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Abstract; The commonly-used clustering algorithms have several drawbacks. Aiming to solve the above
problems, an improved A-medoids algorithm was proposed based on the initial radius . which is used for
clustering using location data. The algorithm is actually a density-based clustering approach. The
difference is that the £ value depends on the radius . Extensive experiments are conducted on real check-in

data, and the results show that the improved k-mediods algorithm on the radius r is more stable. In
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addition, by comparing the sum of the square of distance between objects in the same cluster among

different algorithms, the proposed algorithm can obtain better clustering results and convergence speed

when applied to location based social networks. Compared to the traditional £-medoids algorithm, the cost

has obviously reduced, as for and the degraded #-medoids algorithm, the cost can be reduced among 1. 2%

and 2%.
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Fig. 13 Comparison of different algorithms

in the second set of experiments
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Tab.3 Comparison of E and V in experiment 2
(=R7S Eoax Ein Fue Vo Viin Vg
PKMD Null Null Null ~ Null Null Null
k-medoids 524 091 420 853 463 199.9 9 4 5.2
LPKMD 91119 91119 3 3 3
ARICE 92 936 92 936 3 3 3
H1 T PRMD Bk PRI 1 %85 B R TP 45 B ) e
VERTR B EESE A S, 24  BL 500 B . AvgDensity (2) =

91 119
92 936

2.828, 44 S H%CE 344, o Y 632 IR
ety IR A 45 HE 25 1 Nl

SE o, R CE KR ERN E L EALS
k-medoidsH B4/ NI H: 20 0 A2 A7, T 52 4%
AT RN R R RIE B e 52 n
B RR  REE R SR LI TR AN R G
B E {E42 5256 — 0 k2>, AR SCE R M LPKMD 5
BEA MR W SOE B A E B AR R
ARABLER I W 4F TG k-medoids 5. AR 5E
5, k-medoids FIE RIS E Vi 5 Vi HUE A
2. 25, FUE R — oA BT R R R B/ IN 1R
v AR RSB R B N,k {E XG5 AL S
ke-medoidsFIE X IIE BN 55 5 Sl B B
AR /NS SV R T AR SCAE R
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(I sLEeLsR=
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d=20, 85 F & 14 T 4 fion.
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Fig. 14 Comparison of different algorithms
in the third set of experiments
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Tab. 4 Comparison of E and V in experiment 3
Bk Enax Ein Fae Vi Viin Vi
PKMD 22 461 927 22 461 927 22 461 927 17 17 17
k-medoids 9 757 022 8 042 535 8 658 782.9 7 10 8.9
LPKMD 7 982 653 7982653 7982653 11 11 11
RSO 7981 678 7981678 7981678 9 9 9
F g = AR B AN E O G T
LPKMD 5.3 Y sl i VB AT SR 3 X e 52 6 —
Sa285 =n] DIAE L 24 »=5000m B} . 50 n 18
hn s A5 ASCRYE S LPKMD Bk 7e M E s
Ik 5 4%, E 5 o 9 0 REC 9 1, AR SE ) k-
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Fig. 15 Comparison of different algorithms
in the fourth set of experiments
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Tab.5 Comparison of E and V in experiment 4

%: ?25 E max E 111111 Ea\'g Vmax Vmin Vavg

PKMD Null Null Null Null Null Null
k-medoids 1 933 165 1 768 1711 859 022.4 10 5 6.3
LPKMD 702 902
ARICEH: 694 019

T PKMD B B 1 %5 B2 K T34 % 10 1
e R FEAE S S, 24 R B 500 At . AvgDensity (x) =
11.173 2,464 S %R 1 429, LM vEH 1 811
AT K 45 Null,

SEG PO AR SRR E BT LPKMD
BIE RAR S 1) k-medoids B3k, X F LPKMD 5
B A 1. 200 WSIGE FE T LPKMD 534, 3
H LTS k-medoids Bk, 3206 — 5 5206 Py
XTECAT LR H L 24 »=500m B}, 2880 n 3500 5
B AR A LPKMD BE7E U E B3 ik
TMEE 5 n BB R B 154, AR G2
k-medoidsBIEFEARMN E XM 7L 3. 74%5.E 5n
W LB R B LR 0. 74, 528G = AT — 30 Y n

