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Abstract: In several regions worldwide, demand for electricity can be highly dependent on weather 
conditions. This study investigates the relationships between weather and electricity consumption in 
three West African cities. Monthly electricity consumption datasets for the cities of Abidjan (Ivory 
Coast), Cotonou (Benin) and Lomé (Togo) for the 1990–2015, 2000–2015 and 2008–2014 periods 
respectively were collected from national electricity companies, and meteorological data of the 
synoptic stations were used to compute Cooling Degree-Days in the three cities. The Cooling 
Degree-Days indices were estimated using air temperature and two temperature indices (the 
Humidex and the Heat Index). For the statistical analysis, classical multiplicative decomposition was 
applied to consumption data for subperiods for which consumption was considered to show 
relatively homogeneous evolutionary behavior (Abidjan and Lomé from 2011 to 2014 and Cotonou 
from 2009 to 2014). Regardless of the temperature indices considered in the three cities, the Cooling 
Degree-Days indices are well correlated with the seasonal variability of power consumption and 
particularly, the peak consumption observed in March and the lower consumption in August. Slightly 
better correlations are obtained for Cotonou and Abidjan when the heat index (combining both 
temperature and relative humidity)  are used to calculate the Cooling Degree-Days. 

Keywords: electricity consumption; cooling degree days; temperature; heat index; West Africa 

 

 



447 

AIMS Energy Volume 9, Issue 3, 446–464. 

1. Introduction 

Access to electricity has become a sine qua non condition for strengthening economic activities 
and improving people's living standards. Agricultural and industrial production is optimized through 
the use of electricity. Families require electricity for many uses, including housekeeping, education 
and economic activities at home. Basic infrastructure, such as hospitals, requires electricity for 
cooling, sterilization and refrigeration [1]. Electricity plays an important role in development and is a 
key component of economic growth [2]. Its access affects the economy and countries' progress, as it 
is closely linked to poverty, mostly in developing countries such as those of Africa. Admittedly, the 
proportion of electrification in Africa is lower than that in other regions of the world. According to 
the United Nations Development Program (UNDP), the share of electrification in Africa is estimated 
at 42%, compared to 75% worldwide [2]. In sub-Saharan African countries, the situation is more 
precarious, with 30% electrical coverage found in urban areas versus 14% found in rural areas [2]. 
Furthermore, in West Africa, the rate of electrification over years before 2012 was roughly only 20% [3], 
showing a significant difference between rates of access in urban (40% on average) and rural 
areas (between 6% and 8%) [4,5].  

According to the World Bank, the proportion of population having access to electricity was 
in 2014, 34% in Benin, 46% in Togo and 62% in Ivory Coast [6]. In 2018, the share of electricity 
consumers has increased compare to that of 2014 to 42%, 51% and 67% respectively in Benin, Togo 
and in Ivory Coast. 

This increase in the access to electricity is mainly due to the rising of population in urban areas, 
especially in West African capitals and megacities. Between 2010 and 2014 the share of population 
with access to electricity has increased from 80% to 85% in Abidjan, from 66% to 84% in Lomé, and 
from 55% to 69% in Cotonou [6]. Within a country, the access to electricity in the capital is much 
higher than in other urban areas [6]. The increase of electricity demand is linked to the increase of 
comsumers, especially in urban areas.  

National production of electricity is mainly provided by thermal groups, which limit the 
orientations set out by states of the region to promote emergence by 2030 [4,7]. 

The West African subregion has abundant reserves of fossil fuels such as coal, oil and natural 
gas. This part of the world is also rich in natural and sustainable energy resources, including variable 
renewable energy (VRE) sources such as wind, solar and water [8]. In line with the conclusions of 
the last Conferences of the Parties (COP) 21 and 22 held in Paris and Marrakech, respectively, a high 
use of VRE is in fact the only way to improve access to electricity in Africa without having a 
negative impact on the climate [8]. 

However, the variability and intermittent nature of VREs, from the subdaily to multidecadal 
timescales, will increase the complexity of managing electricity systems. To identify and support 
efficient electrification pathways with high shares of VRE, it is important to have adequate 
knowledge and understanding of weather variability and its possible effects on electricity systems. 
This especially involves characterizing the multiscale variability of production from VRE and of 
electricity demand. 

