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ABSTRACT

LOAD FORECASTING
USING ACTIVE DEMAND

By
Antoine Salim Chamaa
Master of Science in Electrical Engineering

In this project we will simulate AD (Active Demand) and add them to a numerical
example in order to forecast the load for a period of one month. Active Demand is the
participation of small business and individual consumers in the energy price market. AD
is the fact that each aggregator sends KWH price range to each customer, so that he
forces him to increase or decrease his consumption depending on the price. The main
challenge of this project is that AD is a new concept that wasn’t used before, so we need
to simulate AD and come up with an algorithm that takes it into consideration based on
the previous forecasting method available. The method is done by decomposing the load
into two components, the base which depends on seasonal patterns and the residual term
which depends on stochastic fluctuations and the AD term.

vi

INTRODUCTION

Overview of the Project
In this project we will first introduce the concept of AD (Active Demand), and then we
will urge the necessity of using forecasting methods to forecast future load data.
Afterwards we will explain in details the most important forecasting methods available
and come up with a new forecasting method that takes into consideration AD effects,
based on the ARMA method. At the end we will simulate AD effects and add them to a
numerical example in order to forecast the load for a period of one month. Active
Demand (AD) is a new method in smart grids that was first introduced to the public by
the European project ADDRESS. ADDRESS (Active distribution network with full
integration of demand and distributed energy resources) is a large project first introduced
in Europe in 2008. The main goal of this project is to make the network more efficient by
20% and increase the use of renewable energy in Europe by 35%, this done mainly by
Active Demand. Active Demand is the participation of small business and individual
consumers in the energy price market. AD helps making the network more efficient by
changing the consumption of small business and individual consumers depending on the
price market, hours of the day and seasons, peak hours. AD is the fact that each
aggregator sends KWH price range to each customer, so that he forces him to increase or
decrease his consumption depending on the price. The main challenge of this project is
that AD is a new concept that wasn’t used before, so we need to simulate AD and come
up with an algorithm that takes it into consideration based on the previous forecasting
method available. The method is done by decomposing the load into two components, the
base which depends on seasonal patterns and the residual term which depends on
stochastic fluctuations and the AD term.
How the Network work in the presence of AD
The network in the presence of AD consists of the DSO (Distribution System Operator)
that has many aggregators. Each aggregator has consumers that consist of small business
consumers and individual consumers. The DSO ask the aggregator to increase or
decrease energy consumption in a certain area. The aggregator responds to the DSO by
sending signal to the consumers asking them to change their energy consumption during
a specified time. The consumer has the option to respond or not to the aggregator. The
aggregator forces the consumer to change his energy consumption by sending him a
signal telling him that the KWH price is higher or lower at a given time, or by telling him
that he will get a reward price if he varies his energy consumption. The consumer will
find it beneficial to change his energy pattern so that he gets the reward price or so that
his electricity bill goes lower. For example, if the energy consumption is high in a certain
area the aggregator may ask the consumers to decrease their consumption, so that the
network avoid overload or unbalancing, and the customers may respond by delaying
certain task (like running a washing machine) to a different time. Other reasons the
aggregator asks for an energy reduction are when the price market of KWH is high, or
when the weather is very cold or very hot. Another example, if a renewable energy utility
1

is running in a certain area and the energy consumption in that area is low, the DSO may
ask the aggregator to increase the energy consumption, the aggregator respond to the
DSO by sending a signal to the customers that the price of KWH at a specified time is
low so that the consumers increase their consumption.
In figure (1) the aggregator communicates with the consumer by the energy box that is
inside a consumer property. First of all, the energy box in each premise send a signal to
the DSO about the consumption , the DSO investigate the data, take the appropriate
decision and send a signal to the aggregator, that send the signal again to the energy
box, so that the customer change his load consumption pattern . The energy box sends a
feedback about the customer decision, to the aggregator that sends it to the DSO.

