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Abstract

This paper presents a logistic differential equation modelusfomers’ consumption of electrical ene
in Ghana. The objective is to model the industrial and caciedeconsumption of electrical energy pf
customers of the Electricity Company of Ghana in the Sd#ikbakoradi Metropolis of the Westeln
Region. The paper applies a model based on the Logistia@iffal Equation. The consumption data| of
customers were obtained through an Automatic Meter ReadingnSygtéech enables a remote reading
from customer’s energy meter.
The rate of change of energy consumption has been expriestiea form of the Logistic Differential
Equation. Analytical solution has been obtained and consémtitwated by fitting a historical energy
consumption data to a linear regression equation. Theimguegpacity of the Logistic equation referred
to as the Optimal Asymptote in this paper has been obtasiad the Fibonacci Search Technique. All
computations were done based on algorithms which were irepkech using the C# Programming
Language.

*Corresponding author: E-mail: johnawuahaddor@yalmmuk;
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A forecast of a customer’s electricity consumption has beer.ddhe forecast consumption w
compared with the actual historical consumption in order tersn the level of disparity of the forecast
from the actual. The Mean Absolute Percentage Error, whieasures the forecasting accuracy| or
predictive power of the model, has been estimated th6b&7%. Practically, the model has predicted
correctly to the precision of a maximum of 10% above anunimum of 2% below the historical energy
consumption data.

Keywords: Automatic meter reading system; Fibonacci seardinigee; industrial energy consumption;
linear regression; logistic differential equation; meansahlute percentage error; optimal
asymptote.

1 Introduction

The Electricity Company of Ghana Limited is a compamlyplly owned by government of Ghana, with the
mandate to distribute electricity within the southern hatthefcountry. The company has two main classes
of energy consumers; these are domestic consumers aimdecoial/industrial consumers. The second group
is further classified based on the level of energy wondion. These consumption classes comprise Bulk
Supply Point Consumption (BSP), Boundary Consumption (Bound&pgcial Load Tariff Consumption
(SLT) and Commercial Tariff — Non Special Load TarifflS8amption (CT-Non SLT).

These classes of consumers constitute a very crigialp to the company. As a result of their level of
energy consumption and the important role that theyiplélye economic development of the country, their
relevance cannot be overemphasized. The commercial/industea)y consumption data constitutes the
basis for this paper.

In the past, ECG relied on personnel who were deployedgtmmer premises to read meters, after which
the energy consumption data were sent to the respective regffioas for customer bill to be generated.
This approach constituted a phase in metering technology deestoprhich had a lot of challenges such as
the accuracy and reliability of energy consumption datan lat@mpt to inject a high level of efficiency and
the application of modern technology into the collection of gnesonsumption data, the Electricity
Company of Ghana Limited embarked on a project which involkeddeployment of smart meters for
industrial/commercial consumers. This deployment has beegted to the southern half of the country and
accompanied by the implementation of an Automatic Metadihg (AMR) System. The smart meters are
programmable energy meters that can be programmed todiuiiicta specified manner. It has the capability
of reading and storing energy consumption data, voltages, curmhtpoaver factors. The meter has a
communication modem attached to it, which enables commioncdietween the meter and a
communication point at the company’'s head office. With the hitheo Automatic Meter Reading System
and the communication infrastructure that has been putaiceplt is possible to remotely read energy
consumption data from the meters. The meter readingscsesl $n a central database at the company’s head
office. The implementation of the Automatic Meter Readipgt&m (AMR), and the deployment of smart
meters for commercial/industrial consumers across the sautfaf of the country has now given the
company the leverage to remotely read enormous amount gfyssmrsumption data into a central database
at the company’'s head office. These readings are donerelatavely low cost. However, all that the
company does with the data at the moment is to extrace#tings on a monthly basis for the generation of
customers’ bills. The company does not take advantage af miseningful pieces of information that can
be generated from the huge data available. The major eohoerever, relates to underutilization of data,
probably ascribable to lack of well-defined, accurate aliabie concepts and technigques that can be used to
analyze the data that is available.

