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Abstract: This paper analyses the electrical consumption of Tarkwa, a mining community in the Western Region of Ghana by 
employing two forecasting models, thus, the Autoregressive Integrated Moving Average (ARIMA) and Long Short-Term Memory 
(LSTM) networks. Historical data on daily electrical power consumption from 2018 was solicited from the Electricity Company of 
Ghana (ECG) in Tarkwa was used in modelling after which comparative analysis was done to determine the best fit model for 
forecasting in the community. External factors such as high temperature, low temperature and wind were found to influence the 
rate of electrical power consumption in the community and hence, incorporated in the modelling. Mean Absolute Error (MAE) 
values of 6.142 and 6.352 were obtained after modelling for ARIMA and LSTM respectively. Based on the results obtained, 
ARIMA performed better than LSTM with an MAE difference of 0.21. The 2019 electrical power consumption of Tarkwa was 
predicted with a 12% increase. 
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1 INTRODUCTION 

Affordable and reliable electrical power is an essential good 
in our world today and considered vital to human life. 
Electricity plays major roles in every sector; in the hospitals, 
it can be used for surgical operations, in homes for cooking 
and other household chores and in industries to produce 
items needed for human survival. Electrical power 
consumption has increased over the years. Fig. 1 shows the 
growth in electrical power consumed in Ghana measured in 
Kilotonne of Oil Equivalent (KTOE) from 2000 to 2019. This 
growth can be attributed to the rise in population, automation 
of gadgets and an increase in the number of businesses and 
companies. However, the growing demand does not match 
supply. This mismatch leads to power outages affecting the 
productivity rate of the country. This was evident in the year 
2014 where Ghana lost between GH¢ 320 million and GH¢ 
924 million due to power crisis, according to a report issued 
by the Institute of Statistical, Social and Economic Research 

(ISSER). This amount according to the 2014 Social 
Development Outlook (SDO), amounts to between 2% and 
6% of the annual Gross Domestic Product (GDP) of the 
country (Musah, 2015). During that period, businesses, 
organisations, schools and other enterprises were affected 
massively with a high dependency on generators for their 
activities. Disruption in the flow of power means no or low 
production for some businesses and organisations and 
hence affecting productivity. Focusing on Tarkwa, a 
community in the Western Region of Ghana popularly noted 
for their mining activities in gold and manganese (Anon., 
2020a), electricity consumption is high in such an area, as 
power generated is needed by the mines for their activities. 
This is evident as shown in Table 1, depicting the electrical 
power consumed by both commercial users and residents of 
Tarkwa for the year 2019. 

 

 
Fig. 1 Trend in Ghana’s Energy Consumption 
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Table 1 Annual Commercial Electricity Consumption of 
Tarkwa 

Sn Months 
Energy 
(MWh) 

Bill Energy 
(GH¢) 

