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Abs嘲 ：Theays叫Ii五ng ofcane~agarisIea and ed edbythemode3d feedfrtwaxd硝 ⅡaInetwork 

删 ctdg0ritl~m．To o0咖 the inthemode~which needs alotd ca【a】l b眦 has slow d oonvergence， 

weIlseQ-1e趾曲喀w缸h reinforcem~3ttodecide onthe variation p【ob曲iIi d簪越血 goriI Ds endtoina~asetheumvergence 

单eedof 哑ng．The艄 螗 of曲  幽 show 缸 删 Ⅷ  西 缸 me~od． 

K呵 w叽凼：Q- ng；簪越血 瑾 ileO~ffk；ccn、嘲群丑ce； 卸 

Doomw~at cede：A 

Q学习对制糖结晶遗传神经网络收敛性的改进 
罗 飞 毛宗源 莫鸿强 卢子广 

(华南理工大学自动控制工程系-广州 510641) (f-西大学电气工程学院-南宁．530004) 

搐要：采用多层前馈遗传神经罔培摸型对甘蔗制糖结晶速度进行学习和预测，并针对谈模型存在的计算量大， 

收敛慢的问题．采用具有强化作用的O学习确定遗传算法的变异概率，以提高学习的收敛速度，仿真结果表明了谈 

方法的有效性 ． 

关t词：Q学习；遗传神经网络；收敛性；甘蔗制塘 

1 InU'oduction 

Itis difficultto deCuminethe bo~ng dl3rafiouinthe 

ays忸Ⅱi五Ilg process of ．dueto thef~ uve of 

吐le c0ncanⅡ con—s曩ls疆 afterlong-time usage．So far11o 

d南c吐 solu~ontothisi~Yolem hasbeenfound[̈
． Mhl1． 

fi-hyerfeed-foxed Ⅲ netv~ks(GNN’s)， 

which have powerful fllnc~on to id蛐 nonlinear-sys一 
姐 ns【 一引

， c龃 be employed to mokl the dys咖liziⅡg 

process of∞ne sugar andto estimatethe bO 陆g dura- 

d∞ ．Howev~。it皿∞ ahIgtimefor aQ to~~on- 

vergewhentheilllll~er of w蛐 islⅢge．Wc need 

effectivem∞啷 toiIl ∞Veits conve~ence．This ob— 

j。ct can be achieved by pl0I麟姆m IiI ngthelll0Ul~on 

l~ ebility ofthe GNN ． 

Qleaming，which was proposed by Watkins to 

so|re hl如nna血m Non-p~fecth viallDecisiofl prob— 

leras，is an effective m血fofcer【目Ⅱt kaming ⅡⅡn． 

Inthis paper．weIlscQ-leaming at~ thmto adaptively 

tunethe mutation pnYoability ofthe GNN．The—~ina—da- 

fion results show that this re／aforcemem k Ⅱ algo- 

rithra．皿 the convergenceofthe Q稍 inm0deting 

the 曲l】i五Ilg process of sugar． 

2 Reinforcementlearnln~of1]l~ Oell p 

obability by Qlem'n|ng al 

2．1 q-learn~ agorithm 

Supposethatthe state鲫 Z={ I‘≥0j，andthe 

moron setA ={nI I‘≥0}．The v ∞ofQ depends 

o13the state gt andthemotion n．Whenmotion 口is s 

lcctedt 蛐 e：‘at加0衄 t f，吐le衄 es mdi】喀 value 

ofQis denoted as口I(=，口)．1heQ-lcamiⅡg i吐Ⅱn 

which W atlfiasL6J q蒯 consists of the following 

steps； 

1)Set‘=0； 蛐 ilIi血l 口I(：．n)． 

2)a eme 黜 ts眦 gt． 

* Foundationi【皿 ： 删 bytheNationalNa~ral Science Fouadali~ of 69B蛐 1) 
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3)Deno~theprot~ h'ty of a~eltainmotion a C-A 

bemg seIe呻耐for a certains乜 =asP(口l zI)．There 

holds 

：  ， ㈩  

where T the把脚p口咖 factor，with which Q ca!l be 

tuned． 

4)Select amotioll啦ac∞衄 tothe state 龇dthe 

com印0nding probabilityP(口I≈)i figureotlt cnforo~· 

mere (als0Ⅱ删 as rewan~filn~ol1)，龇d 

then r㈣ theⅥ h】e ofQ ac∞IdirIgtofommla(2)： 

『(1一口 )QI(=，Ⅱ)+口l[n+ 

Q ( ，o)：{卢 一(=一，6)]，( ，。)：(4， )， 
L ( ，a )，(=，q)≠( ，口 )， 

(2) 

