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AUTOVATI C FREFES2/7ENCI DENT DETECTI ON SYSTEM USI NG ARTI FI Cl ACT/BiEIgRAMs7
NETWORKS AND CE- NETI C ALGORI THVS The invention

rel ates generally to artificial neural networks and, nore 5

specifically, to an inplenentation of an automatic freeway incident
detection system using artificia neural networks and genetic

al gorithns. BACKGROUND OF THE | NVENTI ON In the
managenent of traffic on a freeway, much effort has been concentrated on 10

| Mpr oving tiﬁéﬂhﬁc FHERLY Ak @ IR BR SYsrBY UsiiB! A \‘:HERL%GR fwéi%gnx@m} ;f.ﬂgg
road networnNeTic aLgoriraMshr ough honogeni zed traffic ow and avoi dance o
critical situations for the individual driver. Unexpected

di sturbances in the existing road network are usually caused by

i nci dent s SEOCHIAEGHTHEMNVANIIONS, accidents, disabled vehicles, spilled

| oads, mai nt enange, . and ot her events that disrupt the normal flow of
traffic. This rddgipvention wlates generaliy i gligipldeymg! networksand; OISt t he road

net wor ks " | aedifGMt Sto -AiRpHeEAREA R sn aﬁéﬁﬁtﬁ%ﬁv!ﬂ'ﬁcﬁ&ﬁ G%t?ctfog§ stem
deteriorate road Safety conditions. In order for a trafrfic nagenment
system t o lbsing artificial nefeplonetwarks andgenetis tlgbmthwapabl e of det ecti ng unexpect ed
di sturbances, for exanple, through use of an autonmated incident
detection systens, in a manner that is both reliable and . quick to

respond. ZOACKGROUND QRJonBUEENTIGHdent detection systens have typically

i ncl uded two maj_or conponents, which are a traffic detection system
and an i nci dent REedBInagsmeRf %ﬁ%ﬁaﬁeeway’ mugh effprt hastheen ¢psenimicd 9nsy st em

which i1 pq;nﬁ:r&fingt Mﬁ& Eﬁétfl b éﬁaé’r?g S‘?g"{xprgﬁgg Eg%’qf ﬁﬁ%ms{i@[sroad %eetwgg‘cc urrent

traffic data. The i ncident detect gorithminterprets t ta acquired
by the through harhégenizad treffic flow asd siolanarod caswmesituations farhie ipdieRlpalce or

n f jnci n r
absence o Vel netxgsnec(zezicﬁ

Sbances in the existing road network are usually caused by
incidents such as traffic delays, accidents, disabled vehicles, spilled loads, maintenance,
and other events that disrupt the normal flow of traffic. This results in a reduction of the

15 capacity of the road network. “Incidents” are defined as non-recurring events that
deteriorate road safety conditions. In order for a traffic management system to be
effective, it must be capable of detecting unexpected disturbances, for example, through
use of an automated incident detection systems, in a manner that is both reliable and
quick to respond.

20 Automated incident detection systems have typically included two major
components, wkich are a traffic detection system and an incident detection algorithm.
The traffic detection system, which is part of the traffic management scheme, acquires
current traffic data. The incident detection algorithm interprets the data acquired by the
wraffic detection system and ascertains the presence or absence of incidents or non-

25 recurring congestion. Usually, the detection of traffic incidents is based on observing
specific discontinuities in the traffic data and the incident detection algorithm is highly

dependent on the traffic detection systerc. Accordingly, the accurate and quick detection



25 recurring congestion. Usually, the detection of traffic incidents is”
based on observing specific discontinuities in the traffic data and

t he inci dent wiatesetidon al gorithmis highly depende®CTERIVIBSTt r af fi
detection system Accordingly, the accurate and qui ck detection
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of the occurrence and | ocation of unexpected traffic flow disturbances is

vital for traffic surveillance, as is the design of neural networks
used in detgrekd sRuddi@e bhd IBE@ioh Of unexpected traffic floff d¥nirBfhcésiS vigB Fralaggt traffic

data. In particular, inprovenents in these areas are continually

bei ng soughtr§dlaneaes isdhesiepign of nautal prEwprs Biefidaptionalgaritbmefor ravel er 5

| nformati Orlnt%ﬁf %’tin%eiﬁe SARL DR dalll I:agﬁélﬁ‘ﬂ' i&%)’ov%ﬂerﬁi inQMist Qeasd 7 nat e
routing of tr ¥ and t1nely di spatch of energency services.

A nunber ofcontimiatip being etugbt sodhat adogmisis inkaybe refoknizd &p rqal-tgne seekldrr om a vari ety

of t.hgoretical .foundat.ions oyer, | ast .t decades. .They range from
conpar afi v OFapAn sERvipes emp oymgg\x,sptgl%ﬂnglgﬁy 93&8&?% rﬁﬁﬁmi’% quiae g ‘ﬁfgi’ ci al

i ntel |1 gentaghi YipRly HOWEHET embiBldy sebictict ures vary in 10  different degree
of sophistication, conplexity and data requirenents. The existing

al gorit hms such Aasungker of weident detkeiionatgodihmshad Wen proposed famgovarietyred ar e
classified . arati y th and th have sqome_desi gn

uncert ai nt it@%’%‘ﬁa’ f&lu?(%lg% T relgs,t?%g%g%é)egﬁmfy range EXml‘xﬁm e%}vﬁioﬁ ﬁ%ﬁ?es hol d

val ues -whercotrperi®niafgoitinial tefarttiisl IntdlligenkipaM Hwhgeer, thbie stauchiréd @inain

i nt el Ii&ence type neur}’;\l networ k propgsal s have been shown to be a

promi sitfg &PEFEHETE"Es °Of SOplFtGEHYS OTRIFEY 28t 1R Feapir R Bef M8 | y manual |y
desi gned | nyamiaafs R 1A IEMia, MacMaster and MinneddiEARbAhEs aflssifisd feeded is an
automatic freeway incident detection systemthat __incorporates

i mproved newgmghrative mothkdschad ithyt hevepatse desigrameértaintiopanidigfifigelties, ekpedally on
software faqr ,nmokre effici.en n curate.d ction of fr V\@Xﬁin i dents.

20 SUNMAR\?’“&C—c @Eﬁ%ﬁbﬁﬁ%ﬁ%gﬁnﬁm lsaiaCkO?Ef'%E{'gts%cr é"é’tne g?ﬁ?%ntl Slﬁlf: relates to
t he desi gn inkligeneuym nen@! Nedwick prddbals Ha0¢ been shown ta b o pmkdidnglgipeath on of

i ncidenis qn freeway NN i.s traji ned i a .conbi nati on of bot h
back- p#%pag%lf Paf’G?F_ Eil S@%‘ﬂ_@ﬂ%’*ﬁ%@?ﬁyWbajgfé’gg&@%ﬂs%d%ﬁ&éam- propagat i on
and genetyiyerefdrf Qitiat 13MeiRd I ah QBBIBES frdeaf ireRbht ACRERNI syQeddRIIEr I N the
NN design. A gradient- 25 gui ded back-propagation nmethod enpl oys a fast

| ear ni ng t despmpajetes mppaeved mpyrpiAsEvdsioddsign capabilities in the incident detection
software for more efficient and accurate detection of freeway incidents.

20 SUMMARY OFTHE! NTION
The present invention relates to the design of a neural network (“NN”) for
automatic detection of incidenis on a freeway. A NN is trained using a2 combination of
both back-propagation and genetic algorithm-based methods. The back-propagation and
genetic algorithm work together in a collaborative manner in the NN design. A gradient-
25 guided back-propagation method employs a fast learning technique that utilizes both
incremental and batch learning techniques. The training starts with incremental learning
based on the instantaneous error and the global total error is accumulated for batch

updating at the end of training data being presented to the NN. The genetic algorithm



i ncrenental and batch | earning techniques. The training starts with

i ncrenmental |earning based on the instantaneous error and the gl obal
total error w® meeysul ated for batch updati ng at theP@EVR$EIHHCO6T ai ni ng
data being presented to the NN. The genetic algorithm WO
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directly evaluates the performance of nyltiples sets of NNs in parallel and
t hen uses the anal yzed results to breed new NNs that tend to be

better suit ggect9 Vi18atky AP b&FFmAlce BaRditiples sets of NIQS i pﬁxlaﬁa%d aRAutel@@l search
capabilities are enhanced in this hybrid system in whi

back- pr opagatalyzad rasaitmﬁo rdgeeg mev Mbsfh&t krad tobshietisiagitedto éh@mbi@mg@riiem c

al gorithm expl. oL s t.he tihc r eus
arertcral  PREe R o= SastheRl s s g oah B b 3t § B,
aut ormat i on. back-propagation tranuhglpxeﬂﬁeﬁﬁbmdﬂmih anﬂh& gehaRenReEe exisence of
i nci dents of traffic congestion ected tine instances are

i dentifided B g!qha%ts%éaammﬁjwmmgiaék.aﬁgiw aﬁ#ih&enepaqoanpmg pasaigm one

neural netwgy, cﬁs&?gﬁéﬁ&xgﬂémﬁ%ﬁl uating the traffic data to determ ne the
i nci dent st atus a particular tine instance. The neural network is

updated utilizi nIy:dmetembbdmicm the presgnco peapatrico nf iaader@ofextafﬁz: cahgpstion &tm

techni ques for optin zi t he f. the.neural . et wor k.

| another URme sRibs S et e G e dosing e Astind ol at ed
traffic dat 6nd rfeural networld8 RS dGb @ alubtizOhd @aTNMIdt oRfRARE tHekkiddnristant .
occurrences, such that-the sinulated traffic 15 data is used as input in

opti m zithg fase pagispigntine lrtswécmﬂ"@ap@aaiﬁ@mk isyypdater} wiilizing both back The
traffic dat ﬁ;@&ﬁ? % t hat

i ncl ude Brof %%gog%mn%%e{l J&‘\f/‘% {1 %{%lg%xﬁﬁhg%g‘%gl col | ected
at an upstreawntkraffl c nmeasur enent stat| on occupancy at tine

i nstances coll ec an up m.traffic measur.enment _stati.on,
traffic vol ume t?ﬁ%‘l’éf‘i@é‘f@df ﬁ%’@?gﬂadaﬁ‘asfnﬁéwg?@élﬁgs%fﬁwﬁ@é%ur ement
| ocati on, a@&e&%&‘%ﬁ&@ﬁb’m%ﬂﬁr@@cﬁn@& e ScbRch@S!0th @bt tRe SRWARHRAAM traffic
measur enent | ocati on. Updati ng t he neural network can be

acconpl Isshedatpis used ax inpit e prtinkirine e design ¢fghe updated neysd petwer- on of neur al
network design C’???:ﬁ&&ﬁ% §ata G Qﬂxe%ui‘gﬂ%agc?% %g@?ﬁm &%ﬁ?mﬁ&?&aﬁﬁ%lﬁde

bei ng assi gned w Irtness va rom eval uation o
per f or manceincitlagx stams, traffic Xblume petimeainsnadesosilecde i agmpstseanhttk:ﬁfﬁes are ranked
frombest to worst and.a t he best

.
fitness neuPSFEUFRSRHFRIMe g?cﬁﬁa‘“ﬁ%ﬁtéinﬁ"a‘i‘%anc%‘ﬁllﬁﬁecb?}ﬁﬁ PEPFC?}H f faflle sel ection
operati ons fefsuleidn®§iBRsh, trhiBik vOWRE al¥mE MOSHRY Edllcadd atiHodbhbteamoper at i ons on

the sel ected neural network design candi dates to generate a new popul ation
of neur4d)  measurement location, and occupancy at time instances collected at a downstream traffic
measurement location.
Updating the neural network can be accomplished by first generating an initial
population of neural network design candidates encoded in chromosomes, each candidate
being assigned with a fitness value obtained from evaluation of performance. The initial
25  neural network design candidates are ranked from best to worst and a global record is
maintained of the best fitness neural network design candidaie. Mating population

selection operations are performed, followed by crossover and mutation operations on

the selected neural network design candidates to generate a new population of neural
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net wor k designowandi dates, so that a gl obal search has beERTE%¥@EtEd vi a

t he rank-based sel ection, crossover and nutation operations. A back
propagation training operation is then perfornmed on the neural
networ k desi gn candi dates, so that a |ocal search has been execut ed
and wei ghts of the neural network's comnections are nodified to generate a
new 5 popul ati on of neural network design candi dates. The fitness of

t he back- prpagRiesign candidates, 5@ taRd glstal Yeardk hdebde Bxcemadliid &ieasni@bReeVval uat ed
and a fitness value is assigned thereto. Then a generation gap
operati on i§lepiigm efosisyen g rMdatipe epesationh o GarkeSomEBion twINgaReration is

popul at| O”Stgér}&pe@fg?ﬁ{é@&?m%ﬁ#%%%@ﬂ?d& n@%%&ﬁo%%e.s%ﬁf:ﬁé%l%cﬁ%@%r%[‘ha%%@éiﬂ at es

that wll next e e evo i on process of
geneti ¢ r epaxedisel dndrwedighty dpieatean! nenvork’ saodictions aemalifidias poRrratsa neached.

syl SR e SR S e e SN e el o o (e
means, the degfl flrwdik d@’@i'gﬁ Bandidates are évaﬁuéteﬁ%%i !agifﬂ.egsomdé% éki&%%ﬁ}aﬁ%! oring

capabilities. Another advantage Is the ability e | onger

chr onosone Thengighreritiongdap ppesatish igpsriognesighatselects windidatehizom 8iegliyor hood 15
search capahil.i usi.ng.a gradient -gui ded. | ocal .sear t ni.que. . whi ch
dor | ves nactipupigh 8 St SsBR Rl SRR Ry R B Bt Vifl gt

back- pr opagatoitiendxt evohitieg. ThOéwIAIOE bioodsa b genttireproduction fsy¢peatdd uediracunst ance
that as_the chronpsqme | ength increases, the search space wl|

i ncread® exdfirfERfricRIs 1Pa¢heddi ng to a | onger search time or failure to reach

a near-optimal A technica? QAMEbéykchxgped with the inventicAROhDRGHudBE BRLE @Lsi@gvan_t age
achieved with the invention is that the use of real nunber codi ng

avoi ds " Hartimewef 1ONs$ ¢draparedrio biedmditionnl nauirdiygenstic dedign merngiithdiattdref bhichr y

codi ng commonl v, .used..in .t.he traditional. neural -genetic desi. neans.

1 e bi |1t ot g it disthOFerbloRGl o es At A itasds SRR 5 01 ¢ s

mul ti - nodalhatidid idhgeCctp@fosbint Yenfths BpRgtheof being equibpddagiarthe saigivottoed and r eal
val ue rgpresent ations. Therefore ig this genetic evolution, the 25 NN s

ar chi t et ure¥eherPebiiesite arytien-guigit Ioral serhy terhpigreneviisp dgRY 88 urdlypes, and
exi St eNce. from the traditional oyl !kl Rk prpdefi b edihe ALHI it ABfedBftnd N

invention is that the suitability of eac _ Input variable to the NN
i s al so opttypiral eifcimstange thgbasdbd diramaspme jeppith increases, the search space will

increase exponentially leading to a longer search time or failure to reach a near-optimal
solution.

20 Another technical advantage achieved with the invention is that the use of real
number coding avoids “Hamming Cliffs” problems normally associated with the binary
coding commonly used in the traditional neural-genetic design means. Flexibility is also
derived from the real number coding for its multi-modal coding capability to handle
integer, symbolic and real value representations. Therefore in this genetic evolution, the

25 NN’s architecture and connectivity are optimized in terms of values, types, and existence.

In addition, a technical advantage of the invention is that the suitability of each

input variable to the NN is also optimized in the genetic evolution.
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Fig. 1is a s%tﬂg Rl ock diagramof an autonated traffic ingiriessodet ection
system enbodying features of the present invention. Fi g.
2 illustrates the structure of a NN of the systemof Fig. 1. 5

Fig. 3 illustrates the format of the input and output data of the system of
Fig. 1. Fig. 4is a schematé'c bl ock di agram of the design of a
NN for use in the system of Fig. 1" using a genetic algorithm

Fig. 5is a [l rt.of I.zing the NN of Fig. 4 using a
genetic Eﬁﬁgg’% e ﬁogég& he present invention. 10

Fig. 6 is a flowgharts@fsyddif bRBE Higrah @ at AfoBlediratlit Biciddnt dstettin system

back- propagation in accordance with the present invention.

