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߄Ⴊڂ؟مԄ؇ਈሰཾᆒሰෘ؟֥ٳ߃Ⴟࠎ

ᆽब 1 νमྮ 1  வ 1

ᅋ ေ ᆌؓڂ؟Ⴊ߄໙ี, Ч໓؟ކࢲԄ؇ਈሰཾᆒሰෘ֥مಆअႪ߄หྟิԛਔࠎႿ؟֥ٳ߃Ԅ؇ਈሰཾᆒሰෘم. ؓ

,ٳ߃नᄋކྛࣉၬთק ۴ऌٳ߃თӉ؇ࡹܒԚࠎۚථ౷ཌ, ෛሢѓሙҵකۚࡨථ౷ཌᇯࡶ൬৻, Ֆطᄝ۲۱თଽ

ॹෆ෬֞ࠞᆴׄ. ؓႿൌݦ࠽ඔ֥ົ؇ࠞބᆴඔ҂, Ч໓ิԛٳקܥяੱҦٳࠩ؟ބяੱҦটࢳथൌ࠽໙ี, ๙ݖ࿙

Ⴊࣚಒྟaಆࠞᆴׄ࿙Ⴊބಆअڂ؟Ⴊ߄۱ྛࣉ؇࢘ൌဒ, ؓбၖಕෘمaҵ߄ࣉٳෘ֩مᇶੀಕᇆିෘم, ॖၛіૼھෘ

,ֆࡥҕඔഡᇂم ऎႵ֥ݺޓ࿙Ⴊሙಒྟaॹ൬৻ྟ࠺ބၫྟ.
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Partition-based MQHOA for Multimodal Optimization
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Abstract To solve the problem of multimodal optimization, a partition-based multi-scale quantum harmonic oscillator

algorithm (MQHOA) is proposed depending on MQHOA0s global optimization characteristic. It divides reasonably a

domain into uniform areas, and then Gauss curves with ground state can be constructed according to the lengths of these

uniform areas. With the attenuation of standard deviation, the Gauss curves will converge gradually, thus, extreme points

can be found quickly. In addition, two strategies comprising fixed wavelength resolution and muti-level resolution are used

for practical problems. Experiments are carried out from three aspects including optimization0s accuracy, all extremal

points optimization and global multimodal optimization. Compared with the ant colony algorithm, diÆerential evolution

algorithms and other mainstream swarm intelligence algorithms, the algorithm has, in addition to its simpleness on setting

parameters, superior optimization accuracy, fast convergence and memory property.
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ᄝ॥ᇅაथҦ֩ਵთᇏ, ສສ߶მ֞ྸ؟Ⴊ
,໙ี߄ Ⴕൈૌ҂ླࣇေᅳ֞ಆअቋႪࢳ, ླߎ
ေᅳ֞अ҆ቋႪڣྛࣉࢳᇹथҦ, ᆃোႪ߄໙ี
ӫູڂ؟ෆ෬ (Multi-peak searching) ߄Ⴊڂ؟ࠇ
(Multimodal optimization) ໙ี. ෛሢ໙ี֥گᄖ
ྟ҂؎ิശ, Ԯ֥ඔ࿐ܿ߃ંޓࢳथ.
նܿଆॖѩྛ֥ಕᇆିෘ֥مԛགྷູࢳथڂ؟

Ⴊ߄໙ีջটਔྍ֥නਫ਼. ఃᇏ৬ሰಕෘم (Par-
ticle swarm optimization, PSO) ൞၂ᇕࠎႿಕุ
ླྀቔ֥ෛࠏෆ෬ෘم, ႮႿఃؓअ҆ቋႪࢳෆ෬
ି৯҂ݺѩླေ༵֥؟ࢠဒᆩ്, ࿐ᆀؓః؟ྸ
.[4°1]ࣉڿਔྛࣉ ဢ, ҵ߄ࣉٳෘم (DiÆerential
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evolution, DE) ቔູ߄ࣉෘ֥م၂۱ᇗေٳᆦ, ൬
৻؇б PSO ॹ, ႮႿฃঢ࿊ᄴҦ, ᄝࢳ
ऎႵնਈअ҆Ⴊ֥ׄ໙ีൈ, ᇕಕࠞၞཊೆअ҆ቋ
Ⴊ. Ⴕ࿐ᆀႨਢ࣍කࡨҦ[5] චଢѓ[6]ބ ֩Ҧ

টࢳथᆃ۱໙ี. ᆃུෘܔିمᄝअ҆ᅳ֞࣍ࢤ
ቋႪ֥ࠞᆴׄ, ۳مԛ෮Ⴕ֥ࠞᆴׄ. ္Ⴕ࿐
ᆀӇ൫Ⴈၖಕෘ[7]م ֥ಠߌ࿖࣍ڸᄝࠞᆴׄބ

Nelder-Mead ֆՂྙ[8]م টᅳԛ෮Ⴕࠞᆴ, ҐႨ
֥ҩ൫ݦඔࠞᆴׄनࢠഒ, ,Ӊࢠࡗෆ෬ൈط ҂ն
ൡކႨႿෆ෬Ⴕࠞࠞ؟ᆴ֥ݦඔ.
ਈሰෘمၛఃປС֥ંބ఼ն֥ѩྛି

৯[9], Ф؟ޓ࿐ᆀႨႿಕᇆିෘمᇏ. ໓ང [10]
ᄝ 2010 ୍ิԛਔଆਈሰཾᆒሰ֥ۀ, ໓ང
[11] ᇏ۳ԛਔෘمൌགྷ, Ԅ؇ਈሰཾᆒሰෘ؟ࠧ
م (Multi-scale quantum harmonic oscillator algo-
rithm, MQHOA). ၬૼݣֆࡥඔ࿐ჰمෘھ
ಒླ༵ဒᆩ്. ປС֥Ґဢି৯ࣚބಒ֥ෆ෬
ऊିࢊ৯ MQHOA ൌࡗॢົ؟ሙಒֹᄝູࢠି
གྷؓቋႪᇏϜMQHOA აଆࠅෘم (Simula-



236 ሱ  ߄ ࿐ Б 42ज

ted annealing, SA)aਈሰ֥ࢳෆ෬. ໓ང [12] ࡼ
ࠅෘم (Quantum annealing, QA)aਈሰ৬ሰಕ
ෘم (Quantum-behaved particle swarm optimiza-
tion, QPSO) ,бؓྛࣉ ؓ 15 ᇕ҂֥ѓሙҩ൫ݦ
ඔቋཬᆴ, ൌဒࣉݔࢲ၂҄ඪૼਔఃऎႵ۷֥ݺ
.؇ෘࣚ࠹ބ؇ෘ࠹

MQHOA ࠢᇏԩֆڂႪ߄໙ี, ᇶေ۴ऌ
ਈሰི֡ႋ[12] ЌᆣಆअҐဢׄඔଢቀܔնၛх

૧ཊೆअ҆ࢠႪ໊ࢳᇂ. ෘم൬৻֥၇ऌ൞ᆃུҐ
ဢׄ൬৻֞၂۱ቋႪࢳഈ, ؓႿݦڂ؟ඔ, Ґ
ဢׄٳࡼᄝ۲۱ڂഈ֤ط҂֞ऊࠢ, ֝ᇁෘم
م൬৻. ູঔᅚ MQHOA ໙ี֥ႋ߄Ⴊڂ؟ؓ
Ⴈ, Ч໓ิԛਔࠎႿ؟֥ٳ߃Ԅ؇ਈሰཾᆒሰෘم
(Partition-based MQHOA, P-MQHOA),Ϝࢳ
თनᄋٳ߃Ӯ N ۱अ҆თ, Ϝ MQHOA ֥൬৻ห
ྟႋႨᄝअ҆თଽ, ૄ۱अ҆თᇏྏଽ٢ᇂ၂۱Ґ
ဢׄཾྛࣉᆒሰםսҠቔ, ପહᆃུҐဢᇏྏ֥ׄ
໊ޙᇂູࠧ෮֥ࢳ. ൌဒႨॖࢫטҕඔ֥ච
൝ፗਈሰ༢ݦඔটဒᆣෘؓمႿ֩ᆴࠞᆴׄބ҂

֩ࠞᆴׄ࿙Ⴊሙಒྟ. ؓႿಆ҆ࠞᆴ֥ׄෆ࿙ིݔ,
Чෘؓمбਔၖಕෘؓم၂۱ݦඔ֥ಆࠞᆴෆ࿙,
ൌဒݔࢲӑԛਔၖಕෘم. Վຓ, ๙ؓݖ 14 ሙࠎ۱
,߄Ⴊڂ؟ඔ֥ಆअݦ ؓб၌Ԯෘمa৬ሰಕෘބم
ҵ߄ࣉٳෘݔིمေݺ. ֒ࠞᆴ֥ׄࠞ؟౦ঃ༯
္ॖၛҐႨٳࠩ؟яੱҦࢳ, ࣚࢳ؇ۚ, Ұಆ
ੱۚ, ؇ॹ.

