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Global Positioning System(GPS)& O] 2570 75 9| & A|A”HOZ[1], A4YA
IFHo=z A8Y = BIRUCt 2000 & O|=, TE LT GPS E AFEY = UA EEHAM fIX]
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2. ¢t HjA

AFEXtel POI & FUOHY| fldhM 2AHE, 28 7Y, 7HAEE
Matching 2t0|E2{2[2| AL, A 3 7| P82 2 TSR,
L0 22| S0of tiet Aok S0 Chol M=ot Af otot.

2|3t Fast Map
2 0= 3 7HX| IER

2.1. K-means Clustering

Criteria Hierarchical clustering K-means+ + DBSCAN
Initial condition No Yes Yes
Termination condition Not precise Precise Precise

Arbitrary value

No requirement

Numeric attribute

Numeric attribute

Size of data sets Not good Good Not good
Shape of data set Arbitrary Convex Arbitrary
Granularity Flexible K and initial point Threshold

Result optimization

Optimization

Rebuild optimization

Rebuild optimization

Handling dynamic data No Yes Yes

Behavior on noisy data No influences Influences Not much influences

Distance measurement Any Distance at normal space Density
Implementation Simple Simple Simple
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=& 27 W IE M Z2 CHE YU S8 £ AV 22Z0 HMM S AE5H

[O& 2] Hidden Markov Model 2| &

CIAl ZEHH HMM 2 AZHE &=M7F 523t HOlH, O|E £0 24 4=, HAE 534
e dEctH O 242 AAYE o[ X 5AZ &EfE CHE I st =+0|C}
OIOIH2l &A% MEfE FEot= O AFEED, ZF MEfQb 2FX] 7o) SHEM HAE
LIEFLHZ| IfZ2 0] Z2tE sfASH7| 80|15k, Bl &Ef S AEf HO|E 0|55t H|O|H 2
2 9 IfHE metdt= o =&0| Bl L

[# 3] HMM F2 #4848
® 0 U=t
O {04,0,,...,07}
@ VY &= 7tse it =9 Het
O {yl'yZ"' 'yM}
@® S : Hidden State 2| &gt
O {51,52,...,5x}
@ =7 EE
Om=PS)1<is<N
@ A:TOo|EHE
@ B I:él-% =) =3
O bi(0j)) = P(0;|5;),1 N1<j<M
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2.3. Fast Map Matching 2 &8¢t 0|F 4 E 0| Z2| 21Xl A|Ztg} WY

FMM 2 C++1f Python 2| @ EAA W O ZUAYIE E2H0| LO|=7} B2 GPS
HOIE & Df&St= EXME 25D, d&, 2&d, 7582 Fst=E C|RtQI [ RACE

I1ds Rtree € O| &%t C++ 73, X &3tel 2t 8, HE AR E (OpenMP).
= £=e4 3k 74O GPS X| M1t =40t J§o| =2 Edges.

OpenStreetMap £+ ESRI 2 mto| =22 L|Ct
CHS CIOJE 4

A Csv, HA csv X A "@A ool GPS C|o|H

dM oY He 24 R, J|51e 7iE i E Edge, GPS 27

s ¢1es FMME 2 T2) U STMatchingi 2 =2 HESIE)
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3.1. HS Hlo[gX 4

o

| 2E(LBRS)= {IXI7| 8 MH| A0t 2
LRERA QIX| 7|8 AH|AE 9|3 GPS

§M 1.1 20N Yt HieE 20| 9K 7|8 =
k=3 E:
= [ ]

HIO[E et =X MHIAE fIot AHRSO0| At HEUE T4 YEIF HQdiL,

n >

MH|A S Jhx| oe

X 718 ME[AF 25 MF HIOIH HE20|M MSot= HEZS| GPS HO|HE, =H
MHEIAS 213 HFHE HIOIHE MSROF AFESICE [uE, 2] 8 AEFI /XZE =

22 EY HEIe X FEE LEUWH SZAZA ZIE 050000 FH AL

_/IK_
04:59:59 7tX|e| O|O|E{E &3t O|O|EO|Ct. £ 91,985676 72| GPS O|O|HZ

TEEOQUCE [nE, M) Y HEI HE HE X HE'E "[uE, o] Y HET}
XM 0| A GPS H|O|E{o] M2t S 29| A|ZXIO|7} 20 & O|AQl AL, M219

o
X YEE Lt HO|EO|Ct. & 699,474 72| HFHH HO[HZ =0 AL

ofzl [#& 5], [& 6] 44 "[us, 2] EE HEHZ f[XEE", "[us, 2HH] & HEH7L

1

' MO0l 3{ £ (jejudatahub.net)
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M&F HE /X 20 thigt YEO|C}