Fig. 7 ill ustmdgingtfersuras effthe presenviavesiion.ne NN of Fig. 4 optim zed using the

met hod of FELQ., 5. ETA 9?:1?‘ | ON: As is
comonly known, aélg'eguilgfmﬁeétmw%srﬁﬁgmlﬁkkﬁ S C%%E eogg%g'l?)'erform ng mnon-

| i near mgppi ng of Fidad MuGRkea hefoirmdl 6 1o Mput dndgtpuiNidss dfitle systpalof Bigot.
recogni zi ng spatial . and tenporal traffic terns by, which they offer
an advant age overFigghip@sehesnis biopkdiagzam of the des‘gg‘?ftéﬁw g‘ﬁ uﬁ%é\é\% S[yﬁfﬁ?‘\%ithout
t he requirenmgnt, qf: ical nodel of the traffic patterns. See,
e.g., RL. g%ui %Rgﬁg%%enﬁleﬁ?é\%% Model s for Automated Detection of 20

Lane- Bl ocki ng | ncFidehisa fimwchareefiwayahdd diogSmizingtthaoNlN ofRigvepsing a/geptic
California, Irvine,. 1994  and L. .Cheu and S.G Ritchie, "Automated
Det ecti on of alﬁ‘é‘ﬁg‘-“BPSﬁﬂqﬂcwgbg\lﬁﬁmsmﬁmvmqoﬂti dents Using Artificial Neural
Net wor ksyg'  Tr anspgigRes-a fidwehaB8the Qfiliziad HeANN bf Fig.€f using back-frepaghtjon in

incorporated by reference in their entireties. Fig. I shows a
syst em bl ockaeprigreenvidt the aresant BYYeR'®E- traffic inci dent det ection 25  system
100, that enpl oyse D@l dolio@nde 108 be AE!HGkniflaSiag teasdmmiaues in
accordance with t present 1 nventl on.

of Fig. 5.

DETAILED DESCRIPTION

15 As is commonly known, a neural network (“NN") is capable of performing non-
linear mapping of data onto various conditions. NN are capable of recognizing spatial
and temporal traffic patterns by which they offer an advantage over conventional incident
detection algorithms without the requirement of a mathematical model of the traffic
patterns. See, e.g., R.L. Cheu, “Neural Network Models for Automated Detection of

20 Lane-Blocking Incidents on Freeways,” Dissertation, University of California, Irvine,
1994, and R.L. Cheu and S.G. Ritchie, “Automated Detection of Lane-Blocking Freeway
Incidents Using Artificial Neural Networks,” Transp. Res. -C, 1996, both of which are
hereby incorporated by reference in their entireties.

Fig. 1 shows a system block diagram of an automated traffic incident detection

25 system 100, that employs a neural network and neural network design techniques in

accordance with the present invention.
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As shown in Fwgechyisa traffic incident detection system 10(cacgaes
current traffic data via detection canmeras 101 and/or infrared
detectors 102. In nost cases, |oop detectors will be used, due to
the lowinstallation costs thereof Such traffic data may i ncl ude,

for exanple, volune, occupancy, and speegdl. The traffic data acquired by the
5 caneras 101 and detectors 102 is collected by a data server 104 or its
equi val ent and i sy  spovm in Fg01, &rakrit ;ﬁa&iaE @éeaaen Eﬁé&?@b ahaueaaﬁmhetpﬁﬁ The
data server 104 w | subsequently provid formatted traffl c data
to an inci ded#a detigettionnamgras é@ﬁm@@rwﬁmddstﬁMgS(b% Iom@ﬁmass loop depl oyed

NNs. The res ctlve Ns uent eva ate t nt coll ected
traffic data %’Hg{é SV\% d?’ﬁgo%g“eﬁg' ‘5%‘9&{55%“ %3 eﬁ%?lf ?ﬁch’&aﬁ?gﬁ In the
meanti e, 10mc1u8é Fh:Qcaple, M@ﬁé‘ bé‘cuﬁ'éi&:}'ﬂ anll beed ETHeGFaRAY @ia%qdlﬁd%?%edat a
server 104 and fed into a simul ati on nmodel common|y known as

" FRESI |v|'5108camrﬁsdﬁlW@%&‘%l&wii%ﬁa&ﬂ @ﬁatasemrl%qrs%wr%enamfhrﬁre a nore
t d t
aocurate Mo8hefln d AR EARri KALIRE BRMLEORS 0 KABALLSY e

generate si Ntk &drewtted traffic ddta @fshiimcidéat @temm’mypteﬁdeﬁ corgghisingone enbore
occurrences ' ted dat ner FRESIM 108 is then

For mat ted T el BNy T RRPeERLS T SR bmetty fIAets (e OPper AN e

geneti ¢ al gOkArib AR to decode the incident stafus ¥ot tﬁé@fiﬁé slsRack, TRk nfebRingOmponent s of
the system 100, nanel y-the server 104, the FRESI M 108, the NN design
syst em 180, histarieah grafiik dataciill ba formulated ir the datgy sareeml Go@nd f¢rhtyto a freeway be

i npl enent ed usi |aII val onjunctlon
with 20 cé‘rg%pﬂg%nmﬁroér% ry‘k%? ésa%kﬁenenwwglﬁﬁgﬁ%gr% "sah {AI ohal i ty.

The har dwar esystem to acc@ﬂﬂﬁ(ﬁﬂﬁﬂﬁd&uﬂaﬁ%d&&fmm&&ﬁm’aﬁic coBditieng. e)pmsmgg, tharcl udi ng
conputer-rea medi a n e t ut devices (includin ri pheral s
such as di sp!rd Mﬁ%ﬁm W@éﬁs?)th%lﬁéwg‘iﬂL Hata inpigtheria 4 Eengio iR aBE. vel |

under st 0od by e5HAS8 witk ipldd8fheldndidi@t REdirenbdl! tTRRIIMIAed dabifenerated by COMPONeNt s
may |ikew se be alternatively configured to operate as one or nore

di f f eredf 25FRESIVREMH induen sermatedfosinpyliea Nbcdesige syste Hifpridyingoapagated

Pr ogr anm ng Qﬁac&lé n%rf\é he system 100 may be organi zed and

i npl enent ed n a v y of different ways, using well known

programi ng | anguageaderstoat mﬁmhdm;adﬂentsmf&e\sast'exﬁuyo abmely tHesemat 104pthat | ons

\(I)MOJ; g;?_ 1ghe FRESIM ? R IetN}?cqgsxg%nggem ?&0 c? the Rl\f\ S;[:Jcent detection system 106, ma¥®

PCT/ SG9/ Ooo&ﬁmplemented using commercially available hardware components in conjunction with

20  computer programming for implementation of the functionality. The hardware
components include processors, memory storage including computer-readable media,
input/output devices (including peripherals such as displays or printers) and other
elements as will be well understood by those skilled in the art. Furthermore, the
components may likewise be alternatively configured to operate as one or more different

25  machines or as a single machine, as appropriate. Programming aspects of the system 100
may be organized and implemented in a variety of different ways, using well known
programming languages, and may reside in a variety of different locations within the

spirit and scope of the invention.



7 As will be described in greater detail below in connection

with the NN design system 110, the back-propagati on desi gn techni que
and genetic alggridhm processes performed by the systepssikeshn a
cooperative manner to update a new NN to suit the i nci dent detection

in subsequent traffic conditions. Typically, a skewed timng will be 5
used for the design of a new NN in the adaptation of newtraffic

condi tions. In the applicatjon of a NNto the traffic

i nci dent detection system 100, a clustering approach is adopted, in

which an alarmis activated if. traffic i.ndices fall .withi .
i nci dent - occur r ené¥ v@h:ﬁftdé?".”lbﬁlﬁigﬁeﬁkf ?talpg%o%ﬂfé’f“éﬁcgmh‘?%‘ @53@“ desigtel v,
i nci dent and system 110,16¢ BRRtprégag@ion Bheerd te@infdue ahdEbn6msSalgoi@a@ ProB®i¥esi NCl ude

the following factors in upstream 10 and downstream vol ume, occupancy,
and speed. Pepsrformesiyi the sysieay werkiinmoqogerglivagnanner to updatesd rfey WY to pritthe desi gn.

A typical strugtu f.a:N flle | Ne I: A m 100 is
Shown ot BeBch ™ B Stop kel el Bphdifods ThilEll. £ REL B HRRE ¢
shown in Fi g.uséd fok ki Nz 0fa new NN ih thelaapesionof hewptidffit eandition)1, one or nore
hi dden | ayers 202, and an qutput | ayer 204. As 15 w | be apparent to
those skilled in th&wapplicaaref N (g traffig incidsptidetestion sysigm 108 afivsangone .
or Imore neur gug,,df Rhhidfed a3t gnicPb mmpaaﬁa%@kmc IRGEHRANGHningRd speed, is
input to the NN200 via the I nput |ayer 201 and a decisi on 208,

i.e., "incidemidenppceurmpietdysterf Tgmeally] two clusters arusegyuemely oneitiéns addN at t he
out put |ayer .204. . ..o AS W 1| be re ni zed. by those skilled in
Che art, ¢ ypiigaiay g Ehs waffe s S ratTud S W oG nelhelon RapSicae,

provi ded 10 npuind dawhaRh@: voltk@e, Retipaits, dnd shéed. Pawubifik afeimadd isusdal |y
performno function other than buffering the input variable values. Each

hi dden | ayer consideredigthedesigsses i nformation fromthe input |ayer or a
preceding hi dden | PRAREDE R 48P of the trafhil BRiEAUHelon'sPstdH F00 R hodRY € -
During operation, Pg%g{ganeu?tgﬁ%of ?\ﬁ% NN 2 10 slums t%e syt s?gna %‘l’%‘r ovi ded
at its input,infFig €iapt designiated by s mferatde onmeiab2(l Alsys showein Iig. 2uthegfi 200 whi ch

25 are selected or.deternm.,ed during,tyainin the N nd .pr.ovi des a
wei ght ed sunﬁﬁ%‘?%ﬁa“mp& E‘g?r&ﬂ 1°%F 8 ’88%!%“‘@?“ Paﬁ%'g%%%ﬁ? ()lugmtt% Tt Yayer .
These addjti apilidadppatédt kPihosakilRa irsthe s, each of thediyRry 7N f 202 B0k BinFHkdsaneous! y

for the neurons in each |ayer, beginning with the input . .layer 201 and
proceedi ng i rffEKeBHITINS iERHC Aaih A SUCh ADYRIWME RECURRRFY 99 SBRP: I BIPUD95RS o t he
WO 00/ 07113 NN 200 via the input layer 201 and a decision 208, i.e., “incident” or “incident-free”, is

PCT/ S&9/ 00067

out put | ayer oRfphit fromphotidicat theroutput lpyrr 2041 ue of the NN. For a wel | -trained
NN, the output

As will be recognized by those skilled in the art, typically, the input layer 201 has

20 one neuron for each provided input variable. The neurons in the input layer 201 usually
perform no function other than buffering the input variable values. Each hidden layer
202 processes information from the input layer or a preceding hidden layer and provides
the results to the next layer. During operation, each neuron of the NN 200 sums the
signals provided at its input, muliiplies that summation signal by a set of weights, which

25  are selected or determined during training of the NN, and provides a weighted summation
signal to each of the neurons in the next layer. These addition and multiplication steps
are performed simultaneously for the neurons in each layer, beginning with the ioput

layer 201 and proceeding in a feed-forward manner through the hidden layer(s) 202 to the



val ue conprises a predicted value of the output variable of a process based
on the provi ded i nput variable val ues. One training
nmet hod for a who#@itshe back- propagation algorithm In vi ewwolsgMeoesss fact
that the operation of the back-propagation algorithmis well known to those
skilled in the art, the details thereof will not be di scussed except
as necessary to inpart an under st andi ng of the present invention.
The back-propagation algorithmallows tlge wei ghts connected to the
out put | ayer 204 to be adjusted fromthe output error signals. The
errors are hagla RHeIAgas sfbdadtnbolguiRigRE febat ke djvikiitRthel AME khelDatdi@YEr, 1N
reverse 10 order, fromthe output |ayer 204 to the input |ayer 201. This
process is r@psspagrisesa padicted value of the pefppy varigtieef 4 grocegsesed qajthe of t he
traini ng dat : conpl ete training process typically
requires mr@oﬂfﬁﬁocﬁ@ﬁﬁfﬁ“@oﬁg‘géﬁo gain optimal connection strength and the
associ at ed t hr eslibledrairisg méthadfdr & Ndlrietie baek-prbgagttion i oficihe NBSiad 6 thoMmonl y
used in such back- propagation training, The advantage of using a

bat ch | edr niffg t@éﬁ@ﬁgﬂi&gm ?féﬁﬁi k-progpgatien alggyiimpy welbknowgrio g‘ﬁéﬁaﬁkﬂ}?é imccur acy
i n exchange \ i he 1ncrenent al

| ear ni ng sch%ﬁeh?gn&%\%eg%?g&%%tt% Ee)gig%(sa??ieﬁcgep ts%eegés%%tﬁtﬁhgg et 2 hi gher
nmodel i ng i nawderstanding Fitbe bresenhinmentinm Ewtback-progagdatien algorghm allewvsthe al so

i ncorporated i.n.the back-pro i 0 i ni.n r learning efficiency.
However, there h gnnecte m%_?e‘g‘gg’gfayﬂ?g%}@l?gjugﬁé 8‘81%5" %gﬁ’i‘?rﬂ?& tion as a
traini ng methedrbarard\bdck@sdpgghtedld theivRidhtsdiaBigadiifed 1afk By lah@! inreverse (@)

gr adi en}1 gui dance i s enbedded in the back-propagation tralni r:g and it

passi ve order, from the outpyfay 204 otheinaitdeassr ¢ lo Rty rrencss ipfpsated fanene it may
not al | ow mogidchednRhd QhtillafoPFhe training data has been LML AT R ?e%triiﬁﬂg; pr%@&% neering
requirenments; (b) the trarned network paranmeters nmay be T ocal
opti ma that typisailyotquiresthatoepybisbiabrd@So gain optimal conmpotinnestrgegtic end the t he

mul ti - nodal i ce, . (¢ he architecture of the network, as
wel | as the a%%é”%? @Q%oﬁ%@gt%%m%@ng@# lgatping ﬁ&mmes are commonly usefiin ¢ j o
(typically aus geRiptbpbguiiohieiing. The m&h@gfé&ifhﬁﬂébﬁatﬁﬂieﬁﬁﬂg@éﬁeh@iiﬁéiv\%n is

used, nust be fixed prior to parameter training; and )
00/ 0711%>  ability to achieve high modeling accuracy in exchange for a lower learning speed,

PCT/ SG99/ 00Qfkreas the i tai learning sch ide a better learning speed wi 9
(d) it is di ﬁaf cgll?cr?%eni ﬁcegplpl)nogrsgteén eﬁrﬁ%&ﬁ"é"é’éé gneé eexpegrs%j Fsem%}mat t he

desi gner napighgymodeling inaccuracy. Thelsaming nidhentum and learning rate are also
incorporated in the back-propagation training for learning efficiency. However, there are
several drawbacks to using back-propagation as a training method for NN design,

20 including the facts that:

(a) gradient guidance is embedded in the back-propagation training and it passively
adjusts parameters from errors only; thus, it may not allow modified error terms
that reflect real engineering requirements;

(b) the trained network parameters may be local optima that may not lead to global
25 convergence in the multi-modal design space;

{c) the architecture of the network, as well as the use of a single type of activation
function (typically a sigmoid function), if mathematically-guided optimization is
used, must be fixed prior to parameter training; and



