-national differences within countries specifically for each of the
dimensions that are unequally distributed, therefore highlighting the scoring of the 4 dimensions independently Investments and market size per country.
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Fig. 7. Country performance versus production cost including market size. Interlinkage of selected social and economic indicators aggregated from high-spatial
resolution to country-level. Identification of countries which add the most value to investment portfolio and presents higher investment suitability: countries
with lower LCOE, larger market size, and high PV-DEI performance. The LCOE is calculated as an average of the LCOE 1 km? resolution values per country taking
only the areas covered by decentralised options. Circles are shaded by PV-DEI index scores (lower performance in red and higher performance in green). The size of
the bubble serves as an indication of the market size per country. The market size represents the amount of population living in areas favourable to decentral-
ised energy.
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Fig. 8. Prioritising location of PV-mini grid investments using the composite indicator results from a private investor perspective. Each group of cells form one
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pixels depicts the market size per system (total potential new costumers).

measures decentralised energy options, the market size in each country
is meaningful to establish the ranking.

Fig. 4 also breaks down how countries score on each of the di-
mensions. Low-ranking countries on the PV-DEI Index tend to score
poorly on financial considerations, despite obtaining relatively high
scores in the environmental and social dimensions. For example,
Madagascar ranked third in the environmental dimension but was
ranked in 32nd position in the overall index. The importance of financial
considerations for determining the location of solar-PV investments is
attested to by the current global location of solar-PV predominantly in
the northern rather than the sunnier southern hemisphere (where irra-
diation is higher but access to affordable, secured capital is lower) [65].
It also reflects the weighting system illustrated here, which came from a
private finance perspective. Our study links PV-DEI investment to
variability in financing conditions for the first time at the country level
across in SSA.

The differences between countries in the Western African region
emphasise the importance of including indicators that go beyond the
availability of resources. Senegal achieved greater scores in the political
and social dimensions that its neighbours, Sierra Leone and the Ivory
Coast. Thus, despite their proximity, these countries are ranked very
differently in the index, better reflecting the broad range of consider-
ations in locating a PV-DEI investment.

The sensitivity analysis illustrates whether the scores (and the
associated inferences) are robust with changes in stakeholder perspec-
tives [66,67]. The weightings from the stakeholders that were engaged
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can be found in the SI_indicators_raw_data. Fig. 5 depicts how the index
scores for the countries changed in relation to three different expert
assumptions. For instance, Ethiopia keeps ranking the most favourable
country regardless of different stakeholder approach, on the contrary,
Chad appears to be very sensitive to the weighting of the stakeholders,
changing the ranking from an 18 position from a private perspective to
second one when environmental and social aspects are considered a
priority for investments (civil society and international donor
perspectives).

The purpose of the composite indicator is to allow for multiple per-
spectives, and these can easily be visualised by altering the weights
placed on different components of the indicator (including environ-
mental, political and social, not just financial). In the decision processes
of international donor organisations there often exists a multi-
dimensional set of requirements that go beyond one factor, thus the
composite indicator represents a new method for allowing their pref-
erences to be expressed, as the weighting system can be tailored
appropriately.

As private investments and thus financial incentives dominate the
current discourse the weightings system presented here reflects this, but
in including other criteria the paper represents a step away from
maintaining the sole dominance of financial considerations. The earth
observation derived data embedded within the index, combined with
the LCOE, can also capture sub-national differences within countries to
determine whether there was a sub-region of a country more amenable
to decentralised options (Fig. 6). This allows potential areas for
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Fig. 9. The PV-DEI open source and open-access analytical web-tool.

investment to be identified at considerable spatial detail.

The PV-DEI index ranks the attractiveness of countries for in-
vestments in decentralised PV and enables the impacts of potential in-
vestments to be more explicitly quantified. The PV-DEI framework
considers potential size of the PV market investments (number of po-
tential new beneficiaries in non-electrified areas), the associated total
investment costs (including poverty index in the level of consumption)
and the avoided emissions (see SI).

