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Abstract: Forecasting electricity demand in South Africa remains an increasingly national challenge
as the government does not sufficiently take into account the impact of the electricity prices in their
electricity demand forecast. Effective measures to rapidly reduce the demand of electricity are urgently
needed to deal with future electricity prices and government policies uncertainties within the energy
industry. Moreover, long-term peak electricity demand forecasting methods are needed to quantify the
uncertainty of future electricity demand for better electricity security management. The prediction of
long-term electricity demand assists decision makers in the electricity sector in planning for capacity
generation. This paper presents an application of quantile regression averaging (QRA) approach using
South African monthly and quarterly data ranging from January 2007 to December 2014. Variable
selection is done in a comparative manner using ridge, least absolute shrinkage and selection operator
(Lasso), cross validation (CV) and elastic net. We compare the forecasting accuracy of monthly peak
electricity demand (MPED) and quarterly peak electricity demand (QPED) forecasting models using
generalised additive models (GAMs) and QRA. The coefficient estimates for ridge, Lasso and elastic
net are estimated and compared using MPED and QPED data.
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1. Introduction

1.1. Context

In an effort to deal with long-term uncertainties within the energy sector, more accurate long-term
peak electricity demand forecasting methods are made use of in decision making and planning
purposes. Inaccurate forecasting may seriously result in poor decision making and bad policies
establishment. For instance, the South African government, electricity consumers, producers and
industries need accurate forecasts for planning future events to assist in long-term development plans
for the country in order to minimise risks. The long-term electricity demand forecasting methods are
dependent on the choice of variable selections and very importantly, assumptions made for the long
run. Researchers have dealt with long-term electricity demand forecasting using different models. For
example; Optimal Forecasting Quantile Regression (OFQR), Multiple Simple Linear Regression
(MSLR), Artificial Neutral Networks (ANNs), Quantile Regression (QR) and time series analysis
models have been used for long-term electricity demand forecasting ( [1-5] and [6] among others).

Short-term electricity demand forecasting has attracted substantial attention than medium and long-
term forecasting [3]. However, QRA is a new approach and produces more accurate long-term point
forecasts for electricity peak demand. The model also performs well in practice for both short and
medium-term peak electricity demand. It also gives the smallest values based on prediction intervals
(PIs). This has been confirmed in the following literature; for example, [5,7] and [8] among others.

The popularity of long-term peak electricity demand forecasting is mainly motivated by the need
to understand the various uncertainties associated with the decision making processes in the South
African industries. According to [9], the development of renewable energy policy activities by the
South African government is greatly influenced by factors such as the periodical occurrence of
different policy crises as a result of economic instability. The key interest for this study is identifying
the linear relationship between the response and predictor variables using GAMs, OLS and QR
models. OLS estimates quantify the relationship around the mean of the distribution while QR
quantifies the relationship across all the various quantiles. Moreover, QR is robust in handling
extreme value points of the response variable. Secondly, the electricity demand in South Africa is
higher in winter than in summer and influenced especially by irregular events like extreme weather
conditions. Also, generally electricity demand is non-stationary and exhibits an upward trend due to
mainly economic and population growth. The long-term electricity demand forecasting is essential to
avoid the shortage of electricity that may hamper the South African economic growth. South Africa
needs reliable forecasts of electricity demand to mitigate the risk of shortages in the future so as to
guarantee sustainability.

1.2. Literature review

Although the short-term electricity demand is most widely applied, the long-term peak electricity
demand is increasing in popularity with papers such as those by [4] who estimate long-term peak
demand by comparing different techniques using a typical fast growing methodology with dynamic
electricity demand characteristics and typical developing methodology. Empirical results show that
the model is superior, although it uses single electricity demand observation and is capable of giving
several electricity demand peak forecasts corresponding at different levels of maximum temperature
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and some level of social activities. However, it is not easy to rely on a single methodology for
determining the electricity demand of such a fast growing and changing system.