The construction of an optimal NN is problematic, ‘as each architecture of

the NN varies wth different types of data and applications. Sinply
put, it is ve‘ﬁ{ymgg-,flﬁi cult for a 5 human programer to cpopsedeost’a
conplex NN. Therefore, organizing the structure of an NN is often

acconplished by trial-and-error, using an intuitive understanding of the
know edge bei ng represented. In many engi neering applications, it usually
t akes an expert to train an NN of fixed architecture in a heuristic

process, |let alone optimzing the 9architecture at the same tine. To

be specific in the ign of an NN, usi.ng back- . r ' f

i nci dent det®kti &S g@@@trt&mcawgg;ﬂ%ow%dgga@re ‘é%%gl?frt]#grdgggx% 25‘{3&2: a‘gﬁesi gn
process, includi r‘?@.‘h NN. (a) t he nunber of hidden |ayers to be
used in the NN; (b) t he nunber of neurons to be used in

each hidden | ayerg tion of an optinks® NN is bRB1ealiS LeBLR aRhit@aGHPABE NC Ul ar
neuron in each hilgggﬂnsltrgiéop;o anl%pl }Sb e( d)l’ the choice of the type of
activation fuaried with differdnetypesad datn anbapplications rBimply put, it is very difficult for a t he

% en SeurmsnshShpeb ot AP RS SRS RIREEAL D
(f)  the suintyalid dfich s8donfRSKEdib) BEHl-aHREAGHDhShel 8 iHtiliveRidemtading b the20

(9) the gl obability of the design search. N Recent
devel opnent skrowlesige being epeessatedo MpUennRygingeringappliqaiens. if psually ke Ms| er, et

al ., "Neurocgntroller S| & Sﬁg LG J ston& bthizinERid EEE
Int'1 . X Oetf%%g%l@@no%%g&ljaﬁaéﬁg. yggé%ﬁﬁo%ﬁs%%lgﬁd i\ppﬁillngati ons,
pp. 536- 542 4d@Rb)we AHe same time. Yo b $peeific &l the désuntof amNNowsing backnear and

Non-|inear Control Systenms Design b 5 Evol utionary Conputation”, |FAC
Youth AdP ond%rPRﬁganéF%‘i‘f@é‘?etﬁgg‘}" isﬁ‘éfa% Bffepgmbies are encotinteted ‘V\g)“d%f‘é’? 113

PCT/ S99/ ooopqgcess, including:

(2) the number of hidden layers to be used in the NN;
(o) the number of neurons to be used in each hidden layer;
(c) the existence of each particular neuron in each hidden layer;

15 (d) the choice of the type of activation function to be used in each neuron of
the NN;

(¢)  the weight and existence of each connection between neurons inclusive of
bias nodes;

B the suitability of each input variable to the network; and

20 {g) the globability of the design search.

Recent developments in evolutionary computing, as described in A. Héeussler, et
al., “Neurocontrollers Designed by a Genetic Algorithm”, First IEE/IEEE Int’l
Conference on GA in Eng. Sys.: Innovations and Applications, pp. 536-542 (1995), and
Y. Li et al., “Automation of Linear and Non-linear Control Systems Design by

25  Evolutionary Computation”, IFAC Youth Automation Conference, Beijing, China



10 (1995), and Y. Li et al., "Mcroecononi cs Mdeling on UK GDP

G owm h by Neur al Computing”, Preprints of I|FAC |IFIP/|IFORS SEDC
Synposi um Modgh bgagi@nd Control of Nat i onal and Regi offal’SE88HeN cs,
Australia (1995), all of which are hereby incorporated by reference

in their entireties, describe genetic algorithmtechniques which can be 5
applied to resolving the drawbacks and uncertainties |isted above. As
descri bed in detail bel ow, the syspem 100 utilizes a systematic and
reusabl e evol uti onary computi ng par adi gm for sol vi ng such conpl ex

desi gn probl@sgs) ANdth L2 ef 2 9a@Becbidnitsb@ling on UK GDP Gi@ithep Neyrah genet i ¢
al gorithm he training data for the NN design is described

T . .
in detail beTamputing?, Preprintsiof TAGEIP/THORS/SERC; SyppesivaMpdshing oA &ontiplod
respect to t put, dat.a.. L NR : =L ai ni ng
ind testi ng HAPHAERERgope Eepnqmibl, Kb l005) ol of which e el indftfnkd
ni croscopi ¢ #yefyeye o aéif emniralesdentibogenmixiagoritiah keebnifREShivh chobaral | y known
as I NTRAS ("I Ntegrated TRAffic Sinmulatign"), which is.descrihed in
D. A W cRs amplied 18 resphying fhp éﬁ@@?ﬁéﬂ?ﬂd'lﬁém‘ﬁﬁgﬁi‘k LRY- T“ess‘lﬂf“ﬁ&e‘g’rn C{%ﬁRAS, A
M croscopi c ‘Farkgg’w%,ge I tulﬁgg%asystema%g@d reusatieleVéIBticharyRoRgt@ip Desi gn,
Paraneter Callibrati Co

_ n and Freeway Dynam cs _ nponent Devel opnent,
Report No. FpdriRDI@GHIOG, subtechanidx defighpvallems, with ages en sherdssigbn, 1980

(hereinafter "I NTRAS Report” Which is hereby incorporated by
ref erence ina‘ﬁt‘f‘gatié’ﬁt%?'la@g?‘?m@iﬁoﬁ%ta sets will consist of a few hundred

data bl ocks of t refefiamimdata f5e a8 WNe@ERIRh $s deSpided fi dealdilbylowhHitshwillateapeset s wi | |
be formatted with rows -of data set i nstances. These data set

i nst ancdd ar'e inmit Aetp and Gen WEh (RSPeFHES RHPENIAR es/ hour / | ane) at time

instances t, t-1, t-2, t-3, and t-4, collected at an upstreamtraffic
measur enent stations, occupancy (% at time instances t, t-1, t-2,
t-3, and t-4NRUTBaffdd at an upstreamtraffic measur enent station,

oL i (XL SRk Bl Bl b TR Ak i s byl 2 25
time IS RHGE Fredwayliralfic SGlationdnodedidlleC FRESIM, fametiykstwream traffic
neasurenment station. As . . WO 00/07113. .. .
PCT/ SG99/ 000BYTRAS (“INtegrated TRAffic Simulation™), which is described in D.A. Wicks and E.B. 11
gfﬁgffaﬁ?;edzﬁg&ﬁ%, He5L105h&R knd TRfidd & INGRAS] & MiSRSIPR Festway BinBnCases,
Model”, Volume 1, Program Design, Parameter Calibration and Freeway Dynamics
Component Development, Report No. FHWA/RD-80/106, Federal Highway
Administration, 1980 (hereinafter “INTRAS Report™), which is hereby incorporated by
reference it its entirety. Both data sets will consist of a few hundred data blocks of wraffic
20  measurements. Specifically, both data sets will be formatted with rows of data set
instances. These data set instances are mainly traffic volume (vehicles/hour/lane) at time
instances t, t-1, t-2, t-3, and t-4, collected at an upstream traffic measurement stations,
occupancy (%) at time instances t, t-1, t-2, t-3, and t-4 collected at an upstream traffic
measurement station, traffic volume (vehicle/hour/lane) at time instances t, t-1, and t-2,

25 collected at a downstream traffic measurement station, and occupancy (%) at time

instances t, t-1, and t-2, collected at a downstream traffic measurement station. As



functions of occupancy, speed and vol une are al so considered, for exanple:

occ dif (t) occ (t) -occ(t-1) or occ_UpDn _dif= occ[err](t)
-occl[err](t).woo007113 A few hundred incident cases aca/stiosnbet ed and
generated for each data set. Each 5 incident data block will last for a
reasonabl e tine duration that had what woul d be consi dered nor mal
traffic conditions before and after the incident occurred. The
occurrence of the incident will consider,;situations of 1 |ane and 2 | anes

) 11 .
bl ocked m dway bet ween upstream and downstream traffic neasurenent

stations. _Dajg,d0shanGes. Sabeel . gua is cflachB! It HRRLLEIT ARG, dounst T eam

traffi c nmeasurenen I ncrde At Gccurred at

| ocati ons befuaétonsbfloctipaey tsb&dwwimmmo denstisted Sforesdatdld iokc_dif (t) =
measur enent stations, respectivel In these cases, incident-free status

will be assi@fsdl -occ(t-1) or pes_URBN i 506cnE} RA%EY: col | ected. As for the

i nci dent occurren ene
o7 SR 4 Rl O
il ust rates mhﬂemtmi]atatblomdmmaspiatatta&oaaﬁlonmﬁuﬁm thaztchad phatatadi bd t h seri al

15 nunber s, ovvnstre nd str ur ement ati on nunbers,
data bl ock ©9nsi ereﬂﬂﬂ’ﬁ‘bafgai%f ﬁ%g;e aflﬁ?ﬁéqrqte e&‘ PuE sé’@ and

i nci dent st addefirréRe oS Yncﬂﬁhﬁmﬂl@hﬁdl&y Stuations of 1 1ABAndf 128k ¥bdied midway
At each tine instance of 30 or 60 seconds, a row of data set is corrposed

fromthe betwewﬁr@ahméﬁawam@ﬁa@"a@qaﬁamm stagensu Petgdritansesarolleted n
whi ch the avgn be fed
"nto the NN TeoR et i dofparent HaltlnesdREH AR ions YA SREBF abldets 7 G,
t he NN U8i ngthatcg:eme&duaz{mhtgmsbefbmanaaﬁmt}wup@&eamaﬁaé\dbmmmmdffrcoms of

data set wll be used. new datei set . of sinil%{% ze Wl SFSO be used for
verificati orfnﬁsme'“em S‘at‘t"@%f"rsﬁﬁct%? S5 6458% Meidgriraverstagts VU br aTsiRRAt e

however, t heph@tdinsthhicdb FdiRete@NAs fof felifiéient occurrend@ e biocki J\ﬂ? td ve and

depends on the conprehensiveness and accuracy of the network 25 desi gn
requi red.  considered at extreme |off, mirdieppnd &ﬁgnqgghtéﬁ@e of aEresvayr oscopi ¢ freeway
traffic sinmulatiaqg I i brated to
generate training %md1 ?ém%%% té‘@lfmisoe‘Putd pre@gﬁx%%é}&%‘)ﬂ%&ﬁh WO

00/ 071135  pumbers, downstream and upstream traffic measurement station numbers, data block
PCT/ SG99/ 00067

12
i nci dent casB¥nbeRy F@Frf@?ﬁp@éﬂ"’;‘;ﬁc diainsiiness. and ipeideny status forepsyrdetacetgsyal can al so

be col | ect edand originalifNd used in the NN design if the training targets are

made avail abl e.
At each time instance of 30 or 60 seconds, a row of data set is composed from the

upstream and downstream traffic measurement station in which the average traffic

20 volume, occupancy, and speed will be fed into the NN for design. During the training
phase of the design of the NN using a genetic algorithm, a total of a few thousand rows of
data set will be used. A new data set of similar size will also be used for verification or
testing of the incident detection performance; however, the size of training and testing
data is subjective and depends on the comprehensiveness and accuracy of the network

25 design required.

In the on-line design, the microscopic freeway traffic simaulation model, FRESIM,

can be automatically calibrated to generate training and testing data sets with predefined



OUTPUT DATA 5 As can be seen in Fig. 3, the output data of an

NN will be conpared with the i nci dent status colum indicating the

i nci dent st atwcsodfoorizeach traffic data instance. This pCTesmiopnmsof  dat a
will be used as the target values for NN training, especially in the

of f-1ine design. Therefore, the design of a NNin this format

advant ageously will mnim ze the error between the target and

net wor k out put val ues. 10 The, desi gn automati on and optim zation
of the NN 200 using a genetic algorith wi Il now be described. A

genetic algorith whi i ase he i - 0f - -fities

Darwi ni an pPFFFtc?Pg‘]raéeSr rﬁ%ﬁ@%‘%’ﬁagvﬁ%rsérgee%eg%%#gfg% 8%?%65151% z" bre é:%)fr?%c&e&ct ion and
mut ati on, i gndused in (8 80N §4igAUL BERARIng begWNrél@adedivaifblzcess. Conpared with
natural evolution, this emul ated process is nore efficient and

control |l able, and yet nore flexible for artificial 15 optimzation. This
approach hagy| be particularly effective in searching though

poorly unde@émld‘fgmrregul ar design space using coded chronosones with a
finite 5 | engk barobe sebn inRjg. 3ethe estputtdataiof an NN will be compared wiltinthgener al , as
will be recognjzed b hose skilled i.n the art, the first. step ipn the

appl i cati on”l?f‘ieat ‘Eqﬁi‘,m%’r“d{?ﬂ”(gﬁ?ﬁ ‘E“E)‘Q?i“ FtGWE%qu?fR‘i&éﬂ{c méﬂ%ﬁ?‘nlgrgléf t he

par amet er SPRGRNATF dAD will buseh ki S tarRe valGRIFATNS BERIng Rhpdclalip e @k oy 1ienar y)
digits. Substrings in such a representation correspond to paraneters
of ‘the functésign bEierajoropthe dasiga@f aldl in g format advaniagecysly SGlminigprastbent s a

bt ueprint " cQf. 3NN 03Ol Bl NG RRLLEU! 2T problem A

particul ar radi Vi dual S rgf'ng represents a point in the paraneter space of
the funmion. Th®he design au@@iatbn adapaizafidnofcensi del sing qgepeticdlganhmf such

i ndi vi dual s. . The population, in 2 .. conj.ynctio ith the value of the
function fof""ﬂéa‘é‘ﬁ%FHEﬁCQP@usz gy ogithg, "r‘rgé‘;i’e‘ﬁ F@ ?%ﬁ‘agmwval'°€d‘&%??ﬁﬁess") ,
represents PhgyinlAlEnOblelif e 288aCHrobRt fok BRIARMI RRbawtiéd i mithgod it ness of a

WO 00/ 07113 _
PCT/ SG99/ 000§ to automate the NN design process. Compared with natural evolution, this emulated 13

partiou ar BRIt ifnBRREGH sl FARNORR) addyie MOk i8R e @hgPL em which iy
take into accoun earning speeéd, “accuracy, and cost factors such as
t he si zB andpmaiatsert Y appfvach has proved\i.be particularly effective in Jdaechipertbough
algorithm progresses by-ipplicit]y encoding information abqut_.the 5
function i nPP% %Qdéﬂ‘?@iaﬁgﬁﬁg‘ﬁ?'ﬁ%é%ﬁm%‘ﬁ’%ﬁg% NP 3 LY nat i on to
create New jepoth of shid@ir¥hrbldahdon. The popul ation is cyclically renewed
according to a reproductive plan. Each new "generation” of the

popul ation is crkegeserabys wilkketreaoaniptd hyghessekifedipithnest, e Aevt step hthe
accordi ng t rgggﬂc&f?&séfa JeNGic IR HSGHnckioh isdhd JnEAMY drdtle PEldRtdrisPhkelaS KNOWN

to be a nea
20  astring, or “chromosome” of (typically binary) digits. Substrings insucha

representation correspond to parameters of the function being optimized and each
chromosome represents a “blueprint” of an NN for solving the particular problem. A
particular individual string represents a point in the parameter space of the function. The
genetic algorithm considers a population of such individuals. The population, in

25  conjunction with the value of the function for each individual (generally referred to as

“fitness™), represents the state of the search for the optimal string. The fitness of a



optimal nethod of sanpling the search space. Novel strings are created by

altering 10 sel ected individuals with genetic operators. Prom nent
anong these o §ooe1ier ossover operat or that synthesigessavernsedtri ngs
by splicing together segnments of two sanpl ed i ndi vi dual s.

