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Abstract: Oil plays a vital role in the economic growth and sustainability of industries and their corporations. The 

current study sought to forecast oil demand in Ghana for the next decade. The variables analyzed in this study were 

Petroleum and other liquids, motor gasoline, distillate fuel, and liquefied petroleum gases (LPG). The study utilized 

three univariate models; thus, linear regression, exponential regression, and exponential smoothing for forecasting 

various oil components. The linear regression model was deemed a better fit for the analysis of most of the variables. 

Furthermore, the findings revealed that the LPG growth rate is faster and requires less time to double in numbers 

than the other energy sources. Also, the exponential smoothing model was ineffective and inefficient. Overall, the 

demand for oil components analyzed will follow an increasing pattern from 2017 to 2027. 
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1. Introduction 

Merchants and dealers involved in the oil markets view global oil demand and its output forecasts as 

essential instruments. Speculative and non-quantifiable variables have essential roles in evaluating short-

run price fluctuations on the spot and in future markets. Oil prices escalating will lead to oil-consuming 

nations' economic contraction and inflation, adversely affecting the world economy. Otherwise, a sharp 

drop in oil price might preclude the economic growth of the countries producing oil and thus create 

political turmoil and civil upheaval (Chen et al., 2018).  

Developing countries like Ghana, Nigeria, Ivory Coast, among others, sometimes struggle to meet 

the demands of their citizens, and oil is a clear example of it. Bourgeois and technical components that 

affected each end energy category over the past decade have increased Ghana's demand for crude oil 

and refined petroleum products. Ghana's oil consumption has increased substantially, and this has 

shaken many energy experts. The function of energy resources in satisfying, among others, the needs 

of households, factories, transportation, and agriculture in any economy cannot be overplayed.  

Multiple forms of energy sources are needed to meet the demand for lighting, cooking, generating 

electricity, among many other uses. Ghana's energy demand exceeds energy supply (Mensah et al., 2016). 

In Ghana's energy sector, light crude oil is the main energy source that powers the electricity output of 

thermal plants, apart from natural gas. As a multifunctional energy source heavily consumed in most 

countries, the oil helps multiple sectors of an economy. Due to it being a very significant form of energy 

for all economies, oil production and consumption are inextricably related to industrialization, 

sustainable development and economic growth. 
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In 2016, the government of Ghana decided to launch a new policy which stated one district, one 

factory. With such expansion and development, the country will be aiming at growing its economy. Still, 

the demand for oil will increase due to the industrialization tactics being adopted to implement such a 

policy. With the amount of oil consumed significantly increasing and thus affecting the economic 

growth of Ghana in the process, the data from the US EIA International Energy Statistics database 

shows that there have been some variations in oil consumption values in Ghana since 2003 (see Figure 

1). 

From Figure 1, Petroleum and Other Liquid consumption reached its highest peak in 2017 with an 

amount of 88TBPD (Total Barrels Per Day) and its lowest peak of 39TBPD in 2003. Motor Gasoline 

consumption can also be seen experiencing variations in its values, reaching its highest peaks of 

27TBPD in 2013, 2015 and 2017. Jet Fuel consumption, Residual Fuel Oil consumption and Liquefied 

Petroleum Gases consumption (LPG) also reached their highest peak in 2017 with values of 4TBPD, 

2TBPD, and 9TBPD, respectively. Kerosene consumption, Distillate Fuel Oil consumption, and Other 

Refined Products consumption also had recorded values of 3.6TBPD, 39TBPD and 14TBPD, 

respectively, as their highest peak in the years 2008, 2015 and 2016, respectively. 

This study aims to forecast oil demand in Ghana for the next ten years, taking into account the 

intensifying nature of oil demand in Ghana. To examine the amount of oil consumed in Ghana annually 

and estimate the dynamics of the various types of oil that influence the aggregate oil demand in Ghana 

are the key objectives operationalized from the main aim of this study. The subsequent sections of this 

study are arranged as follows: Section 2 delves into the literature review highlighting underlying concepts 

used to perform this study. Section 3 outlines the research methodology and approach, whilst sections 

4 and 5 deals with results and discussions and, finally, the study concludes with recommendations.  

2. Literature Review 

Underlying works of literature that form the basis for conducting this research are discussed in this 

section. The section describes the strengths and shortcomings of current literature based on the role of 

oil in the energy sector in Ghana and oil forecasting, with key influencing factors affecting oil and its 

demand in general. 

2.1 The role of oil in Ghana's energy sector 

"Supply chains are the veins of an economy" (Mahmoudi et al., 2021), and the energy sector enables 

the smooth flow of supply in these veins. According to the world's economic and human development 

indicators (HDI), the energy sector is a crucial component that drives economic growth and 

development. The production and usage of oil can accelerate or impede economic growth as an essential 

economic element. Over the last decade, oil demand has risen all over the world, leading to high prices.  

Between 1980 and 2008, the price of crude oil fluctuated dramatically, with an average price of $32.31 

(bbl), a minimum price of $12.72 (bbl) and a maximum price of $140 (bbl) respectively (Abledu et al., 

2013). A host of academic studies like that of Richardson et al. (2010), and Zhang et al. (2013) delved 

into the increasing rate of energy demands or consumption for both developed and least developed 

countries. The studies, as mentioned above, highlighted key determinants or indicators that culminate 

into total consumption or extrapolated elements of various energy forms. 