The weather sensitivity of electricity systems is also important to characterize in the context of 
climate variability and change. Climate variability and change are obviously expected to have an 
impact on water resources, wind and solar radiation and therefore on potential VRE production [9]. 
Climate change is also expected to modify demand and the risk of electricity system failure. An 
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increase of the per capita consumption is for instance expected in a number of regions. This would 
result from more frequent and extreme temperatures (heat waves), which could cause higher peaks of 
energy demand for cooling needs and, as a result, cause the malfunctioning of thermal power plants 
due to overheating (e.g., [10–13]). This is expected to be the case in West Africa especially [14]. 

In the present work, we focus on the urban electricity consumption of coastal regions in West 
Africa. We explore its sensitivity to weather variability. To date, there are very few studies of Africa 
and even fewer of West Africa that address this issue. Better understanding of this weather 
sensitivity is expected to allow for the development of prediction models to be used for demand 
forecasts, which in turn could support the operational management of electricity systems in the 
region. Additionally, such work is expected to estimate how electricity demand could change as a 
result of climate change in the region. 

The dependence of electricity consumption on climatic factors has been highlighted in a number 
of regions worldwide. A first factor is daylight time [15]. The period of the day when lighting is re-
quired is determined by this astronomical factor. In contrast to high latitude regions, where large 
variations in daylight duration occur between seasons, no meaningful result is expected in the case of 
tropical regions. Seasonal and day-to-day variations in weather can be important drivers of electricity 
consumption [16]. Atmospheric temperature is presented as the main weather driver of electricity 
consumption worldwide (e.g., [15,17]. Within high-latitude countries (which differ from our context), 
higher consumption for heating is observed in the winter. There is increased consumption during hot 
cycles for cooling. In both cases, consumption is extremely sensitive to air temperature. The relation-
ship between temperature and consumption is nonlinear. This relationship is classically modeled at a 
daily time step with a threshold-based approach. When the daily mean temperature is lower or higher 
than the thermal comfort temperature threshold, the energy demand for heating or cooling is often 
considered to be proportional to the difference between both temperatures [18,19]. 

Various temperature indices have been proposed to highlight dependence on meteorological 
factors. Heating and cooling degree days allow the energy sector to frequently measure consumers' 
energy demand for heating/cooling [21]. Based on this, several definitions of these temperature in-
dices have been proposed; however, they are usually calculated on a day-to-day basis and are gener-
ated from daily average, daily minimum and maximum and hourly temperatures [18]. 

In addition to temperature, other weather variables can influence electricity demand, including 
cloudiness, solar radiation, wind speed, humidity and precipitation (e.g., [18,20–22]). Weather va-
riables are sometimes reported to have a joint effect on consumption. For example, in Togo in West 
Africa, higher electricity consumption is, for instance, obtained during dry periods for high values of 
daily maximum temperature and relative humidity in the air [23]. Under high temperature conditions, 
humidity intensifies the sensation of heat and thus the demand for cooling via air conditioning. Simi-
larly, during cold weather, strong winds increase the sensation of coldness and thus the need for heat-
ing. Temperature/humidity or temperature/wind weather variables are thus sometimes considered in com-
bination to produce integrated weather indices that better explain consumption variations (e.g., [20,21]). 

The weather-consumption relationship can be rather difficult to identify from weather and 
consumption data. The sensitivity of consumption to weather can change over time. For instance, 
Bertrand and Reysset [26] recorded a change in French residents’ electricity consumption patterns 
with a drop in heating needs in recent years but an increase in summer cooling needs for air 
conditioning. This evolution was attributed to regional warming in recent years. For Italy, the 
sensitivity of consumption to temperature was identified by Scapin et al. [22], and their study 
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presented a strong positive trend between 1990 and 2013, increasing by a factor of 3.5. This increase, 
much greater than the increase in Italian total electricity demand, was related to increased equipment 
used for air conditioning. The main factors that influence electricity consumption are obviously 
socioeconomic and technical [27,28]. Western African cities are shaped by demographics, gross 
domestic product (GDP), and urbanization [16,18,29]. Consumption data, from which the 
relationship must be estimated, therefore present temporal variations that are not only shaped by 
weather. Some preprocessing work must therefore be done to remove temporal variations in 
consumption data that are due to nonclimate factors. For example, Scapin et al. [22] related Italian 
residents’ national electricity demands to climate variables, such as temperature and solar radiation, 
for the 1990–2013 period. The authors fitted to the raw consumption data a 3-degree polynomial 
trend. Assumed to represent the nonclimatic part of consumption variations, this trend model was 
used to normalize daily consumption data, which in turn highlighted the strong relationship between 
normalized data and degree days (DDs). Similar preprocessing work is carried out in the present 
analysis. 

