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. AJITOPUTM POIO HACTHHOK NOIYKY
HAUKOPOTHIOI'O IVIAXY B TEJIEKOMYHIKAIIMHIN MEPEXKI

PARTICLE SWARM OPTIMIZATION
ALGORITHM FOR SHORTEST-PATH FINDING
IN TELECOMMUNICATION NETWORKS

Bpo6oti mpencraBieHomMoiM(}iKOBaHUI alrOpUTM PO YACTHUHOKIJS 3ajadi
MOIIYKY HaWKOPOTIIOTO NUISIXYB TEJIEKOMYHIKAIlIMHUX Mepekax. 3aBIsSKd 3acTOCy-
BAaHHIOKUTBKOX Monu(ikalliid, cepes SKUX METOJ CeJIeKTUBHOIpereHeparii i HoBa
BepCisi KOJyBaHHS Ha OCHOBI MPIOPUTETIB,IIPOAYKTUBHICTh aIrOPUTMYyOysIa CYTTEBO
1 ABUIIEHA.

KirouoBi cjioBa: anropuTM poro YaCTHHOK, CEJIEKTUBHA pereHepairis, KOIy-
BaHHS Ha OCHOBI MPIOPUTETIB, CKUJIAHHS IIIBUKOCTI.

Puc.: 1. Ta6un.: 1. bi6mn.: 6.

The paper presents a modified Particle Swarm Optimization algorithm for
shortest-path finding in telecommunication networks. Due to introduction of several
modifications, among them selective particle regeneration methodand a new version of
priority-based encoding, the algorithm performance has been substantially improved.

Key words: particle swarm optimization, selective regeneration, priority-based
encoding, velocity reinitialization.
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AKTyaJIbHICTh TeMHU JO0CJHiI:KeHHs. B Haml yac BaXXKO YSBUTU >KUTTS 0Oe3
TeJICKOMYHIKaIlIHHUX MepeX. Mepeska IHTepHET, sKa € TeJIEKOMYHIKaIlIHHOI MEPEXKEIO,
PO3IIUPIOETHCS 3 KOKHUM JTHEM JOJy4Yaroy TUCSYl HOBHX KOPHUCTYBauiB. YKpaiHa €
OJIHIEIO 3 KpaiH, B KM IHTEPHET PO3BUBAETHCS MIBUJIKAMU Temramu. He3Baxaroun Ha
T, 0 MaiXe BCl KYTOYKU TUIAHETH MOKPHUTI Mepexkero, y 0araTbox MICISIX BCe IIe
HasiBHA HE3HAa4yHa MPOIMYCKHA CIIPOMOXKHICTH Mepexi. B 1pomy Bumanaky edexkTuBHE
pO3B’si3aHHS  3a/1ayl MONIYKY HAaWKOPOTIIMX [UIAXIB MK 3aJlaHUMH  BY3JaMH €
HA/I3BUYAHO Ba>KJIMBOIO.

IMocTanoBka mpo6JeMu. BiacyTHICTD 00pe AOCTIKECHUX METOMIIB PO3B’SI3aHHS
npoOJieMH TIepeTdacHol 301KHOCTI aIrOpuTMy PO YaCTHHOK Ta CHOCOO0IB HOro
3aCTOCYBaHHS JI0 3aj/iadl IMOIIYKY HAaWKOPOTIIOrO HUIAXY B Mepeki poOiTh iX JOCHUTh
aKTyaJIbHUMMU.

AHAJI3 ocTaHHIX J0CTiKeHb i my0Jikaniif. OcTaHHIMU POKaMU METaeBPUCTUYHI
QITOPUTMH BUKJIMKAIOTh BCE OUIBINIMN 1HTEpPEC AOCIITHMKIB. 30KpeMa 3alpOoIrOHOBAHO
3aCTOCYBaHHs TaKUX QITOPUTMIB SIK IMITAIlisl BiANATy, ONTHUMI3AIlisS 3a JOMOMOTIOKO
MYpAILIMHOI KOJIOHII Ta 1HIIMX J0 PO3B’A3aHHS 33[a4l MONIYKY HAaHKOPOTIIMX IUIIXIB B
MeEpexi.