Ghana discovered oil in the year 2007. In 2010, the country began exploiting this resource, and the 

country has realized its long-standing dream of improving its socio-economic growth with oil revenues 

through subsequent discoveries. Ghana's energy sector has been prominent in numerous government 

policies, such as initiatives to attain sustainable energy use to minimize the environmental impact, 

increase access to new energy sources, and make energy products accessible and inexpensive for 

Ghanaians (Mensah et al., 2016). A study by Ackah (2014) found that demand for natural gas is primarily 

driven by income, population, prices, and industrial production share when it modelled Ghana's 

aggregate residential and industrial demand for natural gas. But the the oil demand was not studied. 

High growth rates of economic production and personal income are closely linked to the changing 

oil requirements in Ghana. Increased demand for petrochemical feedstock, including naphtha-based 

petrochemicals, which are close in composition to motor gasoline, drives the growth in production in 

the industrial sector (Abledu et al., 2013).  Duku et al. (2011) noted that Ghana's energy consumption 

had increased significantly due to population growth and rapid urban growth. A continuing  
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Data source: International Energy Statistics, US EIA database 

Graph source: Author's Construct 
Figure 1. Ghana's annual oil consumption between 2003 and 2017 

 
Data source: International Energy Agency (IEA), 2020 

Graph source: Author's Construct 
Figure 2. Ghana's energy supply between 1990 and 2018 

 
Data source: International Energy Agency (IEA), 2020 

Graph source: Author's Construct 
Figure 3. Ghana's oil consumption by sectors between 1990 and 2018 
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demographic shift from rural to urban areas drives the increase in incomes and the resulting changes in 

oil demand. The rising urban population demands new vehicles and highways, thus increasing the 

demand for oil in the transport sector.   

2.2 Oil Forecasting 

The significance of the energy sector and energy forecasts has not been sufficiently addressed for the 

countries like Ghana. A vast amount of literature has been written about oil, determining the key 

variables that affect it. Some of this literature takes a toll on forecasting the aggregate demand, whereas 

some adopt the disaggregate demand for exploration. In empirical research, approaches based on the 

ex-ante best individual forecasting model are effective, but on average, forecast combinations have been 

found to generate effective forecasts (Timmermann, 2006).  

Forecasting of oil demand and supply plays an essential role in a country's development agenda. 

Several models have been used in the existing literature by several scholars, researchers and 

organizations to make short, medium, and long-term projections. Notwithstanding these, there is no 

specific forecasting model assigned to forecasters. However, some researchers commonly use some 

existing standard forecasting models to make projections that have yielded the needed results. Hence, 

standard forecasting models could be selected based on a researcher's objectives and the results the 

researcher seeks to achieve.  Such instances include Li et al. (2018) who developed 26 combination 

models using the traditional combination method to avoid overfitting and increase prediction accuracy. 

Furthermore, Wang et al. (2011) used the Hubbert and Generalized Weng models to provide them with 

the basis for the empirical analysis of the variable they analyzed in their study. Also, Carlevaro et al. 

(1989) modelled and forecasted the world demand for oil on a regional basis in the short – run using a 

dynamic demand model. They concluded that their model deserved more changes to generate valuable 

forecasts for the oil industry. As such, several existing forecasting models require further revision. 

 Owing to the fact that some unaccounted factors interfere with the actual values of oil, during 

forecasting based on historical data, the actual value sometimes varies from the forecasted value. 

Comparing the forecasted value with the actual value produces the measured error if there's any. 

Therefore, some studies proposed that the mean absolute scaled error should be the standard accuracy 

measure for comparing forecast accuracy over collective time series. To confirm the effectiveness of 

their approach, Wang et al. (2018) evaluated their models using mean absolute error (MAE), mean 

absolute percentage error (MAPE), and root mean square error (RMSE). 

Table 1. Summary of oil forecast related literature 

Year Country of focus Variable of forecast Methodology Literature 

 
2009 

United States, 
Canada, Japan, 

Australia 

 
Oil consumption 

flexible fuzzy 
regression algorithm 

Azadeh et al. (2009) 

2009 Global Oil production Probabilistic estimate Kontorovich (2009) 

2009 China Transport energy 
demand 

PLSR Zhang et al. (2009) 

 
2012 

China Petroleum product 
consumption 

Bayesian linear 
regression theory and 

MCMC 

 
Chai et al. (2012) 

2012 Iran Transport energy 
demand 

MLGP Forouzanfar et al. 
(2012) 

2013 Global Oil demand STSM Suleiman (2013) 

 
2015 

 
Nigeria 

 
Oil production 

M.A., SES, AF, Box-
Jenkings, Classical 
Decomposition 

Aideyan & Nima 
(2015) 

2015 OPEC Oil production Multi–cyclic Hubbert 
Model 

Ebrahimi & 
Ghasabani (2015) 

2015 U.K., Norway Oil production Monte – Carlo 
method 

Fiévet et al. (2015) 

2019 China Oil demand STSM Fatima et al. (2019) 

2019 India Foreign oil NMGM-ARIMA and 
NMGM-BP 

Li & Wang (2019) 