It is therefore prudent and relevant that a well-definathematical model be developed for the purpose of
analyzing the data. The model should be tailored at analyaengdta in order to generate results that are
targeted at meeting the forecasting needs of the congpamfagement team. Forecast in the sense that it
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should be possible to analyze energy consumption trend of a custdimiararspecified time range. Based
on that analysis, it should be possible to forecast futtieegy consumption trend of the customer. Hence,
the central objective of this paper revolves around the dewent of a mathematical model based on the
Logistic Differential Equation model in [1] (model A) or [Z$pecifically, the paper intends to achieve the
above objective by computing the constants and parametetiseofmodel. This involves analyses of
historical energy consumption data using Linear Regressialy#ia and Fibonacci Search Technique.
Future energy consumption trend will therefore be estimaged) the developed model.

As a result of the unavailability of a model that can beduto forecast with high level of accuracy, the
future energy demand of consumers, the significance op#psr cannot be overemphasized. By virtue of
the paper, it will be relatively easier to plan aheadrogétithe nature of distribution networks that must be
implemented. The model will equally help to determine thgacity of transformers and switch gears that
must be put in place in order to cater for future enelgyand at an optimized cost to the company. Also,
the model will eventually help to minimize the commeraald technical losses that the company is
currently facing, which at the moment stands at about 23%. Fomthe, major management challenges
such as the inability to forecast future energy consumptichtlae difficulty in identifying consumption
trend could easily be surmounted supposing the developed magbgllisd in the analysis of available data.
Forecasting energy consumption forms a major factor thatnts the nature of distribution networks that
must be implemented and the capacity of transformersithst be installed.

It has become eminence to point out to the fact that datavithée used is limited to the consumption data

that is read remotely from smart meters across dh¢hern half of the country into the company’s central
database. These readings as stated earlier, are donethsifgutomatic Meter Reading System. The

limitation arises out of the fact that the Automatic MeReading System has been implemented for only
industrial/commercial consumers.

2 Materials and Methods

The model is based on three mathematical concepts. The coacept involves an application of the
Logistic growth model. The second concept involves the use ofFithenacci Search Technique in
computing the value of the optimal asymptote (carrying afeof the logistic equation. This can be done
using the historical energy consumption data obtained. The thirémocomprises an application of linear
regression to compute the constants in the logistic equatiose Toastants have been computed by treating
the energy consumption data as a time series data.iffdiesblution obtained after the computation of the
carrying capacity and constants has been used to extefdiare energy consumption.

The assumptions which form the basis of the model as in¢2] ar

* No new factors influencing the rate of growth differemnfrthose during historical period shall
come into play in the forecast region. One main factimdpthe tariff class of consumers.

» The forecast portion of the curve cannot be used tosatsesdequacy of the curve to describe the
historical growth.

* The value of the optimal asymptote (carrying capacity) béllrevised whenever additional data is
available.

* The historical data used is assumed to have some fdogisfic growth.

2.1 Mathematical formulation

The fundamental equation in the formulation of the modehés logistic growth model which can be
represented in its differential equation form as

dE—kE(l
dt ~ !

) M

max
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We define the variables, constants and parametersl@asgol

* E is the energy consumption which is dependent on timenths.

* E,ax represents the expected maximum monthly energy consumpf a consumer whose
consumption is being forecasted. In the logistic equation,pdiameter is used as the carrying
capacity and referred to as optimal asymptote in thiemparhis can be computed by applying the
Fibonacci Search Technique to the historical energy consungatarof a consumer.

 k, andk, are constants. These can be computed by regressiorsiandly computing these
constants, the logistic growth curve must be transformem a linear equation and fitted to the
historical energy consumption data.

The solution to the differential equation above can be fosnmuthe analytical approach as demonstrated
below. Re-arrangin@l) gives the equation

EpmaxdE
— =k, dt (2
E(Emax - E) !