BunijieHHs1 HeIOCTiIUKEHNX YacTHH 3arajbHoi nmpodjemu. PoboTa mpucBsdeHa
JOCITPKEHHIO MOJTU(IKAIlli alrOpUTMy pPOIO YaCTHHOK Ta HOro 3aCTOCYBAHHIO 0 TOIIYKY
HAMKOPOTIIOro IUISIXy B Mepexi. He3Bakaroun Ha Te, 110 3alpONOHOBAHO JOCHUTH BEIIMKA
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KUTBKICTh MOAM(IKALII alrOpUTMy POIO YaCTHHOK, ITUTAHHIO YIOCKOHAJICHHS! KOTHITUBHOI
MIOBE/IIHKH POIO MPHIJICHO HEAOCTATHIO yBary.

IlocranoBka 3aBaaHHs. 3aBJaHHAM pOOOTH € PO3poOKa MOIU(IKOBAHOTO
ITOPUTMY pPOI0 YACTHHOK, IO MAa€ OUIbII BHCOKUMIIOKA3HUK YCIIIIHOCTI (10714
3HaXO/PKeHHS TpaBWwibHOrO nupixy Ha 100 TecTiB)B MOPIBHSHHI 3 OPHUIIHAIBHUM
aJITOPUTMOM TPH 3aCTOCYBaHHI HOTO JI0 33/1a4i MOLTYKY HAHKOPOTIIIOTO IIUISXY B MEPEXKI.

Buknanennss ocHoBHoro martepiaiay. OpuTiHaJIbHUN aJrOPUTM PO YaCTHHOK
[1,2] cTBOpeHmil i1 3HAXO/DKEHHS eKcTpeMyMy (yHKUii OararbOX 3MIHHHX
f (x4, X5, .., Xi). BCl 4aCTHHKUPOIO € MOTEHIIMHUMK PO3B’A3KaMH 1 Ha eTarti iHiriami3artii
PO3MIIILYEThCSI B JOBUTBHMX TOYKAax MPOCTOPY TMOIIYKY X;(Xi, X, ..., X). Ha koxHiit
iTepallii YaCTHHKHMIIEPEMIIILYIOTBCS 3a PaXyHOK 3MiHH IBHAKOCTI V;(vq, Uy, ..., vy). s
3MIHM IIBUAKOCTI BHKOPUCTOBYETHCS 1H(OpMAIliss MPO MOTOYHEPO3MIIIEHHS, a TaKOX
1H(OpMAITiST PO TIOTIEPeIHI PO3B’SI3KH, SIKI OyJIM 3HAMIEH] TAaHOK YaCTHHKOO P;, a TaKkoxK
BCIMa HITMMHU YaCTUHKaMH poto G .

IBUIKICTh OOUUCTIOETHCS 32 POPMYITIOIO

Via = Vig + @p1(Pig — Xia) + @475(Gq — Xia), (1)
€ QpTa Qg— KOTHITUBHMHI 1 COLIaIbHUN NMAapaMETPH, SKUMH CKEPOBYETHCS HaIpsM
pyxy B OIK BIJMOBIAHO JIOKAJHHO UM INIO0ANBHO HAMKpamux po3B’s3KiB (3a3BUYAl 1€
JifcHI yncia oupiie 2), TpTa Ty— BUIIAJKOB1 YKCJIa B Jialla30H1
[-1, 1], i=1,2,...,N, N— po3mip nonyisuii,d = 1,2,...,D— KIUIbKICTh BUMIpPIB
byHKIiif .

dopmyna nepeMilieHHs YaCTUHKYA BU3HAYAETHCS K

Xig = Xig + Via- (2)

O6min iHdopmallier0o MK YacTUHKaMH 3/1MCHIOETbCS 4epe3 BekTop G
(HaliKpamui OTpUMaHUN MOMYJISIIEI0 PO3B’I30K).