1 January 6,454.92 4,434,870.64 

2 February 7,734.25 4,919,954.94 

3 March 6,187.52 3,905,105.09 

4 April 5,124.10 3,185,169.81 

5 May 8,085.58 5,208,315.10 

6 June 6,131.21 3,832,468.66 

7 July 6,338.69 4,202,121.65 

8 August 5,317.87 3,829,571.14 

9 September 2,898.67 2,002,015.21 

10 October 8,672.39 6,097,519.01 

11 November 2,554.12 1,721,129.93 

12 December 2,576.57 1,783,908.95 

 
When there is power outage in the Tarkwa community, 
banking halls cease operation as their devices used are 
automated, academic activities are affected in the University 
due to the use of power in teaching and learning, printing 
press, cold stores and other businesses who depend fully on 
electricity for their operations hold on activities till there is 
flow of power and also productivity is mostly affected by the 
mines as constant flow of power is needed for operation. For 
electrical power supplied to meet demand of the consumers 
of Tarkwa and in the aid to increase productivity, forecasting 
methods are employed to help in determining the future 
demand of electrical power resulting in accurate planning 
measures. This will ensure there is a continuous supply of 
power to consumers. Forecasting is the usage of past 
information to predict future happenings. It is essential for 
effective and resourceful planning. Long-term, medium-term 
and short-term forecasting are the major categories. They 
are grouped based on the domain employed. Short term 
forecasting is the most popular option or choice for 
forecasting since it possesses smaller errors in prediction. 
Short term forecasting approach can be employed for the 
long term. (Box et al., 2015). In forecasting, the accessibility 
of data depends on the method used to forecast. Also, a 
prominent step in forecasting is knowing that forecasting 
with minimum errors is crucial. Excellent models are those 
that predict with minimum errors. A good forecast easily 
captures patterns and trends but ensures that the replica of 
the patterns does not occur in future forecast. Electrical 
power consumption forecasting or load forecasting is the 
prediction of electrical power required to meet the long-term, 
short-term or medium-term electrical power demand. Load 
forecasting is a relevant process for distribution and 
generating stations.  In the bid to increase revenue, 
efficiency and reliability of the power system, forecasting is 
employed to ensure that supply meets demand. It also helps 
utility companies in their management and operation of 
electrical power supply to their consumers. This helps them 
plan effectively on their operations and capacity in order to 
supply power reliably and efficiently to all consumers at the 
required energy (Mill, 2016). The Electricity Company of 
Ghana (ECG) primarily responsible for the distribution of 
electrical power in the country, employs the econometric and 
excel trend analysis in their forecasting of electrical power. A 
major challenge associated with these analyses is that since 
the basis of forecasting is studying trends, it can be difficult 
to determine the beginning of new trends in the dataset 
(Metcalf, 2020). Due to this challenge, predictions made by 
ECG are mostly not accurate hence proper planning 

measures are not enforced resulting in the frequent power 
outages in the country.  

Therefore, in this study, Autoregressive Integrated Moving 
Average (ARIMA) as well as Long Short-Term Memory 
(LSTM) networks are implemented in time series forecasting 
of electrical loads in Tarkwa. These techniques are 
implemented to help in the prediction of electricity 
consumption (demand) in the coming years for Tarkwa. This 
is done to bridge the gap between supply and planning so as 
to help the various power stations know the exact amount of 
electrical power needed in Tarkwa. This will curb the 
problem of power outages and other related issues which 
occurs as a result of an imbalance between the supply and 
the demand and the lack of adequate machinery to produce 
the needed power to meet the demand of the consumers. 
This will also help in policy development for the municipality 
and help balance the demand and supply to avoid any 
further future low power problems. 

2 Materials and Methods Used 

2.1 Data Collection 

The 2018 historical electrical consumption data of Tarkwa 

Nsuaem Municipality was collected. High temperature, low 

temperature and wind were found to influence the electrical 

consumption of the community hence, were added to the 

dataset for accurate modelling. The dataset comprises of 

366 rows and 5 columns; each row indicating the date, 

corresponding daily electrical consumption, high and low 

temperatures and wind. Table 2 is a sample of the dataset 

used in modelling. 

2.2 Methods 

2.2.1 Time Series Analysis 

Time series is a set of observations, each one recorded at a 
specific time interval (Brockwell and Davis, 2016). The 
observations could be hourly, daily or even weekly 
(Fagerholm, 2019). The various techniques used to analyse 
the data are time-series analysis (Box et al., 2015). Time 
series forecasting is using the observations obtained from 
time-series with the various techniques used to scrutinise 
data to develop a model for forecasting. Time series 
forecasting aims at developing a model to collect historical 
data, make some observations and generate future values. 
Understanding of the past can help in the forecasting of the 
future. Various sectors in the world employ time series 
beneficial to their domain.  Hence, models should be 
selected carefully for a particular task. Some examples of 
time series models are the Autoregressive Moving Average 
(ARMA) model, Seasonal Autoregressive Integrated Moving 
Average (SARIMA) model and Autoregressive Integrated 
Moving Average (ARIMA) model. In order to develop robust 
time series models for the power sector and avoid the use 
of conventional models, ARIMA and LSTM were chosen in 
this study. These models selected have been used 
continuously in forecasting and have proven accurate in 
relation to the error metric used to test their accuracy. 
ARIMA and LSTM are discussed in subsequent sections. 
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2.2.2 Autoregressive Integrated Moving Average 

Autoregressive Integrated Moving Average (ARIMA) is a 
statistical model for evaluating and predicting time-series 
events (Brownlee, 2017).  This model is a well-known 
method for forecasting or prediction, as well as its adaptive 
features in handling various categories of time-series 
problems. It is a popular way of tackling forecasting 
problems. A linear combination of previous errors and values 
are used by the model to predict future values. However, 
there are some limitations associated with this model. It 
performs better on short-term rather than long-term and not 
appropriate for non-linear problems (Ediger and Akar, 2007).   