FIG1: Operation model of active demand [2]
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FIG2: Architecture of the ADDRESS project [2]
The architecture of the address project can be represented in figure (2). In the above
figure uchp (micro combined heat and power generation unit) represents a generation unit
found at a consumer property or near him, and PV (Photo Voltaic generation unit) are the
storage unit found at a consumer premise. Each consumer communicates with the
Aggregation function which is the aggregators, by the EB (Energy box) found in his
premise. The EB can be also used to control the appliances of a consumer. The TSO
(Transmission System Operator) serves as a security between the market and the
consumers. The DSO, which is the distribution system operator that monitors the
distribution network, communicates with the aggregators by the market that specify the
price of energy. The DSO decision is influenced by the price of market, the availability
of the DG (Distributed Generation) and renewable energy, energy consumption of
customers and stability of the grid. The DG, RES, retailer, trader, balancing responsibility
party and the centralized producer are the ones that fix the price of the market.
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What are the Economic Benefits of AD to the Market, the Aggregator and the
Consumers?
The consumer can reduce his electricity bill by looking at the energy box that keeps
updating him about the price of energy at a certain time. For instance, he can increase
energy usage in his property when the price of KWH is low or decrease energy usage
when the price of KWH is high. The aggregator don’t have to worry anymore if the price
of energy goes up, because with AD involved, he can sell the energy to his consumers
depending on the price of the market at a prorated price. The goal of the ADDRESS
project is to make the power system 20% more efficient by implementing AD. This can
be done by adding more DG and renewable energy generators at the consumer premise,
this is beneficial to the market.

4

NEED OF LOAD FORECASTING IN AN ELECTRIC DISTRIBUTION SYSTEM

In General
The load growth of a geographical area supplied by a distribution system is the most
factor affecting the growth of a distribution system. Therefore load forecasting is a very
important issue to the planning of a distribution system. There are 2 forms of load
forecasting, short range which extends up to 5 years and long range with time of 15 to 20
years of forecasting. One of the reason power utility companies use forecasting method,
is to know in advance how much power the utility should generate in a given day.
Another reason is that utility companies need to know in advance the resources that are
needed in the future for a given area.

FIG 3: Factors contributing to load forecasting [15]
We can see in figure (3) the data that affects load forecasting. Alternative energy sources
counts for renewable energy that are being used or will be used in the future. Load
density gives information about the load concentration in a given area. All of the data are
important to the distribution system and serves as inputs to mathematical algorithm in
order to forecast the load growth, whether long range or short range, of a given
geographical area. The forecasted load demand unit is in Watt.
For us to plan the resources needed for future demand we should forecast in a very
accurate way the magnitude and distribution of loads. The forecast is mostly based on the
historical loads demand and present load demand for a given geographical area. Another
important factor load forecasting should be based on, is the addition or removal of loads
of a geographical area in the future.
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Before 1974 load forecasting using the mathematical algorithm of the exponential trend,
was the method most used and it had very satisfactory result because the load growth per
customer was increasing by a constant rate. The exponential trend equation is defined by
Pn=P0
(1). Where Pn is the forecasted load, P0 is the initial load, g is the annual
rate increase and n is the number of years forecasted. Nowadays increasing of the price of
energy and slow economy growth has led to a slow demand growth rate that is not fixed,
that why the need today to new forecasting methods that consider more factors. Today
load forecasting is based often on forecasting each small area alone, or by forecasting the
growth on a substation by substation basis. Most forecasting methods falls into two
categories trending and land use method. Trending methods evaluate historical data peak
loads, and fitted them into a curve or a second method used. The second method is based
on the decomposition of the load into 4 categories. The four categories are basic trend,
seasonal variation, the cyclic variation which is based on 2 to 3years cycle and random
variation which occur on a daily basis and depend on the weather, peak times and day of
the week. In contrast, land use method involves mapping customers and future customers
to land coverage by type of customer. The type of customer can be residential,
commercial or industrial.
In the presence of AD
As mentioned before, the need of load forecasting is a must in distribution systems. Since
Active Demand is a new method that never been used before, historical data are not
present so that we use available forecasting methods. In this project a new method is
developed to come up with an algorithm that takes into consideration AD. The algorithm
is formed by implementing previous data that doesn’t involve AD and adding AD to this
data to come up to a forecasting algorithm. The new method is based on the
decomposition of the load into 2 components. The first one is the base load, which
depend on the season pattern and the second one is a residual term that depends on
stochastic fluctuations and AD. In this project a numerical example is being forecasted by
adding AD to the past historical data and getting simulation results.
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LOAD FORECASTING METHODS

