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Application of Fuzzy Multi-Objective Decision Making in Spatial Load Forecasting
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Abstract: Electric distribution system planning is to provide
an economic expansion plan to meet the future demands in its
territory. A forecast of the future electric demand and its
geographic distribution is a prerequisite for distribution
planning. The quality and accuracy of this forecast have large
influence on the quality of the electrical distribution system
planning. Spatial load forecasting emerges to provide a more
accurate prediction of both the magnitudes and locations of
future electric loads. Since the load growth pattern is
dominated by its land-use (residential, commercial, or
industrial), the land usage study of small area is important to
capture the future loads accurately. There are many factors
which will affect the customer land-use decision, for example,
distance to highway, distance to urban pole, and the costs.
The customer’s preferences can be estimated based on these
objective factors. Then the land utilization and the electricity
consumption can be estimated. Since the objectives
sometimes are conflicting each other, it can be cumbersome
to use conventional cost function approach to determine the
land usage decision. This paper will apply fuzzy multi-
objective  decision making scheme to the urban
redevelopment and spatial load forecasting, which is more
naturally and straight forward used to handle the spatial load
forecasting problem. An example is used to illustrate the
proposed methodology.

Keywords: Spatial load forecasting, land-usage, urban
redevelopment, fuzzy logic, Yager multi-objective
decision making, information technology

1. Introduction

Distribution systems aim to provide reliable power to
customers in a large geographic areas. In the planning stages,
utilities need to plan ahead for anticipated future load growth
under different possible scenarios. Based on load forecasts,
they will decide whether to built new facilities or upgrade the
existing facilities. Their decision can affect the earning or
losing millions of dollars for their companies as well as
customers’ satisfaction and operational reliability. Therefore,
decision making tools are important to make a right decision
based on given information. The correct plan will rely on the
accurate load forecasting.

For distribution planning, not only the load magnitude but
also its location are to be predicted. The load in distribution
level is highly stochastic (‘needle peaks’) and greatly affected
by land usage, weather, and living habits. Apparently, the
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distribution load forecasting is a high dimensional, stochastic,
nonlinear, and time varying problem. There are few
successful either mathematical models or statistical regression
models for distribution load forecasting.

There are a lot of unforeseen situations may occur and
land usage may change through time. For example, the new
construction of a highway, the move in of a large industry
plant. These external factors can substantially affect the land
usage, thus the load growth. The distribution system planners
need to aggregate different types of information to predict
what might happen in their service areas in the future and plan
accordingly. Load studies shows that the land usage dominate
the load growth pattern and load shapes because they employ
similar type of appliances and have similar needs and
schedule [1].

The land usage based spatial load forecasting computer
simulation has been proposed and used to aggregate
appropriate geographic information to simulate future load
growth based on different anticipated scenarios [2]. The
increasingly popular, affordable, and accurate Geographic
Information Systems (GIS) technology provide an excellent
data base platform for spatial load forecasting techniques.
The use of GIS can save thousands of man hours for utilities
to collect relevant geographic data [3]. Thus spatial load
forecasting technology become even more attractive than
before both from economical point of view and superior load
forecasting accuracy.

There are a few stages for spatial load forecasting as
shown in Figure 1. The spatial information is used to predict
the land usage. Each land usage is mapped to a load growth
pattern. The land usage and load growth are then calibrated
based on different constraints, such as system load growth,
budget available, future economy growth of the area, etc.

geographic
information

land usage
decision

_ | load growth
estimation

constraintg

Figure 1. diagram of land-use based spatial load forecasting.

Spatial load forecasting techniques have been shown to
provide superior results than other distribution load
forecasting methods such as regression [4]. Land-use based
spatial load forecasting simulation program is basically a tool
to select land usage and project the future loads under
different scenarios. This is a typical decision making problem.
Generally, heuristic intuition, expert knowledge and
experience, and linguistic descriptions are very important for
engineers to evaluate the results. Since some information only
can be described imprecisely and some others only as quality,
the decision making environment is fuzzy. The conventional
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multi-objective decision making scheme does not capture
imprecise information and quality data in an effective manner.