Using these factors, Fig. 7 distinguishes the high and low performing
countries for attracting decentralised PV technologies, and the potential
for mitigating climate change. For instance, in the case of the 3-top
countries, the market size ranges from 64 million people for Ethiopia
to 4 million people for South Africa (see Fig. 7). Although the magnitude
of the market size is subject to considerable uncertainty, the range of
costs among each country remains relatively well established across a
range of model specifications. In terms of allocated market size Ethiopia,
Nigeria and Congo dominate all the other nations, and on top of this the
three countries have a mid-range average cost of production, making
them attractive for investment when considering these three indicators.
However, the composite indicator results show that Congo has the
lowest score in the PV-DEI index, which would make the investment less
attractive. At the other end of the scale, South Africa has a high index
score but would accrue a significantly smaller share of the market and
has a higher LCOE. These examples illustrate the value of accounting for
the various factors within a unified framework that additionally allows
for stakeholders to view individual indicator data.

3.2. Prioritising location of PV-mini grid investments at regional-level

As a final example, Fig. 8 shows how the PV-DEI index and accom-
panying high resolution spatial data might be used for locating a specific
new solar-PV investment project. The most favourable sub-regions for
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PV decentralised investments, according to the PV-DEI index, are col-
oured dark green, while coloured pixels show potential market size.
Each group of cells (unique zone) represents a unique load centre for the
communities with independent PV mini-grids or stand-alone systems.
This approach can be used to calculate the total population covered by
each system (market size) and the total amount of cumulative invest-
ment required over a 20-year lifetime, per system (see section material
and methods).

4. Discussion

The PV-DEI composite indicator has a significant potential to support
decision making and be used by multiple actors involved in energy ac-
cess in Sub-Saharan Africa — namely, rural electrification agencies,
intergovernmental organizations, governments, international donor,
NGOs, and mini-grid developers. Many composite indicators already
exist in somewhat-related topics, such as the UNDP’s Human Develop-
ment Index [25], the World Bank’s Ease of Doing Business index [26],
the Global innovation index [27], the OECD Green Growth Indicators
[68] and the African Green Growth Index [69], the Renewable Energy
Country Attractiveness Index (RECAI) ranks the top 40 markets in the
world on the attractiveness of their renewable energy investment and
deployment opportunities. Recently, the Sustainable Development Goals
(SDGs) Index was launched, a composite measure of progress covering
85 indicators across all 17 SDGs [28-30]. However, the PV-DEI index is
the first to directly address investments in sustainable energy develop-
ment and rural electricity access.

The analytical tools presented here have the novel capability of being
able to identify countries’ strengths and weaknesses, thereby pointing to
possible improvements that may be made within an individual country
to improve its attractiveness for decentralised solar-PV investment.
These improvements could then increase stakeholder confidence in the
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investments of PV decentralised options in non-electrified SSA areas.
The index encapsulates the multiple factors considered by stakeholders
when making decentralised solar-PV investment decisions, and are
included within the PV-DEI index using a combination of Earth Obser-
vation data and country level scores on various social and political di-
mensions in an original, objective and spatially distinct way. This allows
users of the Index to investigate the relationships between disparate
variables from different research domains.

The PV-DEI index clearly differentiates between SSA countries, thus
preventing problematic generalisations across the SSA region as a
whole, which can impede viable investments. In particular, the PV-DEI
index results highlight the need for the lowest ranking countries to
facilitate the involvement of development finance institutions and other
risk mitigation measures to improve the financial conditions for in-
vestments, even for those countries with large solar resources and low
production costs. The index will be tracked over time to assess the
progression of attractiveness of all SSA countries in terms of decentral-
ised options.