A genetic algorithmthat yields satisfactory results in many -practical

pr obl ens consists of three main operations, which are reproduction,
crossover, and nutation, in the 15 f ol5l ow ng process:

t-0 Make initial popul ation. REPEAT

t-t+1 20 . ; : %@ I i 0n. -

Sel ected pa aéiﬁ%usiarﬁ%éfuaccéj H%:bhulle rgﬁﬁ?/vepﬁ{gsht e cﬁay@%é@%n%%ﬁ%%?e ﬂt% ness (via
crossover aagowniatninnypeed, accuracy, and cost factors such adike sinrhridlvepapitpofthé i on with

t he childrep; Select the fittest individuals of the
ext ended poputation to survive for the 25 next cycle;
UNTI L sati sfact orpe Qeael Addridin %&Eﬂgses by implicitly encoding@hfoRHtioh BBoR Rt MuUmM Of
the popul ation (final solution _ ] ~ _The crossover operation
exchangds pHnetianris thefstatistiesrafslic popylrtécnend asing thabisfonmationtimereate new  par ent
Dl AN A s ARG 08 3 Gy B P RRora e B el LR 1 @
PCT/ S99/ 00 “generation” of the population is created by first sampling the previous generation 14

t he genetic al l%pri thm eval uates, the fitness of each feasible solution in
the evol ut i #§OREg P fitness; thegpgthodaied for didisrontialaplestioa s kiqpmito By ®¥Fng criteria
are met. Eaghiclpasiblier sohitOR £5oF 8 Novel stingdSreArGRAYTRRGIE, W Lh STring
repr esent a?igégns. Genet.ch aq ggcralﬁt hm% ﬁgve boevgns usgggmt(r) ye t ackl e

di ffereft kicttedafdipidets with génstilbparsereaPomind@hentngphasals thr obdseveri s
e eror SRR S AN, ol B B e WS SR TR e iy fige! 0PI mum

individuals.

A genetic algorithm that yields satisfactory results in many practical problems
consists of three main operations, which are reproduction, crossover, and mutation, in the

15 following process:

t-0
Make initial population.
REPEAT
t-t+1
20 Choose parents from the population;
Selected parents produce children weighted by their individual fitness (via
crossover and mutation);
Extend the population with the children;
Select the fittest individuals of the extended population to survive for the
25 next cycle;
UNTIL satisfactory generation found
Output the optimum of the population (final solution)

The crossover operation exchanges portions of internal representation between the

parent pair and mutation changes the value of a gene. Starting from the initial population,



t opol ogy. Anot her application of the genetic algorithmis to search the
architecture of the NN. The particul ar genetic algorithmused in
connecti on wwhoebB1iPresent invention wll opti m ze PHEBRINN7connect
wei ghts and architecture of the NN, as well as establish the

exi stence of connections and bias nodes, suitability of input data, and

choi ce of activation 10 functions. Therefore, the proposed genetic
algorithmw || use coded chronpsones of 1sgeal nunbers (genes) in the
search process. A rank based sel ection schene, nultiple crossover

poi nts, adapthe genefittigbtithm selvenete fimesk of eadhrfedsiblesolidipn ythetdsios fdke al so
adopted in the genetic alq%grithm For exanpl e, a_reduced rul e-based and

di r ect one; BYRTFEHARTP ARTIBT Ukl FPPiPg crisHR arecasht Fash teagiblesalutien ssedad bed i n
K C. Ng, " SwidClbkdifoshie withGaiHGHresSHB R ; | tion Via
Genetic Al gorithns” ,s Pﬁ.vf). Thesriéﬂsm?s ﬁmcé%?&%?@%pgaeég%@%%%&aUK, 1995,
i s i ncor por atacide Bifferest kindnaferiblenistis Nehesenrehy Oantypical problem id dettminigs desired
schenes and pot heses., . . i The schematic, diagram for the design
of an NNSusi T ARSI AR innuieh AP aral SIS Wl e A AN

det ection sy®belogyl 0ndtir@pplibhtidnSor feQehktic Aighbtithm 1 to RACR ieiaRBittRurEbPine 4, and
20 as shown in FLI%. 1, the FRESIM s%istem 108 generates sinulated I/0O
data 400 to NNe Thmparticular gepetici algeritynsysegrimepgnectiemyith diemeesent invertinn wile NN,
such as the Ld. San . i ' or
training the&'lllilil\nl.%Qcob&htlthg coriect @g%%e dﬁr%"tf“.gggﬁ‘%ﬁﬁgﬁéy‘ﬂ %Qg@g@%ﬁ gﬁeopagati on
al gori t'hm i nedstpoe af eshnedtibhs and bias nodes pyitability obimputriata) and chéichaftdetitasibah and

i ncrenental )earning sghenes, whereas .the net.jc 25 algorithmis used
Lo opt | M0ve PAERCPHREIOTE: PR ALt R LR RRIg ot et By o ea iy e
both hi gh | egimiendgemeprH 11 EatiPPAcAD AL knk BaiR@ GHERNOY scheme, multiple AN
Appendi x, attached hereto, contains programm ng code representations that,

for il ustra¥PFeveprisssedapbys Hutatipgyschemes,sad gensratip Bantynetheis arhalselesi gn
optim zatio . . . ] i

PCT/ SG99/ 000 dypted in the genetic almm gzgé(gmple, a reduced rule-based and direct

t echni ques oindidmentios efifuzzynivgintomml gsteches dedchibad inBr @ Ng)FSwyitdhddgow i n

connecti.on w.th igs. .5 and 6. Those.skilled in. the ar AN

recogni 218 t\tg\g?“%l §W%§M¥H§%es¥g8&”&‘wi&$’ i‘ao%?‘em g‘igm_ e sﬁ\fﬁ?‘% within
t he i nt endedysicensiey &f Glasot, UKS £9935id irRorporated by reference in fté htirdy bd UStrates a
flowmchart 500 for optimzing the NN design using a genetic 5 al gorithm

In step 501, illysirafesidesieed sehepigh andibypothgses andonl y gener at ed chronosones (real
i Lo ! . . . e
nunber represen ait}}e%&xefggﬁg E%gﬁﬁ%ﬁﬂe @é@{%ﬁ%?érgﬁﬁ)using a%%r?e%g%o%ﬁg{ foPth@Tp! €

one chr onosone popul ati o t be Tormatt appear as
foll ows: traffic incident detection system 100 (Fig. 1) is shown in Fig. 4. Referring to Fig. 4, and

20  asshown in Fig. 1, the FRESIM system 108 generates simulated 1/O data 400 to the NN

15

design system 110, comprising at least one NN, such as the NN 200 (Fig. 2), and a
genetic algorithm 402 for training the NN.
The NN 200 is trained by a back-propagation algorithm incorporated with a
hybrid combination of both batch and incremental learning schemes, whereas the genetic
25  algorithm is used to optimize the design. The learning scheme adopted here is to achieve
both high learning speed and good modeling accuracy.
An Appendix, attached hereto, contains programming code representations that,

for illustrative purposes only, may be used in implementing the design optimization



Real nunber coding: 10 0.23234 0.54321 0.10354 1.23244 -1.355
-0.64221 0.01134

0. 54321 0.10354 1.23244 -1.355 0. 18265 - 0. 9545 10. 343

Not e that each design paraneter is represented by only one gene with no
resol ution limtation. 15 1 However, there are other coding
means avail abl e such as unsigned integer coding as described in K C

Ng, " Switching.: i | gn. 1Al | ) .

Gonet i ¢ Al qEriFRER! Bpidich T oA diaitiea ens Ally SLOILIREAIos i cn
i s hereby Figs.5 anidifc Ghpsrshitled irbthe saredvil ecapgize that dlemativd code yeprasagtatidie
traditional binary coding. the two codi ng neans whose

. Ex | es r ..
represent at 3o ResSleWHhuy g %@“‘%gg?%ﬁlggt?‘“ dgsloswe. ynsi gned | nt eger nunber
coding (Base n):Fig, 5 itlustrated a flowchart 500 forQptimizing the ¥N design usinga genetic 1

""""""" Ber pepresertation for NN design papamieters)is ¢réated T Iel ne . 2 - 5
6 NEE IRETHE grven ex%n%afe 'S u3|ﬁg tﬁg B 8% 0di ng. Each
desi gn par agiedrdsoba® of the population mighiBe@Skdtddlahd appear as follows:

PCT/ SG99/ 00067 16

usual ly represented by one or nore genes to neet the resolution

requi rementges; number cBiRT Y Nunber codi ng:

10 0.23234 }0.54321 }0.10354 }1.23244 §-1.355 ]-0.64221 j0.01134§ . . —
—" ------------------------------------------------------------------------------------------------------------------------------ “+
>, 0.54321 }10.10354 }1.23244 |-1.355 ]0.18265 }-0.9545 }10.343

Note that each design parameter is represented by only one gene with no resolution
limitation.

15 However, there are other coding means available such as unsigned integer coding
as described in X.C. Ng, “Switching Control Systems And Their Design Automation Via
Genetic Algorithms”, Ph.D. Thesis, University of Glasgow, UK, 1995, which is hereby
incorporated by reference in its entirety, and the traditional binary coding. Exémples for

the two coding means whose representations are given as follows:

20 Unsigned Integer number coding (Base n):

8 0 7 3 1 4 9 .. —
—_} --------------------------------------------------------------------------------------------------------------------------- -—>
e 3 4 2 5 1 5 6

Note that the given example is using the base-10 coding. Each design parameter is



5 - 1 1 1 1 o 0

Note that each design paraneter is usually represented by many genes to
neet the wo ogfgesi8l uti on requirenent. As carT/dseysesn in t he
above exanpl es, the binary coding can easily increase the | engt h of
t he chronosone as each coded paraneter can be represented by a group of 10
genes using either 1 or 0 when conpared to the unsigned integer coding and
real nunber coding. In addition,jghammng cliffs" and resol ution
probl ens can easily be encountered in binary and unsi gned integer
codi ng. To axEiy ExteAAEHy 6i QRGO FRnet RNEeDihe rdigHb @quirement, Cl 1 ffs” and
resol ution probl'ens, the real nunber coding technique is adopted in our
appl i cat i on Bihark nimsbereddingi onal advant ages of accepting synbolic, integer

and real nupber—i5r—+epfesentat-ons—fha—theehrorpsore—fhe—desi gn
paraneters, {especipdly f@t the jneural |1 onet woyk destgn,.w |l include
(a) the nunmber of “hraden I'ayers To be used Tn tThe NN D) The " . number
of neurons tQ be used in each hidden layer: (c) the existence of -each
particular neur on En eacq hiddep Iayeb; (d)(}he chpice of the type
of activati er—dheti-on—to-be—usied—ir each~Hetr-on—of—the- NN, (e) the
wei ght and exi stence of each connecti on between neurons 20 i ncl usive of

bi as nodes; m@&lﬁi dach B@sigﬁx‘-ﬂa?ﬁ@tériist%uégl}r rERERnt B inaniAdeh &b gnebQnd he network.

The detai |l ed representations the chronosone with real nunber
codi ng wi || reselujionsenuipment. di scussed | ater. In step

502, the inhablt als, Bl sk ROMAE LRI RELRE Lo &B%@:}u@ﬁ&ﬁ@_@ked

according to their hess neasure tron’rn The
ranked i nhaledgg@ndfShehromogpteds eah@oded phramatedlcaide eeprasersedly Hfyduy gee

appendi x), that is ipput intq the evaluation . process BB (FIG 6) in
st ep 51?@ i BeRREREict wlmrgqﬁﬁafw% Ogﬁdeﬂfs’eﬁduefﬁ%erﬁ 353 ral e
propagatio g cb8idb NhREdiARE *BrhRike L RFEeRE AsSlulidrSprbRIEAl caRRAdi G be 2h 0 ftered

WO 00/ 0711
PCT/ S99/ 000® pinary and unsigned integer coding. To avoid extended chromosome length, “hamming 17

In step 504,q;aSGl4G6L nggo% e xe%ﬁ%?é’od@% etéeég;lilﬂa@is%@%% ifbyParent pairs

of chronosones tor “breedi ng. rst parents are
sel ect ed fr applidation with the additio2h 8dvahtagdsef pepptingsyrabolisaistegderand tdabaumber t ness.

S RN EN T A WM R TR
network design, will include (a) the number of hidden layers to be used in the NN; (b) the
number of neurons to be used in each hidden layer; (¢) the existence of each particular
neuron in each hidden layer; (d) the choice of the type of activation function to be used in
each neuron of the NN; (e) the weight and existence of each connection between neurons

20  inclusive of bias nodes; and (f) the suitability of each input variable to the network. The
detailed representations of the chromosome with real number coding will be given and
discussed later.

In step 502, the inhabitants of the population created in step 501 are ranked
according to their fitness measured by the function in (1) or (7). The ranked inhabitants

25  produce a best candidate in step 503 (see appendix), thai is input into the evaluation
process BB (FIG. 6) in step 512, in which it will undergo one epoch of the back-

propagation fraining operation to explore its local search alone.



5 and second parent pair are identical, re-selection of the second parent
wi Il be activated. In this breeding nethod, the first parent will be
used tw ce t%qo ff for the crossover operati on. pdEc3beRs D06, a
crossover e |s execut ed with each parent pair to exchange

portions of their genetic nmaterial. Portions of genetic material are
referred to several smal | group of genes which will be exchanged at
several crossover points, say 5 wth 410 pre-defined segnent length in
t he chronosone. The position of a crossover point within ' t he
pre-defined segrgng, '5%4ra?§éi%9mnymﬁo%ke%§fn€egut%fofﬁ:ﬁa &J} E%ﬂeﬁ air é‘ff 0.8. After
this operatlg two new chronbsones are g V\A|| be

di fferent fcoambivees quranmdmg In this brqaémg, thé ﬁrsspmtmselmtemﬂommemmodul eis
executed to di_f val ue of chr ongsones

e arad 1 2ok it spmatihrachan a5 iRkt M ool Bprents arg BB 1S

probabilit yﬁoﬁ% 8p80% dn@ bHEIE 5 @R oﬂﬂ%ﬁéﬁ%oﬁ!ﬂ%@@ﬁy &kir E%Ié@@rﬁ‘fzhe'ﬂi‘ﬁr ease or
decrease in the values of gene. 1n ste t he resul tant:

chronmoséme &l SGE@dd?édBﬁf pritare identisal, resgelection Oftherﬁémérpkfegt wide getivstadamet ers to
construct t %‘fé@ﬂ{;‘é ere%odl AL st gﬁ?ﬂt%ﬁ Qseghglx Q% air-o for @gtcyggsrogey gn

perfor n'ance IS chrPonosohe ' i's erre ura

candi date. Jpegatidat @ $tsp 506, deondidignaduR ld@&&[tb(b@ﬂl tash pﬁxenﬂpﬁu&i ephik2, the
neural network 20 desi gn candl dat e |% eval uated by t he gl obal neasure of
fitness as PREHERS qfderis %?“%‘t&fé‘tt? Rofyions of genetigymateral arejreferred fogevsr@ly out i n

the follow Bﬂal{*%%ﬂ;%f eQHsrkaGamleoe%SééﬂaHééd'a@Ebveﬁl &6dsoRE pBRMI @Y 5, witha NELWOrk

trai ning data fed nto the network and the output of the network is
conpar €@ t opre-defined segeieméﬂgéuameomqnmsme Dllm mgtxmhofsa qmse@\@s 50int Wighin

of 1 ho wer oht PrarareatenyS FEscdyRefrliiad Bopimaah R AR Eas

wei ght age ugpergidaptwb Avat dhforfdtmeses guiedted whidhiviill be diiadefromitiedr paseseh | ocal
training usi ng back- propagat.ion, the network is re-evaluated with

the trai ni nBEiHaP#tepe8sagputation modujsds exsEvEH IO She valuephgengs I he MR ed
desi gn err Ofey, Bl 9k %&%ﬁna@cﬁed i sﬁE'ﬂ@é "ﬂ{}ﬁ%@s are(rgﬂdomfy se!ected(vﬁhﬁ (5) and (6),

bet ween the outputs e network and t targete outputs wll be
WO 00/ 0311 3probability, say 0.05, to undergo mutation by means of randomly increase or decrease in