Expressing the coefficient dff in (2) as partial fraction, we obtain

E A B
max =4 (3)
E(Emax - E) E (Emax - E)

Here,A andB are Constants. Fro3) we obtainA = 1 andB = 1.
Thus,(3) reduces to

E 1 1
max =— 4 (4)
E(Emax - E) E (Emax - E)

Hence,(2) becomes

EmaxdE (1 + ! )dE = k,dt (5)
E(Emax - E) E (Emax - E) !
Consequently,

[ e
E (Emax_E) !
lTl|E|—ln|Emax—E| =k1t+k2

E
In |m| = klt + kz (6)

Further simplification gives

Emax
b= otaem @)

We will use(7) to forecast energy consumption for a given tim@his equation will be used after the
computation of the parameters and constBpis , k, and k, . Once these parameters and constants are
computed the forecast for timg, t,, t3, t, ... t, can be done.
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The computation of7) is based on an algorithm written and implemented in GpSt@#) programming
language.

2.2 Equilibrium solution of model

Under this section, we perform qualitative analysig19fin order to establish the expected consumption
growth behaviour. If we rewrite (1), we have

dEC—kE (1 E, )
dt ~ c ESax

The equilibrium solution is obtained by solving the equation

E.
k.E, (1 ) =0

C
Emax

Resulting in the following two equations

Consequently, we obtain two solutions which are given as
E.=0 and E,.=E54

Ideally, a consumer whose consumption is being forecastpéected to range between zero consumption
and the maximum projected consumption which has been givéfi as

2.3 Computation of model parameters and constants

The constants are first computed using linear regressidysantollowed by the computation of the optimal
asymptote £,,,,) using the Fibonacci Search Technique. The constants needctompeited first because
the computation of the optimal asymptote will require threeafghe constants. The computation can be done
in four steps as illustrated below:

Step 1: Retrieval of data for analysis

The set of historical energy consumption data which withfthe basis for the computation can be obtained
and represented as

H={E |E,€Rt=123,..,n} (8)
By definition, E, is the historical monthly energy consumption and t isithe th months.

In order to identify a very important and much needed tréad exists in the historical consumption,
smoothening must be done on the data using the Weighted Movimagkvg3] of the time series. The

weighted moving average algorithm can be used in smooienit the historical consumption data before
the remaining computation can be done. The weighted movingge/és given as

goma _ LBt (E=DE 44 26, + B @
£ t+t—-D+-+2+1

Here,t = 1,2,3,...,n andE?™* is the weighted moving averagetat
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The implementation of the algorithm that extracts davanfthe database has been accomplished in C#
programming languagelhe algorithm for the Weighted Moving Average was incorfaatdn that of the
data retrieval. We have also implemented an algorfthrthe data range generation using same programing
language. For example, if the starting date is 23-03-20iti3the ending date is 20-07-2013, this algorithm
will generate the following dates: {31-03-2013, 30-04-2033;05-2013, 30-06-2013, and 31-07-2013}.
These dates are necessary in order to be able totetkteaenergy readings for specific months, since each
month’s reading in the database is stored against theldséstof that month. Still on the data, we have
developed two algorithms one for the determination of asizg while the other, for the generation of the
last date of a given month. The former produces an integae which is a count of the number of months
in the date range. However, the later computes the déte tdst day of a given month.

Step 2: Computation of autocorrelation coefficient

In applying the projection technique to a time series aiglit is assumed that the data values given in step
1 are related to each other at one or more time pesiogid. The extent of the relationship can be measured
by taking two data sequences from the time series, one tagggnother by one or more time periods and
calculating the autocorrelation coefficient between tihe sequences. The value of the autocorrelation
coefficient ranges from -1 to +1 [4]. For the purposehi$ paper, the closer it is to +1, the better the
relationship between the data sequence. For the timesseiik n data points given in step 1, the
autocorrelation coefficienty) for two data points witk periods apart is represented as

_ Z?:_lk(Et - E)(Enk - E)
* Py (B, — E)?

(10)

—1SrkS1,TkER
1<k<n,keZ

We defineE, as the energy consumption for & month; ande, the average value of the historical energy
consumption of the time series.

The average value of the time series can be specified by

n

_ 1

F= ;z E, 1
t=1

The autocorrelation correlation coefficient has been cordpbyean algorithm whose implementation has
been done in the usual C# programming language. The histmoitsumption data that is extracted from the
database has been passed to this algorithm to compwattwrrelation coefficient. This precedes another
algorithm, also implemented in C#, which computes the agecagsumption of a given historical energy
consumption of the time series.