The current study focuses on the analysis of electricity consumption sensitivity to weather in 
Abidjan, Cotonou and Lomé, three cities located within the tropical climatic zone. In this context, the 
aim is to determine how variation in electricity consumption is linked to changes in cooling degree 
days (CDDs). To address this, we estimated different CDDs based on raw temperature and other 
temperature indices. These indices include the Humidex and heat index, which are both calculated 
from combinations of temperature, humidity and dew point [21,24,25]. 

In section 2, we present the study area and the consumption and weather data. Then, a descrip-
tion of the different weather indices used to estimate the CDDs is done. The relationships between 
CDDs and consumption are described and commented in section 3, and the paper concludes in sec-
tion 4. 

2. Materials and methods 

2.1. Study area 

The investigations related to this research work were conducted in (3) capitales (Abidjan, 
Cotonou and Lomé) located on the western coast of Africa (Figure 1). 

These three cities were selected given their political and economic importance [30]. Their selec-
tion was also guided by the fact that the cities are characterized by precarious energy coverage, low elec-
tricity access and a lack of related studies linking weather or climate change to energy conditions [31,32]. 
This explains why the countries’ (Ivory Coast, Togo and Benin) annual electricity production levels 
are low relative to those found across the globe, with values of 6688 million Kwh/year, 1529 million 
Kwh/year and 154 million Kwh/year, respectively [33]. Among the three countries, Togo has been se-
lected as a pilot country for pursuing the Seventh Sustainable Development Goals in West Africa (ensur-
ing access to clean affordable, reliable, sustainable and modern energy) [34]. 

On the other hand, the cities were selected based on their lower development levels based on the 
premise that increasing electrification rates by closing the access gap in these countries with afforda-
ble sustainable energy will also improve economic, education, health and job growth levels. 

Abidjan, the economic capital of the Ivory Coast, had approximately 4,707,404 inhabitants in 2014, 
and the population of Cotonou, the economic capital of Benin, had a population of 1,720,105 in 2013, 
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with Lomé having a population of approximately 1,570,283 in 2014 [35]. The economic growth rate 
of these three cities was approximately 4.2% in 2015 [30], with an estimated rate of urbanization of 
between 3.7% and 4.2% per year from 2000 to 2015. The country contributions of GDP were 9.2%, 2.1% 
and 5.4% in 2015 [36]. 

 

Figure 1. Time evolution of per capita GDP in US $ currency in Benin, Ivory Coast and 
Togo over the period 2009–2014 [37]. 

During the period 2009–2014, an increase in GDP per capita is recorded in the study area. In 
average, the GDP per capita is about 500 US dollars (US$) in Togo and 1000 US$ in Benin. In Ivory 
Coast, two trends were noted: a first decreasing trend from 2009 to 2011 with an average of 1250 
US$ associated with social crisis and political instability, a second increasing trend from 2011 
to 2014 (1400 US$ in average). This increase of GDP is related to the economic growth in terms of  
commercial and other socio-economic activities and is known to have the same trend than the 
electricity consumption [16]. 

Abidjan, Cotonou and Lomé are located in the humid region of the Guinean tropical climate 
zone. In Abidjan, the climate is characterized by a tropical monsoon climate with a short dry season. 
Lomé and Cotonou have a tropical savannah climate marked by a longer dry season. For these 
coastal cities, annual rainfall varies between 1100 and 1600 mm. In terms of relative humidity, 
values range from 80 to 95%. Like most coastal countries in West Africa, the countries in which 
these cities are located are bounded to the south by a coastal plain. The two types of wet and dry 
seasons observed are the consequence of the interaction of two migrating air masses following a 
constant cycle of atmospheric dynamics [38]. 