As shown in Figure 1, land usage decision making is an
important part for spatial distribution load forecasting. [7, 8]
has reported the feature map approach for spatial load
forecasting. [9] has introduced the Fuzzy Logic techniques to
solve the spatial load forecasting land usage selection. This
paper will focus on using Fuzzy Multi-Objective Decision
Making techniques to solve Spatial Load Forecasting
problems.

2. Spatial Load Forecasting Modeling
2.1 Spatial Load Forecasting Problem

As discussed in [10], three kinds of information are
involved in the decision process : Goals, Constraints, and
Alternatives. For the spatial load forecasting problems, we
have to identify them appropriately.

Goals are what we want to achieve out of the decision
process. In the land usage spatial load forecasting program,
distribution engineers want to predict the likelihood of land
usage changes in the future due to different influential factors,
then estimate the spatial load growth patterns accordingly
under different scenarios in order to plan the distribution
system ahead of time. The land usage goals can be further
categorized as :

1. Determine whether the land needs re-development [7],

2. Determine what land class the site will become if re-
development is required, and

3. Determine the corresponding load growth for the land
usage.

Constraints/criteria are limiting factors that are needed to
consjder before deciding how to achieve the goals. The land
usage constraints/criteria can be Land-use Preferences,
Budget Limitations, Geographic Constraints, etc.

Alternatives in the land usage decision are the available
choices for land usage under consideration. For example, the
alternatives are different land class usage: Vacant land, Light
Residential, ..., Heavy Industry.

2.2 Issues Under Considerations

In order to use fuzzy logic technologies to solve the
problem, there are three major issues needed to be addressed:

1. How to implement linguistic descriptions of the land-use
selection and load forecasting?

2. How to aggregate the available information for decision
making?

3. How to infer the final decision based on the aggregated

information?

In this paper, three popular fuzzy logic techniques are used to
answer the issues posted. Membership functions will be used
to convert the input values to the linguistic descriptions and
membership values. The min fuzzy inference is used to
aggregate inputs and fuzzy rules. Centroid rule, which is the
popular method to perform defuzzification in fuzzy logic

[11], will be used to evaluate the fuzzy outputs into an crisp
preference value for each alternatives for decision making.
Yager’s multi-objective decision technique [10, 12] will then
be used to infer the final decision making based on the
preference value obtained from the Centroid rules and the
The overall decision process is

weightings of objectives.
shown in Figure 2.
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Figure 2. Fuzzy multi-objective decision making process

Fuzzy logic technology is a rich field with a large amount
of theory and operations developed [11]. This section briefly
describe the techniques in fuzzy logic, including membership
functions, fuzzy rules, fuzzification, defuzzification, and
fuzzy multi-objective decision making in order to facilitate
our future discussion. For more detailed information about
fuzzy logic technology, please refer to [13].

2.3 Fuzzy SetsyMembership Functions and Fuzzification

A fuzzy set is a set containing elements that have varying
degree of membership in the set. Elements of a fuzzy sets are
mapped to a universe of membership values using a function-
theoretic form and is termed membership function [10]. There
are different ways to come up with membership functions.
Subjective judgment, intuition and expert knowledge are
commonly used in constructing membership functions.

Linguistic terms such as Close and Far are often used to
describe distance. Distance from highway is an important
factor for many buyers to determine whether the site is
suitable to be used as a residential site, commercial site, or
industrial site. Since the descriptions of many linguistic terms
are relative in nature, we need to define the range of the
membership functions of the linguistic variable to cover. The
range is termed the universe of discourse of the membership
function. The membership values of each functions are
usually normalized between 0 and 1, where 0 indicates non-
member and 1 indicates full member of the membership
function respectively. Figure 3 shows the membership
functions of three linguistic variables: Very Close (V),
Moderately Close(C), and Far(F) used to describe the
distance from the highway. For example, 1 miles has 0.5
membership value of being moderately close while 0.5
membership value of being very close.
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Figure 3. Distance membership functions.

Even though the choices of membership functions are
subjective, there are still some rules of thumb for membership



function selection that can produce good results [5]. In
general, we would like to choose the membership functions
which overlap other neighboring membership functions by
25-30 %. In addition, we would like to select sensible
membership values.

