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Abstract: This paper is devoted to the simulation analysis of
application of a fuzzy cognitive map (FCM) in prediction of
electric power consumption by an individual household. Fuzzy
cognitive maps and multi-step supervised learning based on
gradient method and real data were described. Model of the
system for prediction of individual household electric power
consumption was implemented on prepared software tool ISEMK
(intelligent expert system based on cognitive maps). Simulation
research of multi-step learning and testing of FCM were done
based on real data. Chosen results of simulation were presented.
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Modeling of prediction systems can be done by develop-
ing a model based on selecting crucial concepts for
the analyzed issue and defining the relations between
them. Model of this type is called a fuzzy cognitive map
(FCM) [11]. This paper is devoted to the analysis of FCM
in prediction of individual household electric power con-
sumption.

1. Introduction

Fuzzy cognitive map is a directed graph, whose nodes
denote concepts relevant to the analyzed issue. The con-
cepts influence each other with the intensity described by
the relation weight between them [17].

FCM is widely used in decision support systems, e.g.
in socio-economic models [9], in logistics [8], in supplier
selection [19], in road transport [13], in intrusion detection
[16] and medical expert systems [1, 4, 10, 12]. Fuzzy cog-
nitive maps are especially popular in prediction systems,
for example, in stock market decision support system [2],
in predicting autistic disorder [10] and pulmonary infec-
tion [12], in numerical and linguistic prediction of time
series [18].

This paper presents system for prediction of individual
household electric power consumption based on fuzzy cog-
nitive map. Part 2 describes the structure and dynamic
model of FCM. In part 3 multi-step algorithm of super-
vised learning based on gradient method and real data is
presented. Part 4 briefly characterizes the prepared soft-
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ware tool ISEMK (intelligent expert system based on cog-
nitive maps), enabling the modeling of prediction systems.
Part 5 describes system for prediction of individual house-
hold electric power consumption and contains chosen re-
sults of simulation research of learning and testing the
system, done in ISEMK. Part 6 contains a summary of
the work.

2. Fuzzy cognitive maps

The basis of the structure of FCM is a directed graph in
the form [17]:

(X,R) (1)

where X=[Xi,..,Xu]" — the set of the concepts, n — the
number of concepts; R={rji} — relations’ matrix, rj; — the
relation weight between the concept j and the concept ¢
(value from the range [-1, 1]).

Dynamic models of FCM were presented in [5]. In this
paper a nonlinear dynamic model described by the follow-
ing equation was used:

where: ¢ — discrete time, ¢=0,1,2,..,7, T — end time of
simulation; Xi(t) — the value of the ¢ concept (value from
the range [0,1]), i=1,2,..,n; F(xz) — sigmoid stabilizing
function.

FCM as an intelligent system has the ability of learn-
ing of relations’ matrix based on real data. Below the idea
of multi-step supervised learning of FCM was presented.

3. Multi-step supervised learning

Characteristic feature of multi-step supervised learning of
FCM is the estimation of a current value of the rela-
tions’ matrix element on the basis of a few previous esti-

mations, which can be achieved as follows [6, 7]:
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where: o, B, 1M — (k=1,...,mu;

[=1,..,mz); m1, mz — the number of the steps of the algo-

learning parameters

rithm; AJj«(t) — gradient of error function; PLiy(z) — op-
erator design for the set [-1,1], described by the equation:
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A special case of algorithm (3) is the known neural
network learning algorithm (i.e. back propagation algo-
rithm with the moment). Multi-step algorithms are some
kind of generalization of known one-step methods of learn-
ing. Below multi-step supervised learning based on gradi-
ent method and real data was described.

3.1.Gradient method

Supervised learning based on gradient method is a modifi-
cation of the weights in the direction of steepest descent of
error function described by the equation [7]:

where: Zi(t) — the reference value of the i concept.
Reference values can be obtained through normaliza-
tion of the real data as follows:

fo) = Lo (6)

max— min
where: z — input numeric value; min — the minimum of the
dataset, max — the maximum of the dataset.

Gradient of error function for the gradient method (3)
is described with the equation [5]:

AJ; () =(Z;(t) = X;(t)) - y;.:(t) (7)
where: y;i(t) — sensitivity function described as follows:
yit+1)= (yj,z'(t) + Xj(t))' F'(X;(t)

£ Xj(t) 13400 ®)
j=1

i#j

where: F’(z) — derivative of stabilizing function.