where口l and卢aIe∞叩 vely l~m ng factor and dis· 

c~vJltfa曲of，埘 ch鞠出印0<口I，卢<1． 

5)Lett；t+1，andfllen go backto(2)． 

Watkins~6j has provedlhatifa~er~in conditionis sat- 

／stied forthe learnin~ factor。I，say0 < 口t< 1，and an 

infinitelyiteration of step2)canbe employedto any( ， 

Ⅱ)，then (=，口)will convexg~with probability 1 to 

0(：，口)whenf一 ∞． 

2．2 Veeklhlg 0n mutation probability by Q- 

teaming 

sI p0se廿le state setto beZ：1 sI|c∞ ，fail~ ，ILl- 

certainty}，and廿lemotion sdto beA：；muta~on，∞· 

$eive}．The value ofthe stateis d0 。d丘oInthe setZ 

a。Ⅻ ngtothe value oftheindex缸Icti0nJ(t)．眦  

J( )>J(E一1)，=。=sI|c： ；J( )<J(E一1)， ： 

fmlure；，(#)：J(t一1)，≈：unv yj1lg．The valueof 

the rewardfuncf~m rtisfigmed out accord~ tofommh 

(3)： 

f2，success(J(f)>J(t—1))， 

= {1．unvarying(J(f)=J(f一1))，(3) 
LO

． failure(J(t)<J(t一1))． 

IfP(口I盂)in丘卿叫 (1)is employed墨sthe舢切· 

tion印妇蝴 ly ofthe Q ，andthe value ofQ in for 

mula(1)is 6g∞。d out accordingtofommla(2)，then 

will enforce the kⅫ g bY ac∞l自逝 the o2Rv／gl'~ 

genceofQ evolution．Since (=，口)convergeswith 

probability 1 toQ(=．口)whent一 ∞，吐lere holdsthat 

J(t)一J(I一1)一O．TheQ-learning aI 吐Ⅱnthei~一 

foreimpI the c。Ⅱ、删 ence pc m柏oe oftheGNN． 

3 M ulti-layer feed-forward genetic laeu- 

ral network model of the crystalli~n_g 

process 0t csne sugar 

Itis verym ~ rtantto restrictthe crystallizingrateto a 

certain rang~because rate deteanir~ the cra g 

dl~ ofl ∞d the proau~ quality．As was showed by 

Sillin ．n crystallizing rateK satisfies 

置= +o．s瓦kl一 】 
(4) 

w【 Ie hi．h2．andd aIe~'pectively衄 diffusion 0 · 

cient．a constant and the thickness of botm~ Irl∞· 

brahe．Acis represented as△c= c一。o，where cislhe 

oc帅 mIa妇 of o、硝rs曲Ⅱati伽 ，and oisthe denfity of 

saturation． 

Infact，lhe noB]Jllear~htionships betweenKand the 

tempemare of sugar juicy，K and the purity of sugar 

juicy．and K and廿Ie dens／ty of sugar jl】icy m much 

m0∞complex由柚 吐I砒showed in fonnuh (4)．There 

over 300 groups of crysmlli~ng datalizatw目e oh- 

rainedinIe c~nesugarprocessin【7j，and rclmio~· 

shivs a iⅡ d[1y 刚 within lb髑e data．The 

np of mgar juicy ranges between 40℃ and 

80℃， density between 70％ and 86％，andthepurl· 

ty 60％ and 90％ ．Acconiing to dlcse data． estab- 

lished a mulfi-hycx feed-forward neural network as 

shownin ．1．The network is composed ofthree by- 

ers．It consis~ ofthreeinput nodes，four}Iidclen_Iayer 

nodes and om output node．TheinpI如 to thisi~twoik 

a 化叩。c dy me把哪pE确m砧 1，the density 2 and 

the lIi竹 3；the ouVm is crystallizing rate K．Each 

node uscs sigmoia矗mc石0n as its sl ml趾i0凸nmcd0n 

d( )which s d limd( )：0and limd( )：1． 

Fig．1 Feed-forward noural network model ofthe 

crystallizing process ofcane sugar 
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We employ a real—coded genetic a 嘣ⅡⅡn【。 t0 the 

oD of D~work． a multi·layer 

feed4olvcard na砌 ne 础 ． each of the hidderI—layer 

ncdes c龃 be viewed as a special re【册g凸izer of1mput p缸一 

1ls． 幻 ￡d e∞。。 from being 

frequently demoy~ inaDss0ver．theweights of each of 

these reco~ should abut against each other Ollthe 

chro~ L 
．
，rhc托 re．theweights aIe as~gnea oll 

the chn 目 I as follows： 

I／,'11I ⅡI l 1 lI⋯ lIOlilt1321{103al l I l⋯ l W4 

where (i=1，⋯，4；j=1，2，3)istheweightfrom 

theinput nodeJtothemiddle nodei； 。istheincre埘吼吐 

which is删 to the mi&lle node ； is the weight 

from the midd．~ nodeitothe output node．Theweights 

of the _mput and the output aIc respectively put in the 

lwo endsofthelineto a舢 line of cll／omoso／ne． 

the g~ Cdc algorithm usedinF ．1，the G~ ver 

删 0Dis~ mpleted by a sckⅢle called coi1v~ corn。 

bination，inwhichtheindividuals ofthefilial generation 

a compc删 of the fine O of the fath~ gcm 0D 

andtim mira talis 1【 ．Supposingthattheindividuals 

ofthefather generationinthe c日 sdver opera(ion ofthe 

t g~cratioll a 墨 and噩，andthatthe∞)ss0v日p0si— 

fionisinfrol~t ofthelocusto ，andthattheindividu- 

出 ofthefilial gemeratio~aIe墨“and墨 ，we have 

( )|+ =d(” )i+(1一n)(” ) ， (5) 