1 ໙ี૭ඍ߄Ⴊڂ؟

ӱ໙ี႘ഝ֞၂۽൞Ϝᆃ۱߄Ⴊڂ؟ӱഈ֥۽

,ඔഈݦົ؟۱ ေ֤֞۱؟ቋႪٚσࣼ൞ᄝᆃ۱؟
۱ࠞնᆴ؟ඔഈݦົ ౼ඔݦົ؟ᆀ൞ᆃ۱ࠇ)
ཌྷّඔ֥۱ࠞ؟ཬᆴ).
ູਔಆ໓૭ඍٚь, Ч໓۳ԛၛ༯ඹ۱קၬ:
ၬק 1. ؓႿଖ D ົ N ࠞᆴݦඔ (N ∏ 2),

ֻ i ۱ࠞᆴֻׄބ j ۱ࠞᆴׄཌྷਣ, ૌቕѓ
ᆭֻࡗ k ົҵ֥धؓᆴ࠺ቔ ∏i,j,k. ౼ ∏i,j =
min1∑k∑D ∏i,j,k,∏min = min1∑i<j∑N ∏i,j, Ϝ ∏min ӫ

.яੱٳѯӉ࠽ඔൌݦھູ
ၬק 2. ӱഈླေ്љଖ۽ D ඔഈݦᆴࠞ؟ົ

֥ࠞᆴׄડቀೂ༯ေ: ∏i,j ∏ ∏0 ∏ ∏min. Ϝ ∏0 ӫ

ູླѯӉٳяੱ, ᆃུࠞᆴׄӫᆭູડቀླѯ
Ӊٳяੱ ∏0 ֥ࠞᆴׄ.
ၬק 3. Ϝෘم֤֥ࠞᆴׄቕѓაؓႋ֥ൌ

ᄍྸ֥۲ົቋնҵ֥धؓᆴӫቔࡗᆴׄቕѓᆭࠞ࠽

,؇ᇂ໊֥ࣚࢳمෘھ ູ࠺ Al.
ၬק 4. ଖ D ູࢸၬთഈקඔݦົ u

u

u, ༯ູࢸ
s

s

s, ପહӫ l

l

l = u

u

u° s

s

s = (l1, l2, · · · , lD) ඔ֥Ӊݦھູ
؇თ, ఃᇏ lk ඔᄝֻݦھູ k ົഈקၬთ֥Ӊ؇.

؟ ڂ Ⴊ ߄ ໙ ี ֥ ඔ ࿐ ૭ ඍ ࠧ ࿙ ᅳ D

ົ ݦ ඔ f(x1, x2, · · · , xD) ᄝ ק ၬ თ ഈ ଖ ׄ

Xi(xi,1, xi,2, · · · , xi,D) ԩ౼֤ࠞᆴ. X

°
i = (xi,1 °

dx1, xi,2 ° dx2, · · · , xi,D ° dxD), X+
i = (xi,1 +

dx1, xi,2 + dx2, · · · , xi,D + dxD), f

°
i ඔᄝׄݦູ

X

°
i ֤֥ᆴ, f

+
i ඔᄝׄݦູ X

+
i ֤֥ᆴ, fi ູ

ඔᄝׄݦ Xi ,ඔᆴݦ֥֤౼ X

§
i ູൌࠞ࠽ᆴׄ, ପ

હ؎ݦھඔᄝ Xi ԩ౼֤ࠞཬᆴ֥၇ऌ:
(

f

°
i > fi, f

+
i > fi

Xi 2 {X | |X °X

§
i | ∑ Al}

(1)

؎ݦھඔᄝ X0 ԩ౼֤ࠞնᆴ֥၇ऌ:
(

f

°
i < fi, f

+
i < fi

Xi 2 {X | |X °X

§
i | ∑ Al}

(2)

2 MQHOAჰ֥ٳ߃Ⴟࠎ

ਈሰཾᆒሰ൞ഈ૭ඍັ৬ᆒ֥

ਈ, ॖၛ࣍ර૭ඍٳሰ֥ᄎੰܿ. MQHOA
ෘمϜਈሰཾᆒሰಕቔູᇆି৬ሰಕটࢳथႪ߄

໙ี, ᆒሰ໊֥ޙᇂࠧ൝ିቋ໊֮ᇂ, ࣼ൞෮
ݦඔ֥ቋႪࢳ. ਈሰཾᆒሰՖۚି֮֞ି

൞၂۱ᇯࡶ൬৻֥ݖӱ[13], ᆰ֞൬৻֞ିࠎ:
√0(x) =

p
Æ

4pº
e°Æ2 (x°x

i

)2

2 , ၬMQHOAק ෘمᄝԄ؇
æs ༯֥ѯݦඔູ k ۱ၛ xi ູᇏྏ֥ۚථੱۀૡ؇

:ࡆםඔ֥ݦ

√QHO(x) =
kX

i=1

1p
2ºæs

e°
(x°x

i

)2

2æ

2
s (3)

√QHO(x) රսіਔၛ࣍ k ۱ቋႪູࢳᇏྏ֥ଢѓ

,҃ٳੱۀඔॖྛთഈ֥ݦ ๙ݖႄೆ؟Ԅ؇Ⴊݦ߄
ඔྐࣉؽ༏ۚථҐဢଆ, ඔҐႨݦ؇ཬѯԄࣉؽ
ۚථݦඔοᅶ҂Ԅ؇ބ҂ࣚ؇ေྛࣉऊࢊෆ

෬[9], ॖၛЌᆣྐ༏֥҂၌Ґဢ, Ֆ֤ࠆطಆअቋ
Ⴊࢳ, བྷ༥ෘم૭ඍҕ໓ང [11].

P-MQHOA ঔᅚਔMQHOA ໙ี߄Ⴊڂ؟ؓ
֥ԩି৯, ѩऎႵؓ෮ႵቋႪ࠺֥ࢳၫି৯ބ
۷ॹ֥൬৻؇. ఃᇶေනམ൞ϜMQHOA ֥ಆअ
Ⴊ߄หྟअཋᄝਔ၂۱ࢠཬٳ߃თଽ, ᄝᆃ۱
თଽᆺഡᇂ၂۱ۚථҐဢᇏྏׄ, ѩಞᆃ۱Ґဢ
ᇏྏׄᄝّםگսݖӱᇏ҂؎൬৻֞ࣚ؇ٓຶଽ.
P-MQHOA ؓᆜ۱ݦඔקၬთ֥ٳ߃ N ۱თა

N ۱Ґဢᇏྏׄ၂၂ؓႋ, ቋᇔᅳ֞ N ࢳ۱ (Їও
ᇗࢳگ). ႮႿᆃ N ۱Ґဢᇏྏׄᆭ֥ࡗҐဢ࠹ෘ

൞৫֥ྛࣉ, ѩ҂߶ႮႿଖࠫ۱Ґဢᇏྏׄ൬৻
҂ਔط႕ཙఃჅҐဢᇏྏׄ, ၹՎః൬৻؇ေб
MQHOA ေॹ֤؟, ѩෘم๙࠺ؓݖၫ֥ N ۱

.ࢳᆜॖၛ֤֞ಆअቋႪྛࣉࢳ
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ෘݦؓمඔקၬთྛࣉनᄋٳ߃, თଽٳ߃
ೂޅ࿊ᄴေളӮ֥ۚථҐဢ֥ׄѓሙҵᆰࢤ႕ཙෘ

.ݔࢲᆳྛބିྟ֥م ؍Ӯ֥۲नᄋٳ߃؇۲ົ
ᇏྏ໊ᇂԩෛࠏളӮM ۱ѓሙҵູ æs ֥ۚථ҃ٳ

ׄ, ᄝ၂۱؍ଽ, æs აᆃུׄ҃ٳႵೂ༯ܱ༢:
æs ᄀնׄ҃ٳᄀ࣍ࢤनᄋ҃ٳ, æs ᄀཬׄ҃ٳᄀࠢ

ᇏᄝᇏྏׄ, ๙ݖ æs ֥කॖࡨၛ֤ᆃུׄ҃ٳቋ

ᇔऊࠢᄝෆ෬ࣚ؇ٓຶଽ. ෘمԚ֥ æs նཬޓᇗ

ေ, ః֥࣍ෆ෬֞ਢ߶ੱۀնޓ߅नᄋ֥ׄ҃ٳ
؍, თшޭ߶ੱۀնޓ߅ࠢᇏ֥ׄ҃ٳ
.ᆴ֥ׄࠞ࣍ڸࢸ ଽԚՑളӮ֥ۚථ؍ೂଖ۱ࡌ
ູੱۀ֥ࢸӑԛшׄ҃ٳ p, M Ցѵ୭০ൌဒުॖ

֤֞ӑԛшׄ҃ٳ֥ࢸඔଢनᆴູMp. ෘم၂
Ϯ࿊ᄴ æs ,ᆭ၂ٳӉ؇֥ඹ؍ھູ ๙ݖҰᅳᆞ
,іॖᆩ҃ٳ p = 0.0456, ֥؍ӑԛׄ҃ٳ۱ૄࠧ
ູੱۀ 0.0456. ᆃဢഡᇂ҂ॖࣇၛЌᆣؓЧ؍ଽ
֥ࠞᆴෆ෬, Ⴛ҂ാۚථ֥҃ٳᇏྏׄࠢᇏหྟ.
ູࢸၬთ༯קؓ s

s

s Ӊ؇თູ l

l

l ֥D ඔᄝֻݦົ

j ົഈྛࣉनᄋٳ߃, Ӯٳ߃ k ۱ۚު؍ථੱۀ

ૡ؇ֻ֤ॖࡆן j ົഈҐဢ֥ׄ҃ٳੱۀ:

√jQHO(x) =
kX

i=1

1p
2ºæs

e°

√
x°

l

i

(i° 1
2 )

k

°s

i

!2

2æ

2
s (4)

ఃؓႋ֥ૡ؇ೂ 1 ෮ൕ, ྴཌູჰট֥ۚ
ථ҃ٳੱۀ, ൌཌູ҃ٳੱۀ֥ުࡆן.