3 METOW TMOKpAIICHHS MOXIUBOCTEH JIOKAJIHHOTO TIONIYKY allfOPUTMY B
NEPCIICKTUBHUX 00JacTIX BBOAUTHCA MHOKHUK W 1HEPIl IMIBUIKOCTI, SKHAN
3MEHIIY€EThCS MO MIpl BUKOHAHHS iTeparlii. BHACTi 0K hOT0 YaCTMHKH HaOYyBaIOTh
BJIACTUBOCTEH, sIKi 3a0€3MEUYIOTh PETENbHIIIE JOCTIKEHHS MTePCIIeKTUBHUX 00J1acTeH
MPOCTOPY TOIIyKy, MPO SKI CTAJl0 BIJIOMO Ha TOMEpeNnHIX ITeparlisax. [Hepiito

[IBUIKOCTI OOUYHUCITIOETHCS SIK
iter
Witer = Wax T (Wmax - Wmin) ' 3)

7€ Wyqx T& Wopin — BEPXHS Ta HWKHS TPAHMI 1HEPIIIT BIAMOBIAHO Ta € KOHCTAHTaMH,
SIK1 BUBHAUAIOTHCS EMITIPUYHO 3aJICKHO Bl QYHKIINI, IO ONITUMI3Y€EThCS, iter — HoMep
MOTOYHOI iTepallii anroputMmy, | — MakCuMajabHa KUIBKICTh 1TEpallii.

e omniero 3 MoaudiKaIlii aNrOPUTMY POIO YACTHHOK € 3aCTOCYBaHHS METOIY
3BY)XCHHSI MHO>KHUKA.L[eli MeTo/1 103BOJIsIE OLIBII TOYHO CKEPOBYBATH HAIPSIM PYXY
YaCTMHKHA 3 BHUKOPHUCTaHHAM Koe(iuieHTiBQ, Ta@,. Koedimient mia dopmynu
IIBUIKOCTI OOYHCIIIOETHCS 32 OPMYIIOI0

-1
y=122=0=Vo?~49]) Lo =0, +¢,>4 4)
Lo=p,+¢@,<4
3 ypaxyBaHHAM AaHuX Moaudikariii (opmyna 3MiHM IIBHUIKOCTI HaOyBae
BUTJISTY

Via = X|WVia + @1 (Pig — Xia) + @4754(Gq — Xia) |- (5)
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Opnniero 3 npoGieM 0a30BOTO alroOpuTMy PO YAaCTMHOKE HOro mepeayacHa
301KHICTh J0 JIOKJIBHUX ONTUMYMIB. [lJis BUpIlIEHHS JaHOI MpOOJIEMH 3aCTOCYEMO
MiJX1JI, 10 Ha3WBAETHCA CKHUJIAHHS IIBUIKOCTI. MeEToJ mojsrae y Tomy, 1o KOXHa
YacTHHKA Ha KOXKHIN iTepalii 3 IeBHOIO MMOBIPHICTIO P;,iKy Ma€ Ha3By MMOBIPHICTI
YCYHEHHSI, IEPEMILY€ETHCS B AOBUILHY TOUKY IpocTopy [3].

3reHepyBaTH MMOYaTKOBY KOH(DIrYpalliro JUIsk KOXKHOI YaCTUHKU:
Buxonatu noBunbHY iHimiamizamiro X;
Buxonatu noBuIbHY iHimianmizarito V;
OO6uucnutu path;
OGuucnuty 3Ha4eHHs GyHKii mprctocoBaHocTi f(X;)
P; « o
G « ©
iteration_count < 0
// max_iteration — MaKkCHUMaJIbHa KIJIBKICTB 1TEpaliii

while (iteration_count<max_iteration)
JUII KOXKHOT YaCTHUHKH [
OO6uucautu V; 13 3aCTOCYBaHHSM 1HEPIIIi IIBUIKOCTI Ta 3BYKEHHS
MHO>KHHKA
OnoButHu X;
OO6uucnutu path;
O6uuncnuTu3HadeHHs GyHKIii npucrocoBanocti f(path;)
if f (path;) < f(P)
P; < path;
if f(P) < f(G)
G « Pi
3acTocyBaTH CKUJAHHS IIBUAKOCTI
3acTocyBaTH METO/]I CEJIEKTUBHOT pereHepartii

iteration_count < iteration_count + 1
end while
returnG

Puc. 1. TlceBnoko Moan(}iKOBAHOTO aITOPUTMY POIO YACTHHOK.

