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An Enhanced Artificial Immune Network with Elitist-Learning

Functionality for Optimization Problems
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(School of Information Science and Technology, Sun Yat-sen University, Guangzhou Guangdong 510275,China)

Abstract: This paper proposed an new enhanced artificial immune network with elitist-learning (EaiNet-EL)
for optimization problems. The proposed new algorithm introduces two types of learning mechanisms, affinity-
learning and elitist-learning, which are respectively adjusted by two weighted control factors. The sensitivity
of factor values is investigated and the comparative experiments are carried out between the proposed EaiNet-
EL optimization and the canonical aiNet optimization on two classical benchmarks. The simulation results
indicate that the proposed EaiNet-EL optimization outperforms the canonical aiNet optimization in both the
final solution and convergence speed. Furthermore, a typical application — an industrial PID control system,
is considered to test the performances of multiple optimization approaches including the proposed EaiNet-EL
optimization. The step response of the control system shows better performance occurs under the proposed
EaiNet-EL optimization than that under other three approaches.
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Fig.1 The Flowchart of aritficial immune system (for both aiNet and EaiNet-EL)

Hohe R R PR K, Ab, (8) A8 ST A
RIEPUAR, Ab,j(t+1) & NN SHUEAL 715 2 1)
9B NPUE, aff (Abi(t))2& 5 Ab; (£) % M 14— 14k
SRR R, Bt R RIS EL, e (0,1) (0] (1] Fifi
WL, Nog BN e b5 4.

A PRUE R B4 R S AR, 15 StaiNet HIE A W
AL AR AN AR B AR (11 24 5% Fn
TR AR B AR AR TS, BN 26084
EA(TC-A); 75— AR FVERIEARE D&k B Tk
H, PR 0 2% 14 EB(TC-B). HOEE0H 2 13k (R4 fi
A, BRI AT b, AR m A

b dtaiNet P PHEBE, A SCHR H— Py 47k e 2
SIRE T 3 o 28N T 50 8 9 45 A AL (EaiNet-EL) 5.
v, Foocs 2 s an B A 2 gy, BRI S 2
FEAR S P, A 0 B MO RS S PR R R R

JEPUAR. X TR JehiaR, AR S5 A ) AT RS SR
FFBCER Sy 2 2] S st TR RS SEHAA, B TR
AT RE JEOR B Je o R g 2 ) SREmS A, 0 B AT K 0
2 ]S R, 5 T EaiNet-ELAZ S 348 (4n 1 11K
CLAO R ZEAE S 47, T 4% T 28 QAT

M Ab,(t) # Abi (),

- —Ah. 1Tl _—aff (Abi(t))
Ab;i(t+ 1) =Ab;(t) +

i ) (t) 3 e @)
+ CQTQ(Abg(t) — Abi(t));

2 Aby (t)=Ab;(t) I,
Abj(t +1) = Abi(t) + %e‘“f Fan®) (s

Hrp,

Abi(t) = arg | max aff (Abi; (1)),  (6)



4 EC I U T A

06 %5

Ab;(t)~ Abij(t+1) aff (Ab;i(£)) 18 N7 X IH]
(3). Aby ()72 2T 42 R s KSR AN ) LA,
riv ro Mg 20, DIF] B BENLEL, e Moo I ¥,
HISR ANy 2 S D ARG g2 2 N7, IFT e +eo=1.

M) T F, B R A 3 TAR e 3R ke 2R —
TUZACPUAR, 28 I0E K M ) 52 20, o = T2 K
geg 2. G, @RI 128 =1, BlRr 5
FR G e 2 STHLTR. 25 Ab; (6) ML AD, ()M ZE AR K, #%
Jr— TRIAE A 2 AR K AR I, A Aby (8) AL Aby () 1R
LA, W i — UL AR /S, R 00 2 2 Ab, () 55
T Aby (), W AT 2R AN g2 2] A B AR SE
WRHEE, TTAELHRGAT T Kol /ey F5K
FL AR, Mer=1 Hep=O0Mt, T Ab, (t) & 1754
TAbi(t), R@HMAG)H LA LK. S HBHE ]
DU TR, Al AR AN [ (1) [ A T I 4