Load forecasting is essential to the operation and planning of a utility company.
Forecasting of loads aids utilities to make the right decision which are purchasing and
generating electric power, load switching, and infrastructure development.
Linear Regression
In this method we use this equation y = a + bx
(2)
Where y is the peak load, x number of years forecasted.
a, b are the regression parameter that needs to be calculated in order to forecast the load.
Here the error is =
(3)
Where n is the number of years of previous data.
We can calculate a and b by taking partial differentiation with respect to a, b and setting
the error to
, we get the following answer.
(4)
Multiple Linear Regressions
In this method we use the equation y = a + bx1 + cx2
(5)
Where y is the peak load, x1 is the temperature, x2 is the population number.
Here the error is =
(6)
Where a, b, c are the regression parameter that needs to be calculated in order to forecast
the load.
We can calculate a, b and c by taking partial differentiation with respect to a, b, c and
setting the error to
, we get the following matrix

(7)

Where n is the number of years. yi, x1i, x2i are the previous data at a given year.
By replacing the regression coefficient in the first equation and replacing the value of x1
and x2 we can get the forecasted peak load.
Least Square Parabola
In this method we use this equation y = a + bx + c
(8)
Where y is the peak load, x is the independent variable that can represent any parameter,
for example temperature, population or any important parameter chosen by the user.
Where a, b, c are the regression parameters that needs to be calculated in order to forecast
the load.
Here the error is =
(9)
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Where n is the number of years of previous data.
We can calculate a, b and c by taking partial differentiation with respect to a, b, c and
setting the error to
, we get the following matrix.

(10)

By replacing the regression coefficient in the first equation and replacing the value of x
we can get the forecasted peak load.
Least Square Exponential
In this method we use this equation y = a
(11)
Where y is the forecasted load, x is the number of years forecasted. a represents the initial
load and b represents the load growth rate.
We can calculate a and b by using these equations

(12)

Where n is the number of years of previous data.
By replacing the regression coefficient a and b, in the first equation and replacing the
value of x we can get the forecasted peak load.
Moving Average
In the moving average method MA the value of the forecasted load y(t) is expressed with
respect to its previous values. The algorithm for the MA method is
(13)
Where a is the value of the previous load and can be calculated using one of the above
regression methods, q is the order of the polynomial .
Autoregressive
In the autoregressive method AR the value of the forecasted load y(t) is expressed with
respect to its previous values and a random noise a(t). The algorithm for the AR method
is
(14)
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The above equation can be written in a simpler form
(15)
Such that

(16)

and

(17)

Where y(t) is the load at time t, B is the backshift operator, A(q) is the delay polynomial,
are coefficient of delay polynomial, p is the order of the delay polynomial and a(t) is
the noise signal at time t. The coefficients of the A(q) can be calculated using the
method of the linear regression.
Small Area Load Forecasting
As mentioned, in the previous section small area load forecasting is based on forecasting
each small area alone, or by forecasting the growth on a substation by substation basis.
Small area load forecasting is divided into two sections trend and land use. Trending
methods evaluate historical data peak loads, and fitted them into a curve or a second
method that counts on seasonal variation, cyclic variation and random variation as
mentioned in the previous section. The second method is called land use which involves
mapping old customers and new customers to land coverage by type of customer.
Spatial Load Forecasting
Spatial load forecasting is the forecasting of future loads and load needed in a utility
service territory. Spatial load forecasting can be divided into different categories
depending on if they evaluate historical data, the type of grid and the type of the
forecasting method. Most of the new spatial forecasting methods use computers to define
rectangular grid to forecast uniformly small areas. Other methods use irregular shape
small areas by the method of feeder by feeder forecasting. Small area load forecasting is a
part of Spatial load forecasting that generally use land use method to forecast loads.
Spatial load forecasting accounts not only for a small area load forecasting but include
the effect of other nearby area that have the effect on the growth of a small area. One the
way this method is used is by having several inputs to the forecasting algorithm, the 2
most important inputs are the price of the market and the utility rate.