2.4 Fuzzy Rules

Heuristic and expert knowledge are often expressed
linguistically in the form of If-Then rules. These rules can be
extracted from common senses, intuitive knowledge, survey
results, general principles and laws, and other means that
reflect actual situations. For example, the average home buyer
generally prefers to buy a house that is close to highways for
the convenience of commuting, yet not too close to highways
in order to avoid the noises and air pollution generated from
the highways. The rules for selecting residential site with
respect to distance to highway can then be described as:

1. If the distance is very close to the highway, then strongly
against.

2. If the distance is moderate close to the highway, then
strongly prefer.

3. If the distance is far from the highWay, then moderate
against.

2.5 Spatial Load Forecasting Description

One of the major process in the land-use based spatial
load forecasting relies on the prediction of future land usage.
The choice of land usage belongs to the multi-objective
decision evaluation problem that is based on different factors.
The typical multi-objective decision problem, which basically
a decision process, involves the selection of one alternative,

a;, from a universe of » alternatives 4 = {al,a2,~-,an}

given a set of r objectives/criteria O = {ol,oz,m,or} that are

important to the decision making. Each alternative will be
evaluated on how well it satisfies each objective.

Distance to highway concept is straight forward [1].
Urban pole concept has been used in city planning and
modeling [14]. Among a city or town, site preference may
attracted to or repulse from some salient point of geographic
interests such as center of district, shopping centers, ball
parks. The influence of the center of interest is often
presented by the Urban Pole concept [1].

For example, there are three alternatives - residential,
commercial, and industrial - are considered for land-use
selection in the spatial load forecasting problems [9], that is,

n=3 and 4= {al,az,a3} . Suppose two objectives are
considered - 0; distance from highway and 0, distance from

urban pole - then# =2 and 0 = {01,02} .

2.6 Yager’s Fuzzy Logic Multi-Objective Decision Making

Scheme

Each alternative will have a crisp output value after the
defuzzification method [12]. In the multi-objective decision
making process, each objective has its relative weighting with
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respective to others. In 1981, Yager proposed an approach for
decision making that required only ordinal information on the
ranking of preferences and importance weights [10]. This
process naturally requires subjective information from the
decision authority concerning the importance of each
objective. Based on the multi-objective decision making
formulation described previously, the decision measure for a
particular alternative, a, can be replaced with a. classical
implication of the form [12],

M(0;(a),b;)) = b; > O;(a) = b; v O;(a). Q)
where El = l—bi and V is the max operator, i.e.,
I;j v O;(a) = max{l?l-,()i(a)} . 2

The implication preserves the linear ordering required of
the preference set, and at the same time relates the two
quantities in a logical way where negation is also
accommodated. Justification of the implication as an
appropriate measure can be developed using an intuitive
argument [10]. A reasonable decision model will be the joint
intersection of » decision measures,

ro
J = l_r:]l(bi SEAR 3)
is the alternative that

*
and the optimum solution, a ,
maximizes J. If we define

hence #Cz‘ (a) = max[,u[; (a),yoi (a)} ) 5
13

then the optimum solution, expressed in membership form, is
given by :

*
Hpla ) =y [min{ucl \[a),ucz(a)wuucr (a)}] (6)

Yager’s decision making requires users to rank the group
of goals and the group of constraints along a comparative
scale of importance from 0 to 1 (create fuzzy membership
functions for each inputs and outputs). Then measure each of
the user’s alternatives against each of the goals and
constraints and rank them from 0 to 1 (another membership
function concept).

The preference weighting factors, B = {bl,bz,---br} ,will

be assigned to each of the objectives to quantify the decision
maker’s feelings about the influence that each objective
would have on the chosen alternative. They are used to
convert the multiple objectives into an overall decision
function in some plausible way. The negation of the
preference weighting & ' acts as a barrier such that all
distinctions less than that barrier is disregarded while those
distinctions above the barrier is kept. The more important is
the objective, the lower is the barrier, and thus the more level
of distinction there are.
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In the previous example, the preference weighting factors
B = {bl,bz} are the user defined preference on the objectives

{01,02} and indicate the relative importance of each

objectives toward the decision making process.

