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B A . JE T L, 2 K £ X BSO Bk K
H B 9% B R AT B A T M 2 IR HE R Ok
(ERCS ST R Er AR

1 LRRBRLEE

1.1 HARES

S ik KR T vk SR AR — S N R A R Ok, X R
AN N KME LA e 1) ) f8E 5 A7 4 JEL ) 2%, AT = 24 fif
P[] 1 R . R IX — 2 AR e, EE R R X S A
e — B B IE 5 T A2 AN W7 2 10 OB AR R AR X s
UL LR Ak e b e |, 5 24K 3 A pe 1) 3319 Oy
B Sk M KR AL SR AR 5 T 3 — 3 B b A A% 0
AR B 5 PP R IAAR 5 L 38 A 48 D) K DL R
JHE 3 5 R R R AR B A K T BE A R A — A
75 (1 [ Lok R 5 48 . B 3k 6 P Ak DU 3 R 4 1 IS
T RAFRBOR. X S E T R ek
5B F2 0 T 1 0 A R B AR e AR AR Bk
P18 B A it A0 R — A B3CHE o X AR R
3] 17 80 1 e s A
1.2 EALBRBRALEE

BSO F3 48 4 1 HE 1 oK ik 1] R i 48 JEL T
A5 AR RAT N Bk R R . B P A R — A
AR 3 BLAR 2 — N VA 1Y I R A G A A AR
AL R RS AT SR T T, X — R 5 A2
Sk XU 5 R AR R0 BRI 00 ) 4R S R i AR AR
A 2L ;

(1) 77A n (FPRE R /IN) AR SR i ] B 1 fit
(MR R EHBEB LK X n DNEG R m
(BB S50 28, il T 1A X n SASE B
B—J P AR BEAT HE T i RS R
AMRAE R Z I ol AR

(2) BfHLEE o — S 28 0 e AR e iR K
NI S R A B — A BE AL A R R TR AR

(3) HEATAS M B A B, 3l o 5 — oy 2
BTN

SR BSO Sk HoA MR 5, &) TS0 B 4
B, EEA BT BSO Bk AR,
HhFEAE 3 R ARG AR AR S R 2R R A RN
Wk EE T

Sk ik KR AR A SR S AR AR I T

AR B BEALA B 0 AW IR S IR
(BIER AR ) L I3 BTHEA n A 1A 1 3 07 B R
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KE| m AR
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HIE 3 HE 0 AR R B

75 BSO iR fif v, figk £ 5 WO SR B 12
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IR B i A AR 2 A 1A B ik B B A IR
DIC A 53T I, B A ) T T & B 0 5 0 >4 5 At B AL
Az RS T AR A B, B R AL TR R R

BSO 55092 J& — Fiofs 18 28 25 18] A Wy 46 8 1) 55
P, AW R, AT A R R AR B A R
e v 33K B XoF IO A N SRR T LAY Jeg T A A A
PHAT 50 38 O A 1) e T L 1 L AR R R R AT
WAL 8. B BEAL A W) GRS X i )
PEATERR  TE AR W R AU, XF R & (exploration)
HIF % (exploitation ) 35 B — > FpR 245
L2.1 Mm&EeRkE

X fif B G AT RS B YRR i AR A I B3
— BB/ R X . BSO Bk nT LA AR [R] 3R
HKIrvE TERAINY BSO Sk ] T A-Y(E (k-
means ) I FIE. RIZB AU 1A 53 3] [7] 20 1
AR AEALAS = T b T WA AR O TE M
2] (unsupervised learning) . N N HE S AE M A,
W N A 03 1 B[R] 9 2850 b AE oy 2t F
T 3 A 22 T A AR R BE AR, T LA B BOHE R
TG R 7E BSO Bk, i B A o A 1R
AN F A () Al DU G 5 S 00 23 A OOk 48
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BERZEL Pt TR ZHL pyyrane 70 3
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FEAE.

