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10.1 HYBRID SYSTEMS
Hvbrid systems are those for which more than one i;‘:"'l‘:"m“h.:%@' is employed to solve i probley,
3 - fer Gray and Kilgour, 1997) 1. Sequential H)'bfid;

2. Auxiliary Hybrids, and 3. Embedded Hybrids.

Hybrid systems have been classified as (I

"

10.1.1 Sequential Hybrid Systems

As the name indicates, sequential hybrid systems make use of technologies in"a pipelifeiiis
fashion. Thus, one technology’s output becomes another’s input and so on. Figure 10.1 illustats

the schema for a sequential hybrid.

—
i ;\M’ Y _'_>Technrology A
| Ny |
e e ot
: < >Techn9logy B
g g_h_ Msey -
[L Outputs

Fig. 10.1 A Sequential hybrig system. |

This is one of the weakest f 1
st forms of hybridizat; i i ination o
I o s ybridization since an integrated combination

An exa R TR e Lol s [
liney o 'lmp]; 1s a GA preprocessor which obtains the optimal parameters for differ® ‘
Pnces 97 4 problem and hands over the *preprocessed” data set to an NN for further P"wm

10.1.2 Auxiliary Hybrid Systems y

In this, one technology calls the other A “
i y S a SI.IbrOU[i]'IE” to process or manipulate‘

needed by it. The secqnd technology processes the jm"ormation]J rovided by the first

over for further use. Figure 10.2 illusrates ap a provi y t

p b B uxiliary hybrid . Thi e of |
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Fig. 10.2 An auxiliary hybrid system.
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b book, we confine ourselves to hyb.ridization of the threi H-,e

'-“. fuzzy logic, and genetic algorithms. .Ne_ural networks, fu
dganﬂ:ms are three distinct methodologies each with its own .adw.mtngg:g:..
&uafore appropriate that a hybridization of the technologies is at °m,
weaknesses of one with the strengths of the other.

10.2.1 Neuro-Fuzzy Hybrids

This is one of the most researched forms of hybrid systems and has resul
quantity of publications and research results.

Neural networks and fuzzy logic represent two distinct methodol

uncertainty. Each of them has its own merits and demerits. Neural networks
nonlinear relationships and are a

predetermined classes. On the other
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electrical load forecasting.

10.3.2 Fuzzy-Backpropagation
|
This is a Neuro-Fuzzy hybrid system in which the host is a multilayer feedforward I'IEIWUIF*‘- |
Proposed by Lee and .I,iu'( 1994), the network maps fuzzy input vectors to crisp Outpuis making
use of backpropagation like learning. )
The architecture has been applied to the problems of knowledge-based evaluation an |
earthquake damage evaluation.
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10.3.3 Simplified Fuzzy ARTMAP |
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(Carpenter and Grossberg, 1988). - fustf |
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SUMMARY

« Hybrid systems are those which employ

. integrated technologies to i
- g g effectively solve

e classified as sequential, auxiliary and embedded hybrids.

+ The soft computing techniques of neural networks, fuzzy logic, and genetic algorithms
have offered themselves as candidates for a healthy integration or hybridization of
technologies for effective problem solving.

The synergy of the three technologies has led to neuro-fuzzy, neuro-genetic, and fuzzy-
genetic hybrids. In this book, five hybrid systems, namely genetic algorithm based back-
propagation network (Neuro-Genetic hybrid), fuzzy backpropagation network, simplified
fuzzy ARTMAP and fuzzy associative memories (Neuro-Fuzzy hybrids) and fuzzy logic
based genetic algorithms (Fuzzy-Genetic hybrid), are presented.
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To start the algorithm, the initial population is created fmduﬂﬂy If I:I'I: mi‘: M
constituents and any individual 1n the population represents five bits, eac constituent ¢

25 bits. The objective function and constramnts are calculated for every j:ndiwdmﬂ and gene!
algorithm is applied as explained in Chapter 9 and the optimal mix i5 amived at as

The above mix gives the strength ol

mixfunit volume 15 given as RS 3.50
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15.5 GA IN FUZZY LOGIC CONTROLLER DESIGN
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. Defuzzification
£l ' Inference engine —
i Fig. 15.6 Framework of fuzzy logic controller (FLC).

(a) Fuzzificataion—To calculate fuzzy input (i.e. 10 uva!sau: the input variables
: to corresponding linguistic terms in the condition side).

(b) Fuzzy inference—To calculate fuzzy outpul (i.e. to evaluate the activation e
every rule base and combine their action sides).

(¢} Defuzzification—To calculate the actual output (ie. to convert the fuzzy outpy
precise numerical value). .

15.6.2 Fuzzy IF-THEN Rules

Fuzzy rules take the form IF (conditions) and THEN (actions), where conditions and ac
linguistic variables, respectively. An example of Fuzzy IF-THEN rule is given below,

ions ar

Increase interest rates slightly if unemployment is low and inflation is moderate,

Increase interest rates sharply if unemployment is low and inflation is moderate but
rising sharply.

Decrease interest rates slightly if unemployment

is low but increasing and inflation
rate i1s low and stable.

The primary format of IF-THEN rules Is given in Fig. 157

r

IF l Antecedent

Xis A
4 T 4
J—— Fuzzy constraint L Fuzzy constraint
Constraint consequent g Constraint Antecedent '
variable .

variable

Fig. 15.7 Format of IF-THEN rule.
Example

Volume is small jf pressure is high
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Fig. 15.8 Fuzzy Constraint for stress

Here, the symbol < means fuzzy variable Operator and g represents
mnables that means “very very small”, “small”, “medium”, “Jarge”, *“’ﬂ?
" and so forth. According to Zadeh :

: (1987), the following seven fuzzy
‘e study of structural optimization as negative large (NL), negative medium

"8}, 10 (ZE), positive small (PS), positive medium (PM), and positii :
#fied by the membership functions as shown in Fig. 15.9. For the ¢

f

implementation, seven fuzzy variables are assigned seven integer referen

ﬁ"‘""z‘ =1,0,1,2 3 respectively.

U
NL NM NS 1‘ZE PS

3 -2 1.
125 130 135 140

function for 22
Fig. 15.9 Membership



ZE, .
NL. NM. and NS, and
PS., PM, and PL.
~other hand for the output, the modification of the member cross-sec
ties, NL, NM, NS, ZE, PS, PM, and PL.

Fuzzy controller inputs are usually crisp numbers. Fuzzy inputs may alsp bels
the case of uncertain or noisy measurements and crisp numbers may be defuzzified,
shows thc:apphcahun of Rule 1. The degree of fulfitment (DOF} of Rule 1 is 0.4, The
output #,,, is the union of the two outputs shown in Fig. 15.9. At this point we need 1o ¢
and obtain the crisp value for AA* representative of p,, as explained in Chapters 6 1
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8 APPLICATIONS

81 Optimum Truss

i Soh (2000) have found out the optimim e