The ARIMA process can be defined as Equation (1) 

( )( ) ( )d

t tB Y B e                      (1) 

where tY  is the observed electricity consumption recorded 

at time t ; 
d  is the order of differencing; 

2

1 2( ) (1 )p

pB B B B         is the  

Autoregressive (AR) characteristic operator; and  
2

1 2( ) (1 )q

qB B B B         is the Moving 

Average (MA). 

Autoregressive AR (p) 

The variable tY  is regressed on previous values. The results 

where one-time period affects preceding periods are known 

as lags. The value ― p ‖ denotes the order of the AR model. 

For instance, an AR model with order ―1‖ expressed as AR 
(1) is a first-order autoregressive process. At some point in 
time ― t ‖ the outcome variable in a first-order AR process is 

related only to periods that are one period apart, that is, the 
value of the variable at 1t  . 

Moving Average MA (q) 

The Moving Average (MA) indicates that the regression error 
obtained is a linear combination of past errors. Instead of 
using past values in regression, the model makes use of 
forecast errors. 

Differencing (d) 

In ARIMA, the data used in forecasting must be stationary. 
There is a plotting of data graphically to determine if the data 
is stationary or not. An indication of stationarity in the 
dataset indicates that differencing should take place to clear 
all trends and patterns. Differencing is a popular and 
accurate method in converting a non-stationary series to a 
stationary one. It helps eradicate trends in the dataset. In the 
implementation of differencing, subtractions are made 
between the observations of the current period and former.  
A dataset is said to have been first differenced when there is 
only one transformation done to a series. When done twice, 
then that data is said to have been second differenced. 

Table 2 Portion of Dataset Used in Forecasting 

Sn Date 
Electricity 

Consumption (MW) 
High Temperature 

(ºC) 
Low Temperature (ºC) 

Wind 
(km/h) 

1 1-1-18 29.66 33 23 24 

2 2-1-18 31.08 32 23 20 

3 3-1-18 30.75 32 23 21 

4 4-1-18 38.95 32 22 28 

5 5-1-18 37.92 30 23 22 

6 6-1-18 32.11 32 23 21 

 

Stages in ARIMA Modelling 

The flow chart in Fig. 2 summarises the procedures used in 
the modelling of ARIMA. The data is visualise to observe 
some important time series components such as the 
existence of seasonality and trend. Stationarity of the 
dataset were checked for each column using the 
Augmented Dickey-Fuller (ADF) stationary test, Auto-
Correlation Function (ACF) and Partial Auto-Correlation 
Function (PACF) plots. The model’s order was obtained 
using the try and error analysis with which Akaike 
Information Criterion (AIC) and Bayesian Information 
Criterion (BIC) were used to determine the best order 
based on their values. Finally, accuracy of the model was 
calculated using the Mean Absolute Error (MAE) as shown 
in Equation 2.  

1 ˆ
t tMAE Y Y

n

 
  
 
                                         (2) 

where ˆ
tY  is the forecasted value, tY is  the actual data 

points, and n  is the sample size.  
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Fig. 2 Flow Chart of ARIMA Modelling Procedure 

Stationarity Check 

In checking whether the electricity consumption data is 
stationary or not (unit root), the Augmented Dicky-Fuller 
(ADF) test as well as the plots of the Autocorrelation and 
Partial Autocorrelation Functions are used. ADF test: The 
ADF test is a statistical test used to determine if there are 
trends present in a dataset. The presence of trends indicate 
non-stationarity and absence indicates stationarity. In the 
implementation ADF test, a test statistic and a p-value are 
estimated. The more negative the test statistic value is, the 
time series is considered to be stationarity; this theory is 
known as the null hypothesis. If a p-value less than 0.05 is 
obtained, the null hypothesis is ignored and the time-series 
data is considered to be stationary, if otherwise, it is non-
stationary indicating the presence of trends in the dataset. 
Differencing must be applied to make the dataset 
stationary. Fig. 3 is a flow chart which summarises the 
steps to follow in the implementation of the ADF test. The 
ADF test was performed on electricity consumption, low 
temperature, and high temperature and wind columns of the 
dataset. 