I3 RE SR B SRS 1 BB AL R i $T
M. A PAT PRSI, P s fTiR 42 26 0
KANBEFAHES, 2R A0 0 m TR B DR B, 102
AT BARI PUAKE B B3, 2% R0 3 2 20 UK e 2
XML, PRIUE T BaiNet-BELAG A5 VL1 I L i
8 T A R A LA T A% SaiNet B2
4 {jESZE (Simulation experiments)
41 “FHIEEMSHKE (Benchmark selection

and parameter setting)

ARGV AN BaiNet-ELS 1%, 2L £ T P/~ 48 gt
bR AT Dy 92 e X B, BRIV 22 U {EL R S50 Shaffer b
B2 2 0 AR o O AR 2 R U AE R — AN 4 R
$e KAE (2 H94.253888); 1M Shaffer b $ 4t — > i VF
20 [ W 5 L 1) 2y B A 1 o 2, G e KA 55
1 R HCRIE S (T A®) .

EA LIRS

f(z,y) =1+ xsindnz +ysinw(dy + 1) (7)
st. —1<z,y<?2

Shaffer & %5

floy) = 0.5+ RV H V)05
’ ' 1+ 0.001(22 + y?)
st. —10<z,y <10

4t 3 W 9¥ EaiNet-EL flaiNet 5. 75, 1 40 W &
HFZH: =100, F KA EimaxEpoch=2000,
Ne=4. HLAb, WaiNet 5L AT i A BTAA L initN=20,
4 B Al t,=0.1; 17 W EaiNet-ELH initN=50,
ts=0.5. 4K 5TEaiNet-ELH 1 Fll o 1) H5¢ £ B AR 41
A, AEARTE I R EUI LA R 4% T 5 AT 15 B SE
1009%. kXt HEBIF 97 EaiNet-EL flaiNet ¥ 48 44 2k
RE, 75 AT 5 FLSE K 10007K.

®)
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i 1] B K % R HMaxFunc) M B 4 3% A4
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ELS VL A5 AN A AL - 8 3K i MMEF R 24 11 4
g vk QY B R AR AE 25 45 R B A A BT
I AT HIE1000K. MR AT, e 7E[0-0.6] P I,
HiEaiNet-EL$% #IMMF{ MaxFunclf) B % 4R =, Bl
S DA 1R A 1 22 40, 31X 3% W] EaiNet-ELA V% 4 K
Hl Ak I R B IR AR AL T ¢ 7E[0.7-0.91 4 I,
MaxFunc )32 H B 34,23, 1 bxifE 2 $H:370.01.
Mey=10F, B 7% I8N I 2% 2], MaxFunc!t) 15 (6
1A v, B14.249, T kRUE 2 £0.05.
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Table 1 Statistical results when the EaiNet-EL alrotithm

is applied to optimize MMF function

1 Maz-Func Final-Epoch
0 1 4.253888 £ 0 95.59 4+ 79.48
0.1 0.9 4.253888 £ 0 57.36 4+ 25.94
0.2 0.8 4.253888 £ 0 63.85 + 44.40
0.3 0.7 4.253888 £ 0 83.71 £ 70.71
04 0.6 4.253888 £ 0 81.35 +6.20
0.5 0.5 4.253888 £ 0 92.55 4+ 74.85
0.6 04 4.253888 £ 0 121.63 +110.93
0.7 0.3 4.234637 £0.081383 129.15 + 91.45
0.8 0.2 4.224528 £0.104846 130.12 + 96.54
0.9 0.1 4.230276 £0.093690 175.59 + 120.58
1 0 4.248837 +0.049912 624.63 4 231.20

