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Abstract: In Africa, energy plays an important role in the processes of economic and sustainable
development. However, inefficiency such as mismanagement of resources constrains productivity.
Prior energy efficiency studies in Africa have failed to provide the paths through which energy
efficiency improvement can be achieved. The current study aims to assess energy efficiency
improvement among 25 selected countries in Africa. First, the dynamic slack-based measure
(DSBM) data envelopment analysis (DEA) model is applied to gauge the efficiency measurement.
Further, the Malmquist productivity index (MPI) is employed to investigate the energy efficiency
improvement during 2006–2014. Empirically, the results from the dynamic slack-based measure
(DSBM) model show that energy efficiency in Africa is generally low. Also, the findings from the MPI
suggest there is no significant improvement in energy efficiency in Africa. Based on the estimated
results, some energy efficiency improvement strategies are further proposed for sample countries
in Africa.
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1. Introduction

Globally, energy efficiency improvement is a key factor often advocated to enhance productivity
as well as improve environmental quality. Accordingly, the world experienced an increase in energy
demand (1.9%) in 2017, the highest since 2010, and this surge is largely due to the demands of emerging
economies [1].

African economies have been witnessing incremental economic growth since 2000 and energy
consumption has increased drastically by 45% [2]. The main priority of African countries is thus to
improve the growing energy demand situation and to ensure universal coverage of modern energy
services [2,3]. In pursuing this agenda, conscious steps are needed not to affect the quality of the
environment. To this end, energy efficiency improvement measures that will predict the future energy
use trends and the patterns are paramount. It allows sectorial managers and investors to make strategic
energy policies to improve efficiency, reliability, and CO2 emissions reduction.

Data envelopment analysis (DEA), as proposed by Charnes et al. [4], has been widely applied in
energy and environmental efficiency analysis [5–8]. The said approach can accommodate the several
inputs-several outputs phenomena [9,10]. However, the basic DEA models are normally formulated to
estimate the technical efficiency of the understudy decision-making units (DMUs) in a static manner.
Therefore, many biased inefficiency scores may occur if only static optimization is considered [11].
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This is because CO2 emission is not always included as an undesirable output factor but only gross
domestic product (GDP) is incorporated as the good output in the DEA model. Specifically, GDP is
often deployed as the original output (“the more the better”), whereas CO2 is usually described
as the undesirable output (“the less the better”). Recently, there has been a plethora of research
methods proposed for the evaluation of DMUs with the consideration of undesirable factors in the DEA
model. Tyteca [12] argued that undesirable factors should be employed as input in DEA modeling,
while Ramanathan [13] adopted CO2 as the reciprocal value in the investigation of the relationship
between growth and energy use among the Middle East and North African countries.

To adequately measure energy performance with DEA modeling techniques considering desirable
and undesirable outputs simultaneously, some scholars have developed many DEA models based on
the axiom of environmental DEA techniques. A comprehensive review of these novel DEA models
and their practical applications are presented by [10,14]. The slack-based measure (SBM) introduced
by Tone [15], stands tall among the other different methods proposed. This study follows the ideas
of Tone [15] as well as Zhou et al. [6] The slack-based measure (SBM)-DEA modeling approach,
where the more desirable outputs, the less undesirable outputs and fewer inputs, is regarded as the
efficient frontier. Thus, the SBM model has greater superior power in the estimation of environmental
decision-making units (DMUs) [6]. In the empirical literature, Zhou et al. [6] measured the efficiency of
CO2 emission among Organization for Economic Cooperation and Development (OECD) nations from
1998–2002, using the SBM model. Hu and Kao [16] investigated the energy-saving potential for the
Asia-Pacific Economic Cooperation (APEC) during the study period of 1991 to 2000 by adopting the
SBM model methodological framework. Choi et al. [17] studied the efficiency of Chinese provinces by
considering CO2 emissions with the SBM model. Li et al. [18] proposed a novel extension of the SBM
model to adequately study Chinese regional environmental efficiency from 1991 to 2010. Aside from the
aforementioned studies, the SBM model was also utilized in the analysis of other sectoral efficiencies,
such as the banking industry [19,20], industrial sectors [21], and educational sectors [22,23].