 1 k ۱ۚථݦ҃ٳඔनᄋੱۀࡆןૡ؇

Fig. 1 Probability density map of the uniform

superposition with k Gauss distribution functions

҃ٳ؍࣍ႮႿਢ҃ٳථ֥ۚ؍ଖ၂ުࡆן

֥ׄ p ؍ҀਔЧطೆ๋ੱۀ p ԛੀാ๋֥ੱۀ

,ׄ҃ٳ ᆃဢࣼЌᆣਔM ۱Ґဢׄᄝ۲؍ඔଢཌྷ

֩, ѩႵMp ۱ׄቔູ؍ᆭࢌ֥ࡗੀૂࢺЌᆣ

ਔ۲֥؍৳༢. ᆃᇕ৳༢֤ᄝଖ؍ଽᅳ҂֞
ࠞᆴ֥ׄ౦ঃ༯ॖၛ๋ԛھთླྀᇹਢ࣍؍࿙ᅳ

ࠞᆴׄ. Ϝ۲۱ົ؇ഈ֥नᄋٳ߃؍ቆӮ၂۱۱
नᄋٳ߃თ, ᄝ۲۱ٳ߃თଽ࿙ᅳࠞᆴ൞ཌྷ
,৫֥Ҡቔ .ཌӱѩྛᆳྛ؟ၛॖمෘܣ
ູਔЌᆣᄝླѯӉٳяੱ ∏0 ༯്љٳھя

ੱ༯֥෮Ⴕࠞᆴׄ, Чෘླمေᄝॖྛთഈٳ߃ K

۱თѩഡᇂK ۱Ґဢᇏྏׄ, K ֥նཬथקෘم

ିሙಒ࿙ᅳࠞᆴ֥ඔଢ. ၛ࿙ᅳ၂ົݦඔࠞཬᆴູ
২, ֥ٳ߃ၬთഈनᄋקඔݦູ؇ၬෆ෬თӉק

؍Ӊ؇. ೂ 2 ෮ൕ, √(x) ູԚҐဢׄᄝთ
ଽੱۀ֥҃ٳૡ؇ݦඔ. ֒ෆ෬თӉ؇ӑԛھ၂
яੱٳඔ֥ѯӉݦົ ∏0 (ਆ۱ѯܡᆭ֥ࡗඣए)
ൈ, ෘمᄝ֒భෆ෬თଽᇀഒିᅳ֞၂۱ࠞᆴׄ,
ೂᇏݦඔ f1(x) ෮ൕ; ֒ෆ෬თӉ؇֩Ⴟ ∏0 ൈ,
ࠞᆴׄࠇᆀᄝھთФᅳ֞ࠇᆀᄝਣ࣍თФᅳ֞,
ೂᇏݦඔ f2(x) ෮ൕ; ֒ෆ෬თӉ؇ཬႿ ∏0 ൈ,
֒భෆ෬თمᅳ֞ࠞᆴׄ, ᆺିᄝਣ࣍თᅳ
֞, ೂᇏݦඔ f3(x) ෮ൕ. ၹՎ, Чෘླمေ๙ݖ
ഡᇂކ֥Ґဢᇏྏׄඔ֤ෆ෬თӉ؇նႿ֩

Ⴟ ∏0.

 2 ҂ݦඔ֥ࠞཬᆴෆ෬

Fig. 2 Search minimum values of diÆerent functions

K ֥նཬ္႕ཙෘ֥مᆳྛ؇. ၛଖD ݦົ

ඔູ২, ఃॖྛთ l

l

l = (l1, l2, · · · , lD), ೂླݔေᅳ
֞෮Ⴕࠞᆴ, ପહෆ෬თӉ؇ᆞݦھູݺඔ֥ൌ
яੱٳѯӉ࠽ ∏min, ၛՎෘԛކ֥Ґဢᇏྏׄඔ.
ᄝֻ i ົഈᇂҐဢᇏྏׄ۱ඔ ki ູ d l

i

∏min
e, ࠧᄝھ

ົ؇ഈٳ߃ԛ ki ۱؍, ေᅳ֞D ඔ෮Ⴕࠞᆴݦົ

ׄᄵླԚٳ߃თඔ K =
QD

i=1 ki. ֒ ∏min ཬޓ

ط D ,նൈޓ ෘླمေ؟ࠞٮ CPU ൈࡗᄝ෮Ⴕ
თଽ࠹ྛࣉෘ.োරٳ؟яੱ֥ཬѯٳ༅[14], Ч໓
ิԛٳࠩ؟яੱҦ, ఃࠎЧනམ൞༵ᄝնѯӉٳ
яੱ༯ྛࣉთٳ߃, ᄝᅳ֞ࠞᆴ֥ׄთଽᄜࣉ
ྛཬѯӉٳяੱ֥ٳ߃, ᄝ҂թᄝࠞᆴ֥ׄთط
ࣼ҂ᄜ࠹ٳ߃ྛࣉෘ, ೂՎᇗॖگၛෆ෬თӉ
؇Я࣍ ∏min, Ֆطᅳ֞ડቀླٳяੱࠞᆴׄ. ᆃ
ᇕҦх૧ਔჰটٳקܥяੱ༯ؓࠞᆴთ֥࠹

ෘশٮ, ֥؟Ϝ۷ط CPU ֥؟ࢠෘࠢᇏᄝࠞᆴ࠹
თ. ൌ࠽ႋႨᇏླѯӉٳяੱ ∏0 ၂Ϯб ∏min ն

,؟֤ K ౼
QD

i=1

l
∏0
l
i

m
. ֒ K ҂൞ޓնൈ, ॖၛᆰ

,яੱҦٳקܥҐႨࢤ ّᆭҐႨٳࠩ؟яੱҦ.

3 P-MQHOAෘݖمӱ૭ඍ

3.1 P-MQHOAෘ֥م۱؍ࢨ

P-MQHOA ᇶေႵ۱؍ࢨ. Ԛ؍ࢨٳ߃:
ᇶေ൞ؓ؍ࢨھ D თनᄋྛࣉၬთקඔݦ؇ົ
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,ٳ߃ ಖުᄝთᇏྏ٢ᇂ၂۱Ґဢᇏྏׄ; ਈሰཾ
ᆒሰ൬৻؍ࢨ: ҐဢቋྛࣉඔটݦҐႨۚථ؍ࢨھ
ᇔ໊קᇏྏׄ; ݂ѩ؍ࢨ: Ϝ໊ᇂࣚ؇ٓຶଽ؍ࢨھ
֥ᇏྏູ݂ׄ၂ো, ѩՖھোᇏ࿊ԛቋ֥ݺᇏྏׄ.
3.1.1 Ԛ؍ࢨٳ߃

ൻೆླѯӉٳяੱ ∏0 ༯෮ D קඔݦ؇ົ

ၬთഈູࢸ u

u

u, ༯ູࢸ s

s

s, Ⴎקၬ 4 ॖ֤Ӊ؇თ l

l

l.
ؓႿֻ j ቔ࠺ඔ؍ٳ߃ົ kj, ෘمҐ౼ٳקܥ
яੱҦ, Ԛֻ j ົഈٳ߃؍ඔ kj ູ d l

i

∏0
e ; 

ෘمҐ౼ N ,яੱҦٳࠩ Ԛֻ j ົഈٳ߃؍

ඔູ d N

q
l
j

∏0
e. ሹҐဢׄඔ K =

DQ
j=1

ki, Ԛ߄Ґဢ

ᇏྏׄ, ଖ۱ᇏྏׄᄝֻ i ۱ֻ؍ j ົ֥ቕѓᆴ

ॖၛ࠺ቔ ci,j = l
j

(i°1/2)
k

i

i + sj, i 2 [1, kj], j 2 [1, D],
i ა j नູᆜඔ.
3.1.2 ਈሰཾᆒሰ൬৻؍ࢨ

֥ٳ߃Ⴟࠎ MQHOA ֥Ґဢᇏྏׄᆭࡗ҂
႕ཙ, ᄝૄ۱ٳ߃თଽ֥൬৻ݖӱ൞৫֥, ၹ
Վ۲ᇏྏׄॖၛѩྛᆳྛ. ೂ 3 ෮ൕູ࿙ᅳଖ၂
ඔݦົ f(x) ࠞնᆴ֥൬৻ݖӱ. Ԛݖӱ֥Ґဢׄ
ູ҃ٳੱۀ 6 ۱ۚථݦ҃ٳඔ֥ࡆן, ൔ (4). ః
თӉ؇ᆞູݺᆃ۱ݦࡆןඔ֥ᇛ௹Ӊ؇. οᅶభ
૫ඪૼ, ܂ඔิݦთ֥ۚථھ M(1 ° p) ۱Ґဢ
ׄ, ႮႿᄝॖྛთຓӁള֥Ґဢׄޓഒॖၛޭ҂
,࠹ ପહޓಸၞᆣૼھთଽჿႵMp ۱ҐဢׄႮ

ఃთ֥ۚථҐဢิ܂, ᄀ܂თิ֥࣍ᄀौط
.؟ ᄝ 3 ֻ၂҄ᇏቐఏֻ۱ؽთଽჿႵMp/2
۱Ґဢׄઋᄝֻ۱თ, ۱თଽ֥Ґဢֻط
,ݺཁಖбჰთݔིׄ ၹՎ༯၂Ґဢࡼᄝֻ
۱თྛࣉ. ᄝᅳ֞֒భთቋնᆴҐဢׄު, ၛᆃ
۱ູׄᇏྏ, ෆ෬თӉ؇කࡨ, ᇗྍᄝྍ֥ෆ෬
თ࿙ᅳቋնᆴ, ೂ 3 ᇏֻֻؽ҄, ၛՎো, ᆰ

֞෮Ⴕᇏྏׄေહ൬৻ᄝࠞᆴׄ࣍ڸ, ေહᅳ҂֞
ࠞᆴׄ.  3 ቋު၂҄ᇏ෮Ⴕᇏྏׄ൬৻ᄝࠞᆴ
.࣍ڸׄ

3.1.3 ݂ѩ؍ࢨ

 3 ቋު൬৻؍ࢨႵ 6 ۱ᇏྏׄٳљ൬৻Ⴟ 4
۱ѯڂ, ఃᇏֻ 2a3a4 ۱ᇏྏׄऊࠢᄝ၂۱ࠞᆴׄ
,࣍ڸ ླေؓᆃུ݂ׄྛࣉѩҠቔ. ਆ۱ׄ۲ົ
ቕѓቋնҵ֥धؓᆴཬႿ໊ᇂࣚ؇ Al, οᅶקၬ 3,
Ϝᆃਆ۱ູ݂ׄ၂ো, ቋᇔՖՎোᇏ౼ԛؓႋݦඔ
ᆴቋն (ቋཬ) ֥ׄቔູቋᇔ֥ࠞᆴׄ.