702 902 702 902 7 7 7

694 019 694 019 6 6 6

WO fg , AR SCE LB AL B 1) k-medoids 3L Fo
LSRR A SZ g E (-medoids) /E (A SC 8 ) =
2. 79, AR SCR IR LE RAIR B A AR H AE A
SCEIRAERI AR RIS e AR

(VD) sEsess A

SEIBBOR B =19 739,r=2 500m, k=847,
d=30, 25K 16 fiF 6 Frox.
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Fig. 16 Comparison of different algorithms
in the fifth set of experiments
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Tab. 6 Comparison of E and V in experiment 5

Bk Erux Euin Eo
PKMD 85 688 877 85 688 877 85 688 877 23

Vi Visin Vg

23 23

k-medoids 16 817 081 15 263 32015 942 745.9 15 9 11.3

LPKMD 14 889 934 14 889 934 14 889 934 19 19 19

AP 14 652 102 14 652 102 14 652 102 10 10 10

SR, AR ERAERMN E LIFF
LPKMD % vk M AL 52 ) k-medoids 55, A X T
LPKMD % ., Ak 25 1. 5%. WSGEE V i T
LPKMD 3k . 7E#{H _E 47 TAE 519 k-medoids 5.
B, 5O — | SERG = RS 5 Y 45 SR — 2. LPKMD
BAECSGE FE FK S5 R 52 k-medoids Bk, 5
S — RSG5 R — 3%, w] WL LPKMD 78 1 S
B E e k-medoids Sk I TR Br T LR
LPKMD BERIBE -5 M E BN T4 SCE A,
HoA L 5256 . ASCRA# AT T LPKMD, #1145 80 p
PR IS S R /I B B T i . BT A B S B v, AR
SCEE M RISHORHAAF TAE SR k-medoids k.

RN, FEA ) R AEAEXT FREANES C B
H ik, A% SRk 4 S S O R 5 Bt 2 4%
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r BYME I AR SO B AL B2 0. WF5E LBSN I,
H R0 FH P BT A 8 i 1 22 81 5 Al 4 L e A
PR/ INEAR - X M S AT SR AT S ISR,
(VD) SEEREERN
O3HT 2.4 Rl AR SCRAAE R ORI AR AL O
J& + R k-medoids FIEFEAT RIS, H A A 2
SRR 5 B 7R P R rhL B R R TR AR
r SR (OXS LA E AL AT T HE SRR 7
Fi7R.
RT BEFIHER
Tab. 7 Clustering results and statistics
LIAFR n r e Pux Ban o P P
S (T)1000 5000 14 1.250 1.009 1.103 1.40%

FHCNH1000 500 7 1.290 1.007 1.098 0.70%

SZES (D5 000 5000 55 1.556 1.002 1.116 1.10%

g (V)5 000 500 62 1.702 1.001 1.139 1.24%
S CVOL9 739 2500 305 1.783 1.000 1.122 1.54%

n AR L r RRER R KD
OEEE R T r I S AG p R 5 0 IILAEL B
REWEBRETONEES r HAE. LR
R, BRSNS B R 2L 0 iy S FE B 2
B LS r B BEAES B 1. 547,

FHEE k-medoids B3, A SCHE Bk I 8] 42 2% B
5. k-medoids BE N O((nk+n? /B)m) . Hp n U
T HAE e ARBEL m AREAREG A
Bk Olan® /¥ + nk+0n*/ROm) . r RIS o,
R MOEE S FN 77 om R iR AR WS 27T LATE
TRIE TG BT FERE 1 ARG R Bk AT Al L i —
A AR [R] 52 A 2

4 &

ASCH A E T ET LBSN (447 & A L 11
ST R G o 2 B BOHE B S A T A Bk AL 4
k-means Fl k-medoids 51k DL f2 3 F % B ALY
PKM &k, PKMD & 3k fil LPKMD & k. 77 it 3%
Bl F 0T T k-medoids Bk 7 AF 5T 3 T 07 B A
ZE LS AN I B SRR AR 52 B AL IR (E 5%
Wi, JEF 1R AHT AR SCHE T B e-medoids 5.
2 TR T B AR AR, I ET ] Gowalla Bl 4R
SRR R ROR VAT T SL R PEAh 36 3F T A SCH.
ARSI TR SRR LI, e, o ir T A
SR A AR B Z AL AN e ZE R R &2 4% b L &-

medoids FIEFRZ . AL BE— LY T
J5 1.
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