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In this paper, the synthesis and analysis of decision processes of the automation
control system with uncertainty are presented. This synthesis and analysis is
realized by means of programming language fuzzy PROLOG and fuzzy neural

networks.
1. INTRODUCTION

The synthesis and analysis of the automation control system (ACS) can also
be realized on the basis of the programming language fuzzy PROLOG
(FPROLOG). On the basis of the determined uncertainty features of means of
combat the classifier of decision process of ACS based on the fuzzy neural net-
works (FNN) is defined. Classical and new modified genetic algorithms may be

used for their learning.

2. SYNTHESIS AND ANALYSIS OF DECISION PROCESSES FOR ACS ON
THE BASIS OF FPROLOG

The programming language FPROLOG can be used in the synthesis and
analysis of decision processes of ACS. Our preliminaries are that decision rules
are described with uncertainty.

The FPROLOG enables to process clauses (facts and rules) on the basis of
generalized truth values. If the individual clauses are confident (they occur with
the truth value 0 or 1), then they are processed by the classical programming
language PROLOG. While the basis of the programming language is the resolu-
tion principle in the predicate first order logic [1], the basis of the programming
language FPROLOG is the fuzzy resolution principle [2,3,4,5] in the FL [2,6,7]. In

this section the analysis of the proposed results in programming systems is
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described. The process of assigning means of combat Mj to some targets T; is
described.

As an example the problem how to assign means of combat Mj to targets T,
is described. Means of combat are determined by given features d,; and P, . They
are expressed with uncertainty and feature values range from 1 to 7 of kilometer

scale. Membership functions of features are in Table 1.

Table 1. Membership functions of features

Feature values

1 2 3 4 5 6 7

SM_d 1 0,75 0,25 0 0 0 0

ME_d 0 0,25 | 0,75 1 0,75 | 0,25 0

Uncertainty 77,74 0 0 0 0 0,25 | 0,75 1

values =

ZE_P 1 0,75 | 0,25 0 0 0 0

MI_P 0 0,25 0,75 1 0,75 0,25 0

GR_P 0 0 0 0 0,25 | 0,75 1

Suppose that it is necessary to assign means of combat Mj to targets T,,
where i=(1,2, 3), from the set of means of combat M.

For the first means of combat Mj let feature values be 2 and 4, for the se-
cond 7 and 7 and for the third 7 and 1, where SM_d = sm_d_i, ME_d = me_d_i,
LA_d=1la_d_i, ZE_P = ze_p_i, MI_P =mi_p_i a GR_P = gr_p_i. Then, the problem
is how to find the most suitable means of combat M, for uncertain feature va-
lues sm_d_i, me_d_i, la_d_i, ze_p_i, mi_p_i and gr_p_i. The program in the pro-

gramming language FPROLOG can be designed as follows [2,8,9]:

10 choice(’distance_parameter’,Mj):-p1(Mj,Valuel),p2(Mj,Value2),sm_d_1(Valuel),ze_p_1(Value2),
me_d_2(Valuel)mi_p_2(Value2)Jla_d_3 (Valuel),gr_p_3(Value2).

15 choice(’parameter_distance’ Mj)-p1(Mj,Valuel),p2(Mj,Value2)ze _p_1(Valuel)sm _d_1(Value2),
mi_p_2(Valuel)me_d_2(Value2),gr_p_3(Valuel)la_d_3(Value2).

20 choice(’distance_parameter’ Mj):p1(Mj,Valuel),p2(Mj,Value2),sm_d_1(Valuel)ze_p_1(Value2),
la_d_2(Valuel)mi_p_2(Value2)me_d_3 (Valuel).gr_p_3(Value2).

25 choice(’parameter_distance’ Mj):p1(Mj,Valuel),p2(Mj,Value2),ze_p_1(Valuel),sm_d_1(Value2),
mi_p_2(Valuel)la_d_2(Value2),gr_p_3 (Valuel)me_d_3(Value2).

30 choice(’distance_parameter’,Mj):-p1(Mj,Valuel),p2(Mj,Value2)me_d_1(Valuel)ze_p_1(Value2),
sm_d_2(Valuel),mi_p_2(Value2)la_d_3 (Valuel),gr_p_3(Value2).

35 choice(’parameter_distance’,Mj):-p1(Mj,Valuel),p2(Mj,Value2),ze_p_1(Valuel)me_d_1(Value2),
mi_p_2(Valuel)sm_d_2(Value2),gr_p_3 (Valuel)la_d_3(Value2).