The work done by [3] describes in a comparative manner that electricity demand forecasting is
divided into three groups, namely, short, medium and long-term electricity demand forecasting. Long-
term electricity demand forecasting normally deals with long time horizons. These include one year to
ten years and sometimes up to three decades ahead forecast. Furthermore, it is often characterized by
large uncertainties created by these distant horizons.

On modelling and forecasting long-term daily peak electricity demand, applied partially linear
additive quantile regression (PLAQR) model is applied by [10] using South African data ranging from
January 2007 to December 2013. Some data obtained from the 28 South African weather stations
divided into coastal and inland regions are used. Variable selection is carried out using Lasso. The
empirical results are presented with a comparative analysis of two developed models namely; with
pairwise interactions and without interactions. Based on the pinball loss function, the average loss
suffered by PLAQR with pairwise interaction is less than that of PLAQR without interaction.
Moreover, based on RMSE, MAE and MAPE, PLAQR with pairwise interaction is better than
PLAQR without interaction. The empirical results have also shown the usefulness of PLAQR models.

In recent paper, the proposed approaches such as GAMs, additive quantile regression (AQR) with
and without interactions and QRA models are used for short-term probabilistic hourly load
forecasting in [8]. The authors consider using average pinball loss function for model comparisons
and also constructed PI indices such as prediction interval with nominal confidence (PINC),
prediction interval widths (PIWs), prediction interval normalised average widths (PINAWSs) and
prediction interval normalised average deviations (PINADs) for the comperative evaluation of three
different models. In their discussion, they indicated that QRA model gives the superior results as it
produces the most accurate forecasts compared to other models. It also produces the smallest PINAW
and PINAD values.

The study performed by [11] utilizes QR model for peak load demand forecasting to create the
estimates of daily peak load demand. The proposed method is used based on its ability to avoid
underprediction of the peak load demand and risk of power blackouts. The empirical results show
that constructing the quantile from 0.97 to 0.99 is sufficient to estimate the upper limit for the daily
peak demand. The authors proposed that the QR model performances should also be compared in
other empirical data ( for example, economic and financial data). However, in contrast to our study,
the authors did not utilize QRA and GAMs in their analysis. This paper considers QRA approach as a
comprehensive forecasting solution for long-term peak electricity demand using monthly and quarterly
data.

1.3. Contributions

Considering an overview on electricity demand forecasting in section 1.2, the major contributions
of this study are summarised in this manner: (1) the study is concentrated on QRA methodology
to forecast long-term electricity demand; (2) the developed method should be useful in producing
improved forecasting results; (3) the study could answer many challenges and increase the potential to
develop a strategy in generating capacity planning and system reliable assessment of dealing with long-
term peak electricity demand in South Africa; (4) the long-term electricity demand forecasting solution
is discussed and the best forecasting model for future peak electricity demand suggested and (5) the
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peak electricity demand literature seems scarce in South Africa on the issue of long-term electricity
demand and this closes a gap by introducing new methodology to forecast long-term peak electricity
demand.

The study considers monthly and quarterly data for peak electricity demand forecasting using
quantile regression methods based on the following arguments. Firstly, the paper evaluates accuracy
measures of both OLS and QR models. A comparative analysis is done using generalised additive
models. The final structure of the paper is organised as follows: In Section 2, we first present the
generalised additive models, followed by quantile regression models and then later explores more on
additive quantile regression and quantile regression averaging. In Section 3, we present variable
selection methods using cross validation (CV), Least absolute shrinkage and selection operator
(Lasso) and elastic net. In Section 4, we briefly summarise the empirical results as well as discussing
further the general remarks of the results. The results in this section are found using the statistical
package ‘r’. Lastly, in Section 5, we wrap up with the conclusion.

2. Models

Focusing on the main interest of this paper, we lay out the methodology for fitting the monthly and
quarterly peak electricity demand with OLS, GAMs, QR and QRA. Then combine the forecasts using
some forecast combination methods.