PCT/ S&9/ 00 18
derived f org’gdﬁlé(‘?f f8eps) Instep 519, thegpsultpntichromosome is dpogded ipto the mewral  net wor k

desi gn neWﬁﬁﬂﬂﬁéiEﬁr@aﬁhe&th@ BRREHR tHeSicBadk MR &fkrwidhintioh 8f thespect i ve
fitness val ue. step 514, the chronposone is encoded with

nodi fi ed neﬁﬁ"t"ét’loflff”e?mm}fés?}g‘ﬁChmmos"mﬁ%ﬁeg?ﬁ?flésr‘%‘e B PERYPEK §2SI8R- pr opagat i on

training, Sti@fiatlerneRbgiN &Q%co%fngtaﬁed&&ﬂo@@%ftér OfSstep>12, thagkue13B9R duri ng
the traini ng. The encoding is done éﬁre witing the net wor k desi gn

par ametr s’ dﬁ?ﬁmdlﬂﬁwﬁ avalupety the glgorl eeeabure oﬂﬁﬂ,trmm&mmném enpation (AL | udes

t he melghts nne he n 0 AL he nunber
of neur ons peg) It és dcen % é)}f/zgxrn etfﬁggwln handeE. nBunng Lfne a.fiuafEe on, 4 néur%l

network training data is fed into the network and the output of the network is compared to
the targeted outputs. During this process, the back;propagaﬁon training is also in place to
deterrnine the amount of the weight increment and its adjustments of the connection

25  weightage using both batch and incremental weight update. After such local training
using back-propagation, the network is re-evaluated with the training data set for
performance measure. The accumulated design error information, as in equation (2), (3),

(4), (5) and (6), between the outputs of the network and the targeted outputs will be



type of activation functions used and the suitability of input data, and-’

the like. The details of encoding are described on later. 10

In step 516.,&g@@igrmnation i s made whether a stop crit eRGTRESHBSSDeen net .
For exanpl e, the specified nunber of generations has been reached or
t he best recorded fitness value has no inprovenent for nore than the
speci fi ed nunber of generations, say 20 generations. If so,
execution term nates; otherw se, executgi on proceeds to step 518, in

whi ch a generation gap nodule 518 is executed. 15 The generation
gap nmodul e gadRdifs éqQat@n'(?%rQV)@%f@%@Hﬁuaﬂ&ﬁ,%dh&ieuﬂaﬂleﬂl_é‘orﬁﬂ&‘i on to
the next generation, |eading to reservation of potentially better solutions

and thus candidatd gpshppioneue i assiapad with ép reepectiteditedss valee. geneti ¢ al gori t hm
The schene procee : . I s some in the
new generation \;ﬁv} %ﬁ) @%éthégﬂsr R gr}%ésng%%%ﬂ%gﬁéed%ed%&%noeﬁg&gg%é?’at ion if

there i s apaiatipteFRERE bhok-grojapaia thinkdip sile tReweigeaeodtheeomeoni@ared to 20
the globally recorded best fitness; and (b) replacing a grouE of -
chr onosbne$2d shapgrd dygps the tramingy dihe pacofiBg 1S Jophbat-vaH g theTervk §e38h from t he

ol d gener ag:’azaﬂx é&@%gésraﬁm Qpbditl Eenk&nd dromosome. Trat ﬂz@ﬁﬁe%@@ei&rﬁ@r? i's no
I nprovenen nage, and then Petur s to step 56%. e "best
candi dat e" of sorinbatiogs, dizalumper @ haddee-thybrs,ghemtmber ¢fivessncier bivdewlager, thes

fitness val ue i.s used to determ ne. the ci sion t he er.ation gap

oper at  on ook asaR SR S s MRS bt Bl S REE o o

chr onosonedethils éftacdiny Gt triet oA 1atdct h t hose in the old generation.
Fig. 6 is a flowhart_600 for the design of a NN _using back-propagation in

one 10 epocht stapd 18 afpteamnationismade whethyge siop sricdomiasbRESARE F8T pr ovi ded.
EETE/SQ/IBQIQ 7 0 Sséaéx}pie, the specified nu\égep&y gQ.Xe]rgti%ns has been reached or the best recorded
19 ~ fioesrelw b hy ingpraveirabl for mogphanalk dpyeifidienub eligsnd@eivns,spy
i nesvi |1 30RreesSi0hs TEeq S%eoViD TS AT 51RO ERRRRRE 0 115
text form shhedehéta@on dabenodliieses fsekémitedl s descri bed bel ow.
Referring also to Fig. 4, the 1/O data nodul e 400 includes "m ddl e
sof t wake" to exfheganeration gap module 518 is to allow good genetic material to be passed on
to the next generation, leading to reservation of potentially better solutions and thus
improving the convergence rate of the genetic algorithm. The scheme proceeds by: (2)
replacing the worst chromosome in the new generation with the best chromosome in the
old generation if there is an improvement in fitness from the new generation compared to
20 the globally recorded best fitness; and (b) replacing a group of chromosomes in the new
generation with an equal-sized group from the old generation according to their rank in
fitness when there is no improvement made, and then returns to step 502.
The “best candidate” is the globally recorded highest fitness chromosome. Its
fitness value is used to determine the decision of the generation gap operation of whether
25 to replace one chromosome or a group of chromosomes in the new generation with those
in the old generation.
Fig. 6 is a flowchart 600 for the design of a NN using back-propagation in one

epoch. In step 601, input data generated by FRESIM is provided. FRESIM is



5 the FRESIM s output data and tabulate the data n the format as shown

in figure 3: PO NT PROCESSI NG OUTPUT
EVALUATI ON P&} 6JR7BEG NNING TIME = 1 ( SECONDS) PCT/SG99/00067
EVALUATI ON PERI OD ENDI NG TIME = 30 ( SECONDS) FROM
LOOP MEAN LANE UPST  NODE
LENGTH STATI ON VOLUVE  SPEED HEADWAY OCCUPANCY
LINK IDNO (FT) (FT) (FT) NO 19 DETECTOR TYPE (VPH)
(MPH  (SEC)  RATE ( 13, 14) 237.00 6.0

COUPLED PAI <41 13, 14
5 937, &0%0 l&* mméé%#@d by th@@/{&%’ns Ce%rél‘ﬂﬂuvei%ﬁy 5%1?_18%(132 g 126\2?19 (! 1 k99 )

23. 268 Hall, ?ng 11@)85 @mneszx@a,Fbé%H@SS Theputp@d;mmwltﬁw SHORT LOOPS

1680 29. 12 1 296.00 6.0 2
CoPLED PALEY ‘cé L8 if G Shose formatis béghbdtkion. o, 290 05 ( 22,
23) 2 Reféﬁﬁx,gQﬁko to ®ig) 4, the B0 data @{ddleED0 B ule Chmi SO S extrakP 20

34. 069 1 707 __28. 4 22, 23) 4 296. 00 | 6.0 .2
COUPLEDSOF @ﬂéﬁsﬂé@:@méa@eﬂ tabulate ig dgig 7 the fprigg ps showpdn Hgyge 3: ( 31,
40) 1 365. 11 6.0 3 CGJPLED PAI R O: SHCRT L(IPS 2160
32.192 1.47680-9 PRI o T2 G 3 o S g . 57 . F PAIR OF
SHORT LOOPS 65. 00.
6.0 3

( 44, 45) 1 )i ) {COUPEED PAER | 1320
45.647 . 2. B S P GQOUPLED
PAIR OF SHO 0.0 . : 3 4
1593. 00 6 492
15. 476 ely, a
forward pas and a
wei ght i ncr ggENL. v

modul e al | oy&ises

at its inputyism

wei ght s andigaf of

t he neurons

proceeded W t he
out put | aye ar d
pass nodul e

In steps 602, 604, 606, and 608, respectively, a forward pass module, an error
module, a backward pass module, and a weight increment update module are executed.
The Forward Pass module allows each neuron of the network to sum the signals provided
at its input, multiplies that summation signal by a set of associated weights and then
10 provides a weighted summation signal to each of the neurons in the next layer. The
propagation of signal is proceeded with a feed forward manner through hidden-layers to
the output layer to produce an output value of the network. In this forward pass module,

as recited in each of the neurons, an activating function will be selected to generate an



as recited in each of the neurons, an activating function will be selected

to generate an WO 00/ 07113
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output to be propagated to the next |ayer. The Error Module is to perform
an error conputation at the output |ayer when conpared to a targeted
val ue. The conputed errors w || be back-propagated to the preceding
| ayers till the first hidden-layer. Thez@ackward Pass nodul e

perfornms a simlar task as Forward Pass Mddule but in a reverse node in 5

whi ch a sunmmatpuwoto tﬁ:l’;j’rﬁ}ﬁagﬁtb@ﬂﬂhe hext RGK TRE BRAAAbAL & & fn @f efbe
hi dden-1ayers. The ght Increnent Update nodule perforns a

conput at i on SQEPERHeR fdhg W‘F éayarewlgqnﬁprﬁgar edtoa m"etﬁﬁéahmrﬁ"lhn Pomgbuthmge s

required at yifi%ebapu geraggt

det erm nati on |§ ma emi% a&Etgr?ﬁl% ﬁg en i%%zﬁe&%ﬁ%sg%dﬁ ey See %%Wéﬁi

As in the trPasmc@Jkﬂmtﬁ)m blelrrelpaaik as§oawau$EJss Moﬁui@leﬁﬂ xﬁedwiatse’ﬂﬁ{deﬂﬁfl ni ng

t he size %fctralnln% ata an IS Us deci si on maki ng of when to
SRR

execut e ?he BHY SIgnai 1s DS r%paﬁ?} of tsrhiqdearlaysmsntlde Vi ght

Updat e WDdU|Wex§Ht3ncrEx§xeﬁtQdeat@fxﬁﬁk‘l% p@forms 2 compRERRGELRh haﬂéﬁ BRefbainet NE
i ncrenent al vvel ght utpdate nodul e 612 is re-executed and execution

returns to $keasn@wYDOL ghtngen reguited 4t e inppiovaightedrenesstioh thatsp bika reached,

[ bat ¢h h d
module i o exgemaR REEE b viat e bRl o Todul o 614 15 to

exert the arTDunt Asfin theanaipéry medgithe &sbeh is a user Pr&lefRYEHvm Aeratid @B sigei ght s
and it r| ed out at . the gnd of. t he_epoch, The | ncr ement al

Wi ght d ”?fﬁﬁ‘éldé"a@ﬂ itdhus éﬂsdetﬂﬁl@n&@h%@f VB tasregHie sheibaeh Weigkt v

when the weigghte nihRMB §&q% anges made by
each errgr generg?égﬂ&ﬁ/{eeach at a |%§€%M%r%§?mg{ 8’%§Ut@‘nput dat a
simlar to @mcacdssesies 612, E@mcrmmahwnrghu lspdatnpmﬁulb 612 hee-mvetwted &ndagai n to
eval uate th r ft di fi catl on done
by the bat c% é\%}%ﬁ%&ﬂr{eﬁ%%t {ep g%‘ Igncé;g%%f% © eleéﬂ‘f%lﬁf)h%?f‘ée pregutg,

steps 618 apwhctB to stqs@m;mwmh}yabachfmgmngua,mﬁ&imgluﬁeeu@@d a gl obal error
nodul e are

The gétg}? we?g%'t Update module 614 is to exert the amount of changes required
for every connection weights and it is carried out at the end of the epoch. The
Incremental Weight Update module 612 changes the connection weights immediately
when the weight increment update had computed the amount of changes made by each
error generated by each data input. In step 616, input data similar to data used for
20 training is input to the network again to evaluate the actual network performance after the

modification done by the batch weight update and incremental weight update modules. In

steps 618 and 620, respectively, a torward pass module and a global error module are
executed.
The Forward Pass and Global Error modules 618, 620 are used to perform an
25 actual implementation task to compute for the network performance with the new
connection weights. In step 622, a determination is made whether the end of the epoch
has been reached. If not, execution returns to step 616; otherwise, execution terminates.

Generally in the design of a neural network using a genetic algorithm, the process



The Forward Pass and G obal Error nodul es 618, 620 are used to perform an

25 actual inplenentation task to conpute for the network performance with

t he new ' ion weights. In step 622, a determ natj i s made
GUPAR T8

whet her the eh e epoch has been reached. If notP,C LT on
returns to step 616; otherw se, execution term nates.
Cenerally in the design of a neural network using a genetic algorithm the

process WO 00/ 07113
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consists of genetig al gorit preparatjon design steps as follows: 1)

sel ect the a‘%ﬁ?’ﬁbf’{%@gg‘: algor PEFB%Z‘ Jfﬁ% olloyi Ryelseiksappropyiages i ne

the paranet age §fRnREndzOHE Codidy &héne; 2) define %{b@iﬂﬁ&mb b§l?cfc@ f[fykate an

appropriate 1 nput/output data format” or evaluation node for
opti m zat i orfhpamqsome:s3) fagmudatd cipp@priap MpoYtAL date Kjrmet dreealfation trodsl or

fitness function. . .5 5) defi,ne the a opriate. geneti¢ algorithm
control par ggn%?pgﬁx[gzasuﬁgﬁuranggeﬁh@ﬁlfc ﬁ“?pé’f@%%[e jective %@89&&‘“?53 CUR%nber of

Crossoves pa)dtSne thesipspriafe geadtidlalbliGmh @n&6) pafih2RRi 0h &4 hitehdrrate, 6)
sel ect the appropriate selection, nutation and crossover schenes as well as
t he FEIFEPVRT Tabi DHRPETION prOTS B ipgintsyurabep pYpaphiatiethiizen pepringcriteria;

sear chi ng/ 0@) 3% Mgﬁlﬁﬁﬁﬂég ectiB] uéﬁtion and gr%ﬁgge? @&he%@s %Dx%lfag rtf.:eat <

initialization of th Itral popu I'on such as for exanp usi ng 10

an exi sti ng gdewatym gaahspaiatss; Yrapplh termpsopBate searching/optimizing app®atH) ahdre

prepar ation B)h se, a gl obal, nmeasure of fjtpess, which is simlar to the

i nverse of &) 8GU¥ 2% eRAXPRTHE [iHalizotionqtsha infial population,such as fqrexgnapledisingdef | ned
and proyp desnieb®tin desig‘;cgm(gqef(ﬁggmg@gd&en t he desi gner and the searching
algorithmfor an effective and opti nal design. In the process of

evol ution for a ésdethedeprghonphets, &global meaput of fitoess,ofhidisis similshtodhosonmes ar e
updat ed accogdll he el ative. |ndi i fitness that reflects the
eval uat ed pgllri‘%gslra ?r)g%igiéstt ?%&Ee@ ﬁlﬂgéﬁ%g&t ﬁ@gg&%‘ie‘sl# ‘gsrlll seééiﬁéfl%aapggmtvﬁ%f aﬁr e being
assi gned interfaceibbtwean the ghegney alduke wirching RlgsSthin fof anhsfeetive ahi gh@nal
probability .of contributing one.or_nore ) offspring ("children") in

t he next geﬁi&?l%’f'%;‘ﬁge process of evolution forprpdgd _d%ﬁl%‘iwl"ém’faiﬁf’ﬁg@%m’f‘tfncti on that
reflectssa lRnioRbmeys 8¢ dgdileli ABrdingtORE rdialivk ifBlvidudi $lRs @bt Eadcaqnal ar ms
measured with respect to total incldent cases, a low false-alarmrate
("FAR2") i ncv@paied prformanse ingdewn r Yenalbetheserdssigniandidetss hetare bang asighed

i nci dent - fr gguink : Lgh. det ect i rate (" DR' a_good

nodel i ng accutrhaacrﬁly&{e )’?ﬁﬁg Offhm?%?’%hag% 9?‘ 5? %Ip%gboagfél u?‘econm{mmlg %1? ro gremsasur ed
wi t h r especpiftmringdt dlildrenX) imhmnaxtgebamdtiener rors, and a hi gh correct out put-

state perfornmanc " CSP" igregated for all ti interval g _neasured wth
respect to total %féce’amﬁfpéfgfﬁg?f ghon that r eﬁ’iéﬁ&%n?aise“agmme FAKI") in

20  terms of false alarms measured with respect to total incident cases, a low false-alarm rate

(“FAR2”) in terms of false alarms measured with respect to total incident-frce intervals, a
high detection rate (“DR”), a good modeling accuracy (“MA”) in terms of total absolute
errors measured with respect to total maximum absolute errors, and a high correct output-

state performance (“CSP”) aggregated for all time intervals measured with respect to total

25  given states, is given by:

¢)) f(Pi)=a*FARI+b*FAR2+c*DR+d*MA+e*CSP

Here, constants a, b, ¢, d, and e are used to scale each individual factor, such as