2% 2 BB 7 1 AR A, X FinalEpoch vt Ay $5 A5 1
SR AT A B A R O 2% ) L B
B 1 7E[0-0.919, #H B #h,  cofE[1-0.119 I, Fi-
nalEpocht] ¥ ¥ {8 {E57 8| 1762 [8]) % 31, Fr #E 2=
ANT120. 5 AL RS 9E 22 SIHLHI, B 2R
v e E 0 624.63, brifEZ= 1231,

M ZRVETE B A A AN HE R IR, 2 ey £E[O-
0.6], AN |, cofE[1-0.4]P4 I, BaiNet-ELS %
AE 19 214 4f WIMaxFuncf FinalEpoch. ¥ 5 2,
ey Moo 7138 4 (1) 36 [ 9 HUE 1), EaiNet-ELH %
g LA (1) W S0 o 4 2R 3] v o i 1) B A i

BT Ut i 7 0 e AR 4 R ¥ fEBaiNet-ELS V4
FlaiNet 5 7% [1110007% 5L 56 4 15 . FE TR 1M
REER, We1=0.5Mc0=0.5. J T G153, Atk
Pt 45 WIMaxFuncidk #5144 PEY 45 F5: MaxOfMax-
Func (MaxFuncl) 5 KAH) AverOfMaxFunc (Max-
Funcft] V- ¥J {H). MinOfMaxFunc (MaxFunclt]
i /N fH) FStdOfMaxFunc (MaxFunclt) br UE
7). KAl Wi,  NFinal-Epochit ¥t V4 A~ VP
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M 8 #F5: MaxOfFinalEpoch (FinalEpoch!f] 5
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Table 2  Statistical Results when the MMF function is
optimized for 1000 duplications

. ik
EiE 7 : :
aiNet EaiNet-EL
MazxO f MaxFunc 4.253888 4.253888
AverO f MaxFunc 4.249647 4.253369
MinO fMaxFunc 3.634104 3.754746
StdO f M ax Func 0.046716 0.015797

MazxO f Final Epoch ~ 595.000000 878.000000

AverO fFinal Epoch  205.600000  97.330000
MinO f Final Epoch ~ 21.000000  14.000000
StdO f Final Epoch 91.530000  82.820000

245 T 4 3l iE ATEaiNet-ELAL A4 8 325 F
& GiaiNetflt 1k 51 7410000k 1) 48 iF 52 % 45 1.
— J5 1, Py A Ak Sk AR R R R0 A ) B R
{H ) &% {6 %, {HEaiNet-ELAE 14 55 ¥4k 1) 4 i
gk WA K WAverOfMaxFunc MIMinOfMaxFunc,
HStdOfMaxFunc® /). X 3 W]EaiNet-ELH. V2
AW aF R B R MR BRI B AL AR R e
J1. 53— Ui, 5 4% SLaiNeflt 1k 5% A L,
R MaxOfFinalEpoch{ ¥ X, {HEaiNet-ELAL 14
Bk HA T /Nl AverOfFinalEpoch, MinOfFinalE-
pochMStdOfFinalEpoch.

(2) Shaffer 4 #{(Shaffer’s function, SSF)

fiff FISSFER %5 /5 A EaiNet-EL 7 3% FlaiNet 5 v
PR %, 1 5%, B 2 I8 1TEaiNet-ELS ¥2: DLk
MEENHAEH 7. EARMAEGHE T T, 18
1TEaiNet-ELH %1007k, K345 H T — R 504
G RT R RgehsLie g5 R, B HVE FR bR R K1
MFITT A, e 4E[0.5-0.91 « o fE[0.5-0.1]1 4 B,
XTSSFARAL () 85 KA K T70.998. # e B co fE Bk
v L AN, IXTSSEOLAL 1) 5 K98 RAE 2 iU
(PP, R10.996. AN S A1 ) 2% 3T TRy FURG D5 2%
M TFey B A, S KA R AH ARk 2= 4 n] LA
YEFFAERAR/KF, B10.01-0.07.