R (1) F(2) Az R i i -

xf\e\« :xild+§(t) XN(/-L’U'Q); (1)

E(t) = logsig(%)xran(l(), (2)

A x,,, Aoy, S0 R v, B v, 95 0 4
FEAE N (o) R 3% F 0E 25 43 fii (9 K6 AL &L
rand () & — R 8, HOR A AE[0,1) X E] Bl AL
B 500,00 WO AEL R 24 AR 4R 5 TP — I A 8 A f 1y 2
BB T R E R A ¢ 9 ATk ARG &
se il logsig(+) PRECHY R EL, HIARSAE £(0) 1Y
TR, T T AP 1057 5505 ) WO SO 2 £ 3 R
B logsig () E XIMARK (3) Frox:
1

1 +exp(—a)’ (3)

logsig(a) =

1.2.3  #ffikeF

T R 308 5% e B AT e {4 e DR A A
BB b B LR R, B B ok BGE I {E B9 i e
1o B % S W B LR AT, T SR S T A R i SR s A
AT SR BT ) it , AT LR 3 IO B 2 R
1.3 Bz EEkRRELHEE

TERI UG ) BSO Bk h 7045 — YR AU 9 3
P T B AR R BT B IR, AR TR AR B0 2K
AT HRETFRCR, B bR A 8] Sk X A
% ¥ (brain storm optimization in objective space,
BSO-0S) fift F] 7 — 4™ 1] B 5 5 3 W {/ B9 23 2607
5B G  RESR S k. KRR
TR XA AT b A RO T H
2 1A R A5

AR BSO Bk 5 H A as [a] BSO 57k /Y X i
TE T35 i AR ORI . FE AR BSO Bk, ik &
BRI A [F] 59 4% b5 A2 H A5 25 18] BSO 589k
MR iR B eRBUE L 25, I A 5 B P2

S S figp 1 T
2 HRIR

— AN UF IR BE LA 5 1, N B A S LR
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) WAL AR

(3) N FH Sk o U D0 A B 12 oK il 22 R ARG A )
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[F) L.
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BSO S &y B, H W5 1 0 BT B W0 20 A
TALHE AR 2 800 B Bk TR R 5 e
BT s BSO B3k v B i B 2 B G F 58 5 A A Ak st
TP P SR K F AT LI 5 BSO Tk A
SREVERE LG Bk i S i
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VI ZHEVE , Db Bl A b o s S0 M ) 38 43 40 o
A B H B2 ok 1 1 i 55 Bk Y R AR R Y fE
TR RS R R BE J7. BSO 539k 2 —Fh ke (
PR R 7 1, & e SR A 1B HE 22 1l D O 4
Bt BSO 553, W SR 4 10 A 45 4 20 ) % 1o 45 &
Jre 2R R R BEHE 2L P R R e e )
ey
2.2 Hikgi

Ry TR AN TR 26 R Y AR AL TR) 8, /T
BSO H LRk Be. e TR ER 3 ANE 7,0
G TR T AN [R] A e SR W, 3 26 e ] LA
] B M 73 O 3 AN 285 - i AR S TR S BT R AR A
HERE N RTIE
2.2.1 MEeRE

TER) iy BSO Bk h R M T k-means KK
2, Bk B AN BE X AR S AT o AL
TR R R TR AR Y 20 SR s
ke 5 iR BSO Sk Y k-means BRI L. X
6 53 21 SR W A 5 < ] B8 0 2H J7 15 (simple grouping
method, SGM) "' ; i 4% 1% #& % 2% (affinity propa-
gation clustering) """ ;k-medians B 2384 5 B ML 43
20 % W% ( random grouping strategy ) ; 4 Jaj % 1
( global-best) BSO %y
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RS, IR R BVE WO 4 o — > T B 2R AR
VE. 56T R B A HE e, i 5 w17 B2 A P 2
RS e (i BT B0 1 pR B 5 38 38 i 2k (R
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2.2.2 FHmA K
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o 2 N A ek b i S R AR B TR
fifp B AR RSO T, ABLAF A R A 50 A i i
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(batch-mode) A JHT i, JFAE T — W& AU A &
o7l FEAT VR Y P A AR R R B - R
10 BN, X8 98 53 ik AT B 0T 00 46 AR R A R A, T
DLOR 7 505 1Y BE AR 224 1 5 B R 0 #24F ( chaotic
operation ) N ] 38 73 gk 1) AE B, O 1Y 0 42 JRy 4
KA1 IR b A SRy i et s A 1 F N M AR
R EREPEB A, BB DRSS
SRR A R A A TR LR
(9 BSO B3 b, in A1 A oA S AN 1B) Y 3 e,
SR S B v 1 4 SR R A R AR
2.2.3 ®RAFK

S B IR 0 AR B3 © 4P R il e 22 v 52 B g
FHTRIER. Ry 1 fiff TR 3 26 45 o 400l iy (R 80, 2 T
Z M B A B B T BSO B3 Bk, i o kA BR
(closed-loop) BSO %:%[17] s 3 T & & -0 W AR A
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BSO g3k 4.