(1) f (Pi)=a*FARL +b* FAR2+c*DR+d* MA+e* CSP :
Here, constants a, b, ¢, d, and e are used to scal e each individual factor,

such as WO 00/ 07113 PCT/SG99/00067

PCT/ S@9/ 00087 00 112 22
FAR, DR, MA and CSP, in ternms of priority or enphasis. The typical values
for a, b, c, d, and e are 1.0, respectively. Equations for FARL,
FAR2, DR, MA and CSP are as fol | ows: (2) FARL = 1 -
([err] Fal se_Al arm cases /[err] Actual _I ncident cases) 5 (3) FAR2 -
1 - ([err] Fahgepl 8fALANESP, Vlesmd oflpBbAityAR biphasisNThel§PicaiFares fofh &, ¥al s)

(4) DR = [err] Detected _incidents cases /

[ err] act ual d)andieciani.Ocrgspsetively. Equatiopgfor FAR], FAR2, DR, MA and CSPareas VA = 1 -
[err] | err J%&{%rr] | err[err] | (6) CSP =
[err]Cbrrec{_ put_State / [err]Gven_Qutput State

Simlarly, equation (1) can be redefined as follows to serve the sane

pur pose 10 wi t hout_t he scaling constant%a, b, c, and e: - (7)
f (P ) =a* FARE2* FAR2* DFEAF alse_Alarm_cases /2.Actual_Incident_cases)

5 3 FAR2 - | - (CFalse_Alarm_intervals / X Actual_Incident_Free_intervals)

4) DR = LDetected_incidents_cases / 2actual_Incident_cases
(5) MA=I—ZEerr[/}:lexrm|
6) CSP = X.Correct_Output_State / ¥ Given_Output_State

Similarly, equation (1) can be redefined as follows to serve the same purpose

10 without the scaling constants a, b, ¢, d, and e:
) f(Pi)=a*FAR1*FAR2*DR+b*MA*(CSP

The coding of a chromosome will now be described in detail. A concatenated real
number coding of chromosomes is used in the genetic algorithm for ease of application

and manipulation. The coded parameters will, therefore, include as foilows:

I5 (2) the number of hidden layers to be used in the NN
{b) the number of neurons to be used in each hidden layer;
{c) the weight of connections to neurons, inclusive of biased links;

(d)  the choice of existence of input variables or input nodes;



The coding of a chronosone will now be described in detail. A concatenated

r eal nunber codi ng of chronbsones is used in the genetic algorithm
for ease of j ion and mani pul ati on. The coded 855 will,
t her ef ore, i%@?h@g?%s fol | ows: 15 (a) t he ngﬁger %ﬁkﬁidden
| ayers to be used in the NN (b) t he nunber of neurons to
be used in each hidden |ayer, (c) t he wei ght of
connections to neurons, inclusive of bigged |inks; (d) t he
choi ce of existence of input variables or input nodes; WO
gg{l_? ggg/ 00067 (e) the existence of each particular neuron in each hidden layer; 23

(e) the existepce o i eyron i.n each hi dden |l.ayer;

(f)  the choice“bet mgegjﬁoeﬁ%%bwé&g‘?&& ‘%%Vg@?noﬁ“‘fcﬁﬁﬂ%‘f’%ﬁ?dﬁﬁ 48 used in
each Uron™™Sf the NN, and (g) the

choi ce of the existence of each connection between neurons, inclusive 5
of biased |inks.{8)  thechoice of the exysfraceofspererogrectipn brtwersmeuroan inchusive| |
consi der’ a ful | netwoiditsshlink$ur ati on with paraneters to be
optim zed. For exanple, assum ng that the maxi mum nunber of hidden

| ayers is two an . rons.4d n_each hidden. | ayer is 3Q, in nost
cases, a %é%ﬁ%%ﬁr [em(ragc’g?e %?r\l/%l Wﬂ%‘é’&ﬁ ¥4 ige%rklco%@“fa(?gf‘ Wit £ i ci ent
for many appémmaterstobe opiimiked. Foretniple @sshfathgltedd HebnAfmdoh furehdr QFRRALE, each
gene of the chrqonobsone will be used to define each network paraneter,

such as wei HErS3t ™% qndithe nugmbes eleisuransin cach hidelen laypok 3@ ipmogrpases, a
activation faRehin® BumbdtERelo lﬁﬁdéﬂ?r@%l% wifl b@g%psu?ﬁcq&?g)r I!n%}{}?épé)li%tlcohs T

Therefore, a formulated chronosong whose nes use rhcl dent
det ect i ¥n minimizpithe bngtties thgrhmitobomes each genesf terhotiosgmanil! e wecadi ng
function as dédr{elé%é}{ 2 egrk%%rla%vevter, such as weight of a link, existence of a link, choice of an
activation function, number of nodes in each hidden layer, etc.
Therefore, a formulated chromosome whose genes used in the incident detection

system design will require an encoding and a decoding function as illustrated below:

15 DECODE:

Float Float Float Float Float Float Float
Gi1 G2 G3 G4 GS G6 G7

G1 - used to define the number of hidden layers. Normalization of real values to
an integer value of either 1 or 2 is adopted. The upper limit is user-defined. An example

20 ofaC coding is as follows:

hiddenlayer=1-+((int)fabs(chrom{p]*100.0) %MAX_H LAYER; /*decoding*/
chrom{p]=(hiddenlayer-1)*0.01; /*encoding*/

Note MAX H _LAYER=2 and p is an incremental counter of the genes’ location.



15 DECCDE: Fl oat Fl oat Fl oat 'Fl oat Fl oat FI oat -

Fl oat GL (e &3 4 G . & G7
G - used towdefeengst he nunber of hidden |ayers. Normali zaidigsobgegreal
val ues to an integer value of either 1 or 2 is adopted. The upper

limt is user-defined. An exanple 20 of a Ccoding is as follows:
hi ddenl ayer=1 +((int)fabs(chronfpj*100.0))%KAX H LAYER, /*decodi ng*/
chron{ p] =(hi ddenl ayer-1) *0. 01; /*encog ng*/ Not e
MAX_H LAYER=2 and p is an increnmental counter of the genes' |ocation.

WO 00/ 07113 Encoding of the chromosome’s gene is also implemented here for preventing the real
PCT/ SG29/ 00067 24 .
Encodi ng of ValHeotthe smsstareexplogdinge i s al so i npl emented here for prevent| ng

t he real e .gene .from ex used
to define the nu e'Fllge(ftor?gﬁu}eot?\%n%be'é%‘éﬁuﬁ?ﬁﬁﬁeeﬁagbdwp layggy r%“?‘%f’f‘% AE of _
real val ues rﬁabvaiimsltﬂbﬁgﬁgewﬁldt@rofrﬂ D130 i§ Aopld] ThestRpl ekt is1B&-deBRES. 1Mt is

user-def ned. 5 exanple of a C coding is given as foll ows:
for(i= mﬁxﬂnﬁfﬁ?ﬁkq cpquag is gwenanOHOWS neuron in layer[i]=1

+((| nt)fabs (chron{ p] *1000. 0) ) YVAXNEURON, [ *decodi ng*/
. chronfp] =(neuron_in_layer[i]-]) *0.001; /*encoding*/
Jor(i=1, 1<—M_H_LAYER i++){
neuron_in_layer([i]=1+((int)fabs(chrom{p]*1000.0)) Y%eMAXNEURON:
/*decoding*/
10 chrom([p]=(neuron_in_layer(i]-1)*0.001; /*encoding*/

Note MAXNEURON=30 and p is an incremental counter of the genes’ location.
Encoding of the chromosome’s gene is also implemented here for preventing the real
15 value of a gene from exploding.
G3 - used to define the weight of each connection from input-layer to output-layer
inclusive of bias links. Range = -3.4x10%*® to 3.4x10*.
G4 - used to define the choice of input variables to be used in the NN.
Normalization of real values to an integer value of either 1 or 0 is adopted. An example

20 ofaC coding is as follows:

Jor(I=1;i<=Input_Size;i++){
neuron_in_layer{i]=((int)fabs(chrom{p]*100.0))%2; /*decoding*/
chrom[p]=neuron_in_luayer{i]*0.01; /*encoding*/

25 Note Input_Size=24 and p is an incremental counter of a gene’s location.
Encoding of the chromosome’s gene is also implemented here to prevent the real value of

a gene from exploding.



Not e MAXNEURON=30 andp is an increnmental counter of the genes' |ocation.
Encodi ng of the chronobsone's gene is also inplenented here for preventing
the real 15 Mah48:0f a gene from expl odi ng. pCO8cevwdeed to
define the weight of each connection frominput-layer to output-I|ayer
inclusive of bias |links. Range = -3.4x% [err] to 3.4x10[err].

4 - used to define the choice of input’variables to be used in the NN

Normal i zati on of real values to an integer val ue of ei,theg lor Ois
adopt ed. An exanpe- gmed to dafing the exisiangs Pt Fachparticylpy qsitEon in each hidden layer.

for(l=l;i< 3 =4 -Vy : : : "
neuron_in_| g‘/er | |1Ta§() % ?ﬁ%e)ag‘?fguscf (t: arnolﬁ[{e%)e]r ¥ ?lel%?%e)l?ga?l; °‘/°*‘é%d§8§?'n3§"‘7 example
chr onf p] =newfdhcdding iagweh fdr G, Bdbyve./ * encodi ng*/ 25 Not e
| nput _Si ze=24 and p is an increnental counter of a gene's |ocation.
Encodi ng of the chronobsone's gene is also inplenmented here to prevent the
real val Be of G6 - used &ndeling Binchoipn asefing gigmotd, gaussian, and hynerbolis-tpgers
PCT/ SG39/ 00064, .: . P : ;
G - used to HeticRdRTgn 3§<eids eear(flé et e%ocrﬁm%zg}‘ i %r %ll‘v alﬁeésut PoRT re‘éaé‘ﬁe hi dden
| ayer. dfeith@l 0, 2 pdri2dn adzbted e @he axainple 9 Caoding isdiender Ohhhose,ofithed t her 1 or
0 is adapted. The exanpl e of C cqdj is given for G4, above. 5
G6 - used toMHBHYSRPCRREEN hejeYalus Horigo 3 gﬂgﬁ ivatipn, fungtigns useghepe given as
hyper bol i c- t@apggnt activation function used in each neuron.
Normal i zati on of real values to an integer val ue of either 0, 1, or 2
is adaptgd. The exanple of C &8dg§g hs_ iven fér 4 above, with a
nodul us Operation whose val ue'¥s* 1% o Tllngaay;vation functions used
are given as fol | ows:

where x denotes the inputs to a node, y denotes the output of a node 8 denotes the bias

value, and w denotes the weight of a link between the preceding node 7 and the current

node ;.
1 _ 2-22 wyx;~0,
(9) Hyperbolic Tangent : y=
1 + e-zz wyx; =8
15
where X, y, 8, and 2 are as defined for equation (8).
IS w0

(10) Gaussian : y=e c

20  where o, B, 8, and w are as defined for equation (8), and o and §§ denote the scaling
values that define the base-length and shape of the gaussian function, respectively. The
decoding of o and B values are also done in this group G6 with respect to the nodes’
locations.

G7 - used to define the choice of existence of each connection from input-layer to

25  output ~layer inclusive of biased links. Normalization of real values to an integer value of

either 1 or 0 is adopted. The example of C coding is given for G4 above.



10 [err] where x denotes the inputs to

a node, y denotes the output of a node [err] denotes the bias val ue,
and w denot esyd bgeai ght of a |ink between the precedi ng nedesgssasd’ t he
current node j . [err] where x,

y, [err], and 2 are as defined for equation (8). -

[err] 20 where [err] and w are as defined for equation (8), and a and
[err] denote the scaling val ues t¥at define the base-length and shape
of the gaussian function, respectively. The decoding of a and [err]
val ues are al so Netghitnhd ihtegeroalmepofGandi0 trépresesiplsrdxistance dved ahspiessf the

| ocati ons. G/ - used.to defjne the choice af existence of each
connect i on F’FB‘H’F‘? ?Péﬂf“—’tFréfé?pcftbvegB I\}ote()ag%o&hzgt.thq &yEreq ﬁéF‘Efgf“géﬁeof bi ased
links. Nor mehigkbB0t¥hmh BRInedRkibiffh bithsal rdiRlgger val ue of ei ther 1
or 0 is adopted. The exanple of C coding is given for G4 above.

WO 00/ 07113 _

PCT/ S&9/ 00067 . . . . 26
Note that the infRger digPiRehepumber gt piddep layers fom the ghromesomel nce and absence

of the network paraneters, respectiyely. Note al sg.fhat the sequence
of decoding the () WEM’brﬁ’ﬁ?BWﬁe%“%M#H%X%%‘W#wdﬂéﬁ?’ as follows:
() determ ne the nunber of hidden |ayers fromthe chronosone;
(iii)  with (i) and (ii), determine the existence of each particular neuron in each
hidden layer;

(iv)  with (i) and (ii), determine the choice between sigmotd, gaussian, and
hyperbolic_tangent activation function used in each neuron;

10 (v)  with (i) and (ii), determine the choice of existence of each connection from
input-layer to output-layer inclusive of biased links;

(vi)  with (i) and (ii), determine the weights of each connecticn from input-
layer to output-layer; and

(vii) determine the choice of input variables to be used in the NN.

15 ENCODE:

Float Float Float Float Fioat Float Float
Gl G2 G3 G4 G5 Gé6 G7

Group G3 (weight of connections) will be encoded back to the associated
chromosome after the values are modified by the back-propagation training algorithm.
20  The rest of the parameter groups will also be encoded back, but modified to their
respective actual representation values scaled from their respective factor of 100 or 1000,
as given in the decoding function.
Evolution will now be described. During the evolution, two optimization

pfocesses are operating simultaneously; namely, the genetic reproduction process with



5 (i) with (i), determi ne the nunber of neurons used in each

hi dden | ayer; (iiti) wth (i) and (ii), determ ne the

exi stence of wagheR{ ticular neuron in each pcT/scesiddbgdden

| ayer; (1v) with (i) and (ii), determ ne the choice

bet ween si gnoi d, gaussi an, and hyper bol i ct angent
activation function used in each neuron; 10 (v) with (i) and

(ii), determ ne the choice of existence 9f each connection from
I nput -l ayer to output-Ilayer inclusive 01‘2 bi ased | i nks; (vi)

with (i) an |l ' ' g '9[}%8 | I I nput -
| ayer to ou?"ﬁé% bgogﬁ%ﬁggghg}gﬂ% aEB'ﬁxe‘éﬁh&%n% bg%kvﬁgéa&e er mﬁélgoqtﬂﬁgggphoi ce of
i nput var i abhtesdddalebign uaalitiaten It hieh Mdomaticldesign apNeobsing a genetic algbfithin,

Fl oat Fl oat Fl oat F| oat Fl oat

Fl pat Gl (€7
&3 4 1tis necesggey to specifycige populationgize and fitness i%gctionas d@czaleﬁgi a@ve( vei ght of
connect i ons)g ; DRSKndierk B8 s Q6 A€ Bsually selectddNd. @ me after
t he val ues asr e %g%%x%&%/ﬁ%eﬁﬁggﬁ- Sr op%gat i ong’?ltlr gslufalll }Fl?;e Efacl gbr??ﬁ?ng 20
The restSof diéweobthedartsize agl ompexity bf thaessignipeotdens odied sthdcknd dbeattharodi fied to

Feapect i ve BT AR S Bogt Hes B Bkl SRl TR o o Genis ARS Rt f on.
Evol uti on WiTHe crsdeowe rteis Gikid2 .8 4ot kiendaptive nRivAbh HtdRngds #InORIHzat i on
processes are operating simultaneously; nanely, the genetic r eglrrr(l)duct i on
process wit .25, depending on the sigmlanity perweey the parents and children. The momentum and
PCT/ S&99/ OOQQaZm'ng rate of the NN design are also fixed at 0.7 and 0.01, respectively. 27
10 Inthe off:line and on-line design of an NN, the genetic algorithm can provide the
ability to commence the search from the existing designs as prior knowledge. Using such
prior knowledge, the system designer can first include the design in the initial population
with a coded chromosome, and the rest of the initial population can be filled with
randomly generated chromosomes or chromosomes mutated from the existing design.
15 This ensures a good and direct start for the genetic algorithm search with reduced design
time. The whole genetic algorithm design process is chosen, at ease of operation and
automation, to be completed at a generation whereby there is no improvement for the last
few generations, say 20.
Fig. 7 illustrates an example of the NN architecture recommended and optimized
20 by the genetic algorithm.
In the incident monitoring, a selected freeway usually consists of several sections
partitioned by detector stations. As a result, different NNs with different architectures
and parameters are required for monitoring every section of the freeway. In the
traditional design of an NN with back-propagation, heuristic knowledge and past
25 experiences are required, especially on the type of activation functions used in each
hidden layer, the number of hidden layers, and the number of neurons per hidden layer.