Step 3: Computation of constants

The linear form of the Logistic equatio®)(as stated below, can be applied to the historicalggner
consumption data given is step 1 to compytend k, via regression analysis [5].

E
ln|7| =kit+k
(Emax_E) ! 2

Accordingly, the constants, andk, can be computed as follows:
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_aYtE - (TOEE)

LT aCe) - (X2 (12)
K, = w (13)

Practically,k, refers to the rate of change in energy induced by agehén time whilek, defines the
amount of energy consumed at the initial stage whenismero. The implementation of the algorithm for
computing the constanks andk, has been written in C# programming language.

Step 4: Computation of optimal asymptote

The computation of the optimal asymptote can be execuied the Fibonacci Search Technique which is
an optimization technique. The objective function to be migenhis the Sum of Squared Residual (SSR).
The process has been illustrated as follows:

SSR and MAPE computation

When the model is fitted to historical energy consumptioa dat as in the case of the linear form of the
logistic equation, the model is assessed on the basigwofatell it fits the historical energy consumption
data. This is referred to as theodness of fior best fit as given in [6How well it could be used to estimate
future consumption values is referred to as the “forecasiicgracy” [7,8,9,10]. The “goodness of fit" can
be computed as the sum of squared residuals (SSRJispexs follows:

SSR = Z(E ~E) (14)
t=1

The forecasting accuracan be computed as the mean absolute percentagéMABE) [8,9,10] which is
given as

n

1
MAPE = —Z
n

t=1

=Bt 100 (15)
E

t

We define the variables as given below:

* E,is the actual consumption value
« E, is the corresponding predicted values, and
* nisthe number of data points used.

We obtained our computational values fdr4) and(15) by implementing their respective algorithms in C#
programming language.

2.4 Fibonacci number generation

In a single variable case [8] where the assumption ohaotelity holds, an application of the Fibonacci
Search Technique [11] is warranted. While locating thenwdtasymptoteH,,,,), the sum of the squared
residuals (SSR) is minimized between the fitted canve the actual data. The Fibonacci Search Technique
involves the use of Fibonacci numbers and can be generathad bypression

Fp=F1+F,, fork>1 withFy=1andF, =1 (16)
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The first k Fibonacci numbers are generated, where the numbenr§ te determines the number of
iterations that will be performed in the computationtioé optimal asymptote. The value lofcan be
computed from the relation

1 r

F, < m (17)

Wherer % is the interval of uncertainty ang, is thek® Fibonacci term.

To generate the Fibonacci number, we implemented an algarithihe C# programming language. Using
the Fibonacci Search Technique in computing the optinyahpi®te €,,,.), We proceed as follows:

1. A range of values of the energy consumption dats establishedwithin which the optimal
asymptote E,,,,) could be located. The lower limit, denoted Eas represents the maximum
monthly energy consumption value recorded. It has been obtaimedhe known historical energy
consumption data. The upper limsl§ can be computed as 100 times the valu&,oflf no solution
of E is found within the selected range, then it can be coeduthat the historical energy
consumption data has little influence on the optimal asymptote

2. Two equidistant pointg’ andE'’ from each end of the interval can be established asrsiow

Fig. 1.
E'=E +d, (18)
E"=E, —d, (19)

The distancel; is defined as

Fi_

d = —=2x1L (20)
Fy

L=E,—E, 21)

By definition, F,_, is the (k — 2)** Fibonacci number, is the k" Fibonacci number angk — 1) is the
number of calculations to be performed. Two calculatiohSSR are made at the pafitandE", namely
SSR, andSSR, respectivelywhere

n

— 2

SSR, = Z(Et - E,) (22)
t=1

_ E!

Ee =17 T e-(kat+ks) 23)
n

SSR, = ) (F, - E)? 24)
t=1

_ E"

(25)

b =T et iy

3. A new intervalE, andEj, is established based on the relative magnitud€SRf andSSR, which
have been calculated in the previous stefSR; < SSR,, then the regio®!’ Ey, is discarded and a
new upper limit is chosen &, = E!! and the lower limit is maintained & = E,. Alternatively,
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if SSR, > SSR,, then the lower regiof,E' is discarded such th&}, = EV andE, = E'. This
narrows the interval within which the optimal asymptetauld lie based on the minimuS8SR.
4. The new value of the narrowed interéahnd a new value for the distanggis then calculated as

follows:

L'=E,—E (26)
F_ ,

d, =—==x1L 27)
Fi—q

The new value of’ andE" and their correspondir€SR, andSSR, are computed.