40 choice(’distance_parameter’,Mj)-p1(Mj,Valuel),p2(Mj,Value2)la_d_1(Valuel),ze_p_1(Value2),
sm_d_2(Valuel).mi_p_2(Value2)me_d_3 (Valuel),gr_p_3(Value2).

45 choice(’parameter_distance’,Mj)-p1(Mj,Valuel),p2(Mj,Value2),ze_p_1(Valuel)la_d_1(Value2),
mi_p_2(Valuel)sm_d_2(Value2),gr_p_3 (Valuel)me_d_3(Value2).

50 choice(’distance_parameter’ Mj):-p1(Mj,Valuel),p2(Mj,Value2)me_d_1(Valuel)ze_p_1(Value2),
la_d_2(Valuel)mi_p_2(Value2)sm_d_3 (Valuel)gr_p_3(Value2).
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55 choice(’parameter_distance’,Mj):-p1(Mj,Value1),p2(Mj,Value2),ze _p_1(Valuel)me_d_1(Value2),
mi_p_2(Valuel)la_d_2(Value2),gr_p_3 (Valuel),sm_d_3(Value2).

60 choice(’distance _pamneter’,Mj):—pl(Mj,Value1),p2(1\dj,Value2),la_d_1(Value1),ze _p_1(Value2),
me_d_2(Valuel)mi_p_2(Value2)sm_d_3 (Valuel),gr_p_3(Value2).

65 choice(’parameter_distance’,Mj):—p1(Mj,Va1ue1),p2(Mj,Va1ue2),ze _p_1(Valuel),Ja_d_1(Value2),
mi_p_2(Valuel)me_d_2(Value2),gr p_3 (Valuel),sm_d_3(Value2).

100 p1(M;j,Value) {1/(1,2),1/2,7,1/(3,7)} repeat#3.
105 p2(Mj,Value) {1/(1,4),1/(2,7,1/(3,1)} repeat#3.
110 sm_d_1 (Value) {1/(1),0.75/(2),0.25/(3),0/(4),0/(5),0/(6), 0/(7} repeat#7.
115 me_d_1 (Value) {0/(1),0.25/(2),0.75/(3),1/(4),0.75/(5),0.25/(6),0/(7)} repeat#7.
1201ad_1 (Value) {0/(1),0/(2).0/(3),0/(4),0.25/(5),0.75/(6),1/(7)} repeat#7.
125 ze_p_1 (Value) {1/(1),0.75/(2),0.25/(3),0/(4),0/(5),0/(6), 0/(7)} repeat#7.
130 mi_p_1 (Value) {0/(1),0.25/(2),0.75/(3),1/(4),0.75/(5),0.25/(6),0/(7)} repeat#7.
135 grp_.1 (Value) {0/(1),0/(2),0/(3)0/(4)0.25/(5),0.75/(6),1/(N} repeat#7.
140 sm_d_2 (Value) {1/(1),0.75/(2),0.25/(3),0/(4),0/(5),0/(6), 0/(7)} repeat#7.
145 me_ d 2 (Value) {0/(1),0.25/(2),0.75/(3),1/(4),0.75/(5),0.25/(6),0/(7)} repeat#7.
1501a.d 2 (Value) {0/(1),0/(2),0/(3),0/(4)0.25/(5),0.75/(6),1/(7} repeat#7.
155 ze_p_2 (Value) {1/(1),0.75/(2),0.25/(3),0/(4),0/(5),0/(6), 0/()} repeat#7.
160 mi_p_2 (Value) {0/(1),0.25/(2),0.75/(3),1/(4),0.75/(5),0.25/(6),0/(7} repeat#7.
165 grp_2 (Value) {0/(1),0/(2),0/(3),0/(4),0.25/(5),0.75/(6),1/(7)} repeat#7.
170 sm_d_3 (Value) {1/(1),0.75/(2),0.25/(3),0/(4),0/(5),0/(6), 0/(7)} repeat#7.
175 me d 2 (Value) {0/(1),0.25/(2),0.75/(3),1/(4),0.75/(5),0.25/(6),0/(7)} repeat#7.
1801a d 3 (Value) {0/(1),0/(2),0/(3),0/(4),0.25/(5),0.75/(6),1/(7)} repeat#7.
185 ze_p 3 (Value) {1/(1),0.75/(2),0.25/(3),0/(4),0/(5),0/(6), 0/(7)} repeat#7.
190 mi_p_3 (Value) {0/(1),0.25/(2),0.75/(3),1/(4),0.75/(5),0.25/(6),0/(7)} repeat #7.
195 grp.3 (Value) {0/(1),0/(2),0/(3),0/(4)0.25/(5),0.75/(6),1/(7} repeat #7.

