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Abstract We use an ARIMA model to forecast electricity demand in Tamale, Ghana. Tamale is one of the fastest growing
cities in Africa, so public planning requires good forecasts of future demand. The study employed secondary data from the
Northern Electricity Department Tamale, spanning from 1990 to 2013 and broken out as domestic, commercial and industrial
electricity usage. In our analyses, ARIMA (1, 1, 3), ARIMA (1, 2, 1) and ARIMA (5, 1, 5) were selected to forecast domestic,
commercial and industrial electricity demand, respectively. The proposed ARIMA models are used to provide a seven year
forecast of the electricity demands in the city. Also, we observed that domestic and commercial demand were increasing more

rapidly than demand in the industrial sector.
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1. Introduction

Electricity is a necessity in the modern world. Adequate
power supply enables better public health and economic
growth. Developing nations face special challenges in
planning the power grid infrastructure to needed to support
rapidly growing urban populations. In this paper, we use 23
years’ worth of data on increasing demand for electricity in
Tamale, Ghana, broken out by sector, to forecast energy
needs. This forecast should help city planners and the
government of Ghana in building future prosperity.

In Tamale, the available electricity is very inadequate, and
the government and other stakeholders have been reacting to
the situation, rather than planning how best to manage it. In
large part this reflects the rapid growth of Ghana’s economy
over the last several decades, and the increasing population
of Tamale. Our analyses can help to provide a better sense of
the electrical power Tamale will require in the near and
middle term.

2. Time Series Analysis of Demand

The electricity supply is frequently interrupted in Ghana
and series of load shedding incidents have been experienced.
Despite government intervention, the problem of meeting
electricity demand has remained for over a decade. As
Tamale is the fastest growing city in West Africa, the
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demand for electricity is certain to increase. Also, Ghana
exports electrical power to neighboring countries, so good
marketing will depend upon accurate forecasts of the supply
that will be available for sale, and also the external demand.
To address these kinds of questions, we use time series
models fit to historical data.

Demand forecasts are generally required for the expansion,
control and scheduling of power systems. The forecasts help
in determining the optimal mix of generating capacities and
which devices to operate in a given period, so as to minimize
cost and ensure supply even when local failures may occur in
the system [11].

In this study, we employed a popular method of time
series forecasting; Autoregressive Integrated Moving
Average (ARIMA). Electricity consumption recorded over a
period of time at regular intervals is a typical time series
modeling problem. An ARIMA model has provided
successful forecasts in many other applications and provides
models that are among the basic tools used for short term
forecasts [11].

For the 23 years of data used in this study, Table 1 shows
the mean, standard deviation, total, maximum and minimum
of the electricity consumption in Tamale for each of the three
sectors. Note that the very low contribution from Industry,
which reflects the underdeveloped manufacturing base.

Table 1. ADF test for domestic demand

Test with constant Test with constant and Trend

test statistic
1.04731

test statistic
4.41209

p-value
1.00

p-value
0.9999

The time series plot above indicates that the demand
follows an increasing trend and most of the points are not
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centred around zero. This implies that the demand series is
not stationary and hence the need to perform an ADF test for
further investigations.

Since the p-value both with constant and with constant and
trend are greater than 0.05 we fail to reject H,and conclude
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that our series is not stationary. The ADF Test above
confirms that our series is not stationary relating to the
conclusions made respectively. Therefore we difference our
series.
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Figure 1. Time Series Plot of Domestic Demand
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Figure 2. Time Series Plot of First Difference of Domestic Demand

Table 2. ADF Test for First Difference Domestic Demand

Test with constant

with constant and trend

test statistic p-value

3.52954 0.01685

test statistic p-value

6.46457 0.0001
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Table 3. Descriptive statistics of electricity demand in Tamale