Learning parameters o, fi, 171 must satisfy conditions
(9)-(12) to obtain the convergence of multi-step learning
algorithm [6]:

1 o, =1 9)
k=0
0<m(t)<1 (10)
o= (11)
=0 (12)

A special case of multi-step supervised learning is one-
step gradient method, which consists in modifying the
relations’ matrix according to the formula:

Pt +1) = Byl (0 + B0 AT;5(0) - (13)

Simulation analysis of the multi-step supervised learn-
ing was realized based on ISEMK system. Below basic
functionality of ISEMK was presented.

4. ISEMK system

Intelligent expert system based on cognitive maps ISEMK

[14, 15] is a software tool for modeling decision support

systems using FCM. The application was developed using

the Visual Studio by Microsoft. ISEMK enables:

e the construction of FCM,

e the initialization of values of relations’ matrix and
map concepts based on expert knowledge or real data,

e reading and writing of FCM parameters using .xml
files,

e dynamic monitoring of FCM,

e multi-step supervised and unsupervised learning
of FCM,

e the analysis of designed learned FCM by testing sys-
tem operation based on real data,

e exporting data of learning and FCM analysis to .xls
files,

e proper visualizations of done research on devised com-

puter software.
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Fig. 1. Visualization of multi-step supervised learning results in
the ISEMK system

Rys. 1. Wizualizacja wynikéw wielokrokowego uczenia nadzoro-
wanego w systemie ISEMK
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Fig. 1 shows an exemplary visualization of multi-step
supervised learning results in the ISEMK system.

Fig. 2 shows an exemplary visualization of testing of
the learned FCM operation in the ISEMK system.
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Fig. 2. Visualization of testing of learned FCM operation in the
ISEMK system
Rys. 2. Wizualizacja testowania dziatania nauczonej FCM
w systemie ISEMK

5. Simulation analysis of fuzzy
cognitive maps

Application of FCM was analyzed on the example of pre-
diction of individual household electric power consump-
tion. Below the system of prediction and chosen results of
simulation analysis were presented.

5.1. System of prediction of individual
household electric power consumption

The aim of the modeled system is prediction of individual
household electric power consumption. Initialization, mul-
ti-step supervised learning and testing of the FCM were
realized in ISEMK based on real data taken from Machine
The dataset
measurements of electric power consumption obtained

Learning Repository [3]. contains the
within 47 months. On the basis of normalized numerical
data, the fuzzy cognitive map with the following concepts
was implemented:

X1 — global active power: household global minute-
averaged active power (in kilowatt),

X2 — global reactive power: household global minute-
averaged reactive power (in kilowatt),

X3 — voltage: minute-averaged voltage (in volt),

X4 — global intensity: household global minute-averaged
current intensity (in ampere),

X5 — sub_ metering 1: energy sub-metering No. 1

(in watt-hour of active energy),

X — sub__metering 2: energy sub-metering No. 2

(in watt-hour of active energy),
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X7 — sub__metering_ 3: energy sub-metering No. 3
(in watt-hour of active energy).

The relations’” matrix was initialized with random val-
ues from the interval [-0.2, 0.2]. Fig. 3 presents the struc-
ture of the initialized FCM.

Fig. 3. Structure of the initialized FCM
Rys. 3. Struktura zainicjalizowanej FCM

The initialized FCM was learned using multi-step su-
pervised learning for various parameters based on 1600
with the
consumption. Another 100 records were used in testing of

records measurements of electric power
learned maps operation. Below, chosen results of learning

end testing of the analyzed system were presented.

5.2. Chosen results of FCM learning

The initialized FCM learned with multi-step gradient
method described in part 3. The learning process was real-
ized for the number of steps: mi<2, m»<2. Figs. 4-6 show
an example of the learning results for the following pa-
rameters: mi=0, mx=2, =1, =0, =0, /=5, B=3,
=2, 10(0)=11(0)=12(0)=0.01.