(” ){” =(1一口)(” )i+口( ) ， (6) 

wb∽ ( )f(z=1，2)isthe value ofthelocusto in 

吐le dⅡ0m01；0眦 of吐lein~vidmls墨ofthefathergener· 

adon，and口∈[0， 1](口=0．5inthis paper)． 

In this GNN．theweights afe restricted tothe r'mage 

(一10．000，10．000)，its population sizeis 100 andfit- 

ness functionis e一 ．wh ℃J= √ 砉c 
the咖i血培e皿r，甄 ，Kc are respectivelythe ith rnea。 

lied value andthe ithoutput va]L~ ofcrystallizing rate， 

and isthe samplentmaber．SinceJ>0，e ∈(0，1 J． 

The COII．VCX combinationis employed asits crogsover op- 

erator．andthe~0$so'~ffrpossibilityis0．4．n best so— 

Imion in d1e population is maintaincd bcfo~ selection。 

whilethe rest are Dr0c 8edby aixK1lettewheelwith slots 

sized accot~ to theirfitness values． 

P(口I )hafornxfla(1)is employed as the mLlta- 

tion probability，which aceelerm~ the evolution ofthe 

GNN．We cm therefore get the estimated crystnllizing 

ratefixxathe output ofthe GNNm0∞ quickly．We ad— 

just the temperature and density of the sugarjuicy ac— 

corahlgto estimated rate．and th~ ore realize∞ 

automatic conuol of the sugar process wiu'aout the o【m— 

centration-sensor． 

4 Simulation results 

Randomly seloct176 groups of datafnmlthoselisted 

in[7]to train n GNN．A simp~GA of W oo 

pId枷 时 0．1 mn aGAwithQ-l锄 _mg arc 8ep臼ra Iy 

employedto optimizetheGNN ．The cal~lllalioll results 

are showed in Table 1．．Ih∞ es由m嶂 the crystnllizing 

rate with the trained GNN．The perromm ces of Rleir 

estimation are respectively showedin啦 ．2 and F ．3． 

As shown in Fig．2 and Fig．3，both of the GNN’s 

trained respectivelybYthe sim# GA andtheQ-leaming 

GA fitthe proomswel1． 

^^⋯ ．-．． 一 · ．̂ ^ -Ĵ ^  ̂

⋯ ’⋯  rr。 ’-1 

0 50 100 150 

sample number 

Fig 2 Predictive~lTOrcⅢvebefore usingO—learning 
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l 0．1 
； 0 
董一0I 

量_0 2 

⋯ r ’ 一 ’ ⋯  V、 

0 50 100 I50 

samplenumber 

Fig．3 Predictiveerror curv beforel】singQ-learning 

However，as showninTable1，谢m theQ is叩一 

血 zed bythe 砷kGA，the ned叮0r umally rests 

at arotmd 0．025—0．03，and sek~lll 矗Ⅱlh盯 山趾 

O．O1．Thatist0 say，the simpk GA ismostlikelyt0 

slump into the l0cal exll'ealla． On the o~aer hand． it 

rakes less i~ation s耙]Ps for the Q-le~ ing GA to 

achievethe sm etrain e 0rwith ahatofthe simpleGA． 

Moreover，the Q-le 【li】】gGAc柚 reach a smaller ． 

．Il1eI曲 ，the Q-leaming GA pe m s better血m the 

simple one hathe Ca~'N optimization． 

叫 。 

一 )／J}8 H。一毛 4 
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Table1 The c0Ⅱ1帕cg∞cy oo∞paIisO咀of simpleGA 

and GAwithQ-lem ing 

Trim eⅡ苗 一 ste1~ In 

唧 GA Q-kI肺ngGA 

5 Con~ oltl 

In view ofthe model Ilolll~ ty in the a 扭1 

piocess of c柏e ，a genetic neural networkmodelis 

es~ lishedinthispaper．佻 modelis optim~ bythe 

Q蛔ming Q ，the llilltalioll probability of which is 

adaptively adjusted Q-learning algorittma accordingto 

the fitness value．The Eimttlati~a resul~ show that this 

eafotl=em~tle 血ng algorittma ac~,lerates the evolution 

oroeess ofthe GNN．sothatthe clllcul~ontimeis 一 

duced andthe convergence perfonm~ isimproved． 
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