2.1. Generalized additive model

Generalized additive model (GAM) is developed by [12]. GAM is known to be a simple powerful
technique that is easy to interpret, more flexible because the relationships between dependent and
independent variables are not assumed to be linear and the regularization of predictor functions assist
to avoid overfitting effect [13]. In generalized additive models the response variable is expressed as
sum of smooth functions. GAMs capture the common non linear patterns which the linear regression
technique fails to do. Let y, denote hourly peak demand and y, = E(y;), then the model can be written
as:

g(u) = X0 + fi(x1) + folxa) + f3(x3p, X4) + .. -, (2.1)

where x; is a row of the model matrix for any strictly parametric model components, @ is the
corresponding parameter vector, f; are smooth functions of the covariates, x; and fi, f>, f3... are
estimated by maximizing a penalized log-likelihood function analogous to the penalized least squares
criterion. The GAMs are built around penalised regression smoothers and one of them is called cubic
spline smoother [14]. Cubic splines are smoothest interpolators that minimize the penalized least
squares. However, they have many free parameters to be smoothed and this seems to be a wasteful
exercise. We usually estimate g(x,) by minimizing

n

D = f)P + 2 f f (), (2.2)

=1

where A is a non-negative smoothing parameter. If A tends to infinity, the penalty term becomes more
important and forces f (x) to zero. The bigger the value of A, the more the curves become smoother.
In this paper, cubic smoothing splines as a solution to optimization problem is used.
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2.2. Quantile regression model

QR was introduced by [15] and is described in detail in [16] as an extension of classical least
squares estimation of conditional mean models to conditional quantile function. An updated QR theory
captures this method as a particular center of the distribution, minimizing the weighted absolute sum
of deviations [17]. The conditional quantile function is given by

O.(y/lx) = x/B. + &, (2.3)

where, 0 < 7 < 1 and Q.(y,|x,) denotes the conditional function for the ™ quantile of the electricity
demand. Given a set of training data G = (y,,x7)" fort = 1, ..., G, the parameter B, can be estimated as

— . 1
B: = argmzna T Z ly; — x,TﬂTI +(1-17) Z ly; — xtT,BTI . 2.4)

t:ytzx;rﬂ‘r t:yt<x¢TﬁT

The parameter E, in Eq 2.4 is usually estimated by using linear programming methods called least
absolute deviation (LAD) regression. If 7 = 0.5, Eq 2.4 is now given by

- 1< ,
B = E;'y’ — x"B.], (2.5)

giving the £, (median regression) estimator. Eq 2.4 can also be written as

- 1< 18
ﬂr = Ezp‘r(yt - xtTﬂ‘r) = EZ(T — 1)’t—x,TﬁT<0)(yt — x;Tﬁ‘r)’ (26)
=1 =1

where p; is a check function such that p.(b) = 7(b) if b > 0 and p(b)=(t — 1)b if b < 0, 13 is the
indicator function of the event B.

2.3. Additive quantile regression

The study done by [18] proposes the boosting AQR procedure for forecasting uncertainty using
electricity smart meter data. The authors consider boosting procedure to estimate an AQR model for
a set of quantiles of the future distribution. According to [18], the k”-step ahead forecast for the
condition at 7”-quantile of the electricity demand in equation (2.3) can be estimated using the pinball
loss function defined by

T(Yt - é‘r) lf Vi > Q‘r;
L(y,, 0;) = Z _ = 2.7
O Or) { (I=-1)0-=y) if yi <0, @7

where QT denotes the quantile forecast and y, represents the actual value of peak electricity demand.

2.4. Quantile regression averaging

QRA is another recent forecast combination technique used to compute the prediction interval.
Despite its popularity and simplicity, it is noted that combining forecasts has not been performed
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widely in the area of long-term peak electricity demand forecasting using quarterly or monthly data.
However, it has been performing well in the practice of electricity price forecasting (see, [7,19], among
others). According to [18] the QRA model is given by

Vi = 8i(X:) + &, (2.8)

where x, = (y;,2;); 2, is a vector of exogenous variables known at time #; y, is a vector of past demand
occurring prior to time ¢; €, denotes the model error term with E[g,] = 0 and E[x;&,] = 0.