In addition, a complete-connection configuration between neurons in each layer is usually

assurmed from input layer to output layer. Such design approaches are ad hoc and made



back- propagati on training and the standal one back-propagation traini-ng for

t he best recorded design candidate. In such automatic design
approach usi we@ ggeegpeti ¢ al gorithm it is necessar\ectrgcsfsedsf y t he
popul ation size and fitness function as descri bed above. A smal |

popul ation size for the NN incident detection design is usually selected,
e.g., 4, in 5 view of the data size and conplexity of the design problem
under study and al so the geneti Ggal gorithm descri bed here has the
simlar capabilities of a mcro-genetic algorithm The crossover
rate is fix s : | : ] ALS 4206 : .025 to

0. 25, depengsldtrl]giggd %’}gg%ﬂﬁg@?? %Sﬂéﬁﬁb@ég&ﬁg%ﬁ%%%i an?%fadlrl?%lrﬂgn. The
nmoment um andNs for everyl seatiani of therfat@ayobeirgheorithredesi gn are al so fixed at 0.7
and 0.01, respectively. 10 In the off-line and on-1ine design of
an NN, the genetMeeo&IiB8Y+ HATVEQRMEY 67 frefiqrppied incident defgstipg FX5icpisiigAfence t he
sear ch T OMubiigiaRXhuth 14)re St GBS aRONI blsinclt DAL £AGR: aildiiigbaNgh

prior know edge, the system designer can first include the design in the

i nitial Spopencdutionary computingiecHniquescaseldiskleshd obeispsush “effrthetchmprtedt of t he
initial population can. be filled with randomn ener.at ed chronosones
or chromso%@pwgﬁégla‘}sﬁﬁf ?‘H‘S“%%’%\%m W@%ﬁ“@%?g%ge‘%m%ﬁflg r?s?ﬁ\toég a good
and direct ednfighration, Wdightgexietice, ahaRfivity) Mufiba bt idd¥nldyefsetlmiredofiesi gn

time. The whol e genetic al gorithm design process is chosen, at _ease of

oper ati on afwons per hidden layea: e Pl 2¢tiyatien fuprHon cand gelggtion oljape dalei BesWier eby
there_i's noof ARIAMEBNE sl thil®hil @ilied evolution kfY (IRDGAIF ohHAS §ﬁ%k320'

Fig. 7 illugtra es an _,e>s<arrp e ;ﬁ? ?ﬁeedlﬁl‘\'legr%% tect%re ?eiéonnélrelde and

opti ni zZéd 2and mogyactihige (el iln thalogding ddsipn of NNs for adaptive applipations, thenci dent

part {1 onedsBy aHER POy RIS FTRERS R sheRRier U BT NI SOrER di f  er ent
architect ]yr e:ﬁsﬁn design.as&sagfeﬁdy@ﬁ ﬂfe&re&{iﬁleﬁzg@hﬂngaﬂll\mg;éraﬁﬁﬁf v‘zvf@m'ﬁ Bg ever yh
section of the freeway. In the traditional design of an NN wit

back- pr opag#dartsd forrdapiaten. ¢ know edge and past 25 experiences are

requi red, especigldy: & FiyPe uRfindehd dead-hignsEdRGhs Hsed, i n each

hi dden | ayer, the n%%%gﬁélofoﬁggldenl?ayers, g%gsyttﬁe nu%@? of neurons per

hi dden ¥5ay edesigned neurhimetwtdk by deriving rewriplesvak desigrautamstersciontd thgeedadi on

bet ween neur,ons in each.layer. is usuall. assuned m. i nput |ayer to
out put | ayeriogpte RS ind SatiE dfiokibm, Farh coRT AT oL H ] o
00/ 07113  network with its associated connection weights and other design parameters are stored in

PCT/ S&9/ 00067 ) 28

by trial - anthe&ERIOBIoseE TREEE T icHay Bora aRRGK caBdp EcroapTsted 8% rgiiingthe nunmber

of differenkecoding fudiisn.! Ath&UEENiof BEE Abhrflnedldfk fof RENEK dBidiidg, BN t or ed.
Accordi ngly, the devel opnment of an autonmated incident detection system

usi ng 249 traffic data at each time instance will be evaluated by, for example, using the forward

pass and error computation modules 618, 620 to assert the incident status.

Each individual neural network in the incident detection system 106 is
periodically updated. The neural network design parameters coded in the chromosome
are stored in a binary file after being optimized by the genetic algorithm. This stored

25 chromosome will later be transported to the incident detection system 106 for a new
update of a neural network by replacing the existing chromosome for a particular neural

network.



artificial, multi-layered feed-forward NN desi gned using genetic

al gorithmbased 5 evol uti onary conputing techniques are disclosed. Using
such "of f -t heugPRYL S " conmput i ng paradi gns, the gen&t]i,'@@%ﬂg;i t hm
can automatically recommend the network configuration, weights,

exi stence, connectivity, nunber of hidden |ayers, nunber of . neur ons
per hidden |ayer, type of activation function, and selection of input data.
Resul ts of conpari son has shown EQat this guided evolution leads to
gl obal Iy optimal networks 10 and nore“accurate results. In the on-1line

design of NNs for,,adapt..Vv lications,.the . netj ¢ al gorithm would
commence the sea&ﬁ%@b@gg%%\% ?nﬁboguﬁ% Of{f‘kffﬁg\’,ﬁ“%%jbl@"g eﬁdh%“ﬁnm% exi sting
desi gn. Subsesyi®sd, laywidéraskeyBodifidiBon) Rzt Ag wabstiiion aialBdedrin Weul d be

adopted for adaptation. ) Referring again to Fig. 1, the
i nci dent detiERsentsliscipsuiee i OB insigscesyieatuees of ths inveywaimpnde emam witbeutor k by
deriving neyra eﬁﬁﬁ&ﬂ%ﬁmﬂﬁ%bﬂpﬁ A[Meters fromthe coded chr onosone
optim zed by the“genetic algorithm Each configuration of the neural

network with its associ ated connection wei ghts and ot her design paraneters
are stored in t he chronosone. Therefore, every neural network can be
re-constructed by re-using the decodi ng function. In the execution of
t he neural network for incident detection, the 20 traffic data at each
time instance will be evaluated by, for exanple, using the forward

pass and error conputation nodules 618, 620 to assert the incident status.
Each i ndividual neural network in the incident detection system 106 is
periodi cally updated. The neural network design paranmeters coded in the

chr onosone are stored in a binary file after being optimzed by the
genetic algorithm This stored 25 chronosone will later be transported
to the incident detection system 106 for a new updat e of a neural

network by replacing the existing chronmobsone for a particul ar neural

net wor k. WO 00/ 07113

PCT/ SG99/ 00067 ' 29

Al t hough illustrative enbodi nents of the invention have been shown and
descri bed, a wi de range of nodification, change and substitution is
intended in the present disclosure. In sone instances, features of the
invention may be enployed wi thout a correspondi ng use of other features.



30 CLAI M5 VWHAT 1S CLALMED 1S ' 1. An aut omatic -
traffic incident detection system ffpis RHEM HASIBEBNthe presence or
absence of inoydestsiof traffic congestpmppacepnpri gi ng: PCT/SGY99/00067
sensors for acquiring traffic dat as —a~'dat a server for

collecting and storing the traffic dat a 'acqui red fromthe 5 sensors;
an incident detection processor connected to the data server, the incident

detection processor including at |east neural networ ku muﬁﬂm
the traffic data to determ ne theoﬁci dent status f ! ,c Hﬁﬂmﬁm

i nst ance; an% a neural network design system for upLdaf’i nY the
at | east one network 10 used by the incident detection processor
in incident deHamNTSCUAIMED ISthe neural net wor k desi gn system receiving

the traffic data as input. and utilizjng both a gl.obal . search and a
| ocal search for Ap@Riematie gatiseciiert discian e (HdSmEl BelF BIESSHes For k.

2. The aUtaQ;{EBE%&iﬂ&@n@sio‘%njaﬂﬁicgﬁé&tiQ?&%ﬁﬂsﬂ?: systemof claim1l further 15
r

conprising a simulation systemfor recelving affic data stored in the
data serv®r and sensors fferequitingiepifiddatzef rom si nul ated traffic data with

pre-defined incident occurrences, .such that the .neural network design
system recei ves t'ﬁgat% F?Fﬁ?ré?recﬂﬁfci’ﬂﬁ F‘?%St?]'ﬁ’lgghea tf?%éﬁﬂ acq“"e%%qnh%ﬁﬁs?ﬁs’zi ng the
desi gn of the updai RdidesWeRbidagho¥REskr connedibd to the data served; the incidaft RLQIHRL i C

traffic incident detection systemof claim1l wherein the traffic data

i nput to thePrrsessal inpluding rideasbanedpiursl netwark fo5 eyaduaving thedraffic dagade defprmiag a set
i nst ances th@eih&&én&‘gﬁmgquit}%?ﬂ{neﬁs USpdraffic volune at time instances
coll ected at an upstreamtraftic’ neasurenment station, occupancy at

ti me i nstances cobhaciledivairk ddsign systernl fis tipdazing theaf feast oneseatal actwotk wsedt | on,
traffic volu at, tinme instances cqllected at a 25 downst r eam yreasur enent

| ocation, and” Gedtiidsne 96‘-’%‘1“0{1 PHAGesSydR Wigident detspinations thg neyral network fiSHEL + r eam
traffic nmeasyysedmk kel g Ald tiffic data as input and utilizing both back propagation and genetic

algorithm techniques for optimizing the design of the updated neural network.

2. The automatic traffic incident detection system of claim 1 further
15 comprising a simulation system for receiving traffic data stored in the data server and
generating therefrom simulated traffic data with pre-defined incident occurrences, such
that the neural network design system receives the simulated traffic data as input in

optimizing the design of the updated neural network.

3. The automatic traffic incident detection system of claim 1 wherein the traffic data
20 input to the neural network design system is formatied as rows of data set instances that
include incident status, traffic volume at time instances collected at an upstream traffic
measurement station, occupancy at time instances coliected at an upstream traffic
measurement station, traffic volumne at time instances collected at a downstream
measurement location, and occupancy at time instances collected at a downstreamn traffic

25 measurement location.

This Sheet Has Been Replaced

i



31 4. The automatic traffic incident detection system of
claim1 wherein the neural network design system generates an initial

popul ati on of et wor k design Yala encoded | ones,
each candi dat e%ﬁﬂﬁlgigssi gned with amf;? tsé%é\gl\gaéﬁ@%l ue obt a}%#ésgg]f;/g@%{s
eval uati on of performance, and perfiQrus épic eviolution 5 process of
genetic reproduction on the candidates wth the inpl erregﬂﬂmm]”ﬂwmmg he

| ocal and gl obal searches until a stop criterion is react !m
updat ed neur al net wor k. _ - 31 5. The autorr_étib i hcisdent
detection systemof claim1 wherein the 10 incident detection processor

i npl ement s a4neurBie awarpmickrafic ideddny detertine aystam ofedaip i Reherein the seusalet ers from
a coded chrommso optim.zed by the.neural .net ' .. system each
configurati off® of‘“[ge‘%?éi%ﬁéﬁ?%r? S R ROW*‘!‘;’O&?@%%U{%? %&g{g{odr? RECt i on

wei ght' s bei ngangidateg @ndoded HhedMREREDER catdetaRUIREE assighed aith aditdesnedlaon i s
per f or med to reconstruct the neural network and the traffic data at
each time i ne¥taifedbrpm exglyptipaod geriosmands, and periosmfia ggnatis cvlptépnpaecsssafd error
conput at icon 2L 3 he .l NG o o : £ 6.
The: aut oriat | EHPE IRRREEIRES fonkidfied % B0 ritcrion B 1AM 1o ield an gpdated

net wor k desi gpwrglacswrekers of the coded chronosone are stored in a binary
file after 20 bei ng optim zed and then later are input to the incident
detection system for updating t he neural network by replacing the

exi sting chronmosong fudmdtieendi@t dteci®l $afels of claim 1 wherein the incifent detedfidh
automatic traffic incident detection systemof claim1 wherein the

neur al net wopiRcesaeyiippnlemestsamegaheeraark by deriving neuegl neiwprliparRsisroFomaur al

net wor k desi ' ' | bei ng
assi aned i t fgd ProonBRl 65 A RASHA Rech i HERRO R, BF SR ARLE

per f or mefce, tha nehurpetchosdiavit igasetized esolkttidnoteights beingstosatids sheof geneti ¢
reproduction on the candi dates, until_a 'Stoﬁpn?(f:fr@i t%ri on is reached.to

yi el d an updSteHOTHERS HheRRIRGrdeco R BENR 15 RETBTRTR FOIPSBPY LB HEi ng
i mpl ement ed fkwork angd tKORIHHE Blta RIS (AR infiglde UCdvh RIS d 6PPRHokBInd Forward pass

and error computation functions to assert the incident status.

6. The automatic incident detection system of claim 5 wherein neural
15 network design parameters of the coded chromosome are stored in a binary file after
being optimized and then later are input to the incident detection system for updating the

neural network by replacing the existing chromosome for the neural network.

7. The automatic traffic incident detection system of claim 1 wherein the
neural network design system generates an initial population of neural network design
20  candidates encoded in chromosomes, each candidate being assigned with a fitness value
obtained from evaluation of performance, and performs a genetic evolution process of
genetic reproduction on the candidates until a stop criterion is reached to yield an updated
neural network, the genetic evolution process being implemented by computer program
instructions comprising:

25 (i) instructions for generating an initial population of neural network design
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32 (i) instructions for generating an initial populatien of
neural network design candidates encoded in chronobsones, each

candi dat e bei ng @®3iigned with aHfg SHESSHAS BEEN al ue obt ai nqﬂ;ﬁg@mggm

eval uati on of performance; ) structions for ranking the
initial neural network design f-ehé : 5 bes t and for

mai ntai ning a gl obal record of the best “fitness neural &H@!@W Zu m H Si gn
candi date so far maintai ned, (| ii1) instruct m ng
mati ng popul ati on sel ecti on operations fol | oned by cr ossover ‘and

mut ati on op o e rk_.desi nd| dat es
to generat e%ﬁ%&%@?%ngg ééip:ﬂ: 8%%45? gotr@dra ngdaﬂ? {%\,’%e@léﬁe V%ﬁ’tﬁ %“‘3?555 o that a

10 gl obal Madrﬁdmsvdhmnneﬁm&mﬁcau a t he rank-based sel ection,
crossover and nut gtl oper ati ons; (iv i nstructions for

decodi ng each chi §%°?#°EW%WE%P§W‘%W®S@“C figat best neur al
network and t&@wrord?%cif&maﬂﬂmﬁhﬁégﬁﬁﬁl rt%@ﬁ &%éh%lsﬁ %se%ﬁ(r\'zifnetwoxikd j,gpagati on

training operation, so that t ocal searc en executed and wei ghts
15 of #he mdﬁﬁsm&tmmgdwnnectl ons are rmdlfl ed; (v)
i nstructions for

the fitness. of th neur al
net wor k desi gn ch m& e%ong??& crif(g'll’mﬁ %H?}W}“ﬁ%é%?fé‘g“@%‘%ﬁ?ﬁ% %’g d encodi ng

desi gn par arsst absobacahd infitatiof BpEUREOSESe Sadéched@Mal KEnARR &Sl @Al Es ewi th an
assigned fitness value, so that a new popul ation of neural network design

candi dat es ' ggngrate @B%P%R“éﬂwn of neural network degign gandidates, se thaimgload seapadr f or ni ng
a generati Omagg&ngia&{u?eh'v?z['thg -b%&?ﬁéc on crossov%mqlngﬂgt‘gs LLom ot h previ ous
and new gopul ations of .neural networ Candr S8 EL B hat wil |
survi vel?® nt o t he(impitstretiohsfor dezpdiagiehch chromosomcinthe(n\?:iavlp))pulmrwct ions for
repeating t vol uti on_process .of genetic reproduc n 25 until a stop
criterion i rslgtr1 Zré’c fpural ! nbwokand for perto orgung at lePFfémﬁé?ﬂ“’gP HeackBropagrisngn syst em

of claim 7, uslitigeeeamioh/¥ that a locall SBEEN b8 bk ikedu@d aﬂ@%@ﬁ@bmeﬁ&urkﬁaﬁ one
back propagation training operation include instructions fo

i npl enent i ngEBOLAS BARNSHIoRs aeimrdifiisdent al | ear ni ng schenes. 30
(v) instructions for evaluating the fitness of the back-propagated neural network

15 design candidates and, for previously decoded chromosomes, encoding design parameters
back into chromosomes each having associated therewith an assigned fitness value, so
that a new population of neural network design candidates is generated;

{v1) instructions for performing a generation gap operation that selects candidates
from both previous and new populations of neural network design candidates that will
20 survive into the next evolution; and

(vii) instructions for repeating the evolution process of genetic reproduction until

a stop criterion is reached.