In the statements:
- 10 to 65 there are double inference rules of choice means of combat for indivi-
dual combinations of features;
- 100 and 105 there are feature etalons;
- 110 to 195 there are membership function of feature values.

Results of the program:

?-choice(K,Mj).

(K="distance_parameter’, Mj=1) {MT=0.2500, T=0.0000 with CONF=0.5000}
(K="distance_parameter’, Mj=2) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, M;j=3) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=1) {MT=0.2500, T=0.0000 with CONF=0.5000}
(K="distance_parameter’, Mj=2) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=3) {MT=0.0000, T=0.0000 with CONF=1.0000}

Now, feature values are changed to values 7 and 1 for first, 3 and 4 for se-

cond, 7 and 1 for third means of combat Mj in statements 100 and 105:
100 p1(Mj,Value){1/(1,7),1/(2,3),1/(3,7)}repeat#3.

105 p2(Mj,Value){1/(1,1),1/(2,4),1/(3,1)}repeat#3.

The result of this change is as follows:

?-choice(K,Mj).

(K="distance_parameter’, Mj=1) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=2) {MT=0.2500, T=0.0000 with CONF=0.5000}
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(K="distance_parameter’, Mj=3) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=1) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=2) {MT=0.2500, T=0.0000 with CONF=0.5000}
(K="distance_parameter’, Mj=3) {MT=0.0000, T=0.0000 with CONF=1.0000}

Now, feature values are changed to values 7 and 1 for first, 7 and 1 for se-
cond, 3 and 4 for third means of combat Mj in the statements 100 and 105:

105 p2(Mj,Value){ 1/(1,1),1/(2,1),1/(3,4) repeat#3.
The result of this change is as follows:

?-choice(K,Mj).

(K="distance_parameter’, Mj=1) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=2) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=3) {MT=0.2500, T=0.0000 with CONF=0.5000}
(K="distance_parameter’, Mj=1) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K='distance_parameter’, Mj=2) {MT=0.0000, T=0.0000 with CONF=1.0000}
(K="distance_parameter’, Mj=3) {MT=0.2500, T=0.0000 with CONF=0.5000}

The system chooses means of combat Mj=1, Mj=2 and Mj=3 with values
MT=0.25 and CONF=0.5 for the change of feature values as can be seen in this
results of the program.

The main subject of this section is the analysis of the posibility of assigning
means of combat Mj to targets T,, with the change of feature values for each
means of combat Mj. These resultes of the analysis will be used for creating the
classifier of decision process of ACS. This classifier is based on FNN with new

method learning by means of genetic algorithms.

3. SYNTHESIS AND ANALYSIS OF DECISION PROCESSES FOR ACS ON
THE BASIS OF FNN

The section presents applications of the clasification decision processes of
ACS on the basis of FNN. The learning in the FNN is based on classical genetic
algorithms (CGA) and new modified genetic algorithms (MGA).

Neural networks (NN) [10,11] and FNN [12,13,14] can be used for pattern re-
cognition, speech analysis and decision processes classification. The important
part for using NN and FNN are learning algorithms in these areas. Classical ge-
netic algorithms [15,16,17,18,19,20] and MGA [12,13] represent an efficient tech-
nique based on dynamics of the evolution. These algorithms can be used to

create the classifier of decision processes of ACS.



45

Classical genetic algorithms [15,16,17,18,19,20] can be expressed by the fol-
lowing steps:

- Initialization : let t=0 and randomly choose Q elements from the set of all
possible genotypes a for creating the population $(0);

- Selection : reproduce genotypes A,e B(t) with respect to the fitness n ge-
notype A, and create the intermediate population B(t);

- Variation : crossing and mutation modify the intermediate population
B(t) using CGA to produce the new population B(t+1);

- Setting : t=t+ 1, returnto step 2.

Let us consider the decision processes classifier of ACS on the basis of NN in
Fig. 1, for the means of combat Mj, j=1,2,3. This structure resultes from the ana-
lysis of problem of assigning means of combat M, on the basis of features, which
are written in the paper Part 1. It consist of the input layer IN ={IN,,IN,,...,IN,},
output layer OUT={OUT,,OUT,,...,OUT,} and the hidden layer H={H,H,,...H,}.
Neurons are connected as shown in Fig. 1. Each synapsis represents one gene.
The alleles are the weights of the corresponding synapsis. Initialization random-
ly generates alleles for Q organisms. The problem is to determine the weights of
the NN in Fig. 1. The weights of synapsis between the input neuron IN; and
hidden neuron Hj are vy and the weights of synapsis between the hidden neu-
ron H; and the output neuron OUT; are wy,. The input to the neuron IN, is a, the

output of the neuron H, is b, and the output of the neuron OUT, is c,. Then

1 if b;>© 14
b~ < __where b= vy.a, (1)
0 if b;<® j=1
1 if ¢;> @ 7
c= < ___where §=2w;. b, (2)
0 if §<© j=1

and @ is the common threshold for all neurons in the NN,

Therefore we proposed FNN in Fig. 2 which has the same topology as NN in
Fig. 1 but the outputs are computed as fuzzy and not as classical ones in the fol-
lowing way:
1 if §>0

c.= < where <¢;=max (min (w;

.. b)), 3
i 0 if §<© 1 i By) (3)
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M,

Evaluation

Fig. 2. The classifier of decision processes of ACS on the basis FNN for
means of combat M,

The classifier of decision processes of ACS is realized by means of the evalu-

ation for each feature of means of combat E,, which are in Table 2.

Table 2. Feature values of equipment M,

Feature values

1 2 3 4 5 6 7

1 1 0 0 0 0 0

1 0 1 0 0 0 0

Features of 1 0 g ; 0 8 0

1 0 1 0

equipment M, 1 5 5 5 5 ] 5
1 0 0 0 0 0 1

0 1 1 0 0 0 0

The fitness 1 is determined in our experiments as the number of mutually diffe-

rent responses of the FNN between all possible couples of inputting patterns.

The maximum is therefore

(;’) - 21. 4)

The Table 3. contains maximum values (max.n) reached in the population
and the number of the genotypes having this value.
The input parameters of the FNN and the CGA are the following:
- cardinality of the population N = 60;
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- probability of the crossing PC = 0.6;
- probabilty of the mutation PM = 0.001;
- threshold TH = 0.5.

The method is convergent until 10th generation as you can see in Table 3.

Table 3. The evolution by CGA for FNN

Genetic Operators
Selection Crossing Mutation
number | max.n |number | max.n |number | max.n
1 15 19 2 20 2 20
2 14 20 8 20 8 20
3 6 20 4 20 4 20
4 13 20 5 20 5 20
N 5 6 20 3 20 3 20
6 10 20 7 20 7 20
7 12 20 10 20 10 20
8 13 20 10 20 10 20
9 19 20 16 20 16 20

From the above it results the corresponding weights can be assigned to indivi-
dual synapsies in the classifier of decision processes of ACS.

The convergence of the CGA is too slow for practical purposes also for FNN.
Therefore it seems necessary to modify the CGA [14,15]. The selection in CGA is
too random and the syntetical crossing is needed. Therefore a new genetic algo-
rithm was realized, where selection and crossing are put together to one step. In
this MGA similarly as in CGA inicialization randomly generates alleles for Q
organisms. The selection step chooses the best organisms. These organisms de-
pend on the fitness n for the next evolution [14,15). The same organisms are ran-
domly crossed in four time steps in one population. The mutation operation is
realized as in CGA.

The input parameters of the FNN and the MGA are the following:

- cardinality of the population N = 20;
- probabilty of the mutation PM = 0.01;
- threshold TH = 0.5.

The method is convergent as early as in the third generation as you can see
in Table 4. The learning process is finished considerably earlier than in using
CGA. Corresponding weights can be assigned to synapsies in the classifier of the

decision processes of ACS. This method is convergent quickly, it means that
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number of generations decrease for more difficult structures of NN and FNN.

Table 4. The evolution by MGA for FNN
Genetic Operators

Crossing Mutation
number | max.n |humber | max.n
1 1 19 1 19
3 4 20

This classifier processes features of means of combat Mj and is realized on
the basis of FNN with results of the analysis of FNN learning by means of CGA
and MGA. These learning processes enable to state weights of individual synap-
sies for the definited classifier. The analyzed learning processes show the possi-
bility of method convergence, where evolution of FNN with CGA converges in
the 10th generation and evolution with using MGA converges in the 3rd genera-
tion. The FNN can process all features of the means of combat with using the

paralel way.

4. CONCLUSION

The logic programming language FPROLOG for the synthesis and analysis
of decision processes of ACS was used, too. On the basis of the results of pro-
gram in FPROLOG feature values for means of combat M; were stated. These fea-
tures were used according to the recommendation of the classifier of decision
processes . This classifier was designed on the basis of FNN for means of combat
M,. Algorithms CGA and MGA were used for FNN learning. All referred methods
of the synthesis and analysis of decision processes of ACS meet the requirement

of operation in real time.
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