TERFAAR REPL AL vk b IR & 5512 (hybrid al-
gorithms ) AJ LA IR by 5 i 504> 580 125 1) 7 A () A
Bt RE. KRR HEITIR G B T4
B AR PE e, [ ks AR R 1 )R
FRPE. BE T BSO BLBE IR A& B kv T T [\ 26
TR [R) B, 91 40, BSO 5 4 LLiR K (simulated an-
nealing ) 53125 SR gk 3% 22 A Ak 1) B85 15 22 73 4k ( dif-

ferential evolution) B k%5 & N T A\ T.#1 & 4%
(artificial neural network). H.{fth 5 BSO B &= IE
B B AL 4 B T #0557k (teaching-learning-
based algorithm ) ; B # (KL T HEAL AL (discrete par-
ticle swarm optimization ) 8. .
2.3 KEBEAREREHA

TEHEA Y BSO Bk b, BSO Bk 8 HI ok 5K
fift AR O Ak DR R SR, 20— S 9 R
BSO 553t AT Bl Ok SR A Al 288 Y 14 ] e £51)
VIEASETRTRIALFENEE 2 F ) R A R N 2
SRS Z Bt B iy # 2 T34% — 4
PEE, M J& B A B A0 A 72 BSO B3k v, 8 i
LG AT B R, BAECRE T AR 25 0]
DL 48 28 25 8] vh 59 A [6) A {E. 38 53X A BSO
SRR, AT LB i Rk TR 2 A e A TR
AT RE

ZRISAAL , RISK i 2 B35 AR 1R A (mul-
timodal optimization problem) , H: H #5275 5 ¥ i
— AR R ST R 2 Y TR B 2 A )
(B (B4 42 Ja e A AR B de 116 ), O #4F 31 E A
PRI R A5ty T 15 KA A 2000 A 0 5 1
it o3 A 1A B M SRR AR, DOE T 2 RS )
i 52 2=

Z His At , RISKR % 2 B3 AR A0 AL 13 3 ( mul-
tiobjective optimization problem) , F: H #5 J& 7 5. 1%
i) — A R A, R a] g 2 LA B bR e 8
BOR. N TE Y B b ek ERO6 A8 5 ] B AF LE A A B o
FERELR, PRI, 2% > H A oR 40008 5 A 2 [R] i ik %)
Bt XA 2 B bR ) U A7 A B H b )
SC R s, A7 A — 4L 2 i R4
I (pareto optima) ™ Z5 4 (Y . =k fiii XU 10 A6 55
W OO AR R i 2 B AR Ak

St 2 HAr Ak 75 v A TR i 2, Sk i XU 2
AT 2 a) LU B F A H AR 2 A 05 6. 78 H b
723 ) rp SR 2R A R, X T A B, ARG AT L
TEAR R AR s H AR 28 W AT B2 fE K 28
FI AR R BUOC 5 00 ik 5 B0 BR E AT — kAR,
7T At i 47 BE AL e e 6 0E T — U IE AR LA PR i
BB RHRZ HEIE.
2.4 BAEzHEH

BEIRZ R (population diversity) 434 : 5210
MEREEERNEZNRZRERR (ex-
ploration ) A1 “ JF & ” (‘exploitation ) & J7 1) 3¢ 1 14 ,
T3 125 AR R AR 22 R o A o B I IR R T AR S
R E AR AR X R AR 2 R PR SEAT WL, 22 4 M TE DR
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A8 R B M B B aE AT RS T 2 A (R Y
AR S R TR I R R OR A AR ] 5 3
i SCHFR Z 4 M, 1E 0 b 28 1E 5800k AT B A 4R
G IB Bt B 36 TSk ik R AR A R
B EX.
2.5 XZKRMA

S B IR T G A B3 e ) R fige e 22 b S B 2 ]
[a] i, Horbm] LA DAR LK.

(1) RGN K E Bir 2 i I RS
TR B A 0 B B O Y 67 RN AR . BSO Bk B ]
R A ) R GE b BN R 25 A ] B, 451 4 25 X
F Y 28 0% R BE [R]85 f O FACTS i 5 v 07 0 B2
V) AT, S5 D0 T 9 2K A 1) L.