The mean annual temperature variation in these cities is over 26.5 ℃. Temperatures usually 
range from 22 ℃ to 32 ℃ per year [39]. The dry season covers the months of January to May. How-
ever, heat waves (beyond the threshold of 29 ℃) extend from February to March [40]. The monthly 
average temperature from July to September (JAS) is approximately 25 ℃ [40]. In the study areas, the 
dew point temperature frequently used for the measurement of thermal comfort ranges between 12 
and 28 ℃. 
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Figure 2. Maps of the study area. 

2.2. Data on electricity consumption 

Data on electricity consumption for Abidjan, Cotonou and Lomé were obtained from the 
national electrical companies of each country (CEET in Togo, SBEE in Benin and CIE in Ivory Coast). 
Monthly electricity consumption data were acquired for 2008–2015, 1990–2015 and 2000–2015 for 
Lomé (Figure 5a), Abidjan (Figure 3a) and Cotonou (Figure 4a), respectively. For the three cities, 
GDP growth is the most often factor used to explain the increase in electricity consumption. GDP 
growth results in regional population growth and improved quality of life [27]. The raw data time 
series of electricity consumption illustrated for these three cities (Figures 3a, 4a and 5a) shows a 
nonsmooth and gradual increase over time, which is reflected by discontinuities and breaks. For the 
three sites, in addition to the growth trend, there are strong seasonal variations in consumption. This 
seasonality is characterized by high values in the dry seasons and remarkably low values in the wet 
seasons. 
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2.2.1. Abidjan 

In addition to overall growth and seasonal variations, Abidjan's electricity consumption from 1990 
to 2015 showed a number of phases that correspond to each of the four subperiods (Figure 3). Within 
the individual time periods, the curve’s behavior is approximately homogenous (stable or gradual 
increment), while the consumption pattern varies greatly from one subperiod to the next, in some 
cases sharply. Specifically, an initial pattern is found for 1990 to 1999. This pattern is more or less 
static with fairly stable yearly consumption. After an abrupt increase in 1999, a second period, 
still roughly stationary, extends to 2002. Third and fourth phases are observed from 2002–2010 
and 2010–2015, respectively, and involve fast consumption growth. The two time periods are 
divided by the previous one with a sharp drop in demand (2003 and 2010). 

    

Figure 3. Abidjan’s electricity consumption time series (3a: 1990 to 2015) and the 
considered working period (3b: 2011 to 2014). 

Various economic and social indicators are probably the cause of this temporal evolution [28]. 
The decrease in 2003 is likely a response to unstable political conditions in Ivory Coast between 2002 

and 2004. According to the Technical Distribution Department (TDD) of the power company CIE, 
the incident in 2003 occurred at the epicenter of the country's political crisis in 2002, leading to plant 
closures and then to a decrease in electricity consumption. 

The three phases of instability listed below explain the drop in 2010 occurring due to a 
postelectoral crisis in the country: 
- First, the period running from January to April 2010, referred to as the postelection crisis, 

impacted socioeconomic activity as well as electricity consumption; 
- Second, in the beginning of 2010, load shedding occurred due to damages to a 150 MW turbine 

used to generate electricity; 
- Last, in October 2010, political instability from the postelectoral crisis; residents moving and 

plants, businesses and administrations closing resulted in lower electricity consumption. 
An analysis of the year 2015 was not done for the considered period even though a singular 

point occurs in a specific month of this year. 
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2.2.2. Cotonou 

The temporal trend of power demand in Cotonou for 2000 to 2015 (Figure 4) is significantly 
smoother and more gradual than that for Abidjan (Figure 3). The results show a noticeable upward 
trend with strong seasonality and increased demand in the winter. Despite being less marked than 
those of Abidjan, 3 distinct periods are identified: there are two principal subperiods with a 
consistent and uniform increase (2000_2005 and 2008_2015) that are separated by a transitory 
phase (2006–2007) characterized by a moderately low increment and lower levels of seasonal 
variability. No definite social, economic or technical explanations for the suspected discontinuity 
between 2006 and 2008 could be found so far. 

    

Figure 4. Cotonou’s electricity consumption time series (4a: 2000 to 2015) and the 
considered working period (4b: 2009 to 2014). 