9

FIG4: The method of Spatial load forecasting [15]
Figure (4) represents the way a Spatial load forecasting operates using the method of land
use. The inputs to the system are the trending curve , historical data, present data and the
past map of the small area. After the inputs being calibrated and used in the forecasting
algorithm the spatial model come up with the output which is the forecasted map of the
customers at a specified time. The forecasted map gives information about the forecasted
load and its geographical location.

10

ARMA
The ARMA (Autoregressive moving-average) can be expressed by the following formula
(18)
Where
represents the load time series at time t,
t. represents the back shift operator such that

is the white noise series at time

and

(19)

can be expressed by the following algorithm
(20)
Where are parameters of the AR part and p is the order of AR.
can be expressed by the following algorithm
(21)
Where are parameters of the MA(moving average) part and q is the order of MA.
The algorithm can be solved by assigning monthly load peak values to each of the
parameter, and involve the consideration of temperature factors and the decomposition of
the load to stochastic and deterministic values. The user should aim to have the error as
small as possible in order to have a better forecasting of the load.
ARMAX
The ARMAX (Autoregressive moving-average with exogenous variable) can be
expressed by the following algorithm
(22)
Where y is the load at a specific time, u represent the temperature, e represent the white
noise error. A,B and C are parameters of the Auto regressive, exogenous and moving
average respectively. This model is formulated by a combinational optimization problem
then being solved by the method of heuristics and evolutionary programming.
Box Jenkis-Methodology
This method is based on a stochastic time series that is implemented in a system to get
the forecasted load for a period of maximum 5 years. This method accounts for
seasonable and secular making a trend of irregular events. This methodology is usually
achieved using software or a code. This methodology uses different method of time series
and pick up the one that is most suitable. After picking the best model the software
11

calculate the coefficients and test for the reliability. The two methods generally used in
Box-Jenkis are Auto-Regressive method and Moving Average. This method usually
choose one the two forecasting method ARMA or ARIMA( autoregressive integrated
moving average), depending on the one that has the best fit of time series, the one that
has the least error.
1-Auto-Regressive method
Auto-Regressive method is expressed by this equation
(23)
Where Zt is the value of peak load, at is the error and
linear regression.

is calculated using the method of

2-Moving Average method
Moving Average method is expressed by this equation
(24)
Where at= forecasted value-observed value,
can be calculated using one of the
regression methods and Zt is the value of peak load.
3-Testing models
Step 1: Generate forecast values, Zt
Step 2: Calculate the error, at by testing.
Step 3: Calculate the autocorrelation residuals rk*at
Where

and

(25)

Such that n=number of observation and k=n/4
Step 4: Compute Q which is given as:
(26)
Step 6: Test of adequacy
If Q<k-p-q then the system is adequate for use.
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Matlab Numerical Example using Least Square Exponential
In this part we simulate a matlab program using the method of least square exponential.
The data for the peak load from 1997 to 2004 are: 3094, 2938, 2714, 3567, 4027, 3591,
4579, and 4436. [15]
The average rate of growth and the forecasted demands for the next 10 years are
simulated in the matlab program.