3. Monthly and quarterly demand models

3.1. Variable selection methods

The following section briefly discusses three variable selection methods for penalised regression
which includes Lasso, CV and elastic net. Lasso guarantees both variable selection and shrinkage
simultaneously. Unlike other penalised regression techniques, in Lasso some of the coefficients may
be shrunken all the way to zero. The Lasso estimates for the OLS regression model is given by

)4 14
B = argmin ) (v -2, + 41 ) 1B\ 3.1)
j=1 J=1
where, y = (yl,...,y,f is the response vector and x; = (xlj,...,xnj)T,j = 1,...,p are the linear

independent predictor, A is the Lasso regularization parameter , Zle IB;| < tis called Lasso penalty
and ¢ is the Lasso turning parameter [20]. If p > n , the Lasso selects at most n variables. There is
however an adaptive Lasso method and this method modifies the Lasso penalty by applying weights
to each parameter that forms the Lasso constraint. Elastic net is a regularization and variable selection
method suggested by [21]. The method removes the limitation on the number of selected variables
and also encourages grouping effect that Lasso fails to do. The elastic net estimator is given by

p p p
B =argmin ) (y—xB," + 41 D Bl + 2 ) B, (32)
=1

J J=1 J=1

where, Zle IBjl < t; and 25’:1 ,B? < t, are elastic net penalties, #; and #, are elastic net turning
parameters. Cross validation is another most commonly used selection criterion method that uses part
of the training data set to fit the model and the remaining part estimate the prediction error. The data
consist of 28 South African weather stations divided into interior and coastal regions with monthly
and quarterly peak electricity demand (MPED and QPED) data, temperature, lagged demand and
calendar effects. The MPED and QPED are used as the dependent variables while temperature, lagged
demand and calendar effects are used as predictor variables. For MPED, the temperature effects for
coastal are AMTC, maxTC and minTC defined as average monthly coastal, average maximum and
minimum coastal temperatures respectively. The effects for interior include AMTI, maxTI and minTI
defined as average monthly interior, average maximum and minimum interior temperatures
respectively.

Likewise, for QPED the temperature effects for coastal are AQTC, maxTC and minTC defined as
average quarterly coastal, average maximum and minimum coastal temperatures respectively. The
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effects for quarterly interior include AQTI, maxTI and minTI defined as average quarterly interior,
average maximum and minimum interior temperatures respectively. The temperature effects for both
monthly and quarterly peak electricity demand coastal and interior are given by average minimum of
coastal and interior temperatures (AminTCI), average of average coastal and interior temperatures
(AATCI), average maximum of coastal and interior temperatures (AmaxTClI), difference between
average maximum of coastal and interior temperatures (DmaxTCI), difference between average
minimum of coastal and interior temperatures (DminTCI) and the difference between average of
average monthly coastal and interior temperatures (DAAMTCI) and the difference between average
of average quarterly coastal and interior temperatures (DAAQTCI). Furthermore, day type (day of the
week), day before holiday (DBH), day after holiday (DAH) and day holiday (DH) are defined as
calender effects.

3.1.1. Monthly model

In forecasting electricity demand at inland and coastal regions, we use long-term peak electricity
demand models. The QR models are used for both monthly and quarterly data. This study will
explore the inclusion of monthly temperature covariates that will also be included in the peak
electricity demand parameters through heating and cooling degree days which can be calculated as:

HDD, = max (Tpef—T:,0)
and
CDD, = max (T, - Tpef.0).