3.2 P-MQHOAෘمੀӱ

ሸഈ෮ඍ, ᆜ۱ෘمੀӱॖၛࡥေ૭ඍೂ༯:
҄ᇧ 1. Ԛ߄:
҄ᇧ 1.1. ൻೆ ∏0,M,Al,uuu,s

s

s.
҄ᇧ 1.2. ۴ऌ܄ൔԚ߄Ӊ؇თ l

l

l, ѓሙҵ
æs = ∏0

4
, ᄝ۲ົ؇ഈनᄋٳ߃Ӂള K ۱ᇏྏׄ, ః

ᇏֻ i ۱ׄ centeri = (ci,1, ci,2, · · · , ci,D).
҄ᇧ 2. ൬৻ݖӱ:
҄ᇧ 2.1. ᄝ۲ົഈၛ ci ູᇏྏׄ, æs ູѓሙ

ҵྛࣉM ՑۚථҐဢ, ֒Ґဢׄӑԛॖྛთшࢸൈ
ၛшູׄࢸሙ.
҄ᇧ 2.2. ՖM ۱Ґဢׄᇏ࿊ᄴؓႋݦඔᆴቋ

ն (ቋཬ) ֥၂۱ׄቔູྍ֥ᇏྏׄ, æs කູࡨჰট

၂϶. ೂݔડቀ æs ∏ Al, ᇗگᆳྛ҄ᇧ 2.1, ᄵڎ
࿃ᆳྛ҄ᇧ 3.1.
҄ᇧ 3. ݂ѩ:
҄ᇧ 3.1. ؓቋުളӮ֥ K ۴ऌൔࢳ۱ (1) ࠇ

ൔ (2) ቔࠞᆴק, ಀԢ҂ડቀൔሰ֥ׄ.
҄ᇧ 3.2. ҵᆴ֥ቋ؇۲ົࡗෘ۲ཌྷਣׄᆭ࠹

ཬᆴ, ཬႿ Al ᄵކѩᆃུׄѩ౼ఃᇏቋն (ቋཬ)
֥ቔູቋᇔࢳ.

 3 P-MQHOA ൬৻ݖӱൕၩ

Fig. 3 Schematic diagram of P-MQHOA convergence process
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3.3 P-MQHOAෘمਆᇕҦ

ᆌؓົ؇֮ࢠaླ ѯӉٳяੱ҂֥ۚݦඔࣉ

,࿙Ⴊڂ؟ྛ ҐႨٳקܥяੱҦࠧॖࢳथ. ົ؇
,ཬ౦ঃ༯ޓяੱٳᆀླѯӉࠇۚࢠ ႋ֒ҐႨ؟
.яੱҦٳࠩ
ؓႿ N ,яੱٳࠩ ෘࣜمԚބ؍ࢨٳ߃ਈ

ሰཾᆒሰ൬৻ު؍ࢨ, ᅳ֞ൻԛᇏྏׄ҂ູॢ෮ؓ
ႋ֥თ, ؓᆃུთᆳྛ༯၂֥ࠩԚ؍ࢨٳ߃
֥Ҡቔѩ֥ؓٳ߃ሰთᆳྛਈሰཾᆒሰ൬৻؍ࢨ

֥Ҡቔ, ෆ࿙ֻ݂֞־ N ࠩުؓ෮Ⴕൻԛ֥ᇏྏׄ

ᆳྛ݂ѩ֥؍ࢨҠቔ, ॖൻԛቋᇔ֥ࠞᆴׄ.
ၛ 4 ູ২, ؓ f(x, y) ᄝླٳяੱູ 0.1 ༯

ࠞᆴ, Ӊ؇თ lx = ly = 5, ҐႨࠩٳяੱҦԚ
ٳ߃თඔູ d 3

q
5

0.1
£ 3

q
5

0.1
e = 16, ೂሰ 4 (a)

෮ൕ; ӱުಒಪࠞᆴׄᄝݖѩ݂ބ৻൬ݖࣜ 6 აݼ
ೂሰ,ٳ߃ࠩؽֻྛࣉთ,ᇗྍᄝᆃਆ۱თݼ11
 4 (b) ෮ൕ; ᇗگၛഈݖӱֻࠩުٳ߃ൌٳ࠽я
ࣚ؇ॖղ֞ 5

43 = 0.078, ડቀླٳяੱᇔᆸםս,
ೂሰ 4 (c) ෮ൕ. ૄ۱ᇏྏ֥ׄҐဢՑඔູM ,
ॖၛ࠹ෘሹ֥ҐဢՑඔູ 16(1 + 2 + 3)M = 96M ,
яੱླေՑඔູٳקܥ౼Ґط 50£50M = 2 500M ,
,ࡗෘൈ࠹؟ޓఃസಀॖ ࠩ؟ඔ౦ঃ༯္ಸၞ
.ᆴׄࠞٳാ҆ש ၹູM ᄝՙٳяੱ༯ཌྷؓႿ༥ٳ

яੱࣼေཬ, ᄝބᄝ౯ӆഈࠏෛߛбϜݺࣼ
౯֥љ. ೂሰ 4 (b) ෮ൕ 11 თໃᅳݼ
֞ࠞᆴׄପહᄝሰ 4 (c) ᇏࣼ߶שാࠞ؟ޓᆴׄ.
ၹՎM ֥࿊ᄴࠩބඔ֥࿊ᄴႋ۴ھऌൌ࠽౦ঃط

.ק
Վຓ, ޘᄝࠩთଽࣇяੱҦ༯҂ٳࠩ؟

ཟॖѩྛᆳྛ, ҂ࠩთ္ॖሺཟѩྛᆳྛ, ෘ࠹
,ടۄӱ҂߶ཌྷݖ ᄝЌӻჰ QHOA ෘݻ֮مൈa
ॹ൬৻aۚ ࿙Ⴊڂ؟֥ݺޓႵمෘھԤഈࠎ֥؇ࣚ

ି৯.

4 ෘمൌ২ٳ༅

Чࢫ๙ݖ࿙Ⴊࣚಒྟaಆࠞᆴׄ࿙Ⴊބಆअ؟

,ିྟކሸ֥مෘھটҩ൫؇࢘۱߄Ⴊڂ ൌဒ
Ⴈ֥࠹ෘࠏҐႨMac ༢, ᇶ 29GHz, ᄝ JDK7
ෘࣚ؇ູཬඔׄު࠹ׄڜ༯֥ߌ 16 ໊, ൌဒ࿙
ᅳ֥ࠞᆴׄଏಪູࠞཬᆴׄ, ഡᇂ໊ᇂࣚ؇ Al ູ

0.000001.

4.1 ࿙Ⴊሙಒྟ

ሙಒྟ൞ޙਈ၂۱ෘ֥ߊݺمᇗေѓሙ, ູਔ
ҩ൫ЧෘمᄝླѯӉٳяੱ༯࿙ᅳࠞᆴ֥ׄሙಒ

؇, ൌဒႨච൝ፗਈሰ༢ݦඔটဒᆣ. ච൝ፗਈ
ሰ༢൞࣮ັܴ࿐֥၂۱ᇗေଆ, ః
ඔіղൔູݦ

Vsys = V0
(x2 ° a

2)2

a

4
+ ±x (5)

ඔႵਆ۱ࠞཬᆴ,ఃᇏݦھ V0 іൕݦඔ֥ᆴთӉ؇,
2|a|іൕਆ۱ࠞཬᆴׄᆭ֥ࡗඣए, 2|±||a|іൕ
ਆ۱ࠞཬᆴׄᆭ֥ࡗԼᆰए. ᇂ V0 = 10, a љٳ

౼ 1, 0.5, 0.1, 0.05, · · · , 0.0000001, ؓႋݦඔൌٳ࠽
яੱ ∏min ູ 2, 1, 0.5, 0.1, · · · , 0.0000005. ഡᇂݦඔ
ၬთູק [°1.5, 1.5],ԚҐဢᇏྏׄඔK = ܥ,30
яੱູٳяੱ༯ॖ്љѯӉٳק d 1.5°(°1.5)

30
e = 0.1,

ൌဒഡᇂླѯӉٳяੱ ∏0 = 0.1, ҩ൫ෘمᄝൌ
яੱٳѯӉ࠽ ∏min ౼҂ᆴൈ്љࠞᆴ֥ሙಒ؇.
Վຓ, ູਔҩ൫ࠞᆴ֥ׄࡗԼᆰएؓ࿙ᅳࠞᆴׄ
ሙಒ؇֥႕ཙ, ൌဒٳљ౼ ± = 1 ა 0, భᆀؓႋ҂
֩ᆴࠞᆴච൝ፗݦඔ, ުᆀؓႋ֩ᆴࠞᆴච൝ፗݦ
ඔ. ݖࣜ 1 000 Ց൫ဒ, ࠹࿙ᅳࠞᆴ֥ׄՑඔ, ҂
֩ᆴࠞᆴׄݦඔݔࢲ࠹ೂ 5 ෮ൕ, ֩ᆴࠞᆴׄ
ೂݔࢲ࠹ඔݦ 6 ෮ൕ. ఃᇏޘቕѓູ a, ่౷
ཌٳљսіᅳֻ֞၂۱ࠞᆴ֥ׄՑඔaᅳֻ֞۱ؽ

ࠞᆴ֥ׄՑඔބಆ҆ᅳ֞ࠞᆴׄՑඔ.

 4 3 яੱҦ༯ؓٳࠩ f(x, y) ࠞᆴ

Fig. 4 3-level resolution strategy for the extreme value of f(x, y)
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 5 ҂֩ᆴࠞᆴׄݦඔෆ෬ሙಒྟෛ a э߄

Fig. 5 Searching accuracy of unequal-value-extremum

function varing with a

 6 ֩ᆴࠞᆴׄݦඔෆ෬ሙಒྟෛ a э߄

Fig. 6 Searching accuracy of equal-value-extremum

function varing with a

ՖਆᅦॖၛؿགྷЧෘॖمၛᅳԛླٳяੱ

༯ࠫެ෮Ⴕࠞᆴ.  ∏0 = 2|a|, ԛࢳ a0 = 0.05; 
Al = 2|a|, ԛࢳ a1 = 0.0000005. a0 ა a1 ᆞݺ൞ਆ

ᅦ౷ཌ൝эׄࢸٳ֥߄. ֒ a < a0 ൈनିᅳ

֞ਆ۱ࠞᆴׄ; ֒ a = a0 ൈࠞնੱۀᅳ֞ਆ۱ࠞᆴ

ׄ; ֒ a0 < a ∑ a1 ൈ, ᅳ֞ਆ۱ࠞᆴ֥ׄੱۀႿ
໗ק; ֒ a > a1 ൈᅳ֞ਆ۱ࠞᆴ֥ׄੱۀᇯࡨࡶഒ.
ൌဒݔࢲაభ૫ 2 ඪૼཌྷކژ, ᆣૼਔླѯӉ
.яੱ༯࿙Ⴊሙಒྟٳ
Վຓॖၛؿགྷ:
1) ҂ܵؓႿ֩ࠞᆴݦඔބ҂֩ࠞᆴݦඔ, ෘھ

,ၬთଽनିᇀഒᅳ֞၂۱ࠞᆴׄקᄝم ѩෛሢ
∏min ,ཬࡨ ่౷ཌэ߄൝ࠫެ၂ᇁ.