5. Steps 3 and 4 are repeated, replacing old valudsaofiL with new values each time until all the
(k — 1) iterations are performed. At the final iteration, thenp®E’ andE!" will be very close
together as the intervalis narrows significantly by the Fibonacci Search Techniqueaeh step.
At this point the optimal asymptofg,,, is chosen as the value Bfwith the lowesSSR.

Upon the completion of this stagg, can now be used to compute the forecast consumptionVeighted
Moving Average algorithm is then further used in smootheairtghe forecast consumption data in order to
identify the required future consumption trend.

The implementation of the Fibonacci Search Algorithmdmmputing the value of the optimal asymptote
was performed using the C# programming language.

SSR

Ep ET E:” Ey
Fig. 1. Minimizing SSR using the Fibonacci search teclique
3 Results and Discussion

After the formulation of the model in the previous sectibiis necessary to put the model into practice in
order to get a clear understanding of how the model works. dtrapter focuses on using the model to
analyze some sample data which have been extracted tfremAutomatic Meter Reading database.
Computations at the various stages of the model arerperfband analysis done to show the predictive
potency of the model.

3.1 Analysis of a customer energy consumption

The consumption pattern of a single customer has been anatytes section and used to forecast future
consumption for thirty-six months. The thirty-six months il the period of the historical consumption
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data to allow for a comparison of the historical consimnpand the forecast consumption. The historical
energy consumption data used for the analysis has been availahke Automatic Meter Reading central
database where it was extracted for the analysis. Thkelntan however be extended to the total energy
consumption of a group of consumers.

We present a historical energy consumption data dieated consumer (See Table 1). The data ranges from
January 2012 to February 2013, a total of 14 months.

Table 1. Historical energy consumption data for a customer

Months Time (t) Consumption (KWH)
JAN 2012 1 1010.000
FEB 2012 2 1493.060
MAR 2012 3 5000.029
APR 2012 4 6002.968
MAY 2012 5 10003.00:
JUN 2012 6 12991.445
JUL 2012 7 14009.799
AUG 2012 8 17089.809
SEP 2012 9 17001.024
OCT 201: 10 22008.99
NOV 2012 11 22991.282
DEC 201. 12 23998.69
JAN 2013 13 25740.014
FEB 2013 14 25970.236

The analysis of autocorrelation reveals that autoctiozl coefficients range from -1 to 1. When the
autocorrelation coefficients are high, i.e. close-1g it implies that the data points are closely correlated
the specified time period. However, for the purpose of gaper, the preferred option is when the
autocorrelation coefficient is close to +1. This metinad it is statistically significant to make a foast to
the next time period based on the present data. A summag afutocorrelation coefficient valugsfor
time lags ofk = 1,2,3,4,...,13 months interval has been given (as Table 2 presents). Bxémom
periods apart which is 13 months was chosen to be one nessthhan the total number of months in the
historical energy consumption of the time series. Theegalgive a fairly good idea of the level of
correlation between the data points in the time series. Ibearoticed that the autocorrelation coefficient is
relatively high when the data points are one period apakedps reducing until the data points are four
periods apart after which it eventually assumes negatiues; but reasonably close to the positives. As a
result of the relatively good autocorrelation coefficient the first few time intervals, the model can be
applied to the historical consumption data in Table 1 to gikeaaonably good forecast. In computing the

autocorrelation coefficient, the average consumption frofleTa is computed using (11) to obt@in=
14665.026 KWH . The autocorrelation coefficient from one month up to 13 month®depart is
computed by applying10).