The total monthly heating degree-days (MHDD,) and the total monthly cooling degree-days
(MCDD,) are calculated as:

Zm: HDD, ; — Zm: CDD, ;,0

J=1 J=1

MHDD,; = max

and

Z CDD, - Zm: HDD, ;,0

J=1 J=1

MCDD;, max

which reduces to

MHDD,

ma [ S (max (T = 00)) - Z (max () - T 0). o}

J=1 J
and

m

MCDD, = max [Z (max (Tt, i Tref 0)) - Z (max (Tref =T, 0)) , 0} ,
j=1

J=1 J
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respectively, where m is the number of days in month ¢, 7, is average daily temperature on day ¢ and
Tyef 1s the reference temperature which separates cold temperatures from hot temperatures. Based on
the description of variable selection given in section 3.1, the following MPED models for electricity
demand are proposed:

Model 1:

Linear quantile regression (LQR) without interactions model is given as

O.(MPEDI\x,) = ag + a;(DH) + a,(DAH) + a3;(DBH) + a4(Daytype)
+ as(CDDAminT CI) + ag(CDDAmaxT CI) + a7(HDDAAMTCI) 3.3)
+ as(HDDAminT CI) + ay(noltrend) + &, 1,

where g, @, ..., @9 are constants, CDDAminTCI and CDDAmaxTCI are cooling degree days average
minimum and maximum coastal and interior temperatures, HDDAAMTCI is monthly heating degree
days average of average coastal and interior temperature, HDDAminTCI is heating degree days
average minimum coastal and interior temperature, noltrend is a non-linear trend, &, ; is residual error.

Model 2: LQR with interactions model is given by

O.(MPED|\x,) = ag + a1(DAH) + a,(DBH) + as(Daytype)
+ a4(CDDAminTCI * Daytype) + as(CDDAmaxTCI)

34
+ ag(HDDAAMTCI) + a7;(HDDAminT CI) + ag(noltrend) (34)
+ &1
Model 3: QRA is given in Eq 3.5
MPED = ay+ a;(fOLS)+ a(fGAM) + a3(fOR) + &, (3.5)

where fOLS, fGAM and fQR are ordinary least squares, generalised additive model and quantile
regression forecasts respectively.

3.1.2. Quarterly model

Similarly we can drive the formulae for calculating the total quarterly heating and cooling
degree-days QHDD, and QCDD; respectively as in the monthly formulae. The quarterly temperature
covariate will be included in the long-term peak electricity demand parameters through heating and
cooling degree-days. Based on the description of variable selection given in section 3.1, the following
QPED models for electricity demand are proposed:

Model 4: LQR without interactions model is given as

0. (QPED|x)) = ay + a1(DH) + a,(DAH) + az(Daytype) + as(CDDAminT CI)
+ a5(CDDAmaxT CI) + ag(CDDAAQTCI) + a;(noltrend) 3.6)

+ 8[,‘(’9
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where HDDAAQTCI is quarterly heating degree days average of average coastal and interior
temperature.

Model 5: LQR with interactions model is given as

0. (QPED|\x)) = ay + a1(DH) + a,(DAH) + az(Daytype) + as(CDDAminT CI)
+ as(CDDAmaxTCI) + as(HDDAAQTCI * Dytype) (3.7)

+ a(noltrend) + ¢, ;.

Model 6: QRA is given in equation (3.8)
QPED = ay+a(fOLS)+ ax(fGAM) + a3(fOR) + &, 1. (3.8)

3.2. Parameter estimation

The QR model defined in Eq 2.3 will be helpful in this analysis. The parameter for OLS over B is

estimated by minimizing:
n

D i —xIB) = i@t ~x/B), (3.9)
t=1

t=1
where r is the quadratic loss function and the parameter for MLE over B based on the sample {x;, y,}_,
is calculated by maximizing

1 n
L) & expl—5— > (v~ BY) (3.10)
t=1

3.3. Benchmark models
3.3.1. Stochastic gradient boosting

Stochastic gradient boosting (SGB) is a modification of Gradient boosting (GB) which is a machine
learning technique. It fits an additive model in a stage-wise way. The additive model can take the form
given in Eq 3.11 ( [22]).

M
FO) = D" Bublxs ym), 3.11)
m=1

where b(x;y,,) € R are functions of x which are characterised by the expansion parameters y,,, 8,,. The
parameters (3, and v,, are fitted in a stage-wise way, a process which slows down over-fitting ( [22]).
With SGB, a random sample of the training data set is taken without replacement. A more detailed
discussion of this is found in [23].