2021 Ghana Oil demand LR, ER and ETS The current study 
PLSR partial least square regression, M.A. moving average, SES seasonal exponential smoothing, A.F. adaptive filtering, MCMC Markov Chain 
Monte Carlo method, MLGP multi-level genetic programming, STSM structural time series model, NMGM-ARIMA nonlinear metabolic grey model 
– linear autoregressive integrated moving average and NMGM-BP nonlinear metabolic grey model - nonlinear backpropagation, LR Linear 
regression, ER exponential regression, ETS exponential smoothing 
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Cheze et al. (2011) forecasted jet fuel consumption at the worldwide level and eight geographical 

zones by 2025 using dynamic panel–data econometrics. Their findings revealed that between 2008 and 

2025, the world's air traffic would increase by 100%, with a growth rate of 4.7% annually. Moreover, 

the estimated demand of the world for jet fuel will increase by approximately 38%, with an average 

growth rate of 1.9% annually. Al-Yousef (2004), in his study, proposed a model to predict crude oil 

consumption for some Asian countries over the period 1982 – 2002. He concluded that GDP and price 

are important factors in oil demand. He also added that growth in GDP is an important element in the 

growth or fall in Asian countries' demand for crude oil. Due to briefness, table 1 contains other studies 

conducted by researchers about the forecasting of oil. 

3. Research Methodology 

This section focuses on the methodology and approach adopted in the current study for forecasting 

the demand for oil in Ghana for the next decade based on time series data. The study adopted three 

univariate models; linear regression model, exponential regression model, and exponential smoothing 

model.  Microsoft Excel (2016 version) was used to run the models.  

3.1 Data collection 

The bp Statistical Review of World Energy (BP, 2020) ranked oil as the largest share of the energy 

mix, accounting for 33.1% and perhaps being a dominant economic growth tool in Africa. It also 

recorded 4096 thousand barrels per day as the consumption of oil in the whole of Africa. The current 

study sampled 15 years (2003 to 2017) time-series data of Ghana's annual oil consumption. Data from 

2003 to 2015 was used for forecasting, and the 2016-2017 data was used for out-of-sample testing. The 

four energy sources were considered for forecasting; petroleum and other liquids, motor gasoline, 

distillate fuel oil, and liquefied petroleum gas (LPG). The oil consumption data set was gathered from 

the U.S. Energy Information Administration (www.eia.gov).  

For the study to gain an insight into the vast reach of oil in Ghana, data pertaining to Ghana's energy 

sector for the period 1990 to 2018 were also gathered. Ghana's energy supply and Ghana's oil 

consumption by sectors data were obtained from the International Energy Agency (www.iea.org) for 

this exploration. Data availability was the justification for choosing the period (1990 to 2018). 

3.2 Forecasting Techniques 

Descriptively, forecasting is carried out by testing time series data with a developed model or applying 

technical approaches. Over specific periods, distinct models have been tried to predict data, and 

accurate calculations are needed to determine the accuracy of such models. Time series models used for 

forecasting can be classified into univariate and multivariate models (Tularam & Saeed 2016). In order 

to predict the values of a variable that acts as a response variable, univariate data analysis involves the 

use of past data and involves a distinct evaluation of the findings for each variable in the given data. 

Thus, the univariate analysis does not find the causation or correlation relationship between 

independent variables. This study adopted the univariate models, namely; linear regression models, 

exponential models and exponential smoothing models, for forecasting oil demand in Ghana for a 

decade. These models were selected due to (1) they are a widely used form of forecasting and (2) the 

characteristics the data used in this study possess. 

3.2.1 Linear regression model.  A linear regression (LR) model is a simple yet widely used form of 

forecasting. The model forms a linear relationship between the forecast variable F and the single 

explanatory variable Y. In order to analyze the relationship between the variables, the model is defined 

as: 

𝐹𝑡 = 𝛽0 + 𝛽1𝑌𝑡 + 𝜀    

where,  

𝛽0 = the intercept 

𝛽1 = the slope of the line 
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𝐹𝑡 = forecasted value for year t 

𝑌𝑡 = Year t 

𝜀 = the error term 

The intercept 𝛽0 represents the forecasted value of 𝐹𝑡 when the explanatory variable (𝑌𝑡 )= 0. And 

the slope of the line 𝛽1 represents the average predicted change in the forecasted value F_t resulting 

from a one-unit increase or decrease in the explanatory variable 𝑌𝑡. For further details, Sarstedt and 

Mooi (2014) can be consulted. In the current study, Microsoft Excel's built-in function was used for 

linear regression. 

3.2.2 Exponential regression model.  An exponential regression (ER) model is a nonlinear form of a 

regression model. It is used to model data that does not follow a linear pattern. Exponential regression 

is used to predict conditions in which development starts slowly and then elevates quickly without 

bounds or where decay begins speedily and then slows down to get closer and closer to zero. The model 

is developed as follows: 

𝐹𝑡 = 𝛽0𝑒𝛽1𝑌𝑡 + 𝜀 

where,  

𝐹𝑡 = forecasted value for year t 

𝑌𝑡 = Year t. 

The coefficients 𝛽0 and 𝛽1 are obtained from the graph (data). For further details, Davidov and Zelen 

(2000) can be consulted. In the current study, Microsoft Excel's built-in function was used for 

exponential regression.  