Variable Mean Stdev Total Minimum Maximum
Domestic(000) 37.28 29.69 894.75 5.28 101.85
Commercial(000) 6.95 5.93 166.70 1.26 21.01
Industrial(000) 0.008333 0.002078 0.200000 0.004000 0.012000
Table 4. Trend Models for Electricity Demand
VARIABLE MODEL MAPE MAD MSD
Linear 43.5849 7.5531 80.0989
DOMESTIC Quadratic 9.56686 1.77326 5.27605
Exponential 6.8216 2.1842 10.5169
Linear 43.5849 7.5531 80.0989
COMMERCIAL Quadratic 12.8516 0.4604 0.3322
Exponential 5.58613 0.26480 0.16014
Linear 19.3837 0.0014 0.0000
INDUSTRIAL Quadratic 15.1131 0.0011 0.0000
Exponential 19.6477 0.0015 0.0000
Table 5. Quadratic Trend model of Domestic Electricity Demand
PARAMETER COEFFICIENT STD. ERROR T-RATIO P- VALUE
CONSTANT 0.00622628 0.00102818 6.056 0.00000521
YEAR 0.000659954 0.000189501 3.483 0.0022
YEAR? -0.0000300851 0.00000735887 -4.088 0.0005
Table 6. Exponential Trend of the Commercial Electricity Demand
PARAMETER COEFFICIENT STD. ERROR T-RATIO P-VALUE
CONSTANT -0.0121513 0.0345001 -0.3522 0.7280
YEAR 0.126644 0.00241450 52.45 1.32e-024
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Figure 3. PACF and ACF plot of Domestic Electricity Demand
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Table 7. Quadratic model of the Industrial Electricity demand

PARAMETER COEFFICIENT STD. ERROR T-RATIO P-VALUE
CONSTANT 0.00622628 0.00102818 6.056 5.21e-06
TIME 0.000659954 0.000189501 3.483 0.0022
TIME? -0.0000300851 7.35887¢e-06 -4.088 0.0005
3. ARIMA Procedure

3.1. Domestic Electricity Demand

Figure 3 above provides a spike at lag 1 indicating an Autoregressive component of order one, AR(1) inthe PACF
correlogram whiles the ACF correlogram indicates a spike at lag 1,2,3 and 4 representing a moving average process of order
1,2,3, 4 and 5; MA(1), MA(2), MA(3) and MA(4) for domestic electricity demand.

Table 8. ADF Test for First Difference Domestic Demand

Test With Constant With Constant and Trend
Test Statistic P-Value Test Statistic P-Value
3.52954 0.01685 6.46457 0.0001

The p-value obtained for both “with constant” and “with constant and trend” is less than 0.05. Hence it will be convenient
to conclude that our series is stationary

4. Model Selection
Table 9. Selection of ARIMA model for Domestic electricity demand

MODEL AIC BIC HQIC LOG-LIKELIHOOD RMSE MAPE MAE
ARIMA(1,1,1)  130.0067  134.5487 131.1490 61.00337 3.4191  9.3428 2.2744
ARIMA(1,1,2) 1299917  135.6692 131.4196 59.99587 3.1842  11.113 2.4755
ARIMA(1,1,3)  129.0122  135.8251 130.7256 58.50608 29714 10.421 2.199
ARIMA(1,1,4) 1323839  140.3324 134.3830 59.19197 3.0783 10.201 2.3773
ARIMA(1,1,5) 1323005  144.7910 135.4418 55.15027 2.5836  9.4266 1.9017

ARIMA (1, 1, 3) asindicated above is selected as the best model since it has the maximum log- likelihood, minimum AIC,
BIC, HQIC, RMSE, MAPE and MAE. Hence the proposed ARIMA model for forecasting electricity demand in Tamale is
given as Y, = 0.00622628 + 0.000659954t — 0.0000300851t2, where Y, is the yearly electricity demand

5. Parameter Estimation

5.1. Domestic Electricity Demand

Table 10. ARIMA (1, 1, 3) Final Estimates of Parameters

PARAMETER COEFFIECIENT STD. ERROR TEST STATISTIC P-VALUE
CONSTANT 431917 1.19833 0.229868 0.0003
AR(1) -0.418728 0.218620 -1.915 0.0555
MA(1) 0.589702 0.181806 3.244 0.0012
MA(2) 0.589702 0.200647 2.939 0.0033
MAQ3) 1.00000 0.229868 4.350 1.36e-05

From the parameters estimated, the formulated ARIMA equation becomes;
(1-B)Y= 4.31917 — 0.418728Y,_1+¢&, — 0.9030¢,_11+0.589702¢,_110.589702¢,_1+&;_1
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6. Model Diagnostic

Diagnostic checks are performed on the residuals to see if
they are randomly and normally distributed and also to check
whether the model is reasonable to fit the data or not. A
residual plot of the ACF and the PACF plot determine how
significant or insignificant the distributions of the residuals
are by indicating with lags within the confidence intervals.