8. The neural network design system of claim 7, whereupon the instructions
25  for performing at least one back propagation training operation include instructions for

implementing both batch and incremental learning schemes.
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9. The neural network design system of claim?7, whereupon the

I nstructions for performng at |east one back propagation training
operation inc i nstructi pas—f-or—perf-or-H-ng at | east of
back propagation £farning for t hip THHSSIHEET HASBEEM| net wor k 'des] 5%/9@gﬁdi dat e
so far maintained fromthe popul gti onRpPEAEQUS to|lthe 5  new popul ation.

10. The neural network design system of—ctarmr7 where
i nstructions for evaluating the fitness of the back propmmgﬁmnm”am“m
net wor k desi gn candi dat es include3¥nstructions for pertormmg an -
actual inplenentation task to 10 conpute, for the neural network

candi dat e, per f oSmanc&hantual metrodkodeian systam ofedlajmt % whereupon the instructions] 1, A

oot oot At RGBS A g shistt are Gy PR Rk SEARE e bR [ ieons o .

presence or performingBSIRAE BnedpotEn bl Wropaghtidn fifingfof he gess hewrsl metwagk ven time
I nstances, the program 15 optim zing the design _of a neural network that
eval uat es t rdssign eardlidaie odardeipipipedgom the popplatiqryipiious e thg Sew PRBUHIOBgr am
conprising instructions for performng the steps of: (1)
generating an initial population of neural network design candi dates
encoded $n chr omigsone§he eacd newodi dbsige systinm of daimi 7y wbetewpioh thednftichiess val ue

obt ai ned from eyal uation of performance;, 20 . .(i.1) ranking
Che initial PREyRLRIRG W?Sﬁn‘égﬁ‘%?dgafﬁaﬁ%‘}?é’@?lrf&m%‘éé?s‘gﬁ‘cf%igaéﬁs) and

for maintai nhdigieAngthRAaks fbﬁﬁe?ﬂ'oﬂmﬁﬁaﬁi&xa@ﬁﬁﬁieﬁé&ﬁﬁﬁ&sﬁ%ﬂfpu&?fdﬂﬂ{ek desi gn
candi date so far maintai ned; ) (iii) performng mating
popul ati on getratnétyarkssadidate, PaEoTENeOREUNERcoOapersaD aights. and nutation
operations on the sel efted neural network design candi dates to generate 25
a new popul ation of neural network design candidates, so that a gl obal
search has been 11. Ascoagute frogiam dnttedicd ok a bampeterseddedit mediumcionssover and

mut ati on_operati ons;, i erformng a.back propagation
trai ni ng® opeFRIsRIAHAN P%%C?f@wglsyﬁé’[‘ &%?%mma“cg‘yd‘g@“&ﬁs @SH%F‘H"E? g’§, so that a
| ocal sear chpbdse BERRIENEE/ AL @RgeshB &hiven inelil®and@iha brogram optid@kwer k' s

connections are nodified to generate a new popul ati on of neural network 30
desi gn canditbeadesign of a neural network that evaluates traffic data to determine incident status, the

program comprising instructions for performing the steps of:
(i) generating an initial population of neural network design candidates encoded in
15  chromosomes, each candidate being assigned with a fitness value obtained from
evaluation of performance;

(ii) ranking the initial neural network design candidates from best to worst and for
maintaining a global record of the best fitness neural network design candidate so far
maintained;

20 (iii) performing mating population selection operations followed by crossover
and mutation operations on the selected neural network design candidates to generate
a new population of neural network design candidates, so that a global search has been
executed via the rank-based selection, crossover and mutation operations;

(iv) performing a back propagation training operation on the neural network

25 design candidates, so that a local search has been executed and weights of the neural

network’s connections are modified to generate a new population of neural network
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(v) evaluating the fitness of the back-propagated neural network design
candi dates and assigning thereto a fitness val ue; (vi)

perform ng a g&tEm0ariidn gap ope . -egt s candi dat g%rfsedRebdie

new popul ati on and previous popUHist ST A4S BEEMAl network desi gn candi dat es
that 5 wll survive into the nextREBUATHD i on; |and ' (vii)

repeating the evol ution procesS -oductlo gt O
step (vi) until a stop criterion is reaghed. m]m)m}amﬂ!gf‘g"
program of claim 11, wherein the step of performng at keast one ck
propagati on ags@ln%ﬁtgd@@er ation includes for inplenenting both batch and

i ncrenental | earni ng schenes. 13 The program of claim 11,

wherein the st ep ((.'ﬁ 3‘@@@&%&# fignean of thechaek-prapagated neurgl peRvask disigg endidatesr ai ni ng
operation in C perform ng at | east one 15 epoch of
back propaga %4 %‘%’E‘\%% E%Lé‘% jest neural network design candidate so
far mai nt ai (nia qbeszasmg Hgenpatiod gdpicperatisnctiatGeisctt aantidatenfeom peprivat i on.

14. The program of claim 11, wherein the step aof evaluatin he fitness
of 5¢ hepapEgo PAYhEEEPEPORY AR oﬁ%ea%fl%wa@sch&n RS PR AL PTG s

per form ng aﬁma&gyggteggmdnnmderrent ation task to conpute, for the neural
net wor k candi date, performance wth new connection weights.

15. A met hod f dwvii) wpeating Wﬁgoluﬂm mecsssanigenctie reatosiugiion fist diepdiiditorsiep of
traffic (v1) ug ti on at sel ted time instances, conprising the steps
of: 25 %% ﬁréontRPéera? eé dat a; storing the acquired
traffic data; usi ng at Ieast one neural network for eval uating

the traffic data to determ ne he incident status, for a particular
tine instance; and: Thepmgmm"f%’aétl Wepreim e giep PEREITOTTBING ahigtH ae h3gk wor k

utilizing both, ;?gaa&f@&h éoéé}gtﬂnmud%s B9 imp186Hring 66th bhich 8 :9RELSAl ng the

desi gn of the neura
learning schemes.

13.  The program of claim 11, wherein the step of performing at least one back
propagation training operation includes instructions for performing at least one epoch of
back propagation training for the best neural network design candidate so far maintained

15 from the population previous to the new population.

14.  The program of claim 11, wherein the step of evaluating the fitness of the
back propagated neural network design candidates includes performing an actual
implementation task to compute, for the neural network candidate, performance with new

connection weights.

20 15. A method for identifying the presence or absence of incidents of waffic
congestion at selected time instances, comprising the steps of:
acquiring traffic data;
storing the acquired traffic data;

using at least one neural network for evaluating the traffic data to determine the
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35 : 16. The nethod of claim 15 further conprising the steps
of receiving traffic data stored in a data server and generating

t her ef rom si nul {raffic data with. ... __pre-defined incid

occurrences, Vﬂ%ﬁ’%at the sinmul at ETHIETSHEETHARRBEEN & used asgﬁfﬁ??’m"g’ in
optim zi ng the design of the updated ”eREﬁLAG’E%t wor k _ 17.
The nethod of claim15 wherein the-t+reaf+t+e—data—+s~tormatted as rows of
data set instances that include incident status, traffi ﬁémllﬁmuuu mrm“'
i nst ances col l ected at an upstream tfaffic measure

occupancy at tinme instances 10 collected at an upstreamtraffl ¢

neasur ement sgidewstatysfas ¢ pasticudAr time ingians; agd | nst ances collected at a
downst r eam neasur relller

coll ected at a dowis r%@ﬂ??ﬁ%@ﬁn@%ﬁg@%r ene{}@&llr%tbom %kb&%ﬁ 6 3o 18.
The met hod of genkid stpdrithadterheigoest fneopsitrézingothe dq:smtdflﬂg:rtchmimmﬁ] 15 net wor k
further conprising the steps of: (i) generating an initial
popul ati on of neural network design candi dates encoded in .
chronpsones, each gandifRiuRRiRsRs MR cg\m%ﬁsu?g, the LBRST rétaiviig wipg@i ned
from eval uati on of performance; ii) ranking the initial

neur al neﬁmr%wﬁsﬂegm & daielbeear ard geporatiadbereiram pionudateddradiiodpta wigh prgai nt ai ni ng
a gl obal reco best _fitne r al S ate so

far maint ai ne%eq‘me mc‘ ent Occ’menfes 3 Sﬁthaﬁ{%sr%uﬁ%d\%‘ffk ﬂgp%&gﬁgﬁg%t Sel ection
oper ati ons fOd:;ﬂt:@:ﬁ@nﬂgﬂ)é&E;@ﬁ&ﬂﬁﬁeﬁpdatedneurﬂmdwm ation operations on the

sel ected neural network design candi dates to generate a new

popul ati on of neural network design candi dates, so that the gl obal search
has 25  been execyt ed me%ﬂbao?a% g@@&mﬁlemcmmgf&ﬁ%\ﬁ%rmﬁmt ation
oper ati ons; (1v) pertformng a back propagation training

oper ati on on datgesehinsreates st inghike incident Sﬂ%ﬂ@ﬂimmhmm&m@ mMCtmleqttrbatl ocal

h h b d h
oo ot 1B PefleRtig e ASsaidiltiof ockBRnd e intansss REIRAAR, vor i

desi gn candi d.qisﬁeam trafﬁc measurement station, traffic volume at time instances collected at a 36

downstream measurement location, and occupancy at time instances collected at a

dovmstream traffic measurement location.

18. The method of claim 15 wherein the step of updating the neural network
15 further comprising the steps of:

(i) generating an initial population of neural network design candidates encoded in
chremosomes, each candidate being assigned with a fitness value obtained from
evaluation of performance;

(ii) ranking the initial neural network design candidates from best to worst and for

20  maintaining a global record of the best fitness neural network design candidate so far
maintained;

(1ii) performing mating population selection operations followed by crossover
and mutation operations on the selected neural network design candidates to generate a
new population of neural network design candidates, so that a global search has been

25 executed via the rank-based selection, crossover and mutation operations;
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(v) evaluating the fitness of the back-propagated neural network design
candi dates and assigning thereto a fitness val ue; (vi)

perform ng a gewedsabii@n gap operati+-en—that--sel.ects candi dat

new popul ation and previ ous popUbdi SHRET HASBEENGl networ k desi gs%%g&é}h i dat es
that 5 wll survive into the¢ nextRENACEDi on; jand (vii)

repeating the evol ution process ofgenetic-reproducti on i

step (vi) until a stop criterion is reached. f”mmgﬂﬂ" ’ ”md
for constructing a chronpbsone string to tode the 10 archi't ekt ure *of sa +
neural network used in.an. automatic traffic inciden i stem

for identifying tﬁ@%@é’@ﬁ‘@é S‘Lr’g?l?fﬁgagﬁ%o EEInE QRE ‘ﬁ én%?h%{‘?%ﬁ%ongesti on,
and for d6RECENI RS sb Rt WRIcAl bar6H hat BEN credundhd (Bighs biudeneurgur ons of

t he neural network, the met hod conprising the steps of;

i) def i ni AgweriARIIAGHHORS AlsaRodiTed je prasraterd e opHptNrcd SREl ISP, or the 15
nunber of hi to be in the neural network; i)

defi ni ng theq%%%’uié%%%?fber of genes in the chronosone used for ., the
nunber of$ neur ons (¥)@viieating teofithesh bfitie hackayeragated neural network design Jandiddes$ i ni ng
t he maxi num nupber of L}genesrﬁ' n the chronmosone used for t he exi stence
of each part PRUPEIEHEIFBHORAESLYHU dden | ayer; 20 iv) defining

the maxi mum numbegyipfe BeA8S ol gendrtRonGhy SRS BAMatRRRslcHdidates frohtBe £API CE
bet ween three types of activation functions to be used in each neuron of

t he neupepulatiamesd previous populations of ngyral netwisk designgandidaterdbat wilhdwvinper of
genes in'theiI&Q %%%gp%m% ,da[“hor t he wei ght of connections to neurons;
25 Vl§h et 1 ng the maxi num nunber of genes in the chronosone
used forig t hevil) hepestingahe évoRutioN botas 6Bgentticanbdedaniahisep (iDeb wepn

neur ons; ) . vil). definipng the maxi num nunber of genes in the
chr onosone u§dyuRtya stop criterioRds ©¥Bete of the exi stence of input variables or
i nput nodes; and viii) coding the maxi mum network
configuration and paraneters into a 30 chr onosone.

37 19. A method for constructing a chromosome string to code the architecture of

a neural network used in an automatic traffic incident detection system for identifying the
presence or absence of incidents of traffic congestion, and for determining the weight of
15  each connection between neurons of the neural network, the method comprising the steps
of;
i) defining a maximum number of genes in the chromosome used for the
number of hidden layers to be in the neural network;
ii) defining the maximum number of genes in the chromosome used for the
20 number of neurons to be in each hidden layer;
iif)  defining the maximum number of genes in the chromosome used for the
existence of each particular neuron in each hidden layer;
iv) defining the maximum number of genes in the chromosome used for the
choice between three types of activation functions to be used in each neuron of the neural
25  npetwork;
' v) defining the maximum number of genes in the chromosome used for the

weight of connections to neurons;
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20. A method for identifying the presence or absence of incidents of
traffic congestion at selecte es, conprising the st eps
of : wapeeittsy acquired trdF¥S SHEBT AAS HEEN F%)T

gl obal search and a local search gemetic REPUACED hmt chni que 15659100
optim zing the design of a neural ne ~to—Be-—useddin eval uating the
traffic data; evaluating the traffic data using the neural
network to determ ne the incident ,’atus for a particular tine
instance, the neural network being inplenented by deriving neural

network paraneters from,g. coded chronoso e netic
al gorit hm t echni qu&? pe?&&“ﬁi ‘bmﬁ’“ﬁé@dﬂfﬂg‘a ‘?(.p@ﬁ%‘tgl% f@'\éwgt‘%% %@?g‘?
neur al RBS18OEHKhe BReRe of Schtdiedidh bofdePAdfongNd error conputation

functions to assert the i nci dent st atus.
vil)  defining the maximum number of genes in the chromosome used for the

choice of the existence of input variables or input nodes; and
5 viii) coding the maximum network configuration and parameters into a

chromosome.

20. A method for identifying the presence or absence of incidents of traffic
congestion at selected time instances, comprising the steps of:
storing e.chuired traffic data;
10 utilizing a genetic algorithm technique for optimizing the design of a neural
network to be used in evaluating the traffic data;
evaluating the traffic data using the neural network to determine the incident
status for a particular time instance, the neural network being implemented by deriving
neural network parameters from a coded chromosome optimized by the genetic algorithm
15 technique, performing a decoding function to reconstruct the neural network, and

performing forward pass and error computation functions to assert the incident status.

| REQ W
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