2)  4 ᇏ a ౼ 0.05 ა 0.0005 ᆭࡗൈෘ۷مಸ
ၞᅳ֞ࠞᆴ۷ཬֻ֥၂۱ࠞᆴׄ, ္ࣼ൞ඪؓႿ҂
֩ᆴࠞᆴׄ, ,ಸၞᅳ֞ࠞᆴ۷ૼཁ֥ׄمෘھ ᆃ۱
หྟ֤ھෘمൡކႨႿಆअႪ߄.

4.2 ಆࠞᆴׄ࿙Ⴊ

4.2.1 ಆࠞᆴׄ࿙Ⴊྟି

ඔᆜุэݦඔ֥ಆ҆ࠞᆴׄສສॖၛّ႘ݦ

,൝߄ ն҆ٳෘؓمಆࠞᆴ֥ׄෆ෬ཨݻਔ؟ޓ
ൈࡗ, ,ࣚ؇҂ۚط ২ೂ໓ང [7] ᇏ֥ Ant ෘم

ა໓ང [8] ᇏ RePAMO ෘمಆࠞᆴ֥ׄෆ࿙Ӯູ
,໙ีഈ֥၂۱ี߄Ⴊڂ؟ ᆃҐႨਆᇕҦ֥
P-MQHOA ቔಆࠞᆴ࿙Ⴊ.
ൌဒႨࡥֆ၂ົᆑ֕ݦඔ y = xsin 1

x
, x 2

[°0.5, 0.5], ೂ 7. ,Ⴕ౫ࠞᆴ࣍ڸඔᄝჰׄݦھ
ᄀौ࣍ჰׄࠞᆴׄ҃ٳᄀࣅૡ, ᆰᇀѯӉٳяੱ
Ⴟ࣍ 0. ,҂ॖିᅳԛંഈ֥෮Ⴕࠞᆴׄܣ ൌဒᆷ
,яੱٳѯӉླק ಖުᅳԛھѯӉٳяੱ༯֥ࠞ
ᆴׄඔ.

 7 ၂ົᆑ֕ݦඔ౷ཌ

Fig. 7 One-dimensional shock function curve

ᆷླקٳяੱ༯֥ંࠞᆴׄඔଢॖၛᆃဢ

. ؓ y ֝, y

0 = ° 1
x

cos 1
x

+ sin 1
x
,  y

0 = 0, Ⴕ
tan 1

x
= 1

x
, ֒ 1

x
2 [°0.5, 0.5] ൈॖၛ֤֞࣍රࢳ,

ఃᇏᆞ࣍රࢳ x+ = 2
(2k+1)º

, k 2 N

§. ཌྷਣਆ۱ѯܡ
ඣए ∏ = 2

(2k+1)º
° 2

(2k+5)º
, ᄝ ∏0 < ∏ ༯ࡱ่

֤ࢳॖ

k <

r
1 +

2
∏0º

° 1.5, k 2 N

§ (6)

ᆃ൞ᆞ࣍රࢳඔ, ႮႿݦඔؓӫྟ, ඔ֩Ⴟࢳර࣍ڵ
ᆞ࣍රࢳඔ, ෮ၛડቀൔ (6) ֥ቋնᆞᆜඔ֥ਆП
,ቔK0࠺ ູࠧડቀླٳяੱ֥ࠞᆴׄ۱ඔ.
ູဒᆣھෘݦົ؟ؓمඔ֥ࠞ؟ᆴ࿙Ⴊྟି

,༅ٳ ൌဒႨ Griewank ,ඔݦ :ඔіղྙൔݦ

f(xi) =
DP

i=1

x2
i

4000
°

DQ
i=1

cos
≥

x
ip
i

¥
+ 1 ᆃ࿊ᄴົ؇ູ

2, ೂ 8 ෮ൕ, xi ᄝ [°100, 100] ଽ, קܥඔႵݦھ
.K0ູ࠺яੱ֥ࠞᆴׄඔٳ֩



2௹ ᆽब֩: ߄Ⴊڂ؟مԄ؇ਈሰཾᆒሰෘ؟֥ٳ߃Ⴟࠎ 241

 8 ົؽ Griewank ඔݦ

Fig. 8 Two-dimensional Griewank function

ൌဒഡᇂ҂ླѯӉٳяੱ ྛࣉ,0∏ 50Ց৫
ൌဒ. ؓбٳקܥяੱٳࠩؽބяੱ༯ෘିྟ֥م,
భᆀᅳ֥֞ࠞᆴׄ۱ඔႨK1 іൕ,ުᆀႨK2 іൕ,
नݻൈ (Time consuming) љູٳ TC1aTC2, ֆ
ູ໊૰, Ґဢᇏྏׄඔ (Center-point numbers) ٳ
љႨ CN1aCN2 іൕ. ᆑ֕ݦඔݔࢲі 1.

і 1 ၂ົᆑ֕ݦඔਆᇕҦ࿙Ⴊྟିбࢠ

Table 1 Comparison of two strategies for one

dimensional shock function

K0 ∏0 K1 CN1 TC1 K2 CN2 TC2

2 0.1 3.9 10 0.0030 4.0 4 0.0038

12 0.01 13.9 100 0.0180 11.9 10 0.0084

46 0.001 47.7 1 000 0.1499 41.6 31 0.0348

156 0.0001 157.0 10 000 1.312 144.2 100 0.167

500 0.00001 493.2 100 000 10.374 461.0 316 0.767

1 592 0.000001 1 515.0 1 000 000 95.614 1 419.6 1 000 3.067

K0 ႨটіൕડቀླѯӉٳяੱ ∏0 ֥ࠞᆴ

ׄඔ, ൌ࠽ഈෘॖمၛᄝჰׄ࣍ڸᅳ֞ਆ۱бླ
ѯӉٳяੱߎཬ֥ࠞᆴׄ, ೂ ∏0 = 0.1 ൈෘم
љᄝٳၛᅳ֞ॖߎ (°0.1, 0) ა (0, 0.1) თଽ֥
ਆ۱ࠞᆴׄ, ᆃਆ۱ࠞᆴׄएቋࠞ࣍ᆴ֥ׄ
ቕѓएჹཬႿ ∏0, ၹՎᅳ֞ડቀ ∏0 ֥ࠞᆴׄ

ඔൌູ࠽ K1 ° 2 ބ K2 ° 2. бࢠ K0 ა K1 ° 2
ބ K2 ° 2 ֥ܱ༢ॖᆩ: ෛሢ ∏0 ,ཬࡨ ෘॖمၛ
ᅳ֞۷֥ࠞ؟ᆴׄ, ܥяੱҦٳࠩ؟ཌྷбط
яੱҦ༯ᅳ֞ડቀٳק ∏0 ֥ࠞᆴׄඔ۷࣍ࢤ

K0, ٳࠩ؟яੱҦ༯ෘٮمൈ؋ࢠࡗ. ೂ
౼ ∏0 ູ 0.000001 ൈٳקܥяੱაٳࠩؽяੱൈ
,ཌྷҵჿПݻཨࡗ ఃჰၹ൞ֆ۱Ґဢᇏྏׄ
෮Ⴈ֥Ґဢمభิ༯ਆᇕҦෘ֥קޚսՑඔם

ᇏྏׄඔཌྷҵޓն, ҐႨٳקܥяੱҦླ܋ေ
CN1 = d( L

∏0
)De = d( (0.5°(°0.5))

0.000001
)1e = 1000 000

۱Ґဢᇏྏׄ, яੱҦԚᆺླٳࠩؽҐႨط
CN2 = d( L

∏0
)D/Ne = d( (0.5°(°0.5))

0.000001
)1/2e = 1 000 ۱

Ґဢᇏྏׄ,Ԛनٳ߃ 1 000۱თ,ᆃ 1 000۱
თᇏթᄝ؟ޓࠞᆴ֥თ, ᄝֻٳ߃ࠩؽൈ҂
߶ؓᆃུࠞᆴთٳ߃, ᆃဢሹ֥Ґဢᇏྏׄཌྷ

ؓটඪࣼэޓഒਔ. ဢϜݦඔߐӮົؽ Griewank
ྛࣉඔݦ 50 Ց৫ൌဒ, ,नᆴ౼ݔࢲؓ і 2
෮ൕ.