AHER IR, Her /DT, BIGIKS 927 STHLETI,
FinalEpochf) W BBl K20 4250, #7c %5611, BIAN
2 [EORS gL 22 )WL, I8 A FinalEpoch¥s 2 ) L Tt
#667. 7 W, MPSOTI A IRIHE 527 >J HLAwT LA
J#EaiNet-ELE % 8, I H LA E oz » T

1 GiaiNet$ 2. KM, EaiNet-ELS 12w 556 F1 ) 2
ST ey A S AR HRE VG [ B 1220.5-0.9, IXA] LA
DRAEBLD (TS T $R BB R S LA
£ 3 JEaiNet-EL#ACSSFAT 49 505 it 45 R
Table 3  Statistical results when the EaiNet-EL algorithm
is applied to optimize the SSF function)

Final Epoch

230.31 £224.49
200.20 £ 183.80
200.05 £ 168.34
214.06 £ 201.64
216.05 £ 181.56
211.29 £ 186.90
211.19 £159.39
222.53 £168.20
266.30 £ 167.48
250.17 £116.92
667.78 £ 241.75

1 MazxFunc

0.997022 £ 0.00445
0.996869 £ 0.00451
0.997634 £ 0.00408
0.996773 £ 0.00458
0.997822 £ 0.00396
0.998430 £ 0.00340
0.998580 £ 0.00322
0.998390 £ 0.00323
0.999405 £ 0.00206
0.999803 = 0.00103
0.997991 £ 0.00783

0 1
0.1 09
0.2 0.8
0.3 0.7
04 0.6
0.5 0.5
0.6 04
0.7 0.3
0.8 0.2
0.9 0.1

1 0

A 4 ARACKAESSFEHFL 10004 B 69 4563+ 23045 R
Table 4 Statistical Results when the SSF function is
optimized for 1000 duplications)

) ik
& b . :
ailNet EaiNet-EL

MazO fMazxFunc 1.000000 1.000000
AverO f Max Func 0.997337 0.998022
MinO f MaxFunc 0.962776 0.990284
StdO f MaxFunc 0.006253 0.003798
MazO f Final Epoch  1000.000000 985.000000
AverO f Final Epoch ~ 520.990000  204.960000
MinO f Final Epoch 8.000000 5.000000
StdO f Final Epoch 310.200000  178.040000

e F oK, Lt %EaiNet-ELH % FlaiNet§ i

TESSFRR A Ak b i 1 e R4 w1 iR i e 45 AR,
EaiNet-ELAL A& 57 32 fii] 51 31 L& $c1=0.5M1¢,=0.5.
FAgy T T 418 1TEaiNet-ELAR 44 55 1 i 4%
HiaiNetfll 16 5 75 % 10000k 1 48 11 5L K 45 4,
% WVE M 4R A [F K2 E A W R —
Ji 10, AL A% SEaiNetflt A€ 5 7%, EaiNet-EL{L
1 51 AN B A A A I MaxOfMaxFunc, T H
H #H K AverOfMaxFunc, MinOfMaxFuncF 5 7]\
[1)StdOfMaxFunc. 53— 77 Ifii, EaiNet-ELAL Ak .1
YEMaxOfFinalEpoch, AverOfFinalEpoch, MinOfFi-
nalEpochM1StdOfFinalEpoch I # 5 A% 4iaiNetffi {1t
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AR FaiNet AL BIVE AL SUE T U R
HH R B A, AP AN B A A AT R
RS o (PR, AHEE 2 R, AR SCHE H [T EaiNet-
ELA AL 53, WU T PSOM K 95 27 > BLARL M
FAT 5 R e S503 B LA S SE AR 1R e A . EaiNet-
ELSLVE0 T4 R R S fift R AR ORFF T 8 2 AL AL
il PR, EaiNet-ELARAL S AE S U0 At ot s M
THE b LhaiNet Db A0SR VLTI HS B4 1R 2 .