3.3.2. Support vector regression

Support vector regression (SVR) which is based on support vector machines (SVM) uses different
kernel functions which map low dimensional data to high dimensional space. SVR was introduced
by [24] and estimates a regression function of the form given in Eq (3.12).

f(x)=x"w+b, (3.12)
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where b is a scalar and w is a vector of weights. Eq (3.12) can be reformulated as a quadratic
programming problem (QPP) by introducing an e-insensitive loss function as given in Eq (3.13)
([24D).
(w’rbr’lglr’l&) %wTw +Ce"é + &)
st. yi—xXw-b<e+é
Xw+b-y, <e+&
and  &;,£,>20,i=1,..,m, (3.13)

where C > 0, & > 0 are input parameters, & = (€11, ..., &1)” and & = (&5, ..., E,y) are slack variables.
4. Empirical results and discussion

4.1. Exploratory data analysis

In this study, the South African monthly and quarterly electricity demand data from Eskom ranging
from January 2000 to March 2014 are used. The aggregate energy data with 5204 daily observations are
used to create 171 monthly and 57 quarterly data for analysis. Both training data (Jan 2000-Dec 2008)
and testing (Jan 2009-Mar 2014) are used for MPED and QPED modelling. The temperature data for
coastal and interior regions from 28 South African weather stations are considered. The study uses
the most common variables that have been included in the electricity demand models which include,
average monthly and quarterly electricity demand, non linear trend and temperature.

It further analyses three different benchmark models which are GAMs, SVR and SGB. The use
of at least two benchmark models is consistent with current trends in forecasting. Current trends in
forecasting use a variety of models, statistical models, including comparative analysis with machine
learning models. In this study we use one statistical learning benchmark model which is the generalized
additive model and two machine learning models, stochastic gradient boosting and support vector
regression. Using at least two benchmark models helps us to see how good our model is against well-
known methods which produce accurate forecasts. See for instance, [25].

Figures 1 and 2 show monthly and quarterly peak electricity demand (MPED and QPED) plots for
the period 2000 to 2014 with density, g-q and box plots respectively. Both MPED and QPED plots
show upward trends with strong seasonality. The presence of increasing trends are indicated by the
overall upward drifts in the time series. The seasonal variations produce the regular fluctuations from
year to year but appear similar across months and quarters.

Table 1 shows the summary statistics for both monthly and quarterly electricity demand data ranging
from 1 January 2000 to 31 March 2014 . The minimum and maximum values are compared and also
used to asses the spread behaviour of both quarterly and monthly electricity demand. The minimum
values of MPED and QPED from January—March 2000 and on Monday, January 2000 are 24083 and
24760 MW respectively. Moreover, the maximum value of both MPED and QPED from April-June
2007 and also on Thursday, 24 May 2007 is 37158 MW. The kurtosis values of MPED and QPED are
-0.31 and -0.21 respectively. The values indicate that both MPED and QPED data do not perfectly
follow the normal distribution. Furthermore, negative kurtosis shows that the distribution has lighter
tails and flatter peaks compared to the normal distribution. Table 1 also reveals that both monthly and
quarterly electricity demand data are left skewed.
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Tables 2 and 3 present the summary results of OLS forecast and QR, QRA, GAMs forecasts for
both MPED and QPED models based on RMSE, MAE and MAPE respectively. In Table 2, M1 and
M2 represent OLS forecast without and with interactions, respectively, for MPED model, while M4
and M5 represent OLS forecast without and with interactions, respectively, for QPED model.