і 2 ົؽ Griewank ࢠඔਆᇕҦ࿙Ⴊྟିбݦ

Table 2 Comparison of two strategies for two

dimensional Griewank function

K0 ∏0 K1 CN1 TC1 K2 CN2 TC2

1 369 20 75.7 10 0.051 40.3 4 0.036

1 369 10 307.8 400 0.183 231.2 10 0.291

1 369 5 1 049.2 1 600 0.726 617.5 31 1.472

1 369 2 1 333.4 10 000 4.078 670.2 100 1.657

1 369 1 1 340.5 40 000 15.312 783.0 316 9.64

1 369 0.5 1 353.10 160 000 57.272 1 924.1 1 000 21.04

ෛሢ ∏0 ,؟ᅳ֥֞ࠞᆴׄэمཬෘࡨ ֞ ∏0 < 5
ުਆᇕҦᅳ֥֞ࠞᆴׄඔनषэ֤໗ק. ᆃ൞
ႮႿ Griewank ؇ᄝ۲ົ҃ٳඔࠞᆴׄቕѓनᄋݦ
ഈ, ۲۱ཌྷਣࠞᆴׄᄝ۲ົ؇ഈ֥ቕѓҵनཌྷ֩, ֩
Ⴟൌ࠽ѯӉٳяੱ, ֒ླٳяੱཬႿൌ࠽ѯӉٳ
яੱުෘمᅳ֥֞ࠞᆴׄඔࣼႿ໗קਔ. Վຓ, Ґ
ႨٳקܥяੱҦ֥ٳ߃ MQHOA ᅳ֞ܔିެࠫ
ླѯӉٳяੱ༯෮Ⴕࠞᆴׄ, яੱҦٳࠩؽط
༯Ұಆੱ֮ࢠ. ೂഈі෮ൕ, ົؽ Griewank ඔᄝݦ
∏0 =2 ൈҐႨٳקܥяੱҦࠫެିܔᅳ֞෮Ⴕࠞ
ᆴׄ, ඔଢ࠽яੱҦ༯ᆺିᅳ֞ൌٳࠩؽҐႨط
֥၂϶, ᆃ൞ၹູᄝՙٳяੱ༯ޭ֥ࠞᆴׄ෮ᄝ
თ҂߶ҕაֻ֞ٳ߃֥ࠩؽ. ᆜุটඪٳࠩ؟
яੱҦॖၛႨ֥؋ࢠൈࡗປӮෘمෆ෬, Ⴍః֒
ླѯӉٳяੱޓཬ֥౦ঃ༯ᆃᇕൈࡗҵљ۷ૼཁ.
აఃᇆିෘمбࢠ, Чෘمᄝൈࣚބࡗ؇ഈ

.նႪ൝ޓႵ ೂ໓ང [5] ᇏ০Ⴈၖಕෘݦؓمඔ
y = x

2
1+x

2
2°cos(18x1)°cos(18x2), x1, x2 2 [°1, 1]

෮Ⴕࠞնᆴׄ. ა০Ⴈ P-MQHOA ෘ֤مԛ
ೂіࢠбݔࢲ֥ 3 ෮ൕ. ؓ 36 ۱ࠞᆴׄοᅶ۲
ົቕѓࠎྛࣉඔஆ, No. ູᅳ֞ࠞᆴ֥ݼ,
((x1, x2, f(x1, x2)) .ႋ֥ᆴؓބљູቕѓׄٳ
ၛഈൌဒඔऌ൞ᄝٳקܥяੱҦ༯ഡᇂᇏྏ

ׄඔູ 200, ॖၛෘԛॖ്љѯӉٳяੱູ 0.142,
ཬႿݦඔൌ֥࠽ѯӉٳяੱ, ၹՎॖᅳ֞෮Ⴕࠞᆴ
ׄ. ਸ਼ຓ, ཌྷؓႿၖಕෘمԛ෮Ⴕࠞᆴ֥ׄٮ
3 203.297 s, P-MQHOAᆺླ 0.123 s,ѩఃࣚ؇ཌྷ
ؓႿၖಕෘ֥م 0.01 ࣚಒ֞ 0.0000005, ં൞ൈ
൞ࣚ؇ഈߎࡗ P-MQHOA .նႪ൝ޓᅝ ൌ࠽ഈ,
ᆃૄ۱ᇏྏׄᆺളӮ 20 ۱ۚථҐဢ္ׄିᅳԛ
෮Ⴕࠞᆴׄ, ൈॖٮࡗၛ۷ഒ, ၹՎ P-MQHOA
ྟିഈߎႵࣉ၂҄ิ֥ۚॢࡗ.
ሸഈษં, P-MQHOA ൡݦކඔ֥ಆࠞᆴׄ࿙

Ⴊ, ѩॖၛ۴ऌ۽ӱऎุླҐႨ҂֥Ҧ: ֒
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і 3 P-MQHOA აၖಕෘمಆࠞᆴෆ෬бࢠ

Table 3 Comparison of total-extremum-searching of P-MQHOA and ant colony algorithm

NO. P-MQHOA ANT

(x1, x2, f(x1, x2))

1 (°0.878093608, °0.878093599, 3.53255484) (°0.8781, °0.8781, 3.5326)

2 (°0.878093550, °0.526852857, 3.042136418) °0.8737, °0.5310, 3.0362

3 (°0.878093617, °0.17561706, 2.796928371) (°0.8725, °0.1810, 2.7873)

4 (°0.878093568, 0.175617049, 2.796928371) (°0.8725, °0.5310, 3.0362)

5 (°0.878093628, 0.526852825, 3.042136418) (°0.8700, 0.5175, 3.0176)

6 (°0.878093611, 0.878093569, 3.53255484) (°0.8675, 0.8675, 3.4966)

7 (°0.52685281, °0.878093573, 3.042136418) (°0.5310, °0.8737, 3.0362)

8 (°0.526852791, °0.526852812, 2.551717996) (°0.5268, °0.5268, 2.5517)

9 (°0.526852794, °0.175617069, 2.306509949) (°0.5352, °0.1773, 2.3056)

10 (°0.526852803, 0.17561705, 2.306509949) (°0.5215, 0.1700, 2.2969)

11 (°0.526852866, 0.526852858, 2.551717996) (°0.5200, 0.5200, 2.5367)

12 (°0.526852827, 0.878093628, 3.042136418) (°0.5175, 0.8700, 3.0176)

13 (°0.175617027, °0.878093592, 2.796928371) (°0.1810, °0.8725, 2.7873)

14 (°0.175617075, °0.526852805, 2.306509949) (°0.1773, °0.5252, 2.3056)

15 (°0.175617028, °0.175617046, 2.061301903) (°0.1756, °0.1756, 2.0613)

16 (°0.175617006, 0.175617028, 2.061301903) (°0.1756, 0.1756, 2.0559)

17 (°0.175617067, 0.526852847, 2.306509949) (°0.1700, 0.5215, 2.2969)

18 (°0.175617056, 0.878093620, 2.796928371) (°0.1675, 0.8700, 2.7759)

19 (0.175617041, °0.878093592, 2.796928371) (0.1675, °0.8700, 2.7759)

20 (0.175617068, °0.526852815, 2.306509949) (0.1700, °0.5215, 2.2969)

21 (0.175617061, °0.175617041, 2.061301903) (0.1715, °0.1715, 2.0559)

22 (0.175617051, 0.175617057, 2.061301903) (0.1756, 0.1756, 2.0613)

23 (0.175617054, 0.526852783, 2.306509949) (0.1773, 0.5252, 2.3056)

24 (0.175617039, 0.878093590, 2.796928371) (0.1810, 0.8725, 2.7873)

25 (0.526852762, °0.878093542, 3.042136418) (0.5175, °0.8700, 3.0176)

26 (0.526852876, °0.526852885, 2.551717996) (0.5200, °0.5200, 2.5367)

27 (0.526852785, °0.175617064, 2.306509949) (0.5215, °0.1700, 2.2969)

28 (0.526852823, 0.175617064, 2.306509949) (0.5252, 0.1773, 2.3056)

29 (0.52685278, 0.52685282, 2.551717996) (0.5268, 0.5268, 2.5517)

30 (0.526852781, 0.878093598, 3.042136418) (0.5310, 0.8737, 3.0362)

31 (0.878093552, °0.878093598, 3.53255484) (0.8675, °0.8675, 3.4966)

32 (0.87809359, °0.526852814, 3.042136418) (0.8700, °0.5175, 3.0176)

33 (0.878093528, °0.175617038, 2.796928371) (0.8700, °0.1675, 2.7759)

34 (0.878093604, 0.175617041, 2.796928371) (0.8725, 0.1810, 2.7873)

35 (0.878093617, 0.526852807, 3.042136418) (0.8737, 0.5310, 3.0362)

36 (0.878093597, 0.878093581, 3.53255484) (0.8781, 0.8781, 3.5326)
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ླေҰᅳ෮ႵࠞᆴׄൈॖၛҐႨٳקܥяੱҦ,
֒ؓൈࡗေۚࢠൈॖၛҐႨٳࠩ؟яੱҦ. ൌ
ಆݣЇགྷᆃਆᇕҦ෮ᅳ֥֞ࠞᆴؿߎഈൌဒ࠽

अቋႪࢳ, ၹՎᄝ҂ॉ੮෮Ⴕࠞᆴ֥౦ঃ༯, ؓႿ
ಆअႪ߄໙ีॖၛॉ੮Ⴈٳ؟яੱҦ.

4.3 ಆअڂ؟Ⴊ߄

ᄝ॥ᇅაथҦਵთᇏ, ২ೂದࣅ֥ࠏૡщؒ
٦ྛ॥ᇅႋႨa֥ࠏؿॢݴಗഎᇶ॥ᇅႋႨa

,ႋႨ֩[15]ࢫט॥ᇅҕඔ֥ሱ֝ ༢֥սݦࡎ
ඔ௴ђֹթᄝ۱؟ಆअࠞᆴ, ೂܔିޅ༢֥ս
,ቔᄝಆअࠞᆴׄ۽ֹקඔ໗ݦࡎ ቋնֹߨؿ༢
֥ྟି, ൞۽ြ॥ᇅࢸ၂۱ታրࢳथ֥໙ี. ն҆ٳ
,थᆃ۱໙ีࢳᇁ৯Ⴟمᇆିෘ߄Ⴊڂ؟ ߃Ⴟࠎط
MQHOA֥ٳ ൞ൡކಆࠞᆴׄ࿙Ⴊ֥ෘم, ॖၛՖ
ᇙࠞ؟ᆴׄᇏೱ࿊ԛቋࠞࡄᆴׄ.
Чࢫൌဒ࿊Ⴈ 14 ඔ[6]ݦ۱ ቔູҩ൫ࠢކ, ః