N A5 5 2R GE I eI ok T PUAARREAS B 42
PFIA . AT T T @) s R -7, Jf g
X YA 28 M ek SR A A HR 3 T AL BRL 1 1) e G HR
R L AN A H A o) JE0RT g 2 AT A [R] 1 B Y
B, DRI T EAA R i 7 12 HL A4 93 #

4.2 7E TMPID#= i 85 & N FH (An application
in industrial PID controller)

PIDFE il 2% )72 B H T-HLas AFd R4, 1«
b F G 395 96 1 A1 BA 4 il 8 K FIPID#% . PID#%
il 48 H IR 2 #oe vk, MFBWl. ZNvE. &
Brik. bk, Ashig ek smasl o 7 i
TLPIDFE il R PE g, V1% 3 R 40 IPIDYY 3
A5 38— Pk g 4 b I8 B b5 K AE Bt /ME. TR RETR
B B V1 S0 T )R] [A) BT, 18 0T <Ty, H
T 3R 40 IR Fe e I ). A SCIE B LR DY AN
AE 8 b ok U 4EPIDHY 25 : 3 22 4860 (B 55 I [a) 11 AR
SX(TAE). & 2 4850 {E B 7r(TAE). o 21 7
Iy (ISE) AR 721 T B (MSE), HH7 b U2

T
Liram = / te(t)|dt. ©)
0
T
IIAE:/ le(t)]dt. (10)
0
T
IISE:/ eQ(t)dt. (1
0
1<~ , KT
Lusg =~ 262(7). (12)
k=1

1BV ZR G ) A 1 bR B
Gls) — 1
(s) = s(s? + 652+ 11s+6)
I PIDH% il ) A% 34 e ZOE At
D.(s) = K, + % + Kps. (14)

13)

X OB, %k A LA & i (IPIDS B
J7 % H5EaiNet-ELAU b 5 7 1 &, 4
AEZNVE(Zeigler-Nichols), vt 4% HiL F AL GiaiNet 5
% A DYR 7 VR E S I R B R T
I 28 20 g, S E2(a)-(d), g3 i X
TITAE. IAE. ISEFIMSENY /N8 #5 It tk. Hh
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Fig.2 Step response curves of PID control system tuned
by four methods ((a)ITAE, (b)IAE, (c)ISE and (d)MSE)

5 45 MIE S (Conclusions and future work)

ZPSOMI A K, ASCHEH T — i G A5 822
fE 7 1 3G 5 AN T 4 9% 9 4% (EaiNet-EL). K 9% %7
SIRUHI 5N B 7E3 N T 5 R 48 e S0
DA e fift . AE T 2R B AR 16 A% GEaiNet
SRR HERE b, BB S A, B TS
2SR F TRV, SR RS 9% R e e s DA BE G0
PRI AL. 17 B SE I 25 R W, BaiNet-ELA VA4
FaiNet &k, BEAb, R PID TV 525 5T,
ASCAHIGAE T BaiNet-ELSLI% ) TRE N FH A

EaiNet-ELAI A4 5775 7 B At i i et R0 i S0 5
AR I B A R i AR A et G
VA, SO I RS ST ).
Uk, A S B E 50 DR v S5 1 T 7 vk DA A s
NEAGHES WIS

22 3 #k (References):

[1] DE CASTRO L N, TIMMIS J. Artificial Immune Systems: A New Com-
putational Intelligence Approach[M]. London: Springer-Verlag, 2002.

[2] DE CASTRO L N, TIMMIS J. An artificial immune network for mul-
timodal function optimization [C] // Proc of IEEE Congress on Evolu-
tionary Computation, New York: IEEE Press, 2002, 1: 699-674.

[3] TIMMIS J, KNIGHT T, DE CASTRO L N, HART E. An overview of
artificial immune systems [C] /Computation in Cells and Tissues: Per-
spectives and Tools Thought. London: Springer-Verlag, 2004, 51-86.

[4] Zerh e, P, SRR, B SR UL e T S SR I AR U 32 B

WA A ST F R AR 45 (¥ B A AL A1), B0 B 5 N T, 2007, 24(2):
177-182.
(LI Zhonghua, TAN Hong-Zhou, ZHANG Yunong, MAO Zongyuan.
Dynamic optimization of elevator group control based on artificial im-
mune algorithm for inter-floor peak traffic during lunch-time[J]. Control
Theory and Applications, 2007, 24(2) : 177 -182.)