3 METOI TMOKpAIEHHS TOMIYKOBOI 3/IaTHOCTI aJIrOPUTMY 3aCTOCOBAHO JCIIO
BUJIO3MIHECHUH METOJI, III0 Ma€ Ha3BYy CCJIICKTHUBHA pereHeparliss 4acTUHOK [4]. MeTox
MOJISITa€ Y BU3HAUCHHI «BIJACTaHI» B TEepMIHAX 3HA4YeHHS (PYHKIII MPHCTOCOBAHOCTI
MIXK KOXKHOKO YaCTHHKOIO POI0 Ta TJI00aIbHO HAWKpaliow 4vacTHHKor. Cepen THUX
YAaCTHHOK, «BIICTaHb» SIKUX € MEHIIOIO 3a aHAIITUYHO 3a7aHe 3HAaYeHHS () JOBUILHUM
YUHOM BUOHMpPAEThCs d BIJICOTKIB, IS AKUX BUKOHYEThCS peiHimiamizaiis. OCHOBHOIO
METOIO IIbOI'0 € HaMaraHHs JOIMOMOITH SIKINCh KUIBKOCTI YaCTHHOK BHPBATHUCH 3 30HU
MO>KJIUBOTO JIOKAJIbHOTO MIHIMYMY, JIO SIKOTO MOYKE€ TTOTPAIMTH HalKpalla YaCTHHKa i
MOTATTA 3a c000r0 1HImM. OCKUIBKM MEBHA KUIBKICTh YACTUHOK IIIOWHO BHUHIILIA 3
OKOJIMIII HaWKpaIloi YaCTUHKH, € JOUUIBHMM Ha TIEBHHH Yac 3MIHUTH KOTHITHBHI
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napaMeTpy MOBEAIHKH, 100 JTaHl YaCTUHKU HE MOBEPHYIMCAMUTTEBO IO HAWKpAaIIoi.
Jlnst oro OyeMo 3MIHIOBaTH 3HAYEHHS (), Ha 20, IS IEBHOT KUILKOCTI ITEpaii Z.

s 3actocyBaHHS MOJAM(IKOBAHOTO alrOPUTMY POIO0 YaCTUHOK 0 PO3-
B’s3aHHs3a/1a4l 3HAXOJ/DKEHHS HAWKOPOTIIOTO MUIIXY B rpadi BHKOPUCTAEMO KOMIY-
BaHHS HUIAXY 3 ypaxyBaHHSAM NpiopuTeTiB[5,6]. Metoa mossirae B TOMy, 110 KOXKHIN
BepIlIrHI rpady NPUCBOIOETHCA mpiopuTeT 3 miamazoHy [0, 1] i3 BpaxyBaHHsAM ii
MOTOYHOrO po3MinieHHs. llpoctip momyky po30uBaeTbcss Ha 00JacTi W KOXKHIM
oOmacTi TMpHU3HAYA€ThCS NEBHUM mpiopuTeT. B mpomeci moOyaoBu HULXy mpu
nepexo/ii 3 HOTOYHOI BepUIMHU rpada YacTUHKa cepel] pedep, 1110 He HalIeXaTh J10 BXKe
MPONIEHOr0 NUIIXY, OOMpae Te, sIke Ma€ MiHIMaJIbHE 3HA4YeHHS JOOYTKY Baru pedpa
Ha MpiOpUTET. 3BOPOTHIN MPOIEC HA3UBAETHCS JIEKOIyBaHHIM IUISAXY 3 YPaxyBaHHSAM
MIPIOPUTETIB.

Pe3yabTaTn KOMII'IOTEPHOr0 TecTyBaHHA. /[l TecTyBaHHS 3alpOIOHO-
BAHOTO AJITOPUTMY 3r€HEPOBAHO IITYYHI HAOOPH JaHUX, K1 MPEJICTaBISIIOTh MEPEXI 3
PI3HOIO KUIBKICTIO BY3MiB Ta pedbep. BukoHaHO MOPIBHSUIBHUIA aHalli3 OPUTIHAILHOTO
(PSO) ta momudikoBanoro (MPSO) anroputmiB. B Tabmn. 1 HaBeneni mapamerpu
KOH(IrypariimMmepexi KoeilieHTH YCHIIIHOCTI anropuTMiB (successrate — SR), ToOTO
JI0J1s1 3HAXOJ/DKEHHS HAWKOPOTIIOrO MUISAXY, IIO B3ATO K MOKa3HUK MIPU SKOCTI
anroputMmy. Bei pesynbTatu ycepeaneni Ha 50 3amyckax anroputmis. [Ipu TecTyBanH1

BMKOPUCTaHO napameTpu ¢, = 1.5, ¢, = 2.5 ¢p =250=0.1,c=0.5,z = 15.