Composite indicators, like any model, involve a number of assump-
tions in their construction. In particular, the relative weighting of in-
dicators and dimensions within the concept will vary depending on the
stakeholders and the application. For this reason, and to provide full
exploration of the underlying data the upcoming open source PV-DEI
web-tool (Fig. 9) will enable its users to visualise the index results in
an interactive way, to suit their needs and to create their own tailored
PV-investment index. This is achieved by allowing users analysing data
on specific individual indicators or selected countries.

Users can tailor the weights assigned to the different indicators to
match their specific requirements and to express their criteria for in-
vestment in more nuanced ways. For example, a philanthropic organi-
sation may use the tool to focus specifically on the social pillar, using the
PV-DEI index to find regions where investment in electricity generation
may have the greatest social benefits. Other users may focus on specific
risk mitigation potential of reducing the energy service gap between
urban a rural population.

Finally, the composite indicator offers an access point to the under-
lying indicator data for relevant stakeholders (rural electrification
agencies, intergovernmental organizations, governments, international
donor, NGOs, mini-grid developers, etc.).

5. Conclusions

The results presented here from the private sector approach show
that the three highest-scoring countries (Ethiopia, Kenya and South
Africa) are also among the top-ranked countries in financial aspects.
However, these three top-scoring countries show lower scores from the
social dimension (ranking 24™ 31 and 38™ position), indicating that
Chad, Niger and Central African Republic are likely to significantly
improve various social outcomes by investing in decentralised PV (i.e.
maximising job creation and increase in quality of education and health
conditions per Euro invested). The PV-DEI framework estimates the
potential size of the PV decentralised market investments, the associated
total investment costs and the avoided emissions. For instance, in the
case of the top 3 countries, the market size ranges from 64 million people
for Ethiopia to 4 million people for South Africa, while the total in-
vestment costs (NPV) accounting for 20 years ranges from EUR 890 to
525 million, respectively. Although the magnitude of the market size is
subject to considerable uncertainty, the range of costs among each
country remains relatively well-established across a range of model
specifications. The LCOE values per country (without including soft-
costs) ranges from 0.18 to 0.27 EUR/kWh, the LCOE is calculated
considering only the areas covered by decentralised options.

Up to now, most Electrification Master Plans in Sub-Saharan Africa
were skewed toward centralised options, as they did not include such
geographic resolution making it impossible to effectively consider
distributed generation options. An important indication for the lower
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performing countries is that the PV-DEI index highlights the importance
of developing the necessary policy and regulatory framework to catalyse
investments in rural areas.

The geospatial analysis at high-spatial resolution developed in this
study combined with country-level indicator data allows to effectively
identify locations for new solar-PV investment projects, taking into ac-
count not only the location specific production costs but broader social,
political and environmental factors. This is to be implemented interac-
tively in the PV-DEI interactive tool linked to this study.

The spatial data are collected from open data sources that can be
found in the referenced papers, the economic assessment uses the NPV
and LCOE standard methodology, and the statistical methods used are
described in the COIN tool [36]. The COIN tool especially encourages
participatory uses and provides options even to factor in user prefer-
ences and weighting in the analysis. Moreover, it is important to remark
that to facilitate the reproducibility by other studies and avoid the
“black box™ effect the source files of the index calculation and the raw
data are included in this study (SI).

A few limitations should be mentioned. First, given the rapid changes
occurring in some countries, some scores may be sensitive to the time
when the data was collected. The PV-DEI index currently only covers
one specific point in time, although future work will extend the web-tool
to measure the evolution of the index over time. Future research could
also investigate normalising PV-DEI index scores within regions of SSA,
to calculate the optimal areas for decentralised PV within these. This
would prevent the systematic exclusion of central African countries,
which scored poorly in relation to SSA as a whole. In further de-
velopments, the index will include other decentralised options such as
small wind turbines [49] and mini-hydro technologies [10,70,71].
Finally, the PV-DEI index methodology gives a strong basis, in the
long-term, to be extended to the integration of PV to the existing power
systems.
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