3. Implementation of Land-use Selection

This section presents a land usage based spatial load
forecasting prototype demonstration of using fuzzy logic
decision making scheme of the land usage determination,
from which predicts the future spatial load growth.

3.1 Multi-Objective Decision Problem Set-Up

As mentioned in previous sections, the illustration
problem is formulated as following :

A 10x10 land grid sites assuming all environmental
conditions are the same except the distance to the highway,
which is under construction, and distance to the urban pole
center as shown in Figure 4. There are three alternatives for
land usage - residential, commercial, industrial.

Urb\an Pole Highway

S7 0O Commercial
s5 B Residential

s3 industrial

Figure 4. The illustrative example

The goals of the land usage selection are :

1. To maximize the land value by satisfy the preference of
decision makers.

2. To minimize the redevelopment costs.

The inputs for the decision making process is :

The distance of the site to the highway.

The distance of the site to the urban pole.

The original land-use information.

The cost of redevelopment from one land-use to another.

b

.2 Membership Function Set-up

The preferences of the land usage depends on the two
external factors: distance to highway, Dh, and distance to

urban pole, D,,. The distance to highway and distance to

urban pole are described by linguistic variables : very close
(M), moderately close (C), and far (F). The membership
functions representing these variables have been shown in
Figure. 3. Since the grid size under consideration is 10 x 10,
therefore, the universe of discourse of the input variable is [0,
10]. The preference values are normalized between [0, 1], in
which 1 indicates completely prefer and 0 indicates
completely against.

Figure 5 shows five membership functions to describe the
different site preference: strongly against (SA), moderately
against (MA), neutral (NT), moderately prefer (MP), strongly
prefer (SP). Again, the preference membership functions are
normalized between [0,1].

WSA  MA
1.0

NT MP SP

' N . reference
0 01 02 0304 0506 07 08 09 1.0
Figure 5. Preference membership functions.
3.3 Fuzzy Rules

The rules for selecting land usage with respect to distance
to highway and urban pole can be described by the linguistic
variables in the Table 1, 2. It means ‘If a site is very close to
highway, then residential choice will be moderately against’.

Table 1: Fuzzy rules for the distance to highway

Highway Residential | Commercial | Industrial
Very Close MA SP SP
Close SP NT SA
Far MA MA SA
Table 2: Fuzzy rules for the distance to urban pole

Urban Pole | Residential | Commercial | Industrial
Very Close SA SP SA
Close MP MP MA
Far MA MA SP

Not only the distance to highway and urban pole, but also
redevelopment cost is considered in land-use selection. The
redevelopment cost is listed in Table 3. Since cost is to be
minimized, the preference of redevelopment is defined as

1- Y;j , where T is the cost of redevelopment from ith land-

use to jth land-use.
Table 3: The redevelopment costs

Residential | Commercial | Industrial
Residential 0.0 0.2 0.3
Commercial 0.3 0.0 0.4
Industrial 0.3 0.2 0.0

The importance weighting factor of each objective b is set
differently based on the decision maker’s preference. For
example, highway: & = 0.7, urban pole: by = 0.6, cost:

by =05, that means highway criterion is more important

than the urban pole criterion while urban pole objective is
more important than the cost criterion.

The centroid rule is applied to defuzzify the preferences to
highway and urban pole. These preferences and the
preference of redevelopment on cost issue are aggregated by
their important weighting factors based on the Yager’s
approach.



For example, site (S6, 5) is a residential site which is 1.5
miles away from highway and 2.55 miles from urban pole.

o fuzzification to get H(d;) = {v /1025, C /075 F 10}
s apply all applicable rules P, = {MA /025, SP/ 0.75}
» defuzzification to get a crisp preference pp = 08125

Where D, 13R are fuzzified distance to highway and

preference to residential, Pp is the defuzzified preference.