Furthermore, in the literature, some studies adopted the dynamic DEA modeling framework for
estimating the implications of variables over consecutive periods [24]. The dynamic DEA modeling
technique was initially proposed by [25] and [26]. In a study by Sengupta [25], the model was based on
the adjustment cost method, where he integrated the concept of quasi-fixed inputs and their optimum
paths in their study. On the other hand, Färe and Grosskopf [26] modeled multi-out production cases by
incorporating a multi-time period framework in their study. From their breakthrough, other meaningful
dynamic DEA models were formulated [27–33]. Tone and Tsutsui [34] integrated the carry-over concepts
as linking variables between two consecutive periods to develop a new slack-based DEA model to
systematically study the overall and period efficiencies simultaneously. Jafarian-Moghaddam and
Ghoseiri [35] extended the dynamic framework to include the fuzzy multi-objective DEA model to
study the efficiency of the railways. Sueyoshi et al. [36] applied the dynamic DEA window model
technique to measure environmental efficiency of coal-fired power generating plants in the United
States (US). They suggested that the US should incorporate CO2 emission reduction measures into the
Clean Air Act (CAA) to control emissions.

With the continued rise of global warming issues, concerns on energy use and the environment
have attracted the attention of researchers globally to find the synergy between sustainable economic
growth and environmental protection. In these regards, Färe et al. [37] formulated a DEA Malmquist
index model perspective to compute the relative efficiency change and technical progress of production
technology. In DEA energy efficiency studies, there are two established ways of handling undesirable
output factors in the DEA model: 1) the weakly disposable (WD) where undesirable factors are used in
their original form [38–41]; and 2) strongly disposable (SD) where undesirable factors are treated in their
various translation methods, such as reciprocal or additive inverse forms before applications [42–44].

Elsewhere, there is a growing body of theoretical and empirical literature on energy efficiency that
applies the DEA for several countries or regions; these include the US [45]; China [46–49]; India [50,51];
Japan [52]; and OECD countries [53,54]. In the African context, there exists a lacuna of energy efficiency
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studies using the data envelopment analysis approach, although there are some important energy
efficiency studies in Africa [2,3,55–58]. One limitation of those studies is that they do not consider the
different implications among the results with the inclusion and without the inclusion of CO2 emissions.
Moreover, the literature on energy efficiency improvement in Africa is relatively scant.

Again, based on CO2 emission concerns, Liu and Liu [59] employed the three-stage DEA
methodological framework to assess the efficiency of the top 20 CO2 emitting economies from 2000 to
2012 with the incorporation of CO2 as a bad output. Wang et al. [60] developed an integrated super
SBM-DEA and Malmquist productivity index (MPI) method to study the energy efficiency estimates of
17 nations. Lenz et al. [61] investigated the energy efficiency dynamics among the European Union
(EU) economies by adopting the SBM-DEA approach. Wang et al. [48] used both the SBM model and
MPI DEA framework to measure the energy efficiency of 25 countries by including CO2 emission as
a bad output. All the above studies are concentrated on developed and Asian countries, but none has
been done from the perspective of African countries.

Therefore, the objective of this study is to provide a comprehensive evaluation of energy and
environmental efficiency (EE) from the perspective of 25 sample countries in Africa in terms of CO2

emissions. In order to accomplish this, first, energy efficiency measures in Africa are gauged by
applying the dynamic slacks-based measure (DSBM) DEA. Second, the pathways through which
energy efficiency improvement can be achieved in Africa form 2006–2014 are investigated by adopting
the MPI framework. This helps in generating more accurate efficiency scores than the static model.
Essentially, in the presence of data availability, undertaking a dynamic analysis is important, in that,
the data can further be decomposed into efficiency change subcomponents, thus solving the issue of
change over time.

The current study makes the following contributions to the present energy efficiency literature:
(1) It provides the first Africa energy efficiency measurement considering two different dynamic DEA
models (DSBM model and MPI). (2) The study adopts two case analysis scenarios: (a) the effect of CO2

emission on energy efficiency and (b) without CO2 emission. (3) Empirically, the study contributes by
conducting energy efficiency improvement analysis in Africa by utilizing country-level data. (4) Finally,
industry-specific efficiency improvements measures are discussed based on the results.

The rest of the study is organized as follows. The dynamic SBM-DEA and MPI models are shown
in Section 2. The empirical results are presented in Section 3. The study conclusions and policy
implications are in Section 4.

2. Materials and Methods

In this section, the study presents the dynamic slacks-based model, first to gauge the energy
efficiency of 25 sample countries in Africa. Second, the Malmquist productivity index (MPI) model is
adopted to investigate energy efficiency improvement in Africa. The MPI is further decomposed into
technical and technology efficiency sub-components over time.

2.1. Dynamic SBM Model

Measuring energy efficiency with the dynamic DEA methodological framework is important.
This is because it allows researchers to understand efficiency-changing dynamics over time. In the real
world, strategic energy efficiency improvement planning and investment are of enormous distress for
economic growth. In addition, ignoring the dynamic nature (carry-over activities) and undesirable
output generally leads to an overestimation of efficiency scores [62,63]. This makes it important to
perform a dynamic analysis when there is data availability. Tone and Tsutsui [34] developed a new
dynamic SBM-DEA model incorporating carry-over factors. The non-oriented model by Tone and
Tsutsui was selected in this study since it can independently handle the inputs, outputs, and carry-over
factors individually. This implies that the model can easily assign the weights to each input and
output regardless of their degree of position. Interestingly, Tone and Tsutsui [34] adequately proposed
that dynamic DEA models have four types of correlation variables (i.e., fixed, free, good, and bad)
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in a consecutive period’s framework system. Therefore, real GDP is employed as the only linking
variable depicting the profit factor that connects the two consecutive production years. The central aim
of this study is that African economies must take pragmatic steps towards improving energy efficiency
as well as CO2 emission reduction.

This study assumes that there are n nations in Africa to be systematically analyzed. For the j-th
nation, j = 1, . . . , n across two consecutive periods (t = 1, . . . , T). Where m inputs (i = 1, k, m) are
consumed by each investigated DMU. F denotes nondiscretionary (fixed) inputs (i = 1, k, m); S is the
output (i = 1, k, s); P represents nondiscretionary (fixed) outputs (i = 1, k, r); Z is the carry-over factor
which can be fixed, free, good, or bad; and W depicts the weights. See the diagram below for further
details which is denoted by Figure 1.

The non-oriented Tone and Tsutsui [34] model is formulated as
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2.2. Malmquist Productivity Index (MPI) Model

To adequately measure the energy efficiency of selected African countries over time, the study
employed the MPI and the Malmquist CO2 emission index (MCEI) proposed by Färe et al. [64] and
Zhou et al. [65], respectively. This greatly helps in understanding the influence of such changes on
efficiency and can be a significant tool in predicting the fluctuation trends of future efficiency [66].

Assuming t and t + 1 are two different periods, Dt
0

(
xt+1

0 , yt+1
0

)
and Dt+1

0

(
xt+1

0 , yt+1
0

)
denote the

distance functions of the understudy input and output variables at time t and t + 1 under environmental
DEA technology, respectively. The MPI energy efficiency can be computed as:
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where MPIt+1
t measures the efficiency changes between the two different periods in consecutive

fashion (t and t + 1). Should MPIt+1
t > 1 it means increased efficiency while MPIt+1

t < 1 reports
decreased efficiency.

As Zhou et al. [65] indicated, the MPI can be disintegrated into technical change and efficiency
changes. The mathematical model can be written as:
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(6)

MPIt+1
t = E f f iciency change× Technical change (7)

Efficiency change systematically estimates the “catch-up effect” and either improves the understudy
firm or worsen its efficiency. For interpretation purposes, if the efficiency change is <1, =1, or >1
this indicates the estimated firm has efficiency retrogression, no change, or progression in efficiency,
respectively. On the other hand, technical change measures the “frontier-shift effect” reporting the
systematic change in the efficiency frontier relative to the two different periods. If the computed
value of technical efficiency is >1 and <1, it indicates progress and retrogression in technical efficiency,
respectively. Finally, if MPI is =1, <1, or >1 it means productivity has not changed, decreased in
productivity, or increased in productivity, respectively. This study attempts to measure efficiency
improvement in Africa over time, which can be ascertained by comparing estimates of the efficiency
changes (EC) and the technological change (TC) indexes.
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3. Results

3.1. Data Used

The study covers 25 sampled countries in Africa during 2006–2014. The data was obtained from
the World Bank indicators database in 2019. One challenge in data collection is that most of the African
countries have a lot of missing data, and because of this situation, the sample covers only 25 countries
out of a total of 54 countries in Africa. African economies with missing data in one or more of the
selected inputs and outputs were excluded from the sample.

The selection of variables is important for any DEA model. This is because, in practice, a nation
utilizes multiple inputs to adequately help in generating GDP. A lot of empirical research has been
carried out worldwide to estimate energy efficiency [46]. Following these prior studies and data
availability, capital stock, labor, and energy use are described as the three inputs; the output variable is
GDP (gross domestic product) and CO2 emission is used as the only undesirable output. Note that
GDP is employed as the carry-over factor for the DSBM model. The definition of these variables is
presented in Table 1.

Table 1. Variable definitions

Type Variable Units Source

Inputs
Capital stock Millions of US Dollars ($) WDI

Labor Millions of workers WDI
Energy use Per kilogram WDI

Outputs
Gross Domestic Product

(GDP) Millions of US Dollars ($) WDI

CO2 emission Metric tons WDI

Note: WDI represents the World Development Indicators [67].

The study data were collected from the World Development Indicators (WDI) as stated above.
This study covers a very long period for a thorough and profound better understanding of the analyses
and discussions. The mean statistics of the understudy variables are presented in Figure 2.
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Figure 2. Mean statistical indexes of the understudy variables from 2006–2014: (a) capital; (b) labor;
(c) energy; (d) CO2; and (e) GDP.

From Figure 2, the mean values of energy consumption have risen till 2011 when they drop slightly
and continue to increase for the remaining years. Noticeable again is the average CO2 emission values,
that continue to increase for the entire sample period except a slight decrease in 2010. The average
labor continued to increase during the whole sample period. However, other variables experienced
variation with time.

3.2. Energy Efficiency Estimates in Africa

First, the energy efficiency in Africa was computed by employing Equation (4). To have a profound
understanding of efficiency changes over time, the dynamic SBM-DEA model was utilized. As Hu and
Wang [68] indicated, the fundamental energy efficiency index (EEI) is simply defined as energy use as
the only factor in the production of GDP. However, in the real world phenomenon, only energy input
cannot be utilized in generating GDP. Therefore, in measuring energy efficiency, one should adopt the
multiple inputs framework, in the production of the desired output. Moreover, energy consumption
has adverse effects on environmental quality. Thus, bad output, in this case CO2 emission, should be
included in the evaluation framework.

Figure 3 reports efficiency estimates obtained by adopting the multiple inputs framework to
generate both GDP and emit carbon. The findings reveal that only seven countries were efficient
during the entire sample period. This implies that these seven countries have superior mechanisms
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in the utilization of input resources to propel balance development between GDP production and
CO2 reductions.
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Figure 3. Energy efficiency estimates from dynamic slack-based models (DSBM) with carbon.

The mean efficiency estimate of all 25 sampled countries experienced a fluctuating pattern. It can
be observed that the average efficiency slightly increased from 0.492 in 2006 to 0.499 in 2007. There was
a slight decline in efficiency from 2007 to 2009 but recovery was recorded in 2010 (0.510). From 2010,
a fairly stable efficiency score was witnessed for the subsequent years. The results in Figure 3 further
indicate that adopting GDP as a carry-over factor linking or dynamically connecting the two consecutive
years had serious implications on the overall efficiency (0.496).

3.3. Energy Efficiency Improvement Estimates in Africa

The study evaluates the energy efficiency of 25 sampled countries in Africa over time.
Essentially, it is a very useful exercise for researchers to undertake a dynamic analysis in the presence
of data availability. This is because we can understand efficiency changes over time and adequately
help in predicting future efficiency fluctuations [66]. To deeply understand the patterns of change in
energy efficiency and productivity growth in Africa, the study divides the analysis into two distinct
forms of energy productivity efficiency: (1) with the inclusion of CO2 emission as bad output; and (2)
without the inclusion of CO2 emission.

3.3.1. Case Scenario 1: Malmquist Productivity Index (MPI) with CO2 Emission

The results of CO2 emission incorporation into the energy productivity efficiency analysis are
shown in Figure 4. The mean energy efficiency (0.992) with the inclusion of CO2 emissions of the
selected 25 countries in Africa is higher than those from 2007, 2008, and 2012. The mean efficiency
estimate for 2007, 2008, and 2012 are 0.983, 0.989, and 0.967, respectively.
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Figure 4. The energy productivity estimates with CO2 emission in Africa during 2006–2014.

During the entire sample period, the selected 25 countries as a whole witnessed a negative change
(0.992). However, energy efficiency increased by 5.1% in 2014 relative to 2007. Therefore, during the
following years (i.e., 2011, 2013, and 2014) the sampled African economies experienced a positive
change. Clearly, from 2006 to 2014, Mozambique, Sudan, and Tanzania seem to have made a slight
improvement in their energy productivity scores. This is because the average estimates of these
countries are higher than one across the entire sampled period. The results further suggest that
Zimbabwe performed poorly with an overall average efficiency of 0.766. The energy scores of the other
countries varied with time.

In detail, Figure 5 shows the patterns of the mean energy efficiency productivity of the different
countries over time in Africa. It can be observed that Zimbabwe had a lower overall mean efficiency
score. The average efficiency estimates of Mozambique (1.095) appear as the highest. This is followed by
Sudan, Cameroon, Botswana, Ghana, and Tanzania with 1.050, 1.028, 1.026, 1.024, and 1.022 efficiency
scores, respectively.
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Figure 5. Mean Malmquist productivity index (MPI) scores with CO2 emission for the 25 sample
countries in 2006–2014.
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3.3.2. Case Scenario 2: Malmquist Productivity Index (MPI) without CO2 Emission

Next, the results of energy productivity efficiency without the inclusion of CO2 emission as a bad
output are reported in Table 2. Interestingly, the result reveals that the sampled countries achieved
higher average energy productivity (1.012) in 2013 and maintained it in 2014.

Table 2. The energy productivity estimates without CO2 emissions in Africa during 2006–2014.

Case Scenario 2: Malmquist Productivity Index (MPI) without CO2 Emission

Countries 2007 2008 2009 2010 2011 2012 2013 2014 Mean

Angola 1.069 1.027 0.928 1 0.996 0.989 1.048 0.992 1.005
Benin 0.954 1.025 0.974 0.961 1.002 1.012 1.026 1.008 0.995

Botswana 1.048 1.004 0.99 0.992 1.104 0.921 1.053 0.952 1.006
Cote d’Ivoire 0.927 1.007 1.134 0.941 1.011 0.828 1.017 1.061 0.987

Cameroon 1.112 1.026 0.945 1.026 1.08 1.014 1.003 1.013 1.027
Congo, Dem. Rep. 1.025 1.024 0.999 1.033 1.006 0.863 1.032 1.048 1.002

Congo, Rep. 1.091 0.982 0.945 0.998 0.777 0.906 1.008 1.067 0.967
Algeria 0.974 1.012 0.929 1.054 0.986 0.94 0.993 0.956 0.980

Egypt, Arab Rep. 1 1.032 1.023 1.072 0.97 0.994 1.066 1.032 1.023
Eritrea 0.985 0.843 1.041 0.876 0.805 1.104 0.95 1.026 0.949
Gabon 0.913 0.845 0.977 0.949 1.011 0.99 0.958 0.967 0.950
Ghana 1.043 1.091 0.968 0.989 1.068 1.01 1.026 1.02 1.026
Kenya 1.046 0.968 0.976 1.038 1.039 1.033 1.001 0.951 1.006

Morocco 1.004 1.02 1.035 0.99 0.977 1.016 1.041 1.014 1.012
Mozambique 1.035 1.021 1.031 1.032 1.03 1.052 1.034 1.009 1.031

Mauritius 0.97 0.954 1.11 0.92 1.033 1.01 1.051 1.059 1.011
Niger 0.986 1.047 0.937 1.004 1.178 0.951 0.836 1.068 0.996

Nigeria 1.03 1.037 1.098 1.004 0.996 0.99 1.063 1.058 1.034
Sudan 1.156 1.064 1 1.014 1.112 1.043 1.019 1 1.050

Senegal 0.978 0.997 0.851 1.016 0.958 1.06 1.115 1 0.994
Togo 1.026 0.66 0.989 0.978 0.907 0.761 0.965 0.998 0.901

Tunisia 1.033 1 1.059 0.922 1.028 0.996 1.012 1.02 1.008
Tanzania 1.048 1.021 1.025 1.012 1.021 0.991 1.035 1.035 1.023

South Africa 0.984 0.958 1.004 1.046 1.036 1.037 1.022 0.968 1.006
Zimbabwe 0.312 1.345 0.202 0.911 1.054 1.273 0.956 0.99 0.748

Geometric mean 0.97 0.994 0.935 0.99 1.004 0.987 1.012 1.012 0.988

The above table demonstrates that the whole period sample mean is 0.988, representing a 1.2%
decline in productivity. However, in 2011, 2013, and 2014, there was positive growth in
productivity. In the years 2007, 2008, 2009, 2010, and 2012 there were productivity losses of 3%,
0.6%, 6.5%, 1%, and 1.3%, respectively. These losses may be as a result of global economic phenomena
such as the global financial crisis since African economies are vulnerable to external pressures.

The mean overall energy productivity for all the different sample countries in Africa is shown
in Figure 6. The findings indicate that the mean estimate of Sudan is 1.050, considered to be the
most efficient energy productivity, with a growth rate of 5%. This is followed by Nigeria (3.4%),
Mozambique (3.1%), and Cameroon (2.7%) with positive growth rates while Zimbabwe again recorded
the worst performance with 25.2% loss in productivity. Zhao et al. [69] report that political unrest
can greatly affect efficiency. Aside from the above, the effects of other external environmental factors
such as energy resource structure, degree of industrialization, trade, and CO2 emission can have
an instrumental impact on energy efficiency.
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Figure 6. Mean MPI scores without CO2 emissions for the 25 sample countries in 2006–2014.

The Figure 7 above shows the comparison of the mean MPI energy efficiency analysis with and
without CO2 emissions. From Figures 5 and 6, the overall energy efficiency with and without CO2

emissions incorporation is 0.992 and 0.988, respectively. This result reveals that there is no significant
difference in the mean efficiencies of the two case scenarios.

Energies 2019, 12, x FOR PEER REVIEW 11 of 17 

 

 

Figure 6. Mean MPI scores without CO2 emissions for the 25 sample countries in 2006–2014. 

The mean overall energy productivity for all the different sample countries in Africa is shown 

in Figure 6. The findings indicate that the mean estimate of Sudan is 1.050, considered to be the most 

efficient energy productivity, with a growth rate of 5%. This is followed by Nigeria (3.4%), 

Mozambique (3.1%), and Cameroon (2.7%) with positive growth rates while Zimbabwe again 

recorded the worst performance with 25.2% loss in productivity. Zhao et al. [69] report that political 

unrest can greatly affect efficiency. Aside from the above, the effects of other external environmental 

factors such as energy resource structure, degree of industrialization, trade, and CO2 emission can 

have an instrumental impact on energy efficiency. 

 

Figure 7. Comparison between average MPI energy efficiency with and without CO2 emissions. 

The Figure 7 above shows the comparison of the mean MPI energy efficiency analysis with and 

without CO2 emissions. From Figures 5 and 6, the overall energy efficiency with and without CO2 

emissions incorporation is 0.992 and 0.988, respectively. This result reveals that there is no 

significant difference in the mean efficiencies of the two case scenarios. 

0.000

0.200

0.400

0.600

0.800

1.000

1.200
Angola

Benin
Botswana

Cote d'Ivoire

Cameroon

Congo, Dem. Rep.

Congo, Rep.

Algeria

Egypt, Arab Rep.

Eritrea

Gabon
Ghana

KenyaMorocco
Mozambique

Mauritius

Niger

Nigeria

Sudan

Senegal

Togo

Tunisia

Tanzania

South Africa
Zimbabwe

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

A
n

go
la

B
en

in

B
o

ts
w

an
a

C
o

te
 d

'Iv
o

ir
e

C
am

er
o

o
n

C
o

n
go

, D
em

. R
ep

.

C
o

n
go

, R
ep

.

A
lg

er
ia

Eg
yp

t,
 A

ra
b

 R
ep

.

Er
it

re
a

G
ab

o
n

G
h

an
a

K
en

ya

M
o

ro
cc

o

M
o

za
m

b
iq

u
e

M
au

ri
ti

u
s

N
ig

er

N
ig

er
ia

Su
d

an

Se
n

eg
al

To
go

Tu
n

is
ia

Ta
n

za
n

ia

So
u

th
 A

fr
ic

a

Zi
m

b
ab

w
e

2007

2008

2009

2010

2011

2012

2013

2014

Mean

Figure 7. Comparison between average MPI energy efficiency with and without CO2 emissions.

The results of this study to a large extent confirm the findings of Liu and Liu [59], who estimated
the energy performance of the top 20 CO2 emitting nations. Wang et al. [48] also obtained similar
findings, assessing the energy efficiency of 25 nations. These findings are supported by Wang et al. [60]
and Zhou et al. [70] who studied 17 nations and the APEC nations, respectively.

3.3.3. Energy Efficiency Change Improvement in Africa (Catchup)

For further analysis, scenario 1 was adopted to gain insight into whether energy productivity
growth is mainly due to efficiency or technology changes (i.e., energy efficiency with the inclusion
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of CO2 emissions). Figure 8 shows the findings of the “catch-up effect” (efficiency change) energy
efficiency estimates in Africa.
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Figure 8. The energy efficiency change estimates in Africa from 2006–2014.

For the entire sample period, the overall mean efficiency change score is 0.99, implying a 1% loss in
productivity. It can be found that the 25 sample countries experienced a slightly positive growth rate in
2007, 2009, 2013, and 2014 with 0.5%, 3.1%, 1.3%, and 1.1% rates, respectively. However, three countries,
Gabon, Mauritius and South Africa, did not witness a change in technical efficiency (=1) over time.
In addition, Benin, Cameroon, Egypt, Ghana, Mozambique, Nigeria, Sudan, and Tunisia are technically
efficient. Zimbabwe and the other countries with a mean technical efficiency less than 1 are regarded
as technically inefficient since they are far from the contemporaneous frontier.

3.3.4. Technology Energy Efficiency Change Improvement in Africa (Frontier)

Figure 9 displays the results of the efficiency improvement driven by technology changes among
25 sampled African countries. The findings demonstrate that the selected countries in Africa have
shown a slight improvement in technology efficiency scores. Only six countries have a mean technology
efficiency less than 1, which means they were the only inefficient countries from the entire sample.
Finally, the results suggest energy efficiency change in Africa is mainly due to technological efficiency
change. The possible reason for this development is a result of several governments/policymakers
making concerted efforts to improve energy efficiency on the continent. Investment and implementation
of energy efficiency measures come with technological improvement and exchange of expertise.
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Figure 9. The technology change estimates in Africa from 2006–2014.

4. Conclusions and Policy Implications

This study aims to go beyond static optimizations of energy and environmental (EE) efficiency
to assess the pathways through which energy efficiency improvement can be achieved in Africa.
To achieve this objective, two different dynamic models (DSBM-DEA and the MPI) were applied to
gauge the energy efficiency of 25 sampled countries in Africa. To adequately estimate EE efficiency in
Africa, the study employed capital stock, labor, and energy consumptions as inputs while GDP and
CO2 emissions were used as the good and bad outputs, respectively. This study was different from
prior energy efficiency studies in Africa. First, EE efficiency estimates were measured by utilizing
the DSBM-DEA model. Second, the MPI model was deployed to investigate efficiency improvement
change over time in two case scenarios: (1) energy efficiency with the inclusion of CO2 emission and
(2) energy efficiency without CO2 emission during the study period of 2006–2014.

The results obtained by applying the DSBM model for measuring energy efficiency in Africa
suggest that the sampled countries are generally low. This implies that the sampled countries
have fewer mechanisms in promoting GDP growth and are ineffective in CO2 emission reduction.
Additionally, the results further suggest that carry-over factor activities have an adverse implication
on energy efficiency in Africa. This means pursuing economic prosperity of these countries must
include environmental protection as well as CO2 emission reduction measures.

The results of the MPI suggest that there is a slight improvement in energy efficiency among the
selected countries in African, mainly due to changes in technology. Evidentially, the overall mean
efficiency of the efficiency change (catchup) and that of the technology change (frontier) is 0.99 and
1.002, respectively. However, this change is too insignificant (0.2%) to have a meaningful impact on
improving energy efficiency for the entire African continent. The results from the MPI concerning the
inclusion and without CO2 emission factors demonstrated no significant difference.

To improve efficiency, both industrial players and policymakers must endeavor to adopt innovative
policies to ensure energy efficiency in Africa. Increased efficiency on the continent can be obtained via
renewable and clean energy sources such as solar and wind, which are abundantly available and free
in Africa. Renewable energy resource utilization must be adequately planned to ensure its optimal
usage. Investment in technology and implementation of photovoltaic poverty alleviation activities or
projects should be encouraged. Emission reduction measures such as the implementation of a carbon
tax should be adopted as well as proper and effective utilization of resources (such as economic and
energy input) to enhance GDP growth.
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The results of this study are helpful for managers to select effective management and investment
strategies. Policymakers and potential investors can generate appropriate action plans to systematically
improve energy efficiency in Africa. The results of this study are an effective tool for governments in
Africa to realize the collective fight against global climate change.

In a future study, one can analyze the impact of external determinants on energy efficiency
improvement in Africa. The construction of relatively new DEA models to measure energy efficiency
in Africa is thus, a grey area for future research.
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