ᇏ f1 ª f7 ބ f12 ູ၂ົݦඔ, f14 ູົݦඔ,
ఃჅ൞ݦົؽඔ. бࢠ P-MQHOA ა໓ང [6]
ᇏఃᇆିෘ֥֥مљ. ᆃུෘمЇও: Ⴟࠎ
චଢѓҵڂ؟֥߄ࣉٳႪ߄ෘم (Multimodal op-
timization using a biobjective diÆerential evolu-
tion algorithm, MOBi-DE)aႚࠪ؇ҵ߄ࣉٳෘم
(Crowding DE, CDE)aࠎႿྙ֥ҵ߄ࣉٳෘم
(Speciation-based DE, SDE)a൦ൡႋ؇ए϶

֥ࣥ৬ሰಕෘم (Fitness-Euclidean distance ratio
PSO, FER-PSO)aࠎႿᇕྙӮჰ֥৬ሰಕෘ
م (Speciation-based PSO, SPSO)aླྀ ٚҵइᆔൡ

ႋ߄ࣉෘم (Covariance matrix adaptation evolu-
tion strategy, CMA-ES)aקܥཬള϶֥ࣥླྀٚҵ
इᆔൡႋ߄ࣉෘم (CMA-ES with fixed niche ra-
dius, CMA)aචଢѓ؟ಕุ၌Ԯෘم (Biobjective
multipopulation genetic algorithm, BMPGA)aࠎ
Ⴟཬള֥ջႵࣚႇҦ֥٤ᆦஆ֥၌Ԯෘ

م (Niching-based NSGA-II) ຉ௪৬ሰಕႪߌބ
مෘ߄ (Particle swarm optimization using a ring
topology, rpso). ఃᇏ r2psoᇏૄ۱৬ሰᆺაྙߌຉ
௪ᇏႷш֥৬ሰࢌ, r3pso აྙߌຉ௪ᇏ֥ቐႷਆ
ш֥৬ሰनࢌ. ೂі 4 ෮ൕ, ෮Ⴕෘݖࣜم 50
Ց৫ᇗگൌဒ, ࠹ᅳ֥֞ಆअڂඔ, ౼ݔࢲؓ
नᆴ, ಖުؓૄ۱ෘྛࣉمஆ࠺֞ওݼᇏಀ, ቋ
ᇔ࠹ሹஆ. ఃᇏȩႨট॥ᇅࠞᆴ֥ׄࣚ؇, No.
іൕؓႋݦඔႋႵಆअڂඔ. P-MQHOA ෘؓم၂
,яੱҦٳקܥඔҐႨݦົ ٳࠩؽඔҐႨݦົؽ
яੱҦ, ົݦඔҐႨࠩٳяੱҦ.
ҕაб֥ࢠෘمᇶေ൞ؓҵ߄ࣉٳෘم (DE)a

၌Ԯෘم (GA) مෘ߄৬ሰಕႪބ (PSO) ֥۲ᇕڿ
,مෘࣉ උႿ߄ࣉෘٳ֥مᆥ, Ⴟಕุᇆିࠎ൞္
֥ෛࠏѩྛႪ߄ෘم, ๙ݖଆٟളಕุଽ۱ุࡗ
ෆ߄ൔಕุᇆିটᆷ֝ႪؿቔაࣩᆚӁള֥ఓކ֥

і 4 ົؽ Griewank ݔࢲކ҃ٳඔࠞᆴݦ

Table 4 Fitting results of extremum values0 distribution of Griewank function

Func.No. " P-MQHOAMOBi-DE CDE SDE S-CMA CMA SPSO PER-PSO r2pso r3pso Niching-based BNPGA

NSGA-II

f1 1 0.05 1(4) 1(4) 1(4) 1(4) 1(4) 1(4) 0.44(12) 0.82(10) 0.76(11) 0.84(9) 1(4) 1(4)

f2 1 0.05 1(5) 1(5) 1(5) 1(5) 1(5) 1(5) 0.40(12) 1(5) 0.88(11)0.96(10) 1(5) 1(5)

f3 2 1E°6 2(2.5) 2(2.5) 2(2.5) 1.96(5) 1.92(7) 1.95(6) 1.38(9) 0.8(10) 0.48(12) 0.6(11) 2(2.5) 1.5(8)

f4 5 1E°6 5(1.5) 5(1.5) 3.84(10) 4.70(6) 0.04(12) 0.6(11) 4.88(3) 4.84(4) 4.68(7) 4.74(5) 4.37(9) 4.64(8)

f5 1 1E°6 1(6) 1(6) 0.72(12) 1(6) 1(6) 1(6) 1(6) 1(6) 1(6) 1(6) 1(6) 1(6)

f6 5 1E°6 5(1.5) 5(1.5) 3.96(9) 4.6(7) 0(12) 0.64(11) 4.92(4) 4.96(3) 4.88(5) 4.72(6) 4.52(8) 3.56(10)

f7 1 1E°6 1(5.5) 1(5.5) 0.8(11) 1(5.5) 1(5.5) 1(5.5) 1(5.5) 1(5.5) 1(5.5) 1(5.5) 0.6(12) 1(5.5)

f8 4 5E°4 4(1.5) 4(1.5) 0.32(12) 3.72(4.5) 3.72(4.5) 3.43(7) 0.84(11) 3.68(6) 2.92(9) 2.76(10) 3.74(3) 3.34(8)

f9 2 1E°6 2(3) 2(3) 0.04(12) 2(3) 1.6(7) 2(3) 0.08(11) 1.96(6) 1.44(9) 1.56(8) 2(3) 1.24(10)

f10 1 1E°6 1(2) 1(2) 0.52(9) 0.32(10) 0.06(12) 0.18(11) 0.56(8) 1(2) 0.88(6) 0.76(7) 0.94(5) 0.96(4)

f11 18 5E°2 17.5(1) 17.4(2) 11.39(12) 12.78(9) 12.04(10) 12(11) 14.36(7) 15.61(6) 15.95(5)16.45(4) 16.94(3) 13.72(8)

f12 6 0.05 6(1.5) 6(1.5) 5.56(6.5) 4.88(12) 5.56(6.5) 5.81(3) 5.6(5) 5.28(10) 5.52(8) 5.16(11) 5.36(9) 5.71(4)

f13 36 1E°3 35.6(1) 35.4(2) 33.8(3) 23.8(7) 24.6(6) 23.6(8) 25.72(5) 21.8(12) 22.4(9) 22.2(10) 22.05(11) 31.76(4)

f14 2181E°3 163.56(2) 175.88(1) 152(3) 50.6(8) 0.6(12) 32.5(11)70.12(6) 68.6(7) 40.6(10) 45.4(9) 92.76(5) 121.54(4)

Total ranks 38 39 111 92 109.5 102.5 104.5 92.5 113.5 111.5 85.5 88.5
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і 5 P-MQHOA ෘمაMOBi-DE ෘمൈࡗཨݻ (s)

Table 5 Time consumption of P-MQHOA algorithm and MOBi-DE algorithm (s)

Func. f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 f11 f12 f13 f14

P-MQHOA 0.01 0.01 0.01 0.01 0.01 0.01 0.02 0.1 0.1 0.1 1.76 0.28 4.32 12.14

MOBi-DE 1.56 1.46 2.82 2.64 1.54 2.04 1.68 18.34 15.28 41.24 46.28 36.49 51.74 72.36

෬. ᆃུෘمႨཬളটิۚᇕಕ؟ဢྟх૧ᄪ
ඃ, ॖၛൈႨ۱؟ሰᇕಕট۵ބ໊קሶ۱؟ቋ
Ⴊࢳ. ཬളބࣥ϶֥ཬള֥ඔਈ႕ཙᆜุ֥ᄎ
ෘ؇ࣚބ؇, ෘھؓିྟمҕඔޓૹۋ, ླေט൫
,Ց؟ ఃᇏն҆ࣉڿٳෘླمေ؟ࢠ॥ᇅҕඔҌି
ղ֞бࢠડၩ֥ݔࢲ, ط P-MQHOA ᆺླေഡᇂა
ླѯӉٳяੱཌྷؓႋ֥Ґဢᇏྏׄඔࠧॖ. ۴ऌ
і 4 ֥࠹ஆඔऌᇅಣ৯, ೂ 9 ෮ൕ, ః
ᇏ၂ྛᄀ֎іൕᅳ֥֞ಆअቋႪׄᄀ؟, ّ
ᆭᄀഒ. бೂؓႿ f1 ,ඔݦ Ⴎധరॖ SPSO
ෘ֥م࿙Ⴊིݔቋҵ, ః PSO ෘمіགྷ္҂ࡄ,
ط P-MQHOA აః၌Ԯෘمनିᅳ֞ؓႋ֥ಆ
अቋႪׄ.
Ֆഈॖुԛ, P-MQHOAაMOBi-DEؓ 14

,؟ඔଢҵ҂ࢳඔҩ൫༯෮ᅳ֥֞ቋႪݦ۱ ఃط
ෘمཌྷбᆭ༯ູࢠ. ֆбࢠਆᇕෘؓمᆃ 14
,ࡗनൈ֥ٮඔҩ൫෮ݦ۱ ೂі 5 ෮ൕ, ൈࡗֆ
ູ໊૰.