(2) fpas @il i 1A . BSO B3 4% i H T
SR AL 25 R Y 22 A [R) A, 91 an T AR 4 BA AR Ak EE
AL s Tomey HLRE 1) R T G H BLAK
A5 Z2 6 AL BN KA I T Sl I I
F/A-18 MR8 0L F 3l 4 Fili 5 50 5 AU ph 0O A% TR
fi AT 55 ) 0 45

(3) T2k 1L %45 M 4% ( wireless sensor net-
works , WSN) {ff b [a] 8 : B T o AL IR 4w I 2%, )
PR U8 il — S B R G, A [R] 28 Y Y AL Ik A
AR B — A P 45, A5 AT DL AE R 45 ] A T 52
B, RMUEFR 3] 1Y TC 2 A% 12 A I 45 04 25 7 A R
B , AT o3 A 3 S AR R — S T S MR
BSO Bk th i FH 3 T JC £k A% J 78 R 2% [n) B8, 4
T4 IR 190 245 30 2 1) F0 - g v s e B )
R 5 4 DX 3l 7 5 () 4

(4) Al Ak In) B . 4 @l p0 Ak 0] 805 gk A
AR . Sy 7SR i R R AL, BSO Bk
o B 16 2 i 2R s Sk i XU A b B89 R R T
K i AU ARG A B8 25 Y S 4 ) i 81U (v-SVR) 8 53
SN T R S 5 i ) R

(5) HAhAR Ak [R]85 . K HASE A 43 A =X 9% U v
YT R [ 0 4 A5 O 2 H A () R, fE FE R A
AT B2 LA H AR, —F0 2 H fr BSO 5354
FHE file e A% R G210 2 H dr g i fi b ) 3. 4t
BSO B2 W ] T fiff ke 22 o (] 0, HG v 4 455 O 72
2 ] 1 ; KL T BSO BVL Y SAR IR L M7 I 1 5
T BSO A 580 12k SR e a0 107 XU ) 1) A A
PeAk Tl BB 5T 5 RS K &R 0] 8 ISR il & T A5 250
53 2 1) 70 5 AR LR M Ty R 1) 0 4 7 R e v ) B
3 fife Tea) L5 B0 1355 JR8 2R T 0 5 2 A R[] A 5 )1 2
LR BRI BEAT 5 s K 245 5 AL s o0 B s 58
A LAk In)

3 RAME

3.1 EigHH

SRR A 3AE T A MR/
I3 HT AR AR BURR AR B TR ST S
AN T B, BN B R R T R AR SR R AR
AL BOR 52 W) 3 57 55 7 55 AN [ SR A ) L 2
() A BB 2%, LMD 47 o) Sk i IR G A 5 1k A A
3.2 HiEwi

PUAT B B 12 e i B A B e T DA i R SRS AP
B AER R B b, k-means B8 25 8 1k Bl Ok i
T 0 0 A BEAT 20 A, B T k-means Bk T B
ZUCRAR, T 0 3R S TR I R 2 i 1 O RCR.
ST HbRZS [ ) BSO Bk rp | 56 3 N 8 1 4
KB T RBF XA M50, ek
M T REROR. RS B B 2 A
A LA 53 B — A2 5] Hp 33 b AR UL 1 A gk 23 ) m]
LA fige 161 B L 5 Ok B2 6, 7 B Ak 2% 18] ] LA AH AR
FA 305 N7 B K BE L. FE W IR 19 BSO Bk iR A
i ) B PR R R AR H AR A AR BSO Bk
L SR R R Ok BB B R T v 4 R R) AL, ) 4
A B 43 B T | R A0 ol e Ak ) 8t A 52 %
F G053 My ) LA, 0 SR 1 W LA e 8 Ml A e
(1) A Ab B i 500 K BSO B33k 1 31 R AR [
R R SR R 23 BT T et 0 7 20T 58 37 1Y i
77 AOR A e B B RO
3.3 KBAREBRMPMAALRZ

SEPR ARG e Mk B a5 1, B 2R A 0 A Ak
[ AN T 384 o, R B R SR A Ok TR R IR Y. 2
RS 2 H Fr 4k 7] 88 ( multimodal multiobjective
optimization problem ) it J& — F 7 B ) {1t Ak 7] 2.
XA a) 2, G T 22 RS 0] A 22 H s () 8
KL, 22 PR A f 3 1) v B A [R]85 (L, AnAe] 4%
ST REZ i, W) I AE B bR 23 8] /4 A RACHT AT
A S0 o3 A, HR I 0T IR) Y SR A e R R
BSO B3 i FH T 45 o 284 () #, A] LAAS 36 BSO 44
BITER R iz Ak i
3.4 SKBRA A 6]