Likewise, in Table 3, M1 and M2 represent linear QR forecast without and with interactions,
respectively, for MPED model while M4 and M5 represent linear QR forecast without and with
interactions, respectively, for QPED model, M3 and M6 are QRA forecast for MPED and QPED
model respectively, M7 and M8 are GAMs forecast for both MPED and QPED models. The values of
RMSE = 79.95 MW, MAE = 72.45 MW and MAPE = 0.22 MW for M4 in Table 2 are less compared
to that of M1, M2 and M5 models. Likewise, the values of RMSE = 76.55 MW, MAE = 51.61 MW
and MAPE = 0.16 MW for M6 in Table 3 are less compared to that of M1, M2, M3, M4, M5, M7 and
M8 models. Moreover, the values of RMSE, MAE and MAPE for M6 (QRA for QPED) are less
compared to that of M4 (OLS for MPED). The results of RMSE, MAE and MAPE for M6 (QRA for
QPED) also confirm that the model is doing well compared to that of M3 (QRA for MPED). In
addition, the values of RMSE, MAE and MAPE for benchmark (SVR and SGB) models in Table 4
are larger than that of M6 model.

Figures 8 and 10 show the results of cross validation estimates of the mean squared prediction
error for ridge, Lasso and elastic net models in dependence on the regularization parameter (log of
lamda). The numbers on top of each figures shows the number of non-zero regression coeflicients.
The mean squared prediction errors suggest the smaller values of the parameter that shrinks the
coefficients to optimal. Figures 9 and 11 show the coefficient paths for ridge, Lasso and elastic net
model independence on log of lamda for @ = 0, 1 and 0.5 respectively. The analysis was also done
repeated using different values of a.

The comparison of MPED cross validation estimates of the mean squared prediction error for ridge,
lasso and elastic net in Figure 8 shows that the variable selection method called Lasso is superior
compared to other methods. There are also noticeable differences in cross validation estimates for all
the methods for which Lasso gives the best estimates. Using Lasso and elastic net regression model for
model selection, only one non-zero coefficient shows that the function has chosen the second vertical
line on the cross validation. This shows that the model might be doing a good job. In Figure 9, all
coeflicients of ridge regression model are essentially zero when the log of lamda is 15. However, as
we relax lamda, the coefficients moves away from zero in a nice smooth way. In fitting Lasso, a lots of
the r squared what are explained as quite heavily shrunk coefficients but towards the end coeflicients
increases (grow very large). This may suggest that at the end of the path, the model might be overfitted.
Furthermore, elastic net regression model looks like Lasso with slight differences and this confirms that
itis an extension of Lasso proposed by [20]. However, elastic net does not perform satisfactory because
there are two shrinkage procedures such as ridge and Lasso in it. Double shrinkage might introduce
unnecessary bias. Likewise, Figure 10 shows the QPED model selection of ridge, Lasso and elastic
net where the dotted red lines show the cross validation curve. The two dashed lines in Figure 10 also
show log of lambda values that gives the minimum mean square errors for cross validation (left dashed
line) and that is within one standard error(right dashed line). Figure 11 shows all coefficients of ridge
regression model to be zeros when the value of lambda is 14 or more. It can be seen from figure 11 that
Lasso regression shrinks the regression coefficients to zero as lambda increases. For instance, when
log of lambda = 2 there are 6 non zero coefficients and when log of lambda = 0 all coefficients are
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Z€10.

Table 1. Summ
200-31 March 2

ary statistics for monthly and quarterly electricity demand data (1 January
014).

Mean Median Min Max Kurtosis Skewness St.Dev
Monthly data 31560 31822 24083 37158 -0.31 -0.42 30.44
Quarterly data 32452 32675 24760 37158 -0.21 -0.54 30.71
Table 2. OLS forecast model comparisons.
MI1 M2 M4 M5
RMSE 327.91 338.12 79.95 172.17
MAE 252.06 262.83 72.45 128.41
MAPE 0.77 0.80 0.22 0.37
Table 3. QR ,GAM and QRA forecast models comparison.
M1 M2 M3 M4 M5 M6 M7 MS
RMSE 324.89 345.38 315.46 87.92 87.97 76.55 315.96 165.94
MAE 249.31 273.41 231.70 73.55 73.64 51.61 235.01 123.57
MAPE 0.76 0.83 0.71 0.22 0.22 0.16 0.72 0.36
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Figure 1. Monthly peak electricity demand(top left), Density plot (top right),Q-Q plot

(bottom left) and Box plot (bottom right).
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Figure 2. Quarterly peak electricity demand(top left), Density plot (top right), Q-Q plot
(bottom left) and Box plot (bottom right).