[5] LIZ H, TAN H.-Z. A combinational clustering method based on artifi-
cial immune system and support vector machine[C] //Lecture Notes in
Computer Science, Berlin: Springer-Verlag, 2006, 4253: 153-162.

[6] SUN W D, TAMURA H, Tang Z, ISHII M. An artificial immune net-
work with diversity and its applications [C] // Proc of 2003 IEEE EMBS
Asian-Pacific Conf Biomedical Engineering New York: IEEE Press,
2003, 326-327.

[7] KIM D H. Tuning of a PID controller using an artificial immune network
model and local fuzzy set[C] // Proc of IEEE Int Symposium Industrial
Electronics. New York: IEEE Press, 2001, 1656-1661.

[8] WIDYANTO M R, KUSUMOPUTRO B, NOBUHARA H,
KAWAMOTO K, HIROTA K. A fuzzy-similarity-based self-organized
network inspired by immune algorithm for three-mixture-fragrance
recognition[J]. Trans. on Industrial Electronics, New York: IEEE Press,
2006, 53(1): 313-321.

91 474, e &, BRI — RO HIE R T S SOED). 5
HLT RS N, 2004, 40(22): 84-87.

(LI Chunhua, ZHU Yanfei, MAO Zongyuan. A novel adaptive artificial
immune algorithm[J]. Computer Engineering and Applications, 2004,
40(22) : 84 -87.)

[10] TIAN X, YANG H D, DENG F Q. A novel artificial immune network
[C1// Proc of the Fifth Int Conf Machine Learning and Cybernetics, New
York: IEEE Press, 2006, 2159-2165.

[11] Wik, 124l B T Stretching™ 5 A (¥ G 5 18 4% S0 (1 0T 5E[C].

525w i 4 42 BB SO, Bt B BTN TR K 2 AL,
2006, 1423-1427.
(HONG Lu, MU Zhichun. Study of immune genetic algorithm based on
“stretching” technique [C] // Proc of the 25th Chinese Control Confer-
ence, Beijing: Beijing University of Aeronautics and Astronautics Press,
2006, 1423-1427.)

(12] ¥ AL A, AE A BORBE S (M. bt Bh27 H AL, 2004,
(ZENG Jianchao, JIE Jing, CUI Zhihua. Particle Swarm Optimization
Algorithm[M].Beijing: Science Press, 2004.)

[13] BERGH F, ENGELBRECHT A P. A cooperative approach to particle
swarm optimization [J]. I[EEE Trans on Evolutionary Computation,New
York: IEEE Press, 2004, 8(3): 225-239.

[14] GRIFFIN 1. On-line PID Controller Tuning Using Genetic Algo-
rithms[D]. Dublin: Dublin City University, 2003.

[15] JANTZEN J. Tuning of Fuzzy PID Controllers[M]. Copenhagen: Tech-

nical University of Denmark, 1998.

& T

ZErhdg (1977—), U3, WL, Pl RS SRS S BR S B YT,
LA, EENFER RV S ] IR AN R G SICKRT N AR
[FJRIF 5T, E-mail: lizhongh@mail.sysu.edu.cn.

KR (1973—), 9, Wk, sl R E BBk SRR B A%, 1
LA, N AR S TORBLA AR S S R S AR
ALF5T, E-mail: zhynong @mail.sysu.edu.cn.

WA (1965—), T, WL, il RS RORHE SRR 2% b PR,
A P, EEANFE AL S BT B B e,
E-mail: lizhongh@mail sysu.edu.cn.

BReEds  (1986—), &, L%, 20084 T v i k2% 45 HRL % 5
AR B Heb R, AR 5% B R, FE T AR BT S A 5 Ak EE T ()

%%, E-mail: chenzycat@yahoo.com.cn.