 

Fig. 3 Flow Chart of ADF Test 

ACF: An ACF is the correlation function, used to obtain the 
values of the autocorrelation of a time series with its own 
lagged values. Lagged values are values obtained between 
the correlations of two-time series. The lagged values are 
plotted to obtain the ACF plot, this describes the 
relationship of the time series with its present and past 
values (Salvi, 2019). 

PACF: A PACF is a function, which summarises the 
relationship between observations in a time series together 
with observations at earlier time steps, however intervening 
observations are removed. For example, the partial 

autocorrelation at lag k  is the correlation that results after 

removing the effects of any correlations due to the terms at 
shorter lags (Sangarshanan, 2018). 

Both the ACF and PACF plots were employed to further 
check stationarity. If the ACF or PACF plots decreases or 
decays slowly the time series is considered to be non-
stationary. On the other hand, if it decreases or decays 
faster it is stationary. 

Model Identification 

In order to select an appropriate ARIMA (p, d, q) model for 
forecasting electricity consumption, the Akaike Information 
Criterion (AIC) and Bayesian Information Criterion (BIC) are 
employed. 

 
AIC and BIC are both information Criterion used to select 
the model. According to the criterion, the lower the AIC and 
BIC values the better the model. In circumstances where 
the AIC and BIC of two models are close, AIC is selected 
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for a predictive model and BIC for an explanatory model. 
Fig. 4 is a flow chart of the AIC and BIC procedure. The 
order of AR(p) and the MA(q) are varied from a particular 
range and looped through. The model is fitted and the AIC 
and BIC functions are applied to. The results are obtained 
and the model with the lowest value is selected. 

 

Fig. 4 Flow Chart of AIC and BIC Implementation  

2.2.3 Long Short-Term Memory Networks  

The application of Artificial Intelligence (AI) techniques to 
the electrical power consumption forecasting problem has 
been an area of great interest to researchers in current 
times.  Some AI techniques employed in the area of load 
forecasting are Fuzzy Systems (FS), Genetic Algorithm 
(GA), Artificial Neural Networks (ANN) and Expert Systems 
(ES). Long Short-Term Memory (LSTM) networks, an 
intelligent technique is employed in this study as it can 
remember data far back in sequence (Fagerholm, 2019). 
The LSTM networks possess the ability to recollect 
information dated far back and it is done with the help of a 
gated cell which is used to store information and this can be 
likened to a computer memory. The LSTM cells, unlike 
other networks, learn when it writes or reads information 
from previous time-steps hence resolving the problem of 
vanishing or exploding gradient. It makes it possible for the 
network to recollect information correctly dated far back in 
the sequence (Cortez et al., 2018).  Dependent on the 
gates, one cell handles one-time step worth of data and the 
chosen information is passed along to the next cell. These 
models are trained by back-propagation (Phi, 2018).  Fig. 5  
(Riyaz, 2019) gives a detailed diagram of an LSTM 
network. The three gates in an LSTM network are forget, 
output and input gates. 

 

Fig. 5 Diagram of an LSTM Network 

Forget Gate 

The forget gate decides information to be rejected from the 
block.  The sigmoid function, taking a look back at the 
previous state and the input, outputs a number between 0 
and 1. Where any number closer to 0 signifies that it should 
be omitted and numbers closer to 1 should be kept for each 
number in a cell state. 