6.1. Domestic Electricity Demand

From Figure 4&5 below, the residual ACF and PACF plot
below shows that the residuals are within the 95%
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7. Forecasting with ARIMA Model

From the above diagnosis test, the proposed ARIMA
models for Domestic, Commercial and Industrial electricity
demand can be said to be the best in terms of forecasting for
electricity demand in Tamale. ARIMA models are basically
developed to forecast the corresponding dependent variable.
There are two types of forecasts: sample period forecasts and
post sample period forecasts. The post sample forecast is
used to develop confidence interval in the model and the post
sample forecast is used to generate genuine forecasts for
planning and other purposes.

confidence interval indicating that the residuals are
insignificant.
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Figure 4. ACF and PACF plot of Residuals for Domestic electricity demand

Table 11. Domestic Electricity Demand Forecasted for the Periods of 2014 and 2019 at 95% Confidence Interval

PERIODS FORECAST (IN THOUSANDS) 95% CONFIDENCE INTERVAL

LOWER LOWER
2014 109.776 104.523 115.029
2015 119.484 111.396 127.572
2016 120.508 108.502 132.513
2017 126.207 108.522 143.891
2018 129.948 108.981 150.915
2019 134.509 110.359 158.659
2020 138.727 111.900 165.554
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FORECAST PLOT OF COMMERCIAL DEMAND
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Figure 5. Forecast Plot for Commercial Electricity Demand

The table above shows the values of the forecast of
domestic electricity demand from 2014 to 2020. The given
upper and lower limits indicate the range with which the
forecast values can extend or reduce to respectively. The
forecast values were generated by the help of the selected
ARIMA model; ARIMA (1, 1, 3). By comparing the
magnitudes of the forecast values, it can be observed that
there is a significant increase from 2014 down to 2020,
indicating a relative increase in the demand of electricity
with time for the domestic sector.

The above diagram is a graphical representation of the
trend of forecast demand from 2014 to 2020. From the graph,
we can observe that the trend line increase with time. This
clearly is an indication of an increase in the demand of
electricity from 2014 to 2020

8. Summary, Conclusions and
Recommendations

This work uses an ARIMA model to forecast yearly
electricity demand in Tamale. Data obtained from NEDCO
grouped consumers into domestic, commercial and industrial
categories. This made it necessary to generate different
models to forecast demand from each category.

Using standard methods for selecting the order of a time
series, we found that an ARIMA (1, 1, 3) model provided the
best fit for consumer demand. Similarly, the commercial
demand was best described by an ARIMA (1, 2, 1) model

and industrial demand was best described by an ARIMA (5,
1, 5) model. Model diagnostics showed that all of the
residuals appeared to be random and normally distributed, as
one wants. This confirms that the selected models are
appropriate. The proposed model was then used to forecast
seven years forecast of the various electricity demand,
ranging from 2014 to 2020.

A forecast plot of the various electricity demand showed
that the domestic and commercial electricity demand
increases with time while the industrial demand grows much
more slowly. The industrial demand showed a decreasing
trend from 2014 to 2016, followed by a steady increase from
2016 to 2019 and then a slight decrease in 2020.

Based on the results of the study, we can conclude that
ARIMA (1, 1, 3), ARIMA (1, 2, 1) and ARIMA (5, 1, 5) can
be appropriate to forecast domestic, commercial and
Industrial electricity demand in Tamale. The forecasts
suggest that significant growth in domestic and commercial
electricity demand can be expected in Tamale for the year
2014 to 2020. The forecast growth in domestic and
commercial electricity demand is consistent with the
increase in population and the increasing economic activity
in the city. The city become the site of many companies in
Ghana and this has helped to drive its significant growth. The
forecast obtained from the industrial electricity demand is
consistent with the fact that there is little heavy industry in
Tamale. Based the findings, it is recommend among others
that;



1.

2.
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There must be an expansion of electricity supply system
to meet the increasing demand in Tamale.

With increasing numbers of companies in the city, we
recommend solar energy as analternative source of
electrical power for the commercial sector.

. As increasing population is accompanied by increased

electricity demand, we recommend an expansion of the
energy supply system to meet the growing metropolitan
needs.
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