FIG 5: Matlab software based on the least exponential method
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FIG 6: Matlab output data based on the least exponential method

FIG 7: Matlab output curve based on the least exponential method
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LOAD FORECASTING USING AD

Notations
Let (y) be the load consumption of a given area, at a given time.
Let (u) be the outdoor temperature of a given area, at a given time.
Let (ad) be the requested load profile, in KW send by the aggregator to the consumer.
Let (adtrue) be the response of the customer to the aggregator, his actual load consumption
in KW at a specific time.
Let (Ts) be the sampling time, the time needed for the next ad signal to be send, after an
ad signal has been sent. In the ADDRESS project Ts is 15 min, every 15 min a new signal
ad is sent by the aggregator to the customer. The unit of Ts is minutes.
Let (nh) be the number of samples per hour. Where nh= 60/Ts
(27)
Hence if Ts=15 min, then nh=4 samples per hour.
Let (nd) be the number of samples per day. Where nd= 24* nh
(28)
Let (nw) be the number of samples per week. Where nw= 7* nd
(29)
Let (k) be the discrete time index, k increment by one every time an ad signal is sent.
Where k=0, 1, 2, 3 ………….., ∞. For example y(k) represents the magnitude of the load
at a discrete time k. Hence, y(0) represents the magnitude of the load at the time origin.
Let (t) be the continuous time index. t=k*Ts
(30)
Let (x) represents any variable. Then x(k+h) is the actual variable magnitude at a time
k+h, and (k+ k) represents the forecasted magnitude of x at the time k+h.
Analyzing and Formulation of the Problem
We need to come up with an algorithm that involves the use of AD in distribution
systems. We need to forecast the load magnitude at time k+h based on the information
that we have which are the load up to time k, ad signal up to time k+h, u up to time k and
the forecasted temperature until time k+h.
The problem can be solved by the following formula called the grey-box approach
(k+

k) = f(z(k))

(31)

Where (k+ k) is the forecasted load at a time k+h and z(k) is a vector representing a
subset of all the information that we have mentioned above, whereas f( ) the function
operator, can be any forecasting method algorithm.
From equation (31) one can easily derive the actual magnitude of the load at time
k+h.
y(k+h) = f(z(k)) + e(k)

(32)

Where e(k) represents the error at a given time k.
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In order to choose the right forecasting method to plug it in f( ), one should test all the
methods and choose the one that has the least error e(k).
In this problem there is more information that is available to use. Suppose that each
customer is enrolled with many aggregators (M aggregators) that send him ad signals. ad
can be expressed with respect to forecasted load and the actual load consumption.
–

(33)

Where y is the actual forecasted load, yb is the expected load without the consideration of
AD effects and
represents the response of a customer to an aggregator. If the
value of
is positive that means the customer decreased his consumption or if
negative it means he increase his consumption with respect to yb.
Another previous knowledge known to the user is that yb can be decomposed into 2
components b and rb. Where b is the base load depending on the time pattern (time, day,
and week) and rb represents the stochastic fluctuations. Note that, the base term is the
trend term which signifies the progression of the series, whereas the residual term is a
repeating pattern of equal intervals of time.
yb = rb + b

(34)

By substituting (33) into (34) we obtain
–
Where

(35)
–

(36)

In this way r, which is due to stochastic fluctuation and AD effects, takes into account all
the perturbations that affects the base b.
Now we need to forecast r and b in order to find the forecasted load y. The formula of the
forecasted load can be written as
(k+

k) = (k+h) + (k+

k)

(37)

Estimation of the Base b
We need to estimate the base load which depends on periodic pattern. For simplicity
holidays are not considered.
We can estimate of the value of b using the following formula
(

(38)
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Where ( is the estimated value of b at time k and is called the smoothing parameter,
which can have values between 0 and 1. If
is close to 0 gives a stronger weight to the
residue term while values of close to 1 gives a stronger weight to the base term.
Note that
, which is the number of sample per week, can be replaced in equation (38)
by any other parameter that define the number of sample in a specific time.
Forecasting of the Residual r
Forecasting r is made by estimation of b first than use the value of b to forecast r. From
equation (27) we know that
. As mentioned previously the choice of the
forecasting algorithm to forecast r can be any algorithm but one should choose the model
that has the less errors based on testing. In this problem we use the ARMA method to
forecast the value of r. The equation to forecast the residual term based on the ARMA
model can be characterized by
(39)
Where