[# 5] 28 HE}t XZE 4

o T

= TE ek

1 oid Zt HE 7o 2o E id

2 collection_dt ms T2 =& El =TAIZ

3 longitude 4

4 latitude =

[H# 6] 28 HEFI HFRAY AXZEE 4

Hz T= 49

1 oid 2t dE Lo 204E id

2 collection_dt ms Q|2 £=ZTI= =FIA|Zt

3 longitude Mzol 4=

4 latitude Mz 9| 9=

5 time collection_dt & yyyy-mm-dd hh:MM:ss

diloz HEo =TAIZ
6 Diff GPS H|O|H ME219 27 7to| X}0|

ofgl [& 7], [# 8]2 44 "[u§, 2] EE HEHZL f[XEE", "[us, 2HH] & HEH7L

MFJE AHE 91X §£2" HIO|HE LIEHHLY,

[E 7] ¥4 #HE 7} X HEO of



oid

46100c11

46100c11

46100052

461008ac

collection_dt

longitude
126.4270751

126.4297533

180.0000001

126.2945958

oid

0c0000fd

0c0000fd

46100018

46100018

[# 8] EE HEF HFAY |AXZL2 O

20200118050150000
20200118050220000
20200118051427000
20200118051703000
collection_dt longitude
20200111060118 = 126.4940395
20200111065334  126.3422986
20200104114251  126.4138065
20200104130326 = 126.3528063

10

latitude

33.493728

33.3060038

33.2543668

33.2817653

latitude
33.251536
33.2513233
90.0000001
33.4438645
time Diff
2020-01-11 2145
6:01:18
2020-01-11 1612
6:53:34
2020-01-04 4715
11:42:51
2020-01-14 9068
13:03:26
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S, o] EE HET /AXZE", WS, 7HHIF AHE ?IX S HolH
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&
B5 A7) EMoHA| ot ZE K|S M2 otK| ERUACE Ol &K= 2t G| OB 0| A K| 3= 5= 0f| A
X

wE, ot Y HETF YX™HE" Ol F 91,985,676 ZHOIAl 87,950,908 HE &
4,034,768 70| O| A& X7} MAHE|RUCE "[F, QtH] &Y HE{FL AXZE"0f| A O] &K= ofzf

gD ZCf

[18 4] 2 HE7L X ZE 0| X[2f of

f

RS, O] YY HUETH HEAT HOIE 5 699,474 Ol A 698841 H2 B 633 42
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3.3. Recommendation Stage

3.3.1. K-means++ Clustering 2 S8t POl F£&

M ot So| YE5ts XAFE2 AZ0 et et Fds 22 A0H A HS2
g mE HYHY JLs E Aot Hgstit. O2(5106] pOI S AEDC L2
FEo1 0|5 0|= HMM 20| &30 A= &= &= ME|AE HEot=s AS S7E

‘g, otd] EE HHIE HEFE AE K FE" HO[HO| K-means++ clustering
22|52 A5G K=25, 50, 75, 100 & =2{7IH &, POI £ 25 7lf, 50 7f, 75 7}, 100 7{ £

=
so{7tH FESIUCE. A POl FE Z1, ARE POI =& Zit= of2f g 2ot

. v -
e )
@ e C. e ‘
Q Q 9
"2
S =
o - °
~ &t
e 9 . Q
[18 6] A K = 25 21t
e o . - . i e o S @ o ; ;:
L) b : . . @ b
® e < . 5 < [ e 2 = % e
Spring Summer
e e "‘Q - z 2 L
< ' * @ *®
h e At L ] >
Fall Winter

[O2 7] AIEE K = 25 Z1}
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(22 12] MM K = 100 Z1t

Spring Summer

(23 13] AZEE K = 100 Z1t
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3.3.2. POI 2 mapping ¢} Trajectory ‘44

|2t B2 molEl 78 XA &9 = F Atoje] HZ|E Fots
zhrdel ZEHAZZE X2 &0 S0l 27| MHE0| AHESHCL

e
rlo
Ho

Haversine &
SAO|Ct O] =

[12! 14] haversine 342 0| &%t & GPS ZQIE AtO[|2| 72|

P otg, = B AABY YEE 4,02, = B AR B ZEE 2iCQ CHYE LtERH
Z0|Ctgs & M A BE QU= 39| ZAZIS abC|Q CHQ|2 BESiSH Zhzo|Ct,
d
0 =7 Q)
hav(6) = hav(p; —@1) + cos(@1) - cos(@z) - hav(d; — A1) 2)
hav(@) - Slnz(g) = PCTOS@ (3)

42| hav(9)= SHHALQ! 2= 4 (3)2t ZO| LIEE & ACH & H At0|e] 2| d &

T517| 98 sHH{AtQIEHR 0| Aetas T4 Of2) Al (4)7t R EEICH

d = r - hav (hav(9)) = 2r - arcsin(,/hav(6) (4)

A4 @0 A 2= 2ot ofef 4 (5)F 20| & He| /=t BEZ F & Ao[e] AHL|
s

d = 2r-arcsin(\Jhav(p, — @1) + (1 — hav(@; — @) — hav(py + ¢3)) - hav(d, — 4,))

16



Az /11

) (5)

= 2r- arcsm(\/smz((pZ My 4 (1 - sinz(®2=4 (Pl) - sz(<p1+<pz)) - sin? (2=

= 2r. arcsin(\/sinz(%) