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planning process, by giving them a more realistic
estimation on the current electricity requirements of rural
households in Africa. It includes multiple linear
regression (MLR) models of appliances saturation rates
(number of appliances per household) considering macro
and micro-scale drivers. Due to their high popularity
among rural households, the appliances considered in this
study are the televisions, computers (desktop),
refrigerators, mobile phones, and radios. The electricity
consumption due to lighting purposes is also considered,
which represents the most significant share of the total
electricity consumption for a rural household. The time of
use (TOU) of each appliance is calculated applying a
probabilistic analysis. The power rates are taken from
existing studies of appliances ownership made in
developing countries such as Mandelli (2016) and Adeoti
(2001). As result, the energy demand per household per
day is calculated for each country under the scope of the
study, according to three different scenarios based on
levels of appliances ownership, proposed by UN DESA
(2018). Finally, a case study is presented to compare the
differences in consumption patterns between non-gridconnected and grid-connected rural households in
Tanzania. For this, human behaviour patterns are
identified to model a typical schedule, computing then the
load profiles for both cases with a 15min resolution. As
shown in Figure 1, in this paper, first is presented the
methodology and then its application to a determined
geographic scope.

Abstract
A limited amount of studies has focused on estimating the
electricity demand of rural households (HH) in
developing countries; and, the scope and application of
these are limited to one or a small group of countries. This
paper presents a methodology for modelling the
electricity demand taking evidence from more than
30,000 rural households in 37 African countries. It starts
with the estimation of electrical appliances ownership (by
applying a linear regression method), and lighting
consumption, considering different variables from
national to household scale. A typical schedule and
appliances’ usage are then created based on human
behaviour patterns. As result, it was found that the
average electricity demand to meet the basic requirements
(lighting, charging mobile phones, and using radios) in
rural Africa is 1.35kWh/HH/day (493kWh/HH/year).
Then, considering a case study in Tanzania, the load
profiles at a 15min resolution of a typical rural HH with
and without grid connection are computed.

Introduction
Guarantying electricity access for rural areas in
developing countries has become a challenge. According
to the IEA (2016), more than 95% of the share of global
population without electricity access is located in subSaharan Africa. In Africa, electricity is inaccessible,
unaffordable and unreliable for most people (UNEP
2017). This problem is mainly due to the high investment
required to develop solutions such as grid extensions or
the installation of stand-alone systems.
The starting point for planning any kind of solution is to
have an accurate knowledge of the electricity demand of
these areas. Currently, it is estimated by applying
modelling tools, performing field studies in specific areas,
or by knowledge-transfer from other projects. However,
the modelling tools used for this purpose are based on
general macroeconomic drivers and assumptions that do
not represent rural areas; hence, they are likely to give an
overestimation of the results. On the other hand,
performing field studies increases the investment costs
significantly, while knowledge-transfer can be used as a
reference, but it involves a large amount of uncertainties
when applied in different geographic and socioeconomic
conditions.
The proposed methodology aims at supporting national
authorities and project developers on their energy

Figure 1: Overview of methodology and application.
Data collection and management
One of the main challenges when working on rural areas
of developing countries is the lack of well-documented
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and reliable data. In order to create a robust methodology,
data from 37 African countries were collected covering
the years 2015 – 2016 from three main sources:
1. Living Standard Measurement Surveys (LSMS),
in the form of household surveys databases from
the World Bank (World Bank 2018),
2. Household
surveys
databases
from
Afrobarometer, a pan-African research network
founded by Michigan State University, Institute
for Democracy in South Africa (Idasa), and the
Center for Democratic Development in Ghana
(CDD-Ghana) (Afrobarometer Data 2018),
3. Country profiles and indicators from the World
Bank (World Bank 2018).
After collecting the data, three sets of databases were
created. In the first set, data from Afrobarometer and the
LSMS were merged, containing HH-level information
from 37 African countries (see Figure 2); this set was used
to create the appliances saturation rates’ models. The
second set was generated based on the ‘Time Allocation’
section from the LSMS held in Tanzania and Nigeria; in
this section, at least two HH members were asked to
complete a diary to record their activity at every 15min
for 24 hrs. This set was used to calculate the TOU. The
third set is a sub-set of the second one, in which samples
from Tanzania were extracted for building the schedule
and load profiles of typical grid-connected and non-gridconnected rural households. The amount of samples per
dataset are included in Table 1.

Methodology
The first section of the methodology is dedicated to the
electricity demand modelling – including the resulting
parameters of the appliances ownership models; while the
second one to the load profiles modelling for Tanzania’s
case study.

Electricity demand modelling
To model the electricity demand per household per day
for every studied country, the equation (1) was employed.
(1)
𝐸 = ∑(𝑆𝑅 ∗ 𝑇𝑂𝑈 ∗ 𝑃 ),
𝑊ℎ/𝐻𝐻/𝑑𝑎𝑦
𝑖

𝑖

𝑖

Where E is the electricity demand, i the type of appliance,
SR the saturation rate, TOU the time of use, and P the
power rate. The methods for calculating these parameters
are presented in the following sections. Three scenarios
are proposed to show the results of the electricity
consumption by country based on the household’s level
of appliances ownership, taking as reference UN DESA
(2018):
1. Level 1 (appliances with P ≤ 100W): the
household has basic access to meet the lighting
task, mobile phones’ charging and radios.
2. Level 2 (appliances with 100W < P < 200W): the
household can meet the electricity requirements
of Level 1 and having a TV.
3. Level 3 (appliances with P ≥ 200W): the
household has enough access to meet the energy
requirements included in the Level 2, plus
refrigerators and computers.
Appliances ownership
Most of the existing models require the number of
appliances per household as input to calculate the
household’s energy demand, for obtaining data with this
level of detail; the user needs to know specific
characteristics of the households to be studied, which is a
resource-consuming task. To avoid this issue, the starting
point of the proposed methodology is creating models to
estimate the different appliances saturation rates in the
studied African countries, requiring easy-access data as
input. The MLR method was selected to model the
saturation rates for each of them in every country based
on variables at a national and household level (Table 2
and 3), these variables were selected based on their
availability for all the studied countries. The MLR
function is given by:
𝑆𝑅𝑖 = β0+ β1x1+ β2x2+…+ βnxn+ɛ

Where SRi is the dependent variable (appliances
saturation rate), β0 the intercept, β1…n the regression
coefficients, x1…n represent the independent variables, and
ɛ is the error term.

Figure 2: Samples distribution per country.
Table 1: Amount of samples.
Dataset
1
2
3

Countries Included
All
Tanzania, Nigeria
Tanzania

(2)

Samples Size
32,746
1,484
161
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only on the three mentioned variables, obtaining a
coefficient of determination (R2) of 0.92 and a global pvalue of < 2.2e-16.

Table 2: National scale variables.
Variable
Gross Domestic
Product (GDP)
per Capita
Per Capita
Expenditure
(PCE)
GINI
Coefficient

Electricity
Tariff (ET)
Rural
Electrification
Rate (RER)

Description
Adjusted to PPP
(purchase power
parity)
Household final
consumption
expenditure per capita
Measure of inequality
on income
distribution (World
Bank Index)
Residential tariff excl.
taxes and subsidies
Electrification rate of
rural areas

Unit
Current USD

Current USD

0 – 100,
(100=maximal
inequality)
Current USD
0–1

Table 3: Household scale variables.
Variable
Size
Age
Education

Religion
Employment
Status

Description
Number of people per
household
Age of the household head
Household head’s
attendance to at least
secondary school
Household head has a
religion
Household head has a
salaried employment

Unit
People
Years
0 – 11

Figure 3: Variables selection process for TV model –
Student’s t-test.
The model was also tested taking into account only two
of the most significant variables (rural electrification rate
and GDP per capita), obtaining the same value for R2 and
p-value. Therefore, it was concluded that the latter model
describes the TV ownership in rural households, and the
household size variable can be neglected. It is important
to mention that MLR models are used to identify the
individual effect of many explanatory variables, and the
collinearity of these often threatens their statistical
interpretation, according to Williams (2015). A
correlation was found between some of the analysed
variables (see Figure 4 as an example); however, after
testing the models by applying a Global F-test (4) while
using different combinations of variables, their
independent significant contribution to the model was
verified. In (4), R2 is the multiple coefficient of
determination, N is the number of samples, and K is the
number of variables in the MLR model.

0 – 11
0 – 11,2

1

one indicating a positive answer, zero otherwise. 2without
considering agriculture or home-productivity activities.

Variables’ significance test
The significance of the variables on each appliance’s
model was tested by applying the Student’s t-test. The tvalue or t-score (output of the test), measures the size of
the difference in the means of two populations, relative to
the variation in the sample data – represented in units of
standard error, as described in (3), (Haynes W. 2013). The
greater the magnitude of the t-value (positive or negative),
the greater the evidence against the null hypothesis –
which states that there is no significant difference of
including the analysed variable in the model, based on the
sample means. Since t-values with large magnitudes are
less likely occur, the p-value (measuring the probability
of occurrence in the sample’s distribution curve) of large
t-values will be small (Rice W. 1990). Therefore, the
variables that are most significant to the models (which
confirm the rejection of the null hypothesis) are the ones
with the largest t-values and the smallest p-values.
𝑡 − 𝑣𝑎𝑙𝑢𝑒 =

𝛽 − 𝛽0
𝑆𝐸𝛽

F

R 2 * ( N  K  1)
,
(1  R 2 ) * K

(4)

(3)

Where β is the least square estimator (regression
coefficient), β0 is the intercept, and 𝑆𝐸𝛽 is the standard
error of the least square estimator. An example of
variables’ selection process for the TV saturation rate’s
model is presented in Figure 3, where the significance of
the rural electrification rate, GDP per capita and
household size on the TV ownership can be easily
observed. The model was then reduced to be dependent

Figure 4: Example of correlation between analysed
variables, the blue shade represents the standard error.
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Table 6: Parameters for the mobile phone’s model.

Appliances ownership models’ results

Model:

Televisions, computers, refrigerators
As shown in the example, the variables that add the
highest significance to the TV model are the GDP per
capita and the rural electrification rate. In previous studies
such as McNeil (2016), this correlation was also
observed. By performing the significance test to the
models for the computer and refrigerator, it could be
noticed that these variables have also the most incidence
on their ownership among rural households. The
televisions are by far the most desirable electrical use after
lighting, while the refrigerators are considered as highly
wanted but relatively expensive for rural households
(McNeil 2016). On the other hand, the ownership of
computers is continuously expanding in developing
countries (Pawar 2006), and, as with televisions and
refrigerators, this appliance can mostly be owned if the
household has electricity access. The parameters of these
models are presented in Table 4.

Radio
-0.62

Religion (β2)

0.98

Employment (β3)

0.38

2

R
Standard Error

RER (β2)

0.33
0.61
11.16%

Time of use (TOU)
The TOU for each appliance depends solely on human
behaviour patterns, thus, according to Pratt (1989) it can
be calculated based on daily frequency curves of use for
each end-use/domestic activity. As mentioned before, the
LSMS surveys held in Tanzania and Nigeria for the
studied years included the ‘Time Allocation’ section
(dataset 2). For this, households were asked to record their
diary considering a list of predetermined activities at
every 15min for 24 hrs. These activities were linked to
each analysed appliance (Table 7), then, taking as
reference Walker and Pokoski (1985) studies, the
following probability functions were applied:
1. Since none of the electrical appliances can be
used if the members of the household are not at
home and sleeping; an availability function was
first estimated as the likelihood of at least one
household member’s availability for using the
electrical appliances.
2. The likelihood of people using a specific type of
appliance to fulfil one domestic activity is
defined as the primary use function. Since
people can simultaneously use another type of
appliance to fulfil the same activity, a secondary
use function is also defined.
The results for the availability function state that there is
a high probability that a household member starts being
active at home between 08:30 and 09:00, and stays active
until 23:30 (Figure 5).

Table 5: Parameters for the radio’s model.

0.29

0.039

Lighting
For calculating the amount of lightbulbs installed in a
rural household, it was considered Adeoti (2001)’s
assumption for rural households in Nigeria, stating that
each room in the household will have one lightbulb. In
some LSMS a question regarding the number of rooms in
the household was included, however, this was not the
case for all the countries. Therefore, this was calculated
considering the household size, which in most cases is
proportional to the number of rooms. A factor that
estimates the number of rooms per household member
was then computed considering the surveys in which this
question was included, resulting in 0.6 rooms per person.
Comparing this result with the average number of rooms
per person in OECD countries (OECD 2017) – which is
1.8, and also with the one from South Africa (0.7) it was
concluded that this estimation could be a valid
assumption.

Radios
Due to its low price and electricity consumption, this
appliance is widely owned by rural households. Adeoti
(2001)’s case study in Nigeria, showed that 46.7% of the
households without electricity access were owners of
radios. The ownership of this appliance does not depend
on the electricity connection or the income level of the
household, it mostly depends on household head’s
characteristics, such as his education level, religion and
employment status, as shown in Table 5.

Education (β1)

0.42

Size (β1)
R2
Standard Error

Table 4: Parameters for the TV, computer and
refrigerator’s models.

Model:
Intercept (β 0)

Mobile Phone

Intercept (β0)

0.70
7.14%

Mobile Phones
The usage of this electronic device has increased
dramatically in developing countries over the last years,
even more rapidly than their electrification rates
(Martinez 2015). However, in this study it was obtained
that the ownership of this appliance does depend on the
rural electrification rates of the country, as well as on the
number of people living in the household. The parameters
for this model are presented in Table 6.
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refrigerator – with a load cycle of 10min (Mandelli 2016),
mobile phone charging hours, and lighting.
Table 8: Time of use per appliance and lighting.

Table 7: Relationship between activities and appliances.
Energy Purpose
Activities
Sleeping and resting
Eating and drinking
Personal care
School's homework
Own business work
Weaving, sewing, textile
care
Cooking
Domestic
Care for work
children/adults/elderly
Watching TV/listening to
radio/reading

Entertainment

Productive Lighting

TV

Radio

Computer

Lightbulb

O
-

O
-

X
X

X
X
X
X

O

O

-

X

O
O
O

O
O
O

-

X
X
X

X

X

-

X

TV
TOU
(hrs/HH/day)

3.08

Computer Radio Refrigerator
1.79

5.08

5

Mobile
Lighting
Phone
3

7.45

Due to the lack of data regarding the time allocation of
rural households, an assumption applied is that all the
studied countries are represented by the time allocation
data from Nigeria and Tanzania. It is important to note
that in high-income countries such as Egypt, Algeria, and
Tunisia, the human behaviour patterns might differ. These
surveys were held during the months of May – July, which
cover part of the wet and dry seasons of these countries;
therefore, it is also assumed that the estimated typical
schedule applies to the whole year.

Where “X” represents the primary use function, “O” the
secondary use function, and “–“not applicable.

Power rates
The power rate of each appliance and lightbulbs was taken
from previous studies in developing countries, showing
evidence that the appliances used by rural households are
not the most energy-efficient, besides that they mostly use
incandescent lightbulbs lighting purposes (Adeoti 2001).
The summary of assumptions are presented in Table 9.
Table 9: Appliances and lightbulbs power rates.

Figure 5: Availability probability function.
Following Mandelli (2016)’s study on African rural
dwellers, the lighting hours are considered only from
17:00 to 00:00. Since the refrigerator works in a load
cycle, the time of use of this appliance was estimated
taking as reference Mandelli (2016) and TIMES (2012)
technical databases. In the case of the mobile phones, only
the charging hours were considered, which were
estimated based on Mandelli (2016). To determine the use
of more than one electrical appliance of the same type at
once to meet the same activity, the number of occupants
in the household at a certain time of the day and the
appliances’ saturation rates are key parameters. This was
calculated using the following condition based on (5) and
(6): if the number of appliances (of the same type) per
occupant is equal or greater than one, then the
probabilities of using more than one appliance to meet the
same activity are higher.

TV

Power rate (W)
100

Computer

400

Radio

50

Refrigerator

250

Mobile Phone
Lightbulbs

5
60

Source
Mandelli (2016)
Mandelli (2016),
TIMES (2012)
Adeoti (2001)
Mandelli (2016),
TIMES (2012)
Mandelli (2016)
Adeoti (2001)

Load profiles: Case Study in Tanzania

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑠
= 𝑃𝑟𝑜𝑏. 𝑜𝑓 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 1 𝑝𝑒𝑟𝑠𝑜𝑛 ′ 𝑠 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑎𝑡 ℎ𝑜𝑚𝑒
∗ 𝐻𝐻 𝑆𝑖𝑧𝑒

(5)

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑝𝑝𝑙𝑖𝑎𝑛𝑐𝑒𝑠 𝑝𝑒𝑟 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑖
𝑆𝑅𝑖
=
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑠

(6)

Where SR is the saturation rate of the appliance type i.
After applying all the probability functions on the
samples, frequency curves of use were computed to
calculate the average TOU for each appliance. The results
are presented in Table 8, including the TOU of the
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The dataset 3 was used to model a typical schedule with a
15min resolution (applying the probability functions of
the TOU methodology previously described) and power
rates described in this paper, to give a representation of a
typical load profile of a grid-connected and non-gridconnected rural household in Tanzania. These data
include information of appliances ownership (Table 10)
and time allocation from 78 non-grid-connected and 83
grid-connected households. Finally, a comparison of the
electricity consumption patterns of rural households with
and without electricity access is made.
Table 10: Case study appliances ownership (number of
units owned).
Appliance
Type
Lightbulbs
Radio
Mobile Phone
Refrigerator
Television
Computer

Non-grid-connected Grid-connected
3
5
1
1
1
2
0
1
0
1
0
1

The countries with the highest energy demand are the
ones from North Africa, Liberia, and Senegal; having the
latter the highest with 2,498 Wh/HH/day (912
kWh/HH/year). This is mainly because of the assumption
for the energy consumption coming from lighting, which
is directly proportional to the household size; with an
average value of 8.43, Senegal has the highest household
size among all the studied countries. On the other hand,
Mozambique showed to have the lowest energy
requirements with 681 Wh/HH/day (249 kWh/HH/year),
which is also mainly linked to the lighting consumption
(having 1.03 – the lowest average household size in the
studied countries). As seen in Figure 8, and confirmed in
past studies such as McNeil (2016), lighting represents the
highest electrical use among rural households.
An average increase of 8.4% is observed from the
scenario 1 and 2 (representing the inclusion of televisions
to the basic needs), and 43.6% from the scenario 2 and 3
(adding the ownership of computers and refrigerators). In
Figure 6 can be observed that the energy demand is higher
in those countries that own more power-consuming
appliances (refrigerators, computers, televisions).

Application results and discussion
Appliances ownership
As expected, the electrical appliance with the highest
saturation rate among the studied countries is the radio,
with an average of 85% of ownership, followed by the
mobile phone (74%), computer (70%), television (38%),
and lastly, the refrigerator with 8%. It was found that all
rural households in Zambia own at least one radio, while
95% in Mauritius own a television and a desktop
computer. In Algeria, every rural household owns at least
one mobile phone, and 20% in this country, Egypt,
Mauritius, Morocco, and Tunisia owns a refrigerator.
Ghana has the lowest saturation rate for radios (59%), and
Burundi for the mobile phones (10%), while Ethiopia has
the lowest for televisions, computers and refrigerators
with 10%, 50%, and 1% respectively. It can be easily
observed that the ownership of the most expensive
appliances for a rural household (televisions, computers
and refrigerators) is most significant in North African
high-income countries than in those in sub-Saharan
Africa. The mobile phone’s ownership does not depend
on the income, but it does depend on the rural
electrification rate of the country, this can explain why in
Algeria (which has the highest electrification rate – 99%,
along with Egypt) every rural household owns a mobile
phone. This ownership also depends on the household
size, which in Algeria the average is of 6.43 and in Egypt
4.31. While for the radios, religion is the variable with the
highest weight in the model, and according to the
household’s surveys, 99.7% of rural households in
Zambia are religious.
Energy demand modelling
Considering the three scenarios previously mentioned, the
current electricity demand for each country was
calculated (see Figure 7). The average electricity
requirements to meet the “Level 1” basic needs per region
(see Figure 2 for reference of regions), are presented in
Table 11.
Table 11: Average electricity requirements of rural
households in Africa.
Region
North Africa
West Africa
East Africa
Central Africa
Southern Africa

Wh/HH/day

kWh/HH/year

1,541
1,636
1,390
1,252
1,182

563
597
507
457
431

Figure 6: Appliances saturation rates vs. energy demand
scenario 3, per country.
Load Profiles: Case Study in Tanzania
For a typical non-grid-connected rural household, the
peak power is estimated as 385 W, and it happens at 22:00
hrs (see Figure 9). At this time, the probabilities of activity
and occupancy in the household are the highest (ranging
from 67 – 98%); being night hours, the use of lighting is
at 100%, as well as performing other entertainment
activities – in this case, listening to the radio while having
dinner. According to Mandelli (2016), the peak hour for a
non-electrified household can occur from 21:00-00:00hrs,
which is confirmed in this study. A peak at 17:00 can be
observed due to the use of lighting. In the case of gridconnected rural household (see Figure 10), the peak
power increased significantly to 1,227W, and it happens
at 17:45hrs. The continuous peaks in the load profile are
caused by the load cycle of the refrigerator. The

In existing literature, a very reduced amount of studies
have focused on giving an estimate of the basic energy
requirements in developing countries, in van Ruijven
(2012) the general estimate goes from 65 – 420
kWh/HH/year, representing a low and high demand
respectively. In Adeoti (2001), the demand to meet the
lighting and radio requirements for rural households in
Nigeria was estimated as 578 kWh/HH/year. Comparing
the latter demand with the result obtained in this study for
Nigeria, a difference of 10% was found.
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differences between the two estimated load profiles can
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1. Grid-connected
households
own
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appliances such as refrigerators, televisions and
computers) – and lightbulbs than non-gridconnected households.
2. The probabilities of grid-connected household
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use of computers (according to Table 6) – which
have the highest power rate among the studied
appliances. While for a non-grid-connected
household, the peak power is more related to the
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Conclusion
The methodology presented in this paper proposes a novel
approach to model the electricity demand of rural
households in Africa, covering 37 of its 54 countries. It is
based on appliances ownership, and human behaviour
modelling, estimating the electricity requirements to meet
the basic needs of a rural household (lighting, radios, and
mobile phone’s charging) and two other ownership
scenarios. In existing literature, there is little evidence of
the estimation of energy demand for rural households in
developing countries – and, most of the studies have been
done for a specific country or a very small group, without
computing a load profile with high time-resolution.
Therefore, the results obtained in this study represent a
step further in this research field, which can be used by
policymakers and organizations for facilitating the
development of rural electrification projects in Africa. It
is important to note that the approach of this methodology
is highly deterministic; however, the effects of
uncertainty – mainly on the human behaviour modelling,
will be included in future research, as well as a validation
of the estimated load profiles for Tanzania, and the
improvement of the appliances saturation models (mainly
for computers, which model presented the lowest R2).
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Figure 7: Electricity demand scenarios, per country.

Figure 8: Scenario 3 – disaggregated electricity demand.

Figure 9: Typical load profile of a non-grid-connected rural household in Tanzania.

Figure 10: Typical load profile of a grid-connected rural household in Tanzania.
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