is the stochastic fluctuations calculated based on the ARMA

model, refer to section 3 equation (18).
On the other hand,
represents the AD term, the consumer response to the ad
signal sent by the aggregator. The formula of the AD term is explained later in this
section.
In this method a linear algorithm is chosen because linear algorithms are proven to be
more efficient in short time forecasting. The limitation of this linear method is that it
considers that the response type of the customer to an ad is assumed to be the same
always no matter the time of the day. In order to make this method accounting for time
varying AD signal one might use an algorithm like the piecewise – linear models.
Since AD never been implemented before in any network, there are no data involving AD
to test the above algorithm. In order for us to test the above algorithm we need to
simulate AD effects and add them to the data not involving AD. This is done by filtering
adm in a model, in order to generate the response of the customers to an AD,
. The
model needs to consider 2 important facts. The first one is that adm has a finite duration of
time, this infer that
must be finite. The second one, is that the consumer most of
the times will not response the same way as directed by the aggregator, for instance the
consumer response may be delayed with respect to adm, or his load consumption may be
higher or lower than the requested adm.
Based on the two facts above we can come up with an equation to forecast

(40)
17

.

Where

is the white noise error, q is the back shift operator such that
(41)

The formula of

is
(42)

Where
are coefficients that can be calculated using the method of autoregressive.
Combining equation (40) to (42) we get the following general equation

(43)
The degrees of the
,
and
polynomial is chosen based on testing of the
different combinations in (39) and then choosing the one with the least error, the one
that have the smallest variance , based on the following equation
(44)
Where

(45)
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NUMERICAL EXAMPLE

In this section we give an example of an aggregated load data network for a period of
month, we forecast the data based on section 4 and add them to a forecasted AD profile
requested by an aggregator. In the first part, we take an example of a one cycle AD
request then we simulate it in matlab to get the actual AD profile. In the second part we
take an AD requested by the aggregator for a period of one month, we simulate it in
matlab to get the actual AD profile. In the third part, we forecast the load data based on
the model in section 4, then we add it to the actual AD profile. In the last part, we
compare the forecasting results obtained in the third part with the load data given in the
example.
One Cycle of an AD Requested
In this part we assume that the sampling time Ts=15 min. We assume that the requested
AD profile is 60KW for a period of 2 hours and the energy payback, which is usually sent
by the aggregator after a requested AD, is proportional to the requested AD with a factor
of 0.3, half the duration of AD requested and with magnitude of opposite sign. In this
example, based on equation (43), the parameters used to get the actual AD profile are
M=1 aggregator
We assume there are only one aggregator operating and that the error
Based on the above parameters equation (43) becomes
(46)
Based on the above information, we wrote a code in matlab in order to get the AD
requested ad and the actual AD ad true for a period of 5.5 hours and for
5.5*(60/15) =22 samples.
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FIG 8: Matlab code to simulate AD true for one cycle

FIG 9: Requested AD by the aggregator
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FIG 10: Actual AD profile
We can see in fig(9) the requested AD profile that has a value of 60KW and the payback
effect which has a magnitude of
. In fig(10) the actual AD profile of
the consumers is shown.
Full Period of an AD Requested.
In this example we simulate the AD requested profile of an aggregator for a period of one
month, the same parameters and assumptions used in part 1 are used here, but the request
AD profile is generated randomly by selecting a value between 10 and 20 KW or
between -10KW and -20KW and the duration of the later is chosen randomly between 1
to 4 hours. The interval between the end of an AD requested signal (including the energy
payback) and a new AD requested signal is chosen randomly between 12 hours to 3 days.
Below is matlab code that generate AD requested signal for a period of one month.
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FIG 11: Matlab code to simulate AD requested for one month part 1
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FIG 12: Matlab code to simulate AD requested for one month part 2
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FIG 13: Requested AD by the aggregator for a period of one month
We can see in FIG 13 the requested AD profile of one aggregator for a period of one
month. Note that each day represents (60/4)*24=96samples, so every 96 samples is a new
day. Based on the above information we need to write a matlab code to get the actual AD
profile of the consumers, for a one month period.