3.2.3 Exponential Smoothing technique.  The exponential smoothing model was first suggested in the late 

1950s. This approach is acceptable for forecasting data without a specific trend or seasonal pattern. The 

exponential smoothing model developed to examine the data is specified as: 

𝐿0 =  
1

𝑛
∑ 𝐷𝑡

𝑛

𝑡=1

 

𝐹𝑡+1 =  𝐿𝑡  

𝐿𝑡+1 =  𝛼𝐷𝑡+1 + (1 − 𝛼)𝐿𝑡 

where,  

𝑛 = number of years 

𝐷𝑡 = actual demand at year t 

𝐷𝑡+1 = current year's actual demand 

𝐿0 = forecast demand for year 1 

𝐿𝑡 = previous year's forecast demand 

𝐿𝑡+1= current year's forecast demand 

𝛼 = smoothing constant; 0 < 𝛼 < 1. 

    For further details, Chopra and Meindl (2015: Chapter 7) can be consulted. Microsoft Excel's built-

in function for exponential triple smoothing (ETS) was used in the current study.  
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3.3 Forecast Error Measurement 

It has been widely recognized that forecasts are always inaccurate. Therefore, they should be 

accompanied by both the expected value of the forecast and a measure of forecast error (Javed et al., 

2020b; Ofosu-Adarkwa et al., 2020). Following Javed et al. (2020a), the Mean Absolute Percentage Error 

(MAPE) was used to test the performance of the forecasting techniques. The MAPE formula is denoted 

by: 

𝑀𝐴𝑃𝐸(%) =  
1

𝑛
∑ |

𝑥(𝑘) − �̂�(𝑘)

𝑥(𝑘)
|

𝑛

𝑘=1

× 100% 

where,  

𝑥(𝑘) = actual values 

�̂�(𝑘) = simulated values 

𝑛 = number of years. 

Table 2. Forecasting the consumption of petroleum and other liquids 

Year Actual data LR ER ETS Cumulative RGR RGR (mean) Dt Dt (mean) 

2003 39 34.83 35.28 47.09 39 -    

2004 43 38.88 37.79 50.24 82 0.74 0.25 0.99 2.25 

2005 44 42.92 40.48 53.38 126 0.43 1.54 

2006 43 46.96 43.37 56.52 169 0.29 1.92 

2007 48 51.01 46.46 59.66 217 0.25 2.08 

2008 49 55.05 49.77 62.81 266 0.20 2.28 

2009 58 59.10 53.31 65.95 324 0.20 2.32 

2010 59 63.14 57.11 69.09 383 0.17 2.48 

2011 67 67.18 61.17 72.23 450 0.16 2.52 

2012 76 71.23 65.53 75.38 526 0.16 2.55 

2013 77 75.27 70.20 78.52 603 0.14 2.68 

2014 78 79.32 75.20 81.66 681 0.12 2.80 

2015 86 83.36 80.55 84.80 767 0.12 2.82 

2016 88 87.40 86.29 87.95 87.40 -  -  

2017 88 91.45 92.44 91.09 178.85 0.72 0.25 1.03 2.28 

2018  95.49 99.02 94.23 274.34 0.43 1.54 

2019  99.54 106.07 97.37 373.88 0.31 1.87 

2020  103.58 113.63 100.52 477.46 0.24 2.10 

2021  107.62 121.72 103.66 585.08 0.20 2.29 

2022  111.67 130.39 106.80 696.75 0.17 2.44 

2023  115.71 139.67 109.94 812.46 0.15 2.57 

2024  119.76 149.62 113.09 932.22 0.14 2.68 

2025  123.80 160.28 116.23 1056.02 0.12 2.78 

2026  127.84 171.69 119.37 1183.86 0.11 2.86 

2027  131.89 183.92 122.51 1315.75 0.11 2.94 

 MAPE (%)  
in- sample 

 5.62 6.75 14.64      

 MAPE (%)  
out-of-sample 

 2.30 3.49 1.79      

 
NOTE: Actual data (2003 – 2015) and LR-based data (2016 – 2027) were used for the cumulative estimations. 
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The Lewis scale (Javed et al., 2020a) was used for interpreting the MAPE values: 

𝑀𝐴𝑃𝐸(%) = {

< 10 𝐻𝑖𝑔ℎ𝑙𝑦 𝑎𝑐𝑐𝑢𝑟𝑎𝑡𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡
10~20                  𝐺𝑜𝑜𝑑 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡
20~50 𝑅𝑒𝑎𝑠𝑜𝑛𝑎𝑏𝑙𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡

> 50 𝐼𝑛𝑎𝑐𝑐𝑢𝑟𝑎𝑡𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡

 

3.4 Growth Rate and Doubling Time Analyses 

Growth rate and doubling time analyses make forecasts more useful for decision-makers. The 

expression for the relative growth rate (𝑅𝐺𝑅) and doubling time (𝐷𝑡) are given by (Javed & Liu, 2018; 

Quartey-Papafio et al., 2020): 

𝑅𝐺𝑅 = (𝑙𝑛𝑁2 − 𝑙𝑛𝑁1)/(𝑡2 − 𝑡1) 

Since in our study 𝑡2 − 𝑡1 is one, the equation is further deduced to: 

𝑅𝐺𝑅 = 𝑙𝑛(𝑁2/𝑁1) 

Table 3.  Forecasting the consumption of motor gasoline 

Year Actual data LR ER ETS Cumulative RGR RGR (mean) Dt Dt (mean) 