3.1.1 Computation of constants

The linear form of the logistic equation has been fittethéohistorical energy consumption data in Table 1
from which the constants, andk, are computed usin@l2) and(13). The following sums have been
computed:n = 14, Y'tE = 2017949.917)'t = 105.000,¥ t? = 1015.000 andy E = 205310.359.
Consequently, we obtain = 2101.636 andk, = —1097.245. After computing the constants andk,,

the values were rationalized by dividikg by itself and dividinge, by k, to obtaink; = 1.00 andk, =
—0.522. The values needed to be rationalized because the driginas of the constants have an unwanted
effect on the model results due to their large values.

10
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Table 2. Autocorrelation coefficient for historical energy casumption data

Period (k) Correlation coefficient (1)
0.808:
0.5915
0.3890
0.1696
-0.0129
-0.139¢
-0.2696
-0.351¢
-0.4376
10 -0.4306
11 -0.373!
12 -0.2927
13 -0.150¢

O©CoO~NOUIA WNPEF

3.1.2 Computation of optimal asymptote

Using an interval of uncertainty of 0.010 % produkes19 which requires the generation of the first 20
terms of the Fibonacci numbers (refer to Table B)e energy consumption interval within which the
optimal asymptote K,,,,) could be located has been computed. The lower Emnis the maximum
consumption value from the historical energy consumption datakile TaThe maximum consumption is
25970.236 KWH, which implies

E; = 25970.236 KWH
Ey = 100E,
Ey = 2597023.600 KWH
The consumption rangg, to E; has been used to compute the optimal asymptBig,() using the

Fibonacci Search Technique. From the iteration processeoFittonacci Search Technique, the optimal
asymptote has been computed and given as

Epmax = 37162.591 KWH

Table 3. First 20 terms of the Fibonacci numbersK},)

Record no F, Record no F,

0 1 10 89

1 1 11 144
2 2 12 233
3 3 13 377
4 5 14 610
5 8 15 987

6 13 16 1597
7 21 17 258¢
8 34 18 4181
9 55 19 6765

From the logistic equation, the forecast consumption fom8®ths starting from the first month of the
historical consumption is shown (Table 4). The optimal asyrapibthe logistic equation has significant
effect on the forecasts made. Once the historical liata been used to get the best fit, represented by the
constants of the regression equation, it is the uppertlaitdetermines the accuracy of the forecast. While

11
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the Fibonacci Search Technique used to compute the asymptoteehgzrtreen to be an effective method,
the value of the asymptote will depend on the extent of theudathin determining its value. The more the
available historical consumption data, the more acctiatasymptote value that has been obtained.

Table 4. Thirty-six (36) months forecast energy consumptiofor customer

Time Consumption Time Consumption  Time Consumption
(months) (KWH) (months) (KWH) (months) (KWH)

JAN 201 1111.00¢ JAN 201 25225.21. JAN 201« 31930.19

FEB 2012 1642.366 FEB 2013 27201.706 FEB 2014 32131.942
MAR 2012 5500.032 MAR 2013 28433.176 MAR 2014 32318.748
APR 2012 6603.265 APR 2013 28979.588 APR 2014 32492.211
MAY 2012 11003.306 MAY 2013 29461.713 MAY 2014 32653.710
JUN 201: 14290.59 JUN 201 29890.26' JUN 201« 32804.44

JUL 2012 15410.779 JUL 2013 30273.713 JUL 2014 32945.452
AUG 2012 16748.013 AUG 2013 30618.813 AUG 2014 33077.647
SEPT 2012 18701.126 SEPT 2013 30931.046 SEPT 2014 33201.831
OCT 2012 21568.811 OCT 2013 31214.894 OCT 2014 33318.710
NOV 201z 22531.45 NOV 201: 31474.06 NOV 201¢ 33428.90

DEC 2012 23518.723 DEC 2013 31711.628 DEC 2014 33532.987

We illustrate the trend of the historical and the forecassumptions plotted on the same set of axis (Fig. 2).
From the forecast consumption curve (illustrated with a bluree), it can be observed that the consumption
increases steadily from January 2012 until March 2013 aftéchathe graph slows down in its growth.
Between January 2012 and February 2013, the historical coriearhps been modeled using the developed
model after which the actual forecast has been done fromh\2913 onwards.