2.2.3. Lomé 

    

Figure 5. Lomé’s electricity consumption time series (5a: 2008 to 2014) and the 
considered working period (5b: 2011 to 2014). 
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Removing the breakdown in raw electricity data as done above, prior to using the demand time 
series, prevents problems associated with data. This capacity provided by Lomé’s electricity demand 
time series for 2008 to 2014 (Figure 5) enables us to choose the 2011 to 2014 year interval as our 
working period.  

For the cities of Lomé, Cotonou and Abidjan, the temporal evolution of monthly consumption is 
primarily driven by nonweather factors. These non-climate factors are among those linked to the 
socio-economic status such as population and GDP. Referring to Figure 1, it is clear that the per 
capita GDP’s profile over the study period at the country level follows the same trend as that for the 
smoothing curve of electricity consumption of the relevant country's city. To avoid including those 
nonweather factors in the analysis, in the first place, we removed from the main time series the 
subperiods for which consumption's evolution was observed. This means that an upward trend can 
occur, although it should be gradual without sudden fluctuations from one year to the next. The 
working periods selected are therefore 2011–2014 for Abidjan and Lomé and 2009–2014 for 
Cotonou. For these 3 cities, the periods we consider are similar in terms of their behavior and the 
number of years covered (ranging from 4 to 6 years). Our study of the part of consumption related to 
weather conditions led to the omission of consumption drift considered to be related to the economic 
growth rate of each country. The first step involved standardizing the consumption data. Specifically, 
a trend model was fitted to raw consumption data named C(t) for the study period. To remove the 
aforementioned trend (T(t)), we proceeded as described below: Each monthly data item was divided 
by the corresponding monthly value obtained from the trend model. The normalized consumption for 
day t called Nc(t) (Figure 6) is expressed as shown below. It should be noted that for normalization, 
we used the classical multiplicative time-series decomposition method. 

NC(t) = 
𝐂 𝐭

𝐓 𝐭
 , where C(t) is the monthly consumption and T(t) is the trend value of monthly 

consumption for month t [17,22]           (1) 

The subtractive approach could also have been used for normalizing, where the trend is 
deducted from the raw data. For example, Bessec et al. [17] and Scapin et al. [22] propose this form 
of additive decomposition, which assumes that the climate-related portion of the demand is 
temporally stable, whereas this is most likely not the case. The increase in revenue generation is 
assumed to be due to an increase in air conditioning facilities and thus a greater dependence on 
weather conditions (e.g., [22]). Using multiplicative decomposition, we hypothesized that the 
intensity of seasonal and discontinuous variations grows as the trend increases. In other words, 
sensitivity to meteorological variables is assumed to also rise over time and to be fairly similar to the 
long-term drift. While this is not evident for Abidjan due to the significant extent of this 
socioeconomic problem over time, the hypothesis appears to be valid for Cotonou and Lomé for the 
entire range of the data used. Hence, multiplicative decomposition is a reasonable hypothesis in this 
case [41]. 

2.3. Weather data  

In the following, CDDs are computed on a daily basis using different weather indices: 
temperature, the humidex and the heat index. When a CDD is calculated from temperature, we 
can use its daily average directly (Tm) or both its minimum (Tn) and maximum (Tx) for the 
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calculation [42]. If the humidex or heat index is considered, we then use the daily dew point 
temperature (Td) and daily relative humidity (R). The meteorological data used were obtained at a 
daily time step from synoptic stations of the respective weather services in each of the considered 
cities. We obtained data for 1980–2014 for the three cities. 
-The Humidex (HU) is an index of temperature established by the Weather Service of Canada in 1979 
to characterize how people perceive the weather based on the combined impacts of heat and 
humidity. The index is a very popular tool for calculating human discomfort in the summer as 
equivalent to dry temperature [43]. 

This temperature- and humidity-based index was applied to define the degree of heat discomfort 
(Figure 4). A slight risk of discomfort is observed when the humidex values are in the range of 20 to 29 ℃; 
a moderate degree of discomfort is obtained at humidex values of 30 to 39 ℃; and the greatest 
discomfort occurs when the humidex reaches or surpasses 46 ℃ (hazardous conditions) [44]. 
-The heat index (HI), which George Winterling proposed in 1978 [25], is defined similarly to the 
humidex. This thermal index can also be considered to represent the temperature felt by the body 
through the combined effects of relative humidity and air temperature [45]. The heating and cooling 
degree days are commonly used in energy systems to estimate heating and cooling energy 
consumption in buildings [46]. 