FIG 14:Matlab code to simulate AD true for one month
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FIG 15: Actual AD profile for a one month period
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Forecasted Load Data added to the Actual AD Profile
Now we take as an example, an aggregated load data of a Glendale low voltage network
for the month of November 2013. The aggregated load data for the Glendale low voltage
network on a daily bases is.
MONTH DAY

LOAD
KW

2013

11

1

149

2013

11

2

126

2013

11

3

131

2013

11

4

151

2013

11

5

150

2013

11

6

153

2013

11

7

157

2013

11

8

154

2013

11

9

135

2013

11

10

132

2013

11

11

152

2013

11

12

155

2013

11

13

165

2013

11

14

167

2013

11

15

151

2013

11

16

135

2013

11

17

133

2013

11

18

152

2013

11

19

152

YEAR

26

2013

11

20

153

2013

11

21

152

2013

11

22

152

2013

11

23

136

2013

11

24

133

2013

11

25

152

2013

11

26

153

2013

11

27

149

2013

11

28

126

2013

11

29

142

2013

11

30

133

Table 1: Load data of a Low voltage network for the month of November
In this part we use the load data in table 1 to forecast the load for a period of one month.
We first use SPSS software to decompose the load into the residual term and the base
term. Then we forecast the residual term in SPSS based on equation (39) but without
taking into account the ad term. Then we forecast the base value in matlab based on
equation (38). At the end we add the forecasted residual term to the forecasted base and
the actual AD profile simulated in part 2.Note that, the base term is the trend term which
signifies the progression of the series, whereas the residual term is a repeating pattern of
equal intervals of time.
First of all we need to decompose the actual load profile into r ad b values . To do this we
add the load data into SPSS, then we define dates for each load value, based on a one
week period cycle. It is important to define periodic dates in order to get an accurate
value for the seasonal term b. Below is a representation of the load with respect to the
dates.

27

FIG 16: Defining dates in SPSS

We can see in the above figure that the load data are the same as table 1. Moreover, we
can see that the first entry has a date of Friday which is the actual day of the week for
November 1 2013.
Then we use the seasonal decomposition in SPSS in order to get the value of r and b, the
output is given below. Note that, SPSS only shows the trend value b, in order to obtain
the residual value we use equation (35) which is the load minus the base value.
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FIG 17: Decomposition of the base and residue in SPSS.
The next step is to forecast the value of the base in order to obtain the forecasted value
for the month of December 2013. We use the value found in SPSS in order to forecast
the base in matlab base on equation (38). Note that we replace
in equation (38) by the
number of sample for one month which is 30 samples, one sample per day. Note that we
consider
giving a greater weight to the residual term. Below is the relevant
matlab code with the output curve and data.
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FIG 18: Matlab code to forecast the value of the base for one month
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FIG 19: Load curve and data of the forecasted base in matlab, for month 12.
The above data are the forecasted daily December value of the base from day 1 to day
30. The next step is to forecast the residue term. In order to have a good forecast of the
residue we need to have an independent variable which is the AD requested profile added
in the SPSS file. Below is the relevant AD requested added in SPSS for the month of
November and December.
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FIG 20: AD request profile added in SPSS
For the first 30 values (November) of AD requested the value were based on that the AD
profile should be proportional to the residue term. For the last 30 values(December) the
value were taken from part 2 based on the highest AD profile requested in a given day.
Note that the residue value and AD request should be proportional because the aggregator
takes decision based on the day of the week, and that the residue is dependants on the
day of the week.
We use the create model tab in modelsim in order to forecast r, below is a brief
demonstration.
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FIG 21: Forecasting settings in SPSS

FIG 22:Forecasting period settings in SPSS
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We have chosen the residue as the dependant variable and the AD requested as the
independent variable, we chose expert modeler with an ARIMA(autoregressive integrated
moving average) model this feature try different combinations of the coefficients of
ARIMA and give us in return the one that has the less errors and the best fit curve.
ARIMA model is the same as the ARMA model but has a third term which is the
integrated part. In order to get an ARMA(p,q) model from an ARIMA(p,d,q) the d term
should be equal to 0. At the end we have chosen the end of the forecast period to be the
second day of the 10th week which is the 30th of December.