REB 3 19 S B vy P (] 88, P m] DA A Sy — A
A ) R AT SR A 0 o] B 55 3 ) SR A 78 e,
SEAA R AR eR RO R 2 i o ) ) X R
¥ BSO AT 2, B0 B T2 MR AR RE AL AL
B I FH R A S I 2 AR g S o 197 P ) R o
HEVR A BB P A0 BB 10 R JR s KA 1 25
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TERERR REDCAL S 2 b BEPLAE W — A AT AT
LIE S ST BUE S b RIS (BN N TR A
A BHT iR B 2 W BT ORI (B Bk B0
P B A 18 a8 i 7 0 35 o8 K2 ((benchmark func-
tions) | A4 SR IEH, i = Xk s A7l AR P g
A HEAE BER L P B AR AR A R
23 [ F Y — A il 3 4 A AR TR BT AR A fig =3 8] o
P8 — A B0 A 30 S X I 8 K Al A 0 A I O
T3 03B, 5k m] Lo o] IR S5 ), SEAT % 1 3t
figk B[]

S X Sk I KRR DAL Tk i A R D AR KRR
BUAR AN 52 J7 180 BEAT T £33 . Sk i KA R Ak
B — o 7Y A B AR BRI Ak Uk B A A
a5 M B AL 1Y i R v, &5 5 T REAACRE BE AN
Wl o g AL 3. A Sk i X AL Sk A
PRASAS S Fo SR AR [1) 3L 69 — A A, o gk 25 ) 1 —
ANBE SR AR AT LRI R AR 78 i 25 R B 25 0. I
T o R AR BRI S B 2 M O ik AT AL
R, 45 PR O % (9 DI B, e 28 3K ) 78 B8R M 7]
EORERIDR
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Developmental Brain Storm Optimization Algorithms: From a Data-driven Perspective

CHENG Shi', CHEN Junfeng®, SUN Yifei’, SHI Yuhui'

(1. School of Computer Science, Shaanxi Normal University, Xi’an 710119, China; 2. College of IOT Engineering, Hohai Uni-
versity, Changzhou 213022, China; 3. School of Physics & Information Technology, Shaanxi Normal University, Xi’an 710119,

China; 4. Department of Computer Science and Engineering, Southern University of Science and Technology, Shenzhen 518055,
China)

Abstract ; For swarm intelligence algorithms, each individual in the swarm represented a solution in the search
space, and it also could be seen as a data sample from the search space. Brain storm optimization ( BSO) al-
gorithm was a new and promising swarm intelligence algorithm, which simulated the human brainstorming
process. Through the convergent operation and divergent operation, individuals in BSO were grouped and di-
verged in the search space/objective space. In this paper, the development history, and the state-of-the-art of
the BSO algorithms were reviewed. Every individual in the BSO algorithm was not only a solution to the prob-
lem to be optimized, but also a data point to reveal the landscape of the problem. Based on the survey of brain
storm optimization algorithms, more analysls could be conducted to understand the function of BSO algorithm
and more variants of BSO algorithms could be proposed to solve different problems.

Key words: brain storm optimization; developmental swarm intelligence; convergent operation; divergent op-

eration
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Safety Definition, Intension, Extension and Inferences from Scientific View

WU Chao, YANG Mian, WANG Bing

(School of Resources and Safety Engineering, Central South University, Changsha 410083, China)

Abstract: In order to give a more scientific “safety definition” , the safety definition proposed by Mr. Liu
Qian was supplemented and perfected under the guidance of safety scientology. And based on this, the new
safety definition that “safety is an existence condition that rational person’s body and mind are not harmed by
external factors in a certain time and space (named after Liu-Wu’s safety definition)” was proposed. Accord-
ingly its denotation and connotation was analyzed. Meanwhile, definitions of other basic concepts in safety sci-
ence were deduced by rigorous logical tools. The results showed that the new safety definition could be used to
reason and form the complete concepts group of safety science and these functions were much better than other
existing safety definitions.

Key words: safety science; safety; new definition; intension; extension; inference