Tabnuys 1
IMopiBHAILHMIT aHATI3 AJITOPUTMIB.
Tononqrm Kmmgcm KinpkicThb SR PSO SR MPSO
Mepexi BY3JIIB pebep
1 50 500 0.8655 0.9008
2 60 720 0.8207 0.9164
3 70 980 0.8281 0.9161
4 80 1280 0.8260 0.9269
5 90 1620 0.8298 0.9054
6 100 2000 0.8646 0.9390
7 110 2420 0.8571 0.9218
8 120 2880 0.8701 0.9018
9 130 3380 0.8750 0.9224
10 140 3920 0.8361 0.9099

BucHoBku. Pesynbrath TecTyBaHHsS IPOJAEMOHCTPYBAIM, IO 3alPOIIOHOBAHUIA
QITOPUTM Ma€ Kpallll TOKa3HUKWA YCHIIIHOCTI mpuOim3HO Ha8% TMOpPIBHSHO 3
OpUTIHAILHUM, a YycepeaHeHud KoediieHT yemimHocTi € OutbimM 3a 0.9. binbin
JeTalbHAM aHAJII30M BCTAHOBJICHO, II0 KOXKHA 13 3alpONOHOBAaHMX Moauikariii mgae
MPUOSTU3HO OJTHAKOBHUI BKJIa]1 B TIOKpAILIEHHSI IPOTYKTUBHOCT1 ITOPUTMY (B Mekax 2-3%).

[IpeameTomM mopanbIIMX IOCTIKEHh MOXYTh OyTH Mojudikaiii aaropurmy,
IOB’SI3aHI 3 3aCTOCYBaHHSAM IIIYMOBHUXMETACBPHUCTHK, a TaKOX pPO3OUTTAKOIOHIT
YaCTHMHOK Ha IPYIU ¥ 3aCTOCYBAaHHS B SIKOCTI G HAHKpaIloi YaCTHHKYU B TPYIIi.
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Maksym Bondarchuk,
Yury Zorin

PARTICLE SWARM OPTIMIZATION ALGORITHM FOR
SHORTEST-PATH FINDING IN TELECOMMUNICATION NETWORKS

Relevance of research topic. In our time it's hard to imagine life without
telecommunication networks. The Internet, which is a telecommunication network, is
expanding every day by engaging thousands of new users. Even though almost all the
planet corners are covered by the network, in many places there is still a small
bandwidth of the network. In this case, an effective solution to the problem of finding
the shortest paths between the given nodes is an extremely important task.

Target setting. The lack of well-researched methods for solving the problem of
premature convergence of the particle swarm algorithm and its application to the
problem of the shortest path finding in networks made it an actual topic.

Actual scientific researches and issues analysis. In recent years, meta-
heuristic algorithms are of increasing researchers interest. In particular, the application
of such algorithms as Simulated Annealing, Ant Colony Optimization and others to the
solution of the shortest paths finding problem in the network have been proposed.

Uninvestigated parts of general matters defining. The paper is devoted to the
study of the particle swarm algorithm modifications and its application to finding the
shortest path in the network. Despite the fact that a sufficiently large number of
modifications of the particle swarm algorithm has been proposed, insufficient attention
to the issue of improving cognitive behavior has been paid.

The research objective. The lack of well-studied methods for solving the
problem of premature convergence of the particle swarm algorithm and its application
to the problem of finding the shortest path in networks make it an actual topic.

The statement of basic materials. After a thoroughanalysis of the original
particle swarm optimization algorithm analysis performed an introduction of the
following modifications: selective particle regeneration, velocity reinitialization,
construction factor method, particle killing method and priority-based encoding
technique have been proposed. Computer experiments have shown that all the
modifications combined give around 8% in success rate improvement.

Conclusions. The test results have shown that the proposed algorithm has better
performance compared to the original one. The objective of further research may be
modifications of the algorithm associated with the use of noising metaheuristics.

Key words: particle swarm optimization, selective regeneration, priority-based
encoding, velocity reinitialization.