2003 12 10.05 10.59 28.25 12 -    

2004 14 11.47 11.42 28.25 26 0.77 0.25 0.95 2.24 

2005 13 12.89 12.32 28.25 39 0.41 1.60 

2006 13 14.31 13.29 28.25 52 0.29 1.94 

2007 14 15.72 14.34 28.25 66 0.24 2.13 

2008 14 17.14 15.47 28.24 80 0.19 2.34 

2009 18 18.56 16.69 28.24 98 0.20 2.29 

2010 18 19.98 18.01 28.24 116 0.17 2.47 

2011 20 21.39 19.43 28.24 136 0.16 2.53 

2012 25 22.81 20.96 28.24 161 0.17 2.47 

2013 27 24.23 22.62 28.24 188 0.16 2.56 

2014 26 25.65 24.40 28.24 214 0.13 2.74 

2015 27 27.06 26.32 28.24 241 0.12 2.82 

2016 25 28.48 28.40 28.24 28.40 -  -  

2017 27 29.90 30.64 28.23 59.04 0.73 0.27 1.01 2.17 

2018  31.32 33.05 28.23 92.09 0.44 1.50 

2019  32.73 35.66 28.23 127.75 0.33 1.81 

2020  34.15 38.47 28.23 166.23 0.26 2.03 

2021  35.57 41.51 28.23 207.74 0.22 2.19 

2022  36.99 44.78 28.23 252.52 0.20 2.33 

2023  38.40 48.31 28.23 300.83 0.18 2.44 

2024  39.82 52.12 28.23 352.95 0.16 2.53 

2025  41.24 56.23 28.23 409.18 0.15 2.60 

2026  42.66 60.67 28.22 469.84 0.14 2.67 

2027  44.08 65.45 28.22 535.29 0.13 2.73 

 MAPE (%) 
in- sample 

 9.35 7.83 66.23      

 MAPE (%)  
out-of-sample 

 12.33 13.54 8.76      

 
NOTE: Actual data (2003 – 2015) and ER-based data (2016 – 2027) were used for the cumulative estimations. 
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The time needed for the variables analyzed to double in numbers for a given 𝑅𝐺𝑅 is measured by 

the 𝐷𝑡 and this is denoted as: 

𝐷𝑡 = (𝑡2 − 𝑡1) ln [
2

𝑙𝑛𝑁2 − 𝑙𝑛𝑁1
] 

or, 

𝐷𝑡 = 𝑙𝑛(2/𝑅𝐺𝑅) 

where, 

𝑁2 = analyzed variable's cumulative number in the year 𝑡2 

𝑁1 = analyzed variable's cumulative number in the year 𝑡1 

A general assessment of the variations of the different variables between the actual trend and the 

expected trend is useful but challenging. The traditional 𝑅𝐺𝑅  and 𝐷𝑡  cannot solve the problem, 

especially when the forecasted trend is different from the historical trend. Javed and Liu (2018) solved 

this problem by introducing a system for estimating the Synthetic Relative Growth Rate (𝑅𝐺𝑅𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐)  

Table 4.  Forecasting the consumption of distillate fuel 

Year Actual 
data 

LR ER ETS Cumulative RGR RGR 
(mean) 

Dt Dt 
(mean) 

2003 16 14.20 15.66 14.84 16.00 -    

2004 18 16.20 16.92 16.84 34.00 0.75 0.25 0.98 2.22 

2005 19 18.20 18.28 18.83 53.00 0.44 1.51 

2006 19 20.20 19.76 20.83 72.00 0.31 1.88 

2007 20 22.20 21.35 22.83 92.00 0.25 2.10 

2008 20 24.20 23.07 24.83 112.00 0.20 2.32 

2009 27 26.20 24.93 26.83 139.00 0.22 2.23 

2010 27 28.20 26.94 28.83 166.00 0.18 2.42 

2011 30 30.20 29.11 30.83 196.00 0.17 2.49 

2012 34 32.20 31.46 32.82 230.00 0.16 2.53 

2013 35 34.20 33.99 34.82 265.00 0.14 2.65 

2014 36 36.20 36.73 36.82 301.00 0.13 2.75 

2015 39 38.20 39.69 38.82 340.00 0.12 2.80 

2016 36 40.20 42.89 40.82 40.20 -  -  

2017 34 42.20 46.34 42.82 82.40 0.72 0.25 1.02 2.27 

2018  44.20 50.08 44.81 126.60 0.43 1.54 

2019  46.20 54.11 46.81 172.80 0.31 1.86 

2020  48.20 58.47 48.81 221.00 0.25 2.10 

2021  50.20 63.18 50.81 271.20 0.20 2.28 

2022  52.20 68.28 52.81 323.40 0.18 2.43 

2023  54.20 73.78 54.81 377.60 0.15 2.56 

2024  56.20 79.72 56.81 433.80 0.14 2.67 

2025  58.20 86.15 58.80 492.00 0.13 2.77 

2026  60.20 93.09 60.80 552.20 0.12 2.85 

2027  62.20 100.59 62.80 614.40 0.11 2.93 

 MAPE (%) 
in- sample 

  6.31 4.85 6.11           

 MAPE (%)  
out-of-sample 

 17.89 27.72 19.66      

NOTE: Actual data (2003 – 2015) and LR-based data (2016 – 2027) were used for the cumulative estimations. LR seemed better than ER due to the 
big difference in their out-of-sample error. 
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and Synthetic Doubling Time (𝐷𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐). This approach effectively gives the overall picture of the 

𝑅𝐺𝑅 and 𝐷𝑡. The formulas are given by; 

  

𝑅𝐺𝑅𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 = 𝜃. (𝑅𝐺𝑅𝑎𝑐𝑡𝑢𝑎𝑙) + (1 − 𝜃). 𝑅𝐺𝑅𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 

𝐷𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 = 𝜃. (𝐷𝑎𝑐𝑡𝑢𝑎𝑙) + (1 − 𝜃). 𝐷𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 

where, 

𝑅𝐺𝑅𝑎𝑐𝑡𝑢𝑎𝑙 = relative growth rate derived through actual data 

𝑅𝐺𝑅𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 = relative growth rate derived through forecasted data 

𝐷𝑎𝑐𝑡𝑢𝑎𝑙 = doubling time derived through actual data 

𝐷𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 = relative growth rate derived through forecasted data 

𝜃 = the weighing coefficient, valued at 0.5 in the current study 

 

Table 5.  Forecasting the consumption of liquefied petroleum gases (LPG) 

Year Actual 
data 

LR ER ETS Cumulative RGR RGR 
(mean) 

Dt Dt 
(mean) 

2003 1.9 1.30 2.02 1.32 1.90 -    

2004 2.3 1.94 2.32 1.95 4.20 0.79 0.30 0.92 2.03 

2005 2.2 2.57 2.67 2.59 6.40 0.42 1.56 

2006 3 3.21 3.06 3.22 9.40 0.38 1.65 

2007 3.3 3.84 3.52 3.86 12.70 0.30 1.89 

2008 3.8 4.48 4.04 4.49 16.50 0.26 2.03 

2009 5.2 5.11 4.64 5.12 21.70 0.27 1.99 

2010 5.7 5.75 5.33 5.76 27.40 0.23 2.15 

2011 7.1 6.38 6.12 6.39 34.50 0.23 2.16 

2012 8.5 7.02 7.02 7.03 43.00 0.22 2.21 

2013 7.3 7.65 8.07 7.66 50.30 0.16 2.55 

2014 7.6 8.28 9.26 8.29 57.90 0.14 2.65 

2015 9 8.92 10.64 8.93 66.90 0.14 2.63 

2016 9 9.55 12.21 9.56 9.55 -  -  

2017 9 10.19 14.03 10.20 19.74 0.73 0.25 1.01 2.24 

2018  10.82 16.11 10.83 30.56 0.44 1.52 

2019  11.46 18.49 11.46 42.02 0.32 1.84 

2020  12.09 21.24 12.10 54.11 0.25 2.07 

2021  12.73 24.39 12.73 66.84 0.21 2.25 

2022  13.36 28.01 13.37 80.20 0.18 2.40 

2023  14.00 32.16 14.00 94.20 0.16 2.52 

2024  14.63 36.93 14.63 108.83 0.14 2.63 

2025  15.27 42.41 15.27 124.09 0.13 2.72 

2026  15.90 48.70 15.90 139.99 0.12 2.81 

2027  16.53 55.92 16.54 156.53 0.11 2.89 

 MAPE (%) 
 in- sample 

  11.54 10.99 11.56           

 MAPE (%)  
out-of-sample 

 9.68 45.78 9.77      

NOTE: Actual data (2003 – 2015) and LR-based data (2016 – 2027) were used for the cumulative estimations. LR seemed better than ER due to the 
big difference in their out-of-sample error. 
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For further details on relative growth rate and doubling time analyses and their synthetic versions, 

Javed and Liu (2018) is recommended. 

4. Results 

Results obtained from analyzing the data used for this study are discussed in this chapter. The data 

(2003-2017) were analyzed using Microsoft Excel 2016 version software. The periods 2016 and 2017 

were used for out-of-sample testing. The linear regression models (LR), exponential regression models 

(ER) and exponential smoothing models (ETS) were used to forecast for oil demand in Ghana over the 

next ten years. The results of the analysis are summarized in Tables 2 to 5. The MAPE was estimated 

to test the accuracy of the models. Relative growth rate (𝑅𝐺𝑅) and doubling time (𝐷𝑡) were also used 

to analyze the growth of the variables explored in this study. Furthermore,  the Synthetic Relative 

Growth Rate (𝑅𝐺𝑅𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐) and Synthetic Doubling Time (𝐷𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐) were applied to assess the 

variations of the different variables between the actual trend and the expected trend. 

Table 2 provides the results obtained for the variable Petroleum and other liquids. Both the Linear 

Regression and Exponential Regression provided highly accurate forecasts based on the MAPE scale 

adopted for this study. The Linear Regression instead had a higher forecasting accuracy as compared to 

the other models. The Linear Regression and Exponential Regression models developed for the 

Petroleum and other liquids variable are  𝐹𝑡 = 4.044𝑌𝑡 − 8065.3  and 𝐹𝑡 = 5𝐸 − 59𝑒0.0688𝑌𝑡 , 

respectively. 

Table 3 provides the results obtained for the variable Motor gasoline. After analyzing the data, the 

results provided Linear Regression and Exponential Regression models 𝐹𝑡 = 1.4176𝑌𝑡 − 2829.4 and 

𝐹𝑡 = 1𝐸 − 65𝑒0.0759𝑌𝑡, respectively. The application of the ETS model for forecasting was ineffective 

for this variable. The Exponential Regression instead provided good forecasting results as compared to 

the other models. 

Table 4 provides the results obtained for the variable Distillate fuel. After analyzing the data, the 

results provided Linear Regression and Exponential Regression models 𝐹𝑡 = 2𝑌𝑡 − 3991.8   and 𝐹𝑡 =

6𝐸 − 67𝑒0.0775𝑌𝑡, respectively. Although the application of all three of the forecasting models was 

effective for this variable, Linear Regression seemed better than Exponential Regression in this case 

because their out-of-sample errors had a big difference. 

Table 5 provides the results obtained for the variable Liquefied Petroleum Gasses (LPG). After 

analyzing the data, the results provided Linear Regression and Exponential Regression models 𝐹𝑡 =

0.6346𝑌𝑡 − 1269.8 and 𝐹𝑡 = 1𝐸 − 120𝑒0.1383𝑌𝑡 , respectively. Based on the comparison made 

between the three models' MAPE values, Linear Regression seemed better than Exponential Regression 

in this case because of the vast difference in their out-of-sample errors. 

Moreover, the sequence obtained according to the 𝑅𝐺𝑅 based on the actual data are; 

 

Liquified petroleum gases (LPG)0.297 > 𝐷𝑖𝑠𝑡𝑖𝑙𝑙𝑎𝑡𝑒 𝑓𝑢𝑒𝑙0.255 > 𝑀𝑜𝑡𝑜𝑟 𝑔𝑎𝑠𝑜𝑙𝑖𝑛𝑒0.25

> 𝑃𝑒𝑡𝑟𝑜𝑙𝑒𝑢𝑚 𝑎𝑛𝑑 𝑜𝑡ℎ𝑒𝑟 𝑙𝑖𝑞𝑢𝑖𝑑𝑠0.248 

 

Moreover, the sequence obtained according to the 𝐷𝑡 based on the actual data are;  

 

Liquified petroleum gases (LPG)2.033 < 𝐷𝑖𝑠𝑡𝑖𝑙𝑙𝑎𝑡𝑒 𝑓𝑢𝑒𝑙2.220 < 𝑀𝑜𝑡𝑜𝑟 𝐺𝑎𝑠𝑜𝑙𝑖𝑛𝑒2.236

< 𝑃𝑒𝑡𝑟𝑜𝑙𝑒𝑢𝑚 𝑎𝑛𝑑 𝑜𝑡ℎ𝑒𝑟 𝑙𝑖𝑞𝑢𝑖𝑑𝑠2.249 

 

The above 𝑅𝐺𝑅 and 𝐷𝑡 provides insight into the relative growth rate for LPG and Distillate, which 

is increasing compared to Motor gasoline and Petroleum and other liquids. Furthermore, for a given 

𝑅𝐺𝑅, LPG and Distillate fuel need less time to double in numbers than Motor gasoline and Petroleum 

and other liquids.  

Also, the sequence obtained for the 𝑅𝐺𝑅𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 are; 
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Liquified petroleum gases (LPG)0.275 > 𝑀𝑜𝑡𝑜𝑟 𝐺𝑎𝑠𝑜𝑙𝑖𝑛𝑒0.258 > 𝐷𝑖𝑠𝑡𝑖𝑙𝑙𝑎𝑡𝑒 𝑓𝑢𝑒𝑙0.251   

> 𝑃𝑒𝑡𝑟𝑜𝑙𝑒𝑢𝑚 𝑎𝑛𝑑 𝑜𝑡ℎ𝑒𝑟 𝑙𝑖𝑞𝑢𝑖𝑑𝑠0.247 

 

And the sequence obtained for the 𝐷𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 are; 

 

Liquified petroleum gases (LPG)2.2136 < 𝑀𝑜𝑡𝑜𝑟 𝐺𝑎𝑠𝑜𝑙𝑖𝑛𝑒2.201 < 𝐷𝑖𝑠𝑡𝑖𝑙𝑙𝑎𝑡𝑒 𝑓𝑢𝑒𝑙2.246  

< 𝑃𝑒𝑡𝑟𝑜𝑙𝑒𝑢𝑚 𝑎𝑛𝑑 𝑜𝑡ℎ𝑒𝑟 𝑙𝑖𝑞𝑢𝑖𝑑𝑠2.264 

 According to the 𝑅𝐺𝑅𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 LPG's growth rate is increasing faster than Motor Gasoline, 

Distillate fuel and Petroleum and Other liquids. Furthermore, LPG requires less time to double in 

numbers according to the 𝐷𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 then the other variables. 

  

  

Figure 4. The forecasted values against the actual values (Annual, TBPD) 
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5. Discussion 

Ghana's energy demand surpasses the supply and, as confirmed by BP (2020), oil accounts for a large 

share of the energy mix and is a dominant economic growth tool in Africa. Considering the intensifying 

nature of oil demand in Ghana, the current study's objectives were to examine the amount of oil 

consumed in Ghana and estimate the dynamics of the various types of oil that influence the aggregate 

oil demand in Ghana. Unlike Ackah (2014), this study focused on forecasting Ghana's oil demand for 

the next decade. Wang et al. (2011) used two typical multicyclic models in forecasting oil, but, by a 

glance, almost all the analyzed variables' data in this study seem to depict traits of linear trends. In order 

to test this assumption, the Linear Regression, Exponential Regression, and ETS models were applied.  

Oil demand is determined by a variety of factors, including changes in population and income. 

Findings agree with the results of Duku et al. (2011), who in their study revealed that as population or 

income increases, rapid growth in urbanization occurs. They highlighted how people's behaviour or 

lifestyle changes when their income levels change. They tend to settle or opt for superior goods instead 

of inferior goods. For instance, when a person's income increases, they will opt to purchase cars or 

other automobiles, use flights and other crude oil-related products. Bearing the current economic status 

per the World Bank or the IMF's economic stratification of countries based on average income levels, 

considering the country's rapid population growth, Ghana is classified as a lower-middle-income 

country. The country is expected to depend heavily on oil in various sectors of its economy. Hence, this 

could affect the country's demand for oil over the next decade. Also, the introduction of Ghana's Single 

Spine Policy Structure (SSPS) in 2008/2009 as an economic tool and a state policy to enhance salaries 

of civil servants and other public workers was aimed to improve public workers' income levels. This 

policy could trickle down economic growth and development, which, in turn, would reduce poverty. 

Such policies, for instance, go a long way to affect income levels and people's purchasing power, and 

family sizes (population growth). This change drives the increase in incomes and results in an increase 

in oil demand.  

The oil demand for the variables analyzed and forecasted all followed an increasing trend. By 2027, 

the oil demand for Petroleum and other liquids will be 131.89TBPD (see Table 2), motor gasoline will 

be 65.45TBPD (see Table 3), distillate fuel will be 62.20TBPD (see Table 4), and liquefied petroleum 

gases (LPG) will be 16.53TBPD (see Table 5). This continuous rise in the demand for oil may be 

attributed to the intent to improve the agricultural and industrial sector through the use of machinery, 

one district-one factory (industrialization) policy which is now in place, in the transformation of the 

economy of Ghana from a raw economy into an industrialized economy. An industrialized economy 

depends mainly on oil. USA and China are clear examples of such economies based on their emission 

rates and oil demand. If Ghana grows on such tangents, dependence on oil in the next decade and years 

to come will be high and thus, lead to an increase in the demand for oil.  

Residual fuel oil and distillate fuel oil are used in furnaces such as power plants. Currently, residual 

fuel oil is not as highly utilized in Ghana as other oil components in this study. This assertion might be 

based on the assumption that; distillate fuel oil is rather used in place of residual oil in the energy sector 

of Ghana. Ghana's energy sector is highly dependent on thermal and hydroelectric power. In Ghana, 

T1 and T2 thermal plants in Takoradi, Akosombo hydroelectric, Bui, Karpower badges all depend on 

crude oil and gas as it stands. Dependence on crude oil and gas would continue in the near future, 

considering the country's inability to explore other energy options. Solar and nuclear energy are not 

common due to the cost involved in obtaining solar panels, maintenance, the duration they last for, and 

technical know-how to manage them. 

Applying the Linear Regression, Exponential Regression, and ETS models to the data used in this 

study provided results, which are ploted in Figure 4. The ETS was highly ineffective and inefficient for 

most of the variables. Although the ETS on some variables like distillate fuel was deemed a good fit 

with MAPE (%) of 6.11 (highly accurate forecast based on the MAPE scale), it was somewhat not 

effective as compared to the other two models (LR and ER). The Linear Regression and Exponential 

Regression model deemed good fits for some variables, but the Linear Regression fit better in this study. 

For the distillate fuel and liquefied petroleum gases (LPG), the Linear Regression was chosen over the 

Exponential Regression due to a big difference in their out-of-sample errors. Thus, regarding distillate 

fuel, the in-sample error for Linear Regression was 6.31 while that of the Exponential Regression was 
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4.85. But, their out-of-sample errors were 17.89% and 27.72%, respectively. This study, therefore, 

confirmed the assumption that almost all the data used in this study depict a linear trend.  

6. Conclusion and recommendations 

This study focused on forecasting oil demand for the next decade while analyzing the components 

of oil that influence its aggregate demand in Ghana. The period 2003 to 2017 was chosen due to the 

availability of data. The univariate models, namely linear regression, exponential regression, and 

exponential smoothing, were employed to achieve the overall objectives of this study. Among the 

models employed for the present study, the linear regression model proved to be the most suitable 

model for forecasting oil demand in Ghana, considering the variables set out for this study. The 

exponential smoothing model was highly ineffective and inefficient in this study. Furthermore, the 

production and consumption of oil play a significant role in Ghana's economic growth and 

development.  

The one-district-one factory (industrialization) policy, among other economic policies, when 

effectively implemented, would validate increasing demand for oil over the next decade, as highlighted 

in this study. Poor implementation of these policies would somewhat affect the oil demand, as 

purported in this study. Additionally, variables like kerosene, jet fuel, residual fuel, and other refined 

products can be included in future studies for analysis. The preliminary investigation found that the 

accurate forecast of these variables is a big challenge for the three statistical models because of the vast 

variation in their demand. Thus, better forecasting models such as multivariate grey forecasting models 

can be used for them in the future. Also, the post-COVID uncertainties can be incorporated in future 

studies. As the industries, organizations and consumers are heading towards alternative energy and 

electric vehicles are likely to dominate the automobile industry of the future, how the oil demand would 

respond to such drastic changes in the market and consumer behaviour is an area that needs further 

exploration.  
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