Input Gate 

The input gate determines the specific value from the input 
that should be utilised to alter the memory. In updating the 
cell that is, the input gate, the current input and the previous 

hidden state are passed into the tan( )h and sigmoid 

function. After, the output of both functions is then 
multiplied. Sigmoid function determines the information 

relevant based on the tan( )h  output. The values range from 

0 to 1 while tan( )h  functions range from -1 to 1. 

Output Gate 

The output gate is determined by the input and the memory 
of the block. This gate determines the next hidden state. 

The updated cell is passed to the tan( )h  function and the 

previous hidden state to the sigmoid function. As usual, the 

result of both the sigmoid and tan( )h  functions are 

multiplied together to determine which information the 
hidden state should convey. The new hidden state is the 
result obtained. The new hidden and cell state are then 
transferred to the next time step (Hyndman and 
Athanasopoulos, 2018). 

Stages in LSTM Modelling 

The design of the LSTM model is represented in the flow 
chart of Fig. 6. The historical data was organised and 
divided into testing and training. Training data was used to 
train the model and testing to check the performance after 
learning. Parameters such as optimisers, activation 
function, number of epochs and number of layers were 
specified. In this study, 10 epochs and a maximum of 50 
layers were used. Optimisers are used in the modelling of 
neural networks to help reduce errors. Adam was 
specifically chosen as it is straightforward in 

https://research.monash.edu/en/persons/george-athanasopoulos
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implementation, suitable for non-stationary objectives and 
require minimal tuning with regards to hyper-parameters 
(Brownlee, 2017). Rectified Linear Activation Unit (RELU) 
was used as the activation function because, it is easier to 
compute and takes less time to run or train and does not 
have the vanishing gradient problem as other activation 

functions like tan( )h  or sigmoid. Accuracy of the model was 

determined using Mean Absolute Error (MAE) (Anon. 
2018). 

3 Results and Discussion   

3.1 Results 

In the simulation, each variable in the dataset was 
considered independently.  

3.1.1 Electrical Consumption 

ARIMA model required dataset to be stationary before 
forecasting, the ADF test, plots of ACF and PACF were 
utilised to check for stationarity. In Fig. 7, the time series 
plot of electrical consumption showed no pattern but ADF 
test was used to confirm the observation. A p-value of 
3.485e-18 which was less than 0.05 was obtained proved 
that the column was stationary. Fig. 8 and Fig. 9 are plots of 
ACF and PACF used to confirm the stationarity of the 
electrical consumption series after the ADF test was 
performed. Since the lags of the plots decreased after lag 2 
and there was no significant increase above the shaded 
portion hence, the plots confirmed the test result.  Table 3 
shows the range of values obtained from the AIC and BIC 
test.  ARIMA (0, 0, 2) was selected as it had the lowest 
value. 

 

Fig. 6 Flow Chart of LSTM Modelling Procedure 

 

Fig. 7 Time Series Plot for Electrical Consumption 

 
Fig. 8 ACF Plot of Electrical Consumption 

 

 
Fig. 9 PACF Plot of Electrical Consumption 

 
Table 3 Model Order Selection for Electricity 

S
n 

Model 
Order 

AIC BIC 

1 (0,0,0) 3423.746 3431.540 

2 (0,0,1) 3419.013 3430.704 

3 (0,0,2) 3407.534 3423.123 

4 (1,0,0) 3416.554 3428.246 

5 (1,0,1) 3411.984 3427.572 

3.1.2 High Temperature 

Stationarity test was performed on the High Temperature 
column of the dataset.  Fig. 10 is a time series plot of the 
high temperature series which showed frequent 
fluctuations. From the observation, the high temperature 
series contained some trends indicating non-stationarity 
and with a p-value of 0.513 greater than 0.05 the 
observation was confirmed. Differencing was applied to 
make the series stationary before modelling, then 
forecasting. Fig. 11 and Fig 12 represents ACF and PACF 
plots respectively used to confirm stationarity. Lags in ACF 
plot are high as values have exceeded the shaded portion 
indicating non-stationarity. Table 4 contains the AIC and 
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BIC value obtained. ARIMA(0, 1, 1), was perfect for 
modelling as it has the lowest AIC value. 