While heating degree days focus on heating requirements during cold weather, cooling degree 
days focus on cooling requirements during hot weather. Cooling degree days are a measure of the 
degree (in terms of degrees) and period of time (in terms of days) in which the outdoor air 
temperature has exceeded a certain level [47]. For a given time period, the measure assesses the 
cumulative temperature that exceeds (for CDDs) or goes below (for HDDs) a predetermined 
temperature called the threshold temperature [48]. 

CDDs may be estimated on a per day basis. Various formulas have been developed the basis of 
various temperature data. The CDD, when calculated from daily mean temperature Tm, is expressed 
as: 
wherever hourly temperature information is available, a similar formula is applied to each hour of the 
day, whereby CDDs for the whole day are generated as an average of all hourly estimates. In the 
latter case, the calculation relies on minimum (Tn) and maximum (Tx) daily air temperatures, which 
are also frequently available [49,50]. 
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Table 1. Summary table of temperature indices showing its formulas and cities to which it’s aplyed. 

Index Formulae 

Humidex (HU) 
HU = T + R, where                                                                                                                (2)

T is the temperature under normalized shelter (℃);  

R is relative humidity: R = 0.55 * (e − 10),  

e  is saturating vapor pressure e 6.11 ∗ e
.  ∗ 

.
 

;  

with Td is dew point temperature (℃). 

Heat Index (HI) 
Heat Index HI 42.37 2.05 T 10.14 R 0.22 T R 6.83 ∗ 10 T  5.48 ∗

10 R  1.23 ∗ 10 T R  8.531 ∗ 10 TR 1.99 ∗ 10 T R                               (3)

with T denoting air temperature (°F) and R is relative humidity (%) 

Cooling Degree 

Days (CDD) 
CDD(Tm) = (Tm – Tr)      if  Tr < Tm 

CDD(Tm) = 0                     if   Tm < Tr                                                                                (4)

Tr is the threshold temperature. No consensus exists on this threshold value, as this 

threshold can differ from one region to the other. It is, however, often taken to be 25°C. 

CDD Tx, Tn
Tx Tn

2
– Tr if Tr 𝑇𝑛 

CDD Tx, Tn   Tx  Tr ∗  0.08  0.42 ∗
Tx  Tr
Tx Tn

  if   Tn  𝑇𝑟  𝑇𝑥 

CDD Tx, Tn    0     if Tx 𝑇𝑟                                                                              (5)

Here, we will look at 6 possible different assessments of CDDs based on several available CDD 
expressions and on a variety of temperature indices, such as air temperature, the humidex and the 
heat index. For the first three CDD calculations, with Eq (4) the CDD value is determined using the 
mean temperature for each day. In this case, both the daily Humidex value and heat index are 
obtained from daily values of air temperature, relative humidity and dew point temperature. These 
assessments using air temperature, the Humidex and the heat index are denoted as CDDTm, 
CDDHUm and CDDHIm, respectively. 

Each of the remaining three categories of CDDs utilizes the minimum and maximum 
temperature values made available each day. See Eq (5) above. With this approach, the Humidex 
index is calculated from minimum and maximum daily temperatures in turn. Both Humidex values 
for individual days are applied as temperature index values in Eq (5) by replacing Tx and Tn. Similar 
steps are applied to the Heat Index (HI). An estimate of the heat index is made for the minimum and 
maximum temperatures for a given day. These two estimates are used for the calculation of the heat 
index in Eq (5). The CDD estimates obtained from the minimum and maximum temperatures, 
Humidex and heat index are referred to as CDDTxn, CDDHUxn and CDDHIxn, respectively. 

CDDs were estimated at a daily time interval. The daily time series of CDD estimates were 
aggregated to monthly time intervals. The relationship between the calculated monthly CDDs and the 
monthly normalized consumptions was then evaluated for each case. 
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3. Results and discussion 

The time series of normalized monthly electricity consumption for the localities of Abidjan, 
Cotonou and Lomé using the classic multiplicative decomposition of the time series (formula 1) are 
displayed below in Figure 6. 

 

Figure 6. Normalized time series of working period electricity consumption for Abidjan 
and Lomé (2011 to 2014) and for Cotonou (2009 to 2014). 

The interannual variation in the normalized electricity consumption time series (Figure 6) shows 
the same behavior in terms of curve variations from one year to the next. From Figure 6, there is an 
annual peak for each city in March and a low point in August of each year. The approximately con-
sistent seasonal variations across the whole period confirm the multiplicative decomposition hypo-
thesis proposed previously. 

Figure 7 below illustrates the relationship between the monthly CDDs estimated from the dif-
ferent temperature indices above and monthly normalized consumptions. 
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Figure 7. Yearly time series of temperature indices and electricity consumption of A-
Abidjan and C-Lomé from 2011 to 2014 and B-Cotonou from 2009–2014. Temperature 
indices are estimated with Eq (4) from mean daily indices (left column, CDDTm, 
CDDHUm, CDDHIm) and with Eq (5) from daily min/max indices (right column, 
CDDTxn, CDDHUxn, CDDHIxn). 
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Figure 8. Scatter plot of monthly CDDs and consumption of A-Abidjan and C-Lomé 
from 2011 to 2014 and in B-Cotonou from 2009–2014 considering formulas 4 and 5. 

Figure 7 presents the interannual evolution of monthly CDDs and monthly electricity 
consumption for the cities of Lomé (C), Cotonou (B) and Abidjan (A). For these three areas, there is 
a rise in both consumption and temperature indices from January, with a peak in March (maximum 
point) and a downturn from May to August (minimum point). Regardless of the temperature indices, 
consumption patterns essentially followed the same seasonal variations as those of the CDDs. 
Consequently, the temperature indices and electricity consumption fluctuate simultaneously. The fact 
that consumption depends on CDDs means that by knowing their values, one can predict, to a certain 
extent, the monthly demand of the population in terms of electricity consumption. In other words, if 
NC(t) depends on CDDs, we have function f such that NC(t) = f (CDDs). Notably, the interannual 
variation in consumption is most similar to that of the CDDs calculated directly from the average 
temperature. As a consequence, temperature appears to be the variable that best predicts demand for 
electricity consumption. At first glance, it is easy to see that there is the same predictive ability 
regardless of the predictor chosen. It should also be noted that, depending on the cases mentioned 
above, it is possible to reproduce the seasonality of consumption. The scatter plots below (Figure 7) 
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illustrate this point as well and show estimated monthly cooling consumption as a result of the 
estimated monthly CDD differences. 

The scatter and correlation diagrams presented in Figure 8 were computed to confirm the 
aforementioned relationship between consumption and CDDs calculated using all temperature indic-
es presented above. Figure 8 shows that regardless of the city, there is a liner relationship between 
consumption and CDDs calculated using temperature (CDDTm and CDDTxn) meaning that there is 
a positive correlation between temperature and electricity consumption. For CDDs calculated using 
the Humidex index (CDDHUm and CDDHUxn), we notice that they are slightly scattered, and in 
this case, the linear correlation between comsumption and humidity is weak. For CDDs computed 
with the heat index (CDDHIm and CDDHIxn), the correlation with consumption are also weak but 
they are higher than that of the  Humidex. Consequently, there is a relationship between the power 
consumption and the temperature and humidity. 

To conclude, from the above confirmation of correlation, we conduct a statistical analysis to this 
end by considering the Pearson correlation coefficient (r) between CDDs and monthly consumption 
in Table 2. 

Table 2. Pearson correlation (p-value > 0.05) between monthly consumption and CDDs 
(computed from different temperature indices) for Abidjan, Cotonou and Lomé. 

CDDTm CDDHUm CDDHIm CDDTxn CDDHUxn CDDHIxn

Abidjan power consumption 0.76 0.75 0.75 0.76 0.75 0.75 

Cotonou power consumption 0.78 0.73 0.75 0.78 0.73 0.78 

Lomé power consumption 0.66 0.59 0.63 0.66 0.59 0.63 

In all cases, the correlation coefficient between CDDs and power consumption shows high 
significant values greater than 0.59 (p-value of lower than 0.001). For the thress cities, there is no 
significant difference between CDDs using mean temperature and those from both minimum and 
maximum temperatures(CDDTm, CDDTxn).  