Same procedure will evaluate other two alternatives and get:

P = {sp 1025, NT 1075} pe - 0625

P = {SP/O.zs, 4 /0.75} py =025

where P P
c 7

industrial, PP, are crisp preference. Similarly to the urban
pole and cost, the results are listed in Table 4. Each

alternative is evaluated based on Eq. (1-6) and the highest
rank win. Conclusion: this site is best served by residential.

are fuzzy preference to commercial and

Table 4. Results for Land-use selection

weight Res. Comm. Ind.

Highway 0.7 0.8125 | 0.625 0.25
Urban Pole 0.6 0.75 0.75 0.25
Cost 0.5 1.0 0.8 0.7
Rank 0.75 0.625 0.3

4. Results and Discussion

4.1 Land-use selection

The results of land-use redevelopment is shown in the
Figure 6.

0O Residential

B Commercial

i . . ¢ @ 'ndustrial
N A |
Figure 6. The predicted land-use map in year 5 and 10

Based on the land-use selection rules, the sites around
urban pole are the most preferred place for commercial.
Therefore some residential sites, which are close to urban
pole, are re-developed to commercial sites. On the other hand,
some commercial sites and industrial sites which are neither
very close nor far to urban pole nor highway are changed to
residential sites. Since industrial sites are strongly against to
be close to the urban pole but strongly prefer to be close to
highways, the sites on the side of highway which is close to
urban pole are re-developed to commercial sites while those
far away from urban pole are re-developed to industrial sites.
These results are consistent with the fuzzy rules and
membership functions used.

1189
4.2 Spatial Load Forecasting

Different loads have their own characteristics and end-
user patterns. Reasonable approximations and simplifications
have been studied on both load growth and end-user patterns
[1, 15]. These techniques have been used in several power
areas such load modeling and characterization, and demand
side load management.

In this paper, each land use has its own end-user load
growth pattern and is described by state-space description in
the form of :

S=aS+b, N
with appropriate units. The parameters for different land
usage used in this paper are listed in Table 5.

Table 5. Load growth parameters used in the illustration.

R C I
a 0.75if S < ¢ 04ifS<c 0.6ifS<c
{—0.75 ifS>¢ {—0.4 ifS>c {AO.G ifS>c¢
b 0ifS<c 0ifS<c 0ifS<c
{7.5 ifS>c {6 ifS>c {l2ifSZc
c 5 7.5 10
Sp 0.5 0.5 0.5

The load growth pattern described in Eq. (7) has been shown
to be a good approximation for many load growths observed
in the past. The parameters a, b, ¢ can be fine tuned to suit the
specific problems at hand [1].

Once the land-use redevelopment plan has been provided,
the spatial load forecasts are easy to obtain. For example, site
(S4, 7) will be redeveloped from residential to commercial in
the third year. After redeveloped it will follow the growth
pattern for commercial instead of residential. In Figure 7,
different land-use has different load growth pattern. Site
(S1,3) is residential, site (56,3) is commercial, site (S10,8) is
industrial site. Due to the land-use redevelopment, the load
will change accordingly. Based on the spatial load forecast
results, distribution planning software can provide the best
feeder design in the future.

|
|
T —e—513) ||
p |- (S63) | |

(810,8)! ‘
i (S4,7)”‘r |

1 3 5 7 9 11 13 15

Figure 7. The electricity consumption
4.3 The advantages of the proposed approach

The fuzzy logic formulation provides an intuitive and
convenient approach to implement heuristic rules into the
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spatial load forecasting land-use selection criteria. The fuzzy
algorithm is robust even with uncertainties. In this paper, the
decision is made based on the compromise of preference to
highway, urban pole, and redevelopment cost. Yager’s
approach is used to evaluate multi-objective by the
importance weighting factors. The proposed approach can
also easily match the decision maker’s expectation, in other
word, the fuzzy rules and membership functions can be
modified to fine tune the results.

5. Conclusion

Land-use based spatial load forecasting provides not only
load magnitude but also load distribution in distribution
systems. In this paper, Yager’s fuzzy multi-objective decision
making approach has been extended to solve the multi-
objective land usage selection problems. The results shows
that this fuzzy approach is robust, flexible, and easy to fine
tune to get good results. The proposed method is very suitable
to select land usage based on the preference of the decision
maker, thus predict future load growth.
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