 9 ෘمಆअ࿙Ⴊбࢠಣ৯

Fig. 9 Comparison of global optimization algorithms

thermodynamic diagram

яੱҦ֥ٳקܥ౼Ґॖ P-MQHOA ֥၂
бMOBi-DEݻཨࡗඔಆअ࿙Ⴊൈݦົ ෘ֮مਆ۱
ඔਈࠩ, Ґ౼ٳࠩ؟яੱҦ֥ P-MQHOA ົ؟֥

.؟ޓ္֮مбMOBi-DEෘݻཨࡗඔಆअ࿙Ⴊൈݦ
ᆃ൞ၹູP-MQHOAअ҆൬৻؇ေбMOBi-DE
֩ն҆ٳᇆିෘمေॹ֥؟. ২ೂ P-MQHOA ؓ
f14 ಆअ࿙Ⴊݖӱᇏ, ᄝܔି 13 ૰ଽᅳ֞ჿ 30 000
۱ࠞᆴׄ, ಖުೱ࿊ԛಆअࠞᆴׄ.
๙ݖၛഈൌဒؓбٳྛࣉ༅, ݂ବೂ༯:
GA ҐႨࣉؽᇅщ, ླေࢌྛࣉҭэၳ࿊ᄴ

၌ԮҠቔ, бَࢠᄖ, ѩၛభ֥ᆩ്ෛሢᇕಕ֥ڿ
эФڿэ, ીႵ࠺ၫྟ, Ⴕ؟ࢠૹ֥ۋ॥ᇅҕඔ, ൬
৻؇ત; PSO ၂ϮҐႨൌඔщ, ৬ሰ๙ݖଽ҆
؇э۷ྍྛࣉ߄, ીႵ GA ,ᄖ֥၌ԮҠቔگ Վຓ
๙֒ݖభෆ෬֤֞ቋႪׄྐྛࣉ༏܋ཚ, ФࢳႪࢠ
෮Ⴕ৬ሰЌթ, ऎႵ࠺ၫି৯, ൬৻؇ཌྷؓ GA ࢠ
ॹޓಸၞཊೆअ҆ቋႪࢳ, ෘم҂໗ק; DE ҐႨ
ൌඔщaࠎႿҵࡥ֥ٳֆэၳҠቔބ၂ؓ၂֥ࣩ

ᆚളթҦ, ,ᄖྟگਔ၌ԮҠቔ֥֮ࢆ ఃห֥࠺
ၫି৯ఃॖၛ۵ሶ֒భ֥ෆ෬౦ঃၛטᆜః

ෆ෬Ҧ, ॥ᇅҕඔࢠഒ, ൬৻؇ཌྷؓႿ GA ა
PSO .ေॹ P-MQHOA ླщ, ႚႵٳקܥя
ੱაٳࠩ؟яੱਆᇕҦ, ૄ۱თ֥ෆ෬ཌྷ
৫, ૄ۱ҐဢᇏྏׄऎႵؓ෮ᄝთࠞᆴ֥࠺ၫି
৯, Ҡቔࡥֆ, ॥ᇅҕඔࢠഒ, ൬৻؇ቋॹ.

5 ંࢲ

ิ,ਔMQHOAࣉڿ໙ี,Ч໓߄Ⴊڂ؟थࢳູ
ԛ P-MQHOA ෘم, ϜMQHOA ֥ಆअႪ߄หྟ
,თٳ߃۱नᄋ؟ᄝٳ ॖၛॹᄝ۲۱თᅳ
֞ࠞᆴׄ, Ֆࢳطथڂ؟Ⴊ߄໙ี. ֒ൌ࠽໙ีԢਔ
ቋႪླߎࢳေСᄴࢳൈ, ᇏ߄ಆࠞᆴׄႪູمෘھ
.ࡱਔ่܂ิࢳՑႪ܂ิ Վຓᆌؓऎุ໙ีЧ໓ิ
ԛਔٳקܥяੱٳࠩ؟ބяੱਆᇕҦ, భᆀႵޓ
,ಆࠞᆴෆ෬ି৯֥ݺ ުᆀႵࢠ఼֥ൌൈྟ, ਆᇕҦ
ିႨႿࢳथಆअڂ؟Ⴊ߄໙ี. ު૫֥࣮۽
ቔࠢࡼᇏᄝھෘمᄝٳࠩ؟яੱҦ༯֥ಆࠞᆴ࿙

Ⴊྟି࣮, ิۚఃԩۚົ໙ี֥ି৯, ঔᅚھෘ
.ြഈ֥ႋႨ۽ᄝم

References

1 Chang Y W, Yu G F. Multi-Sub-Swarm PSO algorithm for
multimodal function optimization. In: Proceedings of the
2014 International Conference on Computer Science and In-
formation Technology. India: Springer, 2014. 687°695



2௹ ᆽब֩: ߄Ⴊڂ؟مԄ؇ਈሰཾᆒሰෘ؟֥ٳ߃Ⴟࠎ 245

2 Qu B Y, Suganthan P N, Das S. A distance-based locally in-
formed particle swarm model for multimodal optimization.
IEEE Transactions on Evolutionary Computation, 2013,
17(3): 387°402

3 Shih C J, Teng T L, Chen S K. A niche-related particle
swarm meta-heuristic algorithm for multimodal optimiza-
tion. In: Proceedings of the 2nd International Conference on
Intelligent Technologies and Engineering Systems. Switzer-
land, Germany: Springer, 2014. 313°321

4 Agrawal S, Sanjay S. FRPSO: fletcher-reeves based particle
swarm optimization for multimodal function optimization.
Soft Computing, 2014, 18(11): 2227°2243

5 Qu B Y, Suganthan P N, Liang J J. DiÆerential evolution
with neighborhood mutation for multimodal optimization.
IEEE Transactions on Evolutionary Computation, 2012,
16(5): 601°614

6 Basak A, Das S, Tan K C. Multimodal optimization using
a biobjective diÆerential evolution algorithm enhanced with
mean distance-based selection. IEEE Transactions on Evo-
lutionary Computation, 2013, 17(5): 666°685

7 Pang C Y, Li X, Liu H, Wang Y F, Hu B Q. Applying ant
colony optimization to search all extreme points of function.
In: Proceedings of the 5th IEEE Conference on Industrial
Electronics and Applications. Taichung, China: IEEE, 2010.
1517°1521

8 Dasgupta B, Divya K, Mehta V K, Deb K. RePAMO: re-
cursive perturbation approach for multimodal optimization.
Engineering Optimization, 2013, 45(9): 1073°1090

9 Vidya R C, Phaneendra H D, Shivakumar M S. Quantum
algorithms and hard problems. In: Proceedings of 5th IEEE
International Conference on Cognitive Informatics. Wash-
ington, DC, USA: IEEE, 2006. 783°787

10 Wang Peng. The Key Technology and Application Examples
of Cloud Computing. Beijing: People0s Posts and Telecom-
munications Press, 2010. 168°194
(வ. ᄉ࠹ෘ֥ܱඌაႋႨൌ২. Кࣘ: ದႯԛϱഠ,
2010. 168°194)

11 Wang Peng, Huang Yan, Ren Chao, Guo You-Ming. Multi-
Scale quantum harmonic oscillator for high-dimensional
function global optimization algorithm. Acta Electronica
Sinica, 2013, 41(12): 2468°2473
(வ, ,ߛ ӑ, .Ⴛ૿ݒ ෘ߄ඔಆअႪݦԄ؇ਈሰཾᆒሰۚົ؟
.م ,ሰ࿐Б 2013, 41(12): 2468°2473)

12 Wang Peng, Huang Yan. Physical model of multi-scale quan-
tum harmonic oscillator optimization algorithm. Journal of
Frontiers of Computer Science and Technology, 2015, 9(10):
1271°1280
(வ, .ߛ .ଆمෘ߄Ԅ؇ਈሰཾᆒሰႪ؟ ࿐ა॓ࠏෘ࠹
ฐ෬, 2015, 9(10): 1271°1280)

13 Xiao Li-Bin, Wang Peng, Chen Lei, Guo You-Ming. Quan-
tum harmonic oscillator optimization algorithm. Journal of
Computer Applications, 2013, 32(S2): 1°4, 44
(ћ, வ, ӧ, .Ⴛ૿ݒ ਈሰཾᆒሰႪ߄ෘم. ,ႋႨࠏෘ࠹
2013, 32(S2): 1°4, 44)

14 Mallat S G. A theory for multiresolution signal decompo-
sition: the wavelet representation. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 1989, 11(7):
674°693

15 Zuo Bin, Hu Yun-An, Shi Jian-Hong. Research and devel-
opment of extremum seeking algorithm. Journal of Naval
Aeronautical Engineering Institute, 2006, 21(6): 611°617
(ቐќ, ,ᄉνޱ ീޠࡹ. ࠞᆴෆ෬ෘ֥م࣮აࣉᅚ. ӱ۽ॢݴफݚ
࿐ჽ࿐Б, 2006, 21(6): 611°617)

ᆽब Ӯྐ༏۽ӱն࿐ೈ۽ࡱӱ࿐ჽ

ණൖ࣮ള. 2013 ӱն۽ଲࣘྐ༏֤ࠆ୍
࿐ೈ۽ࡱӱ࿐ჽ࿐ൖ࿐໊. ᇶေ࣮ٚཟ

,ෘ࠹ൔ҃ٳູ ᇆିෘم.
E-mail: bingjungg@126.com

(LU Zhi-Jun Master student at the

College of Software, Chengdu University

of Information Technology. He received
his bachelor degree from the College of Software, Nanjing

University of Information Technology in 2013. His research

interest covers distributed computing and intelligent algo-
rithm.)

νमྮ Ӯྐ༏۽ӱն࿐ೈ۽ࡱӱ࿐ჽ

.൱࢝ 2004 ࿐ණൖ۽๙ն࿐ࢌ༆ν֤ࠆ୍
࿐໊. ᇶေ࣮ٚཟູഠ߶࠹ෘ, ᇆିෆ

෬, .ෘ࠹ൔ҃ٳ

E-mail: anjunxiu@cuit.edu.cn
(AN Jun-Xiu Professor at the Col-

lege of Software, Chengdu University of

Information Technology. She received her
master degree from Xi0an Jiaotong University in 2004. Her
research interest covers social computing, intelligent search-

ing, and distributed computing.)

 வ Ӯྐ༏۽ӱն࿐ೈ۽ࡱӱ࿐

ჽ࢝൱. 2004 ࠹࿐ჽӮ॓ݓᇏ֤ࠆ୍

ෘࠏႋႨ࣮෮Ѱൖ࿐໊. ᇶေ࣮ٚ

ཟູ҃ٳൔ࠹ෘ, ᇆିෘم. Ч໓๙ྐቔ
ᆀ. E-mail: wp002005@163.com
(WANG Peng Professor at the Col-

lege of Software, Chengdu University
of Information Technology. He received his Ph.D. degree

from Chengdu Institute of Computer Application, Chinese

Academy of Sciences in 2004. His research interest covers
distributed computing and intelligent algorithm. Corre-
sponding author of this paper.)