Tab. 1. presents the relations’ matrix of the FCM

learned with the following parameters: mi=1, ms=2,
an=0.7, o1=0.3, =0, H=2, p=2, p=1,
10(0)=m(0)=17(0)=0.1.
Tab. 1. Exemplary relations’ matrix
Tab. 1. Przyktadowa macierz relacji
X Xs X3 X4 X5 X6 X7

X1 0 —0.5 —0.3 —0.3 0.7 —0.6 0

Xo —0.4 0 —0.4 —0.3 0.7 —0.6 0.1

X3 0.3 —0.4 0 —0.4 —0.6 -0.7 0

X4 0.4 0.5 0.3 0 0.6 0.7 0.1

X5 0.2 0.2 0.1 0.2 0 0.4 0

X6 0.2 0.2 0.1 0.1 0.5 0 0

X7 0.5 0.8 0.3 0.5 0.9 0.8 0
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Fig. 4. Changes of the error function value during learning
Rys. 4. Zmiany wartos$ci funkcji btedu w czasie uczenia
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Fig. 5. Changes of the value of the concept X1 during learning
Rys. 5. Zmiany wartosci czynnika X1 w czasie uczenia
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Fig. 6. Changes of the value of the relation r13 during learning
Rys. 6. Zmiany wartosci relacji r13 w czasie uczenia

5.3. Chosen results of FCM testing

This chapter contains results of the comparative analysis
of multi-step algorithms of FCM learning to one-step
methods, from the point of view of the obtained average
percentage error of prediction for 100 test records, de-

scribed as follows:

Jp=—0 ZJP(t)-l()O% (14)

where: Jp(t) — prediction error described by the formula:

i=1

Figs. 7-8 show an example of testing of the operation
of FCM, that learned with the following parameters:
mi=2, mx=2, =0.5, ;=0.3, =02, /=5, /=3, h=2,
1(0)=1m1(0)=77(0)=0.01.
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Fig. 7. Changes of the prediction error function value during

testing
Rys. 7. Zmiany wartosci funkcji btedu predykcji w czasie testo-
wania
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Fig. 8. Changes of the value of the concept X1 during testing
Rys. 8. Zmiany wartosci czynnika X1 w czasie testowania

Tab. 2 presents chosen results of comparative analysis
of error Jp obtained by multi-step learning with error ob-
tained by one-step gradient method for the following pa-
rameters: mi=0, me=0, ow=1, =0, =0, /=5, B=0,
£=0, 1m0(0)=m(0)=7(0)=0.1 (simulation 1).

Prediction error equal to 3.011 % was obtained as
a result of one-step gradient method (mi=0, mp=0). In-
creasing the steps number led to reduced average percent-
age prediction error. The error minimum equal to 2.983 %
was obtained for the parameters: mi=1, m:=2, =0.7,
a=0.3, =0, /=2, fi=2, f=1, m(0)=m(0)=7(0)=0.1.

Tab. 3 presents chosen results of comparative analysis
of error Jp obtained by multi-step learning with error ob-
tained by one-step gradient method for the following pa-
rameters: mi=0, mx=0, aw=1, oua=0, =0, =10, =0,
£=0, 70(0)=11(0)=12(0)=0.01 (simulation 2).
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Tab. 2. Used learning parameters and average percentage error
of prediction for the simulation 1

Tab. 2. Zastosowane parametry uczenia i $redni procentowy
btad predykcji dla symulacji 1

m |me | o | | B | B | B | ma20) | Je[%]
0 0 1 0 0 5 0 0 0.1 3.011
0 1 1 0 0 4 1 0 0.1 3.011
0 1 1 0 0 3 2 0 0.1 3.007
0 2 1 0 0 3 1 1 0.1 3.012
0 2 1 0 0 2 2 1 0.1 3.011
1 0| 08|02 0 5 0 0 0.1 2.993
1 00703 0 5 0 0 0.1 2.985
1 0] 06|04 0 5 0 0 0.1 2.996
2 0070201 5 0 0 0.1 2.986
1 11071 0.3 0 3 2 0 0.1 2.988
1 2107103 0 2 2 1 0.1 2.983
2 1]107]02]0.1 3 2 0 0.1 2.989
2 2107|0201 2 2 1 0.1 2.986

Tab. 3. Used learning parameters and average percentage error
of prediction for the simulation 2

Tab. 3. Zastosowane parametry uczenia i Sredni procentowy
btad predykcji dla symulacji 2

m |me | oo e | B | B | B | ma20) | Je[%]
0 0 1 0 0| 10 0 0 0.01 3.793
0 1 1 0 0 8 2 0 0.01 3.792
0 1 1 0 0 6 4 0 0.01 3.789
0 2 1 0 0 6 3 1 0.01 3.789
0 2 1 0 0 5 3 2 0.01 3.789
1 0] 0.8 0.2 0| 10 0 0 0.01 3.734
1 0] 0.6 | 04 0| 10 0 0 0.01 3.714
2 006 03] 0.1 10 0 0 0.01 3.713
2 0(05(03] 02| 10 0 0 0.01 3.711
2 1105] 03| 0.2 4 0 0.01 3.707
1 21 06|04 0 5 3 2 0.01 3.711
2 210503 0.2 3 2 0.01 3.707
0 0 1 0 0| 10 0 0 0.01 3.793