For Abidjan, the best correlations are found using temperature data only. Nevertheless, the 
values obtained with the other weather predictors are not so different. For Lomé, better relationships 
between weather and power comsumption are observed when considering CDD with temperature 
only. For Cotonou, the best values are those with CDD from the both minimum and maximum heat 
index (CDDHIxn), and from both minimum and maximum temperature (CDDTxn). The values are 
considerably higher than those obtained for Abidjan and Lomé, indicating the importance of 
humidity to Cotonou’s consumption. The relationships between power compsumtion and weather are 
weaker when using CDD with Humidex. 

In summary, the power consumption is sensitive to weather conditions in these three West 
African cities. The obvious consequence of hot periods is a sharp increase in consumption. This is 
likely related to the use of cooling equipment to improve thermal comfort (use of fans or air 
conditioners). For the cities of Cotonou and Abidjan, high correalation values between consumption 
and CDD from heat index suggest that humidity may also influence the variations of power 
comsumption. 
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4. Conclusions 

Electricity consumption is affected by several factors, such as GDP, population growth and 
increasing urbanization. In this paper, the relationship between electricity consumption in three West 
African coastal cities and weather is established. It was not possible to perform an econometric study 
because there are not enough data at relevant scale to do such a study and the aim of this manuscript 
is not to look at the causes of the long-term trend that can be explained by the increase in population 
and economic growth. For this purpose, we worked on standardized chronicles in which we removed 
the trend that can be explained by GDP, demographics, standard of living or other socio-economic 
factors. The general objective of this paper is to highlight the link between weather and electricity 
consumption and specifically, to identify which weather variable among CDDs computed with 
Temperature (CDDTm and CDDTxn), with humidex (CDDHUm and CDDHUxn) or with 
HeatIndex (CDDHIm and CDDHIxn) is more related to variations of power consumption. 

Normalized consumption data for Abidjan, Cotonou and Lomé highlight strong seasonality with 
a high peak in March and a drop in August. The relationship between consumption and weather was 
explored in reference to cooling degree days, reflecting the need for additional consumption for 
building cooling with every degree Celsius increase in temperature. CDDs were elaborated from 
different temperature indices based on daily temperature and then with relative humidity (the heat 
index and humidex). For these three cities, a strong relationship exists between temperature and 
consumption. Humidity is another important driver of demand, mainly for Cotonou and Abidjan. In 
this case, how humidity and temperature are combined to produce the equivalent temperature index 
also matters: the heat index indeed has significantly better explanatory power than the Humidex. 

These preliminary results call for further investigation. The results are likely dependent on the 
threshold temperature used in the CDD estimations. A sensitivity analysis of this threshold should be 
carried out to determine which temperature threshold would lead to the best relationship between 
consumption and CDDs. The sensitivity of consumption to other weather predictors could also be 
explored. Wind speed and solar radiation may also be relevant predictors in this context. In the 
present case, we examined a very small fraction of available consumption data. A better use of full 
consumption time series at a daily time scale may improve weather sensitivity characterization. 

Our findings are restricted to the three cities of Abidjan, Cotonou and Lomé. An extension of 
this work to other urban areas will be important and useful in establishing its extent to the regional 
level. The level of weather sensitivity found for these three cities is consistent with those found in a 
number of other studies, such as those mentioned in the introduction. The presented results are also 
in line with those obtained by [51] for Lomé, Togo, within the same climatic region. In [51], the 
authors find strong dependence, for the dry season, of electricity demand on maximum air 
temperature and minimum relative humidity. However, Togo is located close to Abidjan, and why 
relative humidity does not exert the same influence in both cases is worth investigating. 

Most importantly, the relationships identified from these analyses could lead to the development 
of an electricity consumption forecasting model in this area. To investigate further the relationship 
between weather variables and consumption at daily scale, we can assumed that the relationship 
between consumption D and Weather M can be expressed as an affine relationship (D = D0 + aM) 
where D0 is the minimum Consumption which is independent to the weather variables and « a » the 
fraction of consumption due to the weather variables. However, the development and testing of such 
a model will require the use of high-resolution consumption data. A database of daily data would 
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likely be useful in this context. Moreover, it is important to carry out an econometric study using 
relevant data to better highlight the influence of demographic (population) and economic (GDP) on 
the variations in electricity consumption according to the daily and weekly profile.  
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