FIG 23: Output curve of the forecasted residue in SPSS
Above we can see in the output that the best fit is with ARIMA(2,0,0) which is equivalent
to an ARMA model that has a coefficient of 2 for the autoregressive and 0 for the moving
average part. The number of predictor is 1 which is the AD requested. The R squared has
a value of 0.813 and the Sig has a value of 0.512, this infer that it is a good prediction,
because in statistical problems the value of Sig should be greater than 0.5 and the value
of R squared which corresponds to 81.3% of accuracy.

34

FIG 24: Output data of the forecasted residue in SPSS
Above are the forecasted values of the residue for the month of December
Now we need to add the forecasted residue to the forecasted base and the actual AD
profile to obtain the overall forecasted load for the month of December based on
equation (35). Below is the relevant matlab code.
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FIG 25: Matlab code to forecast the load for one month including AD part 1
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FIG 26: Matlab code to forecast the load for one month including AD part 2
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Below is the forecasted load curve for the month of December from day 1 to day 30.
Again each 96 samples represents one day.

FIG 27: Forecasted load curve for the month of December
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Comparison between the Forecasted Data and the Actual Data
In this part we need to compare the forecasted results obtained in part 3 with the actual
load data for the month of December. Since the actual load data are free of AD effects,
we shouldn’t take into consideration AD effects.
Below is a matlab code that adds the forecasted value of the base with the forecasted
value of the residue for the month of December. Note that the residual data differ from
part 3 because the AD effects wasn’t consider here as an independent values.

FIG 28: Matlab code to forecast the load for one month not including AD
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FIG 29: Forecasted load curve for the month of December without AD effects
Above are the forecasted load curve and the forecasted load data without AD effects for
the month of December 2013.
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The actual load data for the month of December 2013 are below.
MONTH DAY
YEAR
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013

12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

LOAD
KW
132
154
157
156
159
159
149
150
169
165
161
160
159
144
140
162
162
159
165
159
146
141
155
149
129
152
152
138
135
152

Table 2: Load data of a Low voltage network for the month of December

41

We can see that the forecasting results are not close enough to the actual data.
Temperature variable should be included in the calculation of the residue in order to
obtain better results. This is done by adding the actual temperature for the month of
November and the forecasted temperature for the month of December. Although this
method takes into account weekends, it doesn’t take into account holidays which if
considered in the calculation improves the efficiency of the method.
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CONCLUSION

The ADDRESS project is studying the implementation of AD in an electrical system. The
concept of AD is to add a meter in each house that communicates with the aggregators in
order to have economic benefits to the consumers and the aggregators. The decision of
the aggregator is due to the price market and the load availability. Load forecasting is
very important to the planning of a distribution system and for the knowledge of the
amount of resource needed in a given period of time. The most important factors
affecting load forecasting are weather, population growth and historical load data. In this
project we developed a new method to forecast the load using AD effects, the method
consists of decomposing the load into the base and the residue term. Afterwards, we took
numerical data of low voltage network and we forecasted the value for one month using
SPSS and matlab software. The AD effects were simulated in matlab for a period of one
month with 2880 samples each sample having a magnitude between -20 and 20 KW, the
actual load was decomposed in SPSS and the value of the residue was forecasted in SPSS
taking into account AD effects as an independent variable. The base was forecasted using
an exponential smoothing in matlab and then added to the forecasted value of the residue
and forecasted AD in order to obtain the forecasted load for a period of one month. At the
end, we compared the forecasted load for the month of December without AD effects,
with the actual load for the month of December. The results were not close enough
because temperature and holidays weren’t taken into consideration.
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