Tab. 4. Used learning parameters and average percentage error
of prediction for the simulation 3

Tab. 4. Zastosowane parametry uczenia i Sredni procentowy
btad predykcji dla symulacji 3

m |me (o oo | | B |/ | B | ma20) | Je[%]
0 0 1 0 0] 10 0 0 0.1 3.348
0 1 1 0 0 8 2 0 0.1 3.345
0 1 1 0 0 6 4 0 0.1 3.318
0 2 1 0 0 5 3 2 0.1 3.324
0 2 1 0 0 7 2 1 0.1 3.337
1 0| 0.8 0.2 0| 10 0 0 0.1 3.267
1 0| 06| 04 0| 10 0 0 0.1 3.191
2 0 05(03] 0.2] 10 0 0 0.1 3.161
2 1]105] 03| 0.2 6 4 0 0.1 3.167
1 21 06| 04 0 5 3 2 0.1 3.193
1 1106104 0 6 4 0 0.1 3.187
2 2105]03] 0.2 5 3 2 0.1 3.154
0 0 1 0 0] 10 0 0 0.1 3.348

Prediction error equal to 3.793 % was obtained as
a result of one-step gradient method (mi=0, m»=0). In-
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creasing the steps number led to reduced average percent-
age prediction error. The error minimum equal to 3.707 %
was obtained for the following parameters: mi=2, ms=1,
0=0.5, 01=0.3, =02, ph=6, fi=4, =0, n(0)=m(0)=
=72(0)=0.01 and mi=2, me=2, %=0.5, 1=0.3, %=0.2,
H=5, =3, =2, m(0)=m(0)=1(0)=0.01.

Tab. 4 presents chosen results of comparative analysis
of error Jp obtained by multi-step learning with error ob-
tained by one-step gradient method for the parameters:
m=0, mx=0, a=1, =0, =0, /=10, /=0, (=0,
(0)=771(0)=17(0)=0.1 (simulation 3).

Prediction error equal to 3.348 % was obtained as
a result of one-step gradient method (mi=0, m2=0). In-
creasing the steps number led to reduced average percent-
age prediction error. The error minimum equal to 3.154 %
was obtained for the parameters: mi=2, m:=2, x%=0.5,
0=0.3, ®=0.2, /=5, [=3, (=2, m(0)=m(0)=
=172(0)=0.1.

Similar results were obtained in other simulations. It
can be stated that the implementation of the multi-step
technique enables higher accuracy of prediction by reduc-
tion of error Jp.

6. Conclusion

This paper contains description of FCM and multi-step
supervised learning based on gradient method and real
data. Simulation analysis of FCM and multi-step algo-
rithms was realized in ISEMK on the example of predic-
tion of individual household electric power consumption.
Learned system was tested from the point of view of pre-
diction accuracy for 100 test records. Chosen results of
simulations, that show sufficient effectiveness of modeling
based on FCM, were presented. The advantage of the
application of the multi-step technique is improvement of
the operation of the analyzed system by reduction of pre-
diction error. Moreover, there are plans of further devel-
opment of multi-step algorithms, as possible generalization
of known one-step methods of learning.
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Analiza rozmytych map kognitywnych
w predykcji zuzycia energii elektrycznej
przez gospodarstwo domowe

Streszczenie: Praca poswiecona jest analizie symulacyjnej
zastosowania rozmytej mapy kognitywnej (FCM) w predykcji
zuzycia energii elektrycznej przez gospodarstwo domowe.
Opisano rozmyte mapy kognitywne oraz wielokrokowe uczenie
nadzorowane oparte na metodzie gradientowej i rzeczywistych
ISEMK

mapach

danych. Przy pomocy opracowanego $rodowiska

(inteligentny ~ system  ekspertowy oparty na

kognitywnych) zaimplementowano model systemu predykc;ji

zuzycia energii elektrycznej przez gospodarstwo domowe.
Przeprowadzono badania symulacyjne wielokrokowego uczenia
oraz testowania dziatania rozmytej mapy kognitywnej na
podstawie rzeczywistych danych. Przedstawiono wybrane wyniki

symulacji.

Stowa kluczowe: rozmyte mapy kognitywne, system predykcji,
wielokrokowe uczenie nadzorowane, metoda gradientowa
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