4.2. Benchmark models

GAMs are considered as simple and powerful technique because they provide more flexible
predictor functions that uncover hidden patterns in the data and regularize the predictor functions.
Moreover, this is one of the techniques that is mostly indispensable in the analysis of long-term peak
electricity demand forecasting. This machine learning technique is considered as one of benchmark
models in MPED and QPED analysis.
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Model 7: Monthly data model GAM is given as

MPED = ay + s(Daytype) + a;(DH) + a;(CDDAminT CI) + a3(CDDAmaxTCI)

4.1
+ a4s(HDDAAMTCI) + as(HDDAminT CI) + s(noltrend) + &, @D

Model 8: Quarterly data model GAM is given as

QOPED = oy + a;(DH) + a;(DAH) + s(Daytype)
+ a3(CDDAminTCI) + as(CDDAmaxTCI) + as(HDDAAQTCI = Daytype) 4.2)

+ s(noltrend) + €, 1,

where s represents smoothing.

Table 4. Model comparisons: Monthly peak electricity demand.

SVR (benchmark) SGB(benchmark)
RMSE 398.35 728.19
MAE 325.73 558.98
MAPE 0.98 1.66

4.3. Discussion of results from models

Figures 1 and 2 display monthly and quarterly peak electricity demand plots for the period 2000
to 2014 respectively. Hence, Figure 3 shows monthly and quarterly average temperature plots. It also
shows strong seasonal effects. The smallest values of RMSE, MAE and MAPE in OLS forecast model
(M4) for both MPED and QPED are 79.95 MW, 72.45 MW and 0.22 MW respectively. Likewise,
the smallest RMSE, MAE and MAPE in QRA model (M6) are 76.5 MW, 51.61 MW and 0.16 MW
respectively.

Table 4 shows the error levels (RMSE = 398.35 MW, MAE = 325.73 MW, MAPE = 0.98 MW) of
SVR to be lower than the error level (RMSE = 728.19 MW, MAE = 558.98 MW, MAPE = 166 MW)
of SGB model. Figures 6 and 7 show the SVR and SGB benchmark model forecasts for MPED.
Clearly, we can see that SVR forecasts in Figure 6 fit very well compared to SGB forecasts in Figure
7. Figures 4 and 5 show the actuals of both MPED and QPED with quantile regression forecast (fQR)
, generalised additive model forecast (fGAM) and quantile regression averaging forecast (fQRA)
respectively. Figure 5 shows fQRA fits very well in QPED data.
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5. Conclusions

In this study the long-term monthly and quarterly peaks electricity demand forecasting using South
African data have been presented and therefore the policies to control the supply of electricity are
required to make sure that the electricity demand is met to support the South African community. By
using monthly and quarterly data and then later applying QR models, the more precise long-term
forecasting models are developed. The QR models are becoming more attractive to long-term
electricity demand modelling this days as it enables us to construct new quantile functions easily. We
believe this study will make important contribution in all research application areas more especially in
short, medium or long-term peak electricity demand methodology. QRA model in QPED has the
smallest RMSE, MAE and MAPE compared to other models. The Lasso model gives best estimates
compared to other variable selection methods. The empirical results of proposed models are suitable
not just for long-term electricity demand forecasting, but also for testing policies geared towards the
expansion of the electricity infrastructure that should be intensified in South Africa in order to cope
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with the increasing demand exercised by the country’s economic growth and rapid industrialisation
programme. QRA is a new technique and performed well in QPED data for long-term electricity
demand and it did not perform bad in MPED data also. However, it is not advisable to rely only on a
single approach for determining the electricity demand in such a fast growing and changing system of
South African economy.
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Figure 8. MPED cross validation estimates of the mean squared prediction error for
ridge(left side), Lasso (center) and elastic net (on the right) as the function of log A.
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Figure 9. Coefficient estimates for ridge(left side), Lasso(centre) and elastic net (right side)
for MPED data plotted versus log A.
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