3.2 Comparison of historical and forecast consumptin data

At this stage, we present a comparison of the forecatst pgroduced by the model against the actual
historical data (see Table 5). The comparison has beenfrdonedanuary 2012 to February 2013. The first
column illustrates the period, the second column showdgotieeast consumption generated by the model
and the third column denotes the historical consumption dagafolinth column represents the difference in

value between the forecast and the historical consumptiole wte fifth column depicts the percentage

difference. The percentage difference has been computtieeto the historical consumption for each

period. To give a visual impression, we present a grajgh 8 that spans the period for which historical

data have been available. It graphically illustrates a casgraof the historical and forecast data. It could

be observed from the table that the forecast value at maxim@% more than the historical value and at
minimum 2% less than the historical value.
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Fig. 2. Graph of time against energy consumption for custoer
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Table 5. Comparison of historical and forecast energy consurtipn data

Time (months)  Forecast - F Historical - H (F-H) (F-H)*100/H
(KWH) (KWH) (KWH) (% difference)

JAN 201: 1111.00¢ 1010.00t 101.00( 10.0C

FEB 2012 1642.366 1493.060 149.306 10.00

MAR 2012 5500.03: 5000.02! 500.00: 10.0¢

APR 2012 6603.265 6002.968 600.297 10.00

MAY 2012 11003.306 10003.005 1000.301 10.00

JUN 201. 14290.59 12991.44 1299.14¢ 10.0C

JUL 2012 15410.779 14009.799 1400.980 10.00

AUG 201z 16748.01 17089.80 -341.79¢ -2.0C

SEP 2012 18701.126 17001.024 1700.102 10.00

OCT 2012 21568.811 22008.991 -440.180 -2.00

NOV 201: 22531.45 22991.28 -459.82¢ -2.0C

DEC 2012 23518.723 23998.697 -479.974 -2.00

JAN 201 25225.21. 25740.01. -514.80( -2.0C

FEB 2013 27201.706 25970.236 1231.470 4.74

3.3 Qualitative analysis of the forecast data

From (15 ), the Mean Absolute Percentage Error (MAPE) which imeasure of the forecasting accuracy
has been determined. Using the forecast and historicalingstion given in Table 5, we obtain MAPE =
6.77. From the value obtained for the MAPE, the forecast wamion on average is expected to have a
value of £ 6.77 % of the historical consumption.

The equilibrium solution of the Logistic differential eqoat(1) has been determined. From the equilibrium
solution determined, we ha¥e= 0 andE = E,,,, = 37162.591.

Based on the equilibrium solution obtained, the forecasswoption is expected to fall in the range
of 0— 37162.591 KWH.
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Fig. 3. Comparison graph for historical and forecast energgonsumption data
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4 Conclusion

The paper has completed the process of modelling commaraiaindustrial consumption of electrical
energy in Ghana. A mathematical model based on the lodifficential equation was used as the basis for
the development of the model. The rate of change of ermngyumption was expressed in the form of the
logistic differential equation, after which the analyticalusioin for the equation was obtained. The constants
in the analytical solution were obtained by analyzing hisabrenergy consumption data using Linear
Regression Analysis. The carrying capacity of the logesgigation referred to as the Optimal Asymptote in
this paper was obtained using the Fibonacci Search Technigué&ifdnacci Search Technique was equally
applied to the historical energy consumption data thatsed to compute the constants.

After the computation of the constants and parameter rielgctconsumption forecast was done for the
customer under consideration. The forecast consumption wagpared with the actual historical
consumption in order to ascertain the level of disparithefforecast from the actual. The model performed
well in predicting the forecast values as it predicted ctyréo the precision of a maximum of 10% above
and a minimum of 2% below the historical energy conswnpiata.

Further we performed qualitative analysis by computireg Mean Absolute Percentage Error which is a
measure of the forecasting accuracy of the model. Thee v@btained for the MAPE on the average is
expected to be £ 6.77% of the historical consumption.

This paper was limited to the development of a matheadatiodel for forecasting electricity consumption
of consumers whose historical consumption of electricatggnéollows the logistic growth curve. The
model generated a good forecast for consumers whose tastenergy consumption had logistic growth.
Therefore, it is recommended that any future resedrahld concentrate on developing a forecasting model
for consumers with non-logistic growth.
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