 

Fig. 10 Time Series Plot for High Temperature 

 
Fig. 11 ACF Plot of High Temperature 

 

 
Fig. 12 PACF Plot of High Temperature 

 
Table 4 Model Order Selection for High Temperature 

Sn Model Order AIC BIC 

1 (0,1,0) 
1656.49

9 
1664.288 

2 (0,1,1) 
1452.30

8 
1463.991 

3 (0,1,2) 
1454.01

9 
1469.596 

4 (1,1,0) 
1543.03

6 
1554.719 

5 (1,1,1) 
1453.99

9 
1469.577 

3.1.3 Low Temperature 

Fig. 13 is a time series plot of low temperature series. In 
visualising the time series plot, patterns could be observed 
and a high p-value of 0.648 obtained from the ADF test 
confirmed the non-stationarity of the observation. Fig 14 

and Fig. 15 are plots of ACF and PACF respectively. In 
both ACF and PACF plots, stationarity was proven as lags 
greater than 1 do not cross the shaded portion.   ARIMA (1, 
1, 1) proved to be the best that could be used from the AIC 
and BIC values proven in Table 5. 

 
Fig. 13 Time Series Plot for Low Temperature 

 

 
Fig. 14 ACF Plot of Low Temperature 

 

 
Fig. 15 PACF Plot of Low Temperature 

 
 

Table 5   Model Order Selection for Low Temperature 
S
n 

Model Order AIC BIC 

1 (0,1,0) 1854.146 1861.935 

2 (0,1,1) 1665.236 1676.919 

3 (0,1,2) 1663.571 1679.149 

4 (1,1,0) 1776.186 1787.869 

5 (1,1,1) 1663.527 1679.104 

3.1.4 Wind 

Similarly, stationarity check was conducted on the wind 
series using the ADF test and plots of ACF and PACF were 
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used to confirm the test. Fig. 16 is a time series plot of the 
wind series, patterns could be observed in the plot but the 
test was applied to confirm the observation. A p-value of 
0.09 greater than 0.05 was obtained proving non-
stationarity. Fig 17 and Fig. 18 are plots of ACF and PACF 
respectively. In the ACF plot, lags at specific intervals are 
found to be high and in the PACF plots lags at 1, 2 and 3 
are found to be high since values are above the shaded 
portion. This indicates non-stationarity confirming the ADF 
test, differencing was applied to make the dataset 
stationary. Table 6 are the result of the values obtained 
from the AIC and BIC test with a low AIC value, ARIMA(1, 
1, 2) proved to be the best choice for modelling. 

 
Fig. 16 Time Series Plot for Wind 

 

 
Fig. 17 ACF Plot of Wind 

 

 
Fig. 18 PACF Plot of Wind 

 
Table 6 Model Order Selection for Wind 

Sn Model Order AIC BIC 

1 (0,1,0) 2659.625 2667.413 

2 (0,1,1) 2481.892 2493.575 

3 (0,1,2) 2478.952 2494.530 

4 (1,1,0) 2575.831 2587.514 

5 (1,1,1) 2478.527 2494.104 

6 (1,1,2) 2475.063 2494.535 

 

3.2 Discussion 

Mean Absolute Error (MAE) was employed to measure 
accuracy. MAE values for each model was measured and 
compared. To determine the best model, the lower the MAE 
value the better the model. 

3.2.1 Electricity 

To measure the accuracy of the predictive model after 
simulation, MAE was used. Fig. 19 shows a line plot for the 
electricity consumption of the dataset after training and 
testing with ARIMA. The red line indicates the forecast 
whilst the blue indicates the actual prediction. The model 
recorded an MAE value of 16.567. Fig. 20 is a line plot of 
electricity consumption for the LSTM model. The orange 
plot indicates the forecasted values whilst the blue is a plot 
of the actual observation. An MAE value of 5.898 was 
obtained. The LSTM model outperformed the ARIMA model 
in terms of predicting electricity consumption with a 
difference of 10.669. 

 
Fig. 19 Line Plot of Electricity (ARIMA) 

 

Fig. 20 Line Plot of Electricity (LSTM) 

3.2.2  High Temperature 

Fig. 21 and Fig. 22 depicts a line plot for the high 
temperature series after training and testing with ARIMA 
and LSTM respectively. In the ARIMA plot, both the 
observed and predicted are closely related as compared to 
LSTM indicating better performance. An MAE value of 
1.385 and 12.120 was obtained for ARIMA and LSTM 
respectively. Recording a lower Mae value, ARIMA 
performed better than LSTM. 
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Fig. 21 Line Plot of High Temperature (ARIMA) 

 

 

Fig. 22 Line Plot of High Temperature (LSTM) 

3.2.3 Low Temperature 

Fig. 23 and Fig. 24 represents a line plot for the low 
temperature series based on the ARIMA and LSTM models 
respectively. ARIMA and LSTM models obtained 0.929 and 
2.262 respectively. ARIMA outperformed the LSTM model 
with a difference of 1.333 as observed and predicted are 
closely related as compared to LSTM. 

 
Fig. 23 Line Plot of Low Temperature (ARIMA) 

 

 
Fig. 24 Line Plot of Low Temperature (LSTM) 

3.2.4 Wind 

Fig. 25 is a line plot of the wind series based on the ARIMA 
model. This diagram helps in understanding how well the 
dataset performed. In measuring the accuracy with MAE, a 
value of 5.688 was obtained. Fig. 26 represents a line plot 
of the wind based on the LSTM model. MAE value of 5. 078 
was obtained for LSTM. LSTM outperformed the ARIMA 
model with a difference of 0.61. 

 
Fig. 25 Line Plot of Wind (ARIMA) 

 

 
Fig. 26 Line Plot of Wind (LSTM) 

 

3.2.5 Comparative Analysis of Mean Absolute  
Error Values 

Tables 7 are values of the mean absolute error obtained 
from the various models. To determine the best fit model, 
an average of the values were obtained. The model with the 
minimum value is the best model for forecasting. ARIMA 
obtained an average value of 6.142 and LSTM an average 
value of 6.352. ARIMA had a lower value as compared to 
LSTM, hence was selected as the best model for 
forecasting. LSTM could have outperformed ARIMA if a 
larger dataset was used since the difference in the MAE 
value is not so large. 

Table 7 Mean Absolute Error Values for Models 

Sn   Parameters 
ARIM

A 
LSTM 

1   Electricity 
16.56

7 
5.898 

2   High Temperature 1.385 12.170 

3   Low Temperature 0.929 2.262 

4   Wind 5.688 5.078 
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3.2.6 Growth Rate of Electrical Power Consumption 
for Tarkwa 

The percentage increase or growth rate of the electrical 
power consumption for Tarkwa forecasted for 2019 was 
calculated as shown in Equation (3) (Anon., 2020b) 

Growth rate =

1
1

100
nForecasted

Origional



 
 

 

         (3) 

where 125n   is the sample size.  

         

1
1

12546.129
100 12.26%

22.608



 
   
 

 

Hence, the electrical consumption for Tarkwa is expected to 
increase by 12% in the year 2019. 

4 Conclusions and Recommendation 

This study analysed the consumption of electricity in the 
Tarkwa-Nsuaem Municipality. It was concluded that ARIMA 
outperformed LSTM with an average MAE value of 6.142. 
Insufficient data received permitting forecasting for a limited 
period are some limitations encountered during this work. 
Hence, making ARIMA a better tool for smaller datasets as 
compared to LSTM. The electricity consumption for Tarkwa 
is expected to increase by 12% for 2019. It is therefore 
recommended that accurate records on electrical 
consumption history of consumers should be kept by ECG 
to help researchers to accurately forecast the future 
consumption of electrical power. This will enable policy 
makers plan ahead. Also, more independent variables 
should be considered to help in producing an accurate 
model such as fuel availability, GDP and weather patterns. 
Other artificial intelligence techniques such as Artificial 
Neural Networks (ANN), Adaptive Neuro-Fuzzy Inference 
System (ANFIS) optimised with optimisers such as particle 
Swarm Optimisation (PSO) and Firefly Algorithm (FA) can 
be employed to forecast the electrical consumption of 
Tarkwa and Ghana as a whole. 
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