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An enhanced artificial immune network

with elitist-learning capability for optimization problems

LI Zhong-hua, ZHANG Yu-nong, TAN Hong-Zhou, CHEN Zhuo-yi
(School of Information Science and Technology, Sun Yat-sen University, Guangzhou Guangdong 510275, China)

Abstract: This paper proposes an new enhanced artificial immune network with elitist-learning (Enhanced aiNet-EL) for
optimization problems. The proposed new algorithm integrates affinity-learning with elitist-learning and its three immune
operators, i.e., cloning, mutation and suppressor. The simulation results on two classical benchmarks indicate that the
proposed enhanced aiNet-EL optimization outperforms the traditional aiNet optimization and EaiNet optimization in both
the final solution and convergence speed. In applying the proposed algorithm to an industrial PID control system, the step
response shows a performance better than those under other four approaches.
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Fig. 1 The cloned multiplier related with affinity

2) PUARAR . A8 TR e, A SR TSR D ()
R Bexp(—af )/ B KT HARM AL R 4
SR ERERIT, A8 S RORAEAR I . A SO 3
FEF SR ANy ()52 48 e 7 R BSCRR T AR e, (24
il T AN TR 4 1 R 7 i AR AR e AT I R,
Enhanced aiNet-ELSH L [ HT AR 77 FE H

AAb;(t+1) —rg*fy*exp(—gin(t)). 3)



31

Zerh st —JERATRE S ) e D IR N T G e W 2 LA S 285

b e BN 7, v R AL AL, o /20,1179 1B
B, AADb; (t + 1) KGR T HUI L 8] (1A 18,
HRAEFTTREQ). AR, WA SR &
ZIRIR. AR P B IR Sl ST I AL 2R
AR KT

1 — T T T T

T
7=10

A ——
0.8 =3
n=2
& ~
R 06f S
E 04r 7=1/2 &
= L 7=1/3 i
02k n=1/5 i
’ #=1/10

y=1/20 ]

O 1 1 1
0 0.2 0.4 0.6 0.8 1

VA— AL
2 PR AL (af f) = exp(—af f/n) £

Fig. 2 The curves of controlled Gaussian functions
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Fig. 4 Step response curves of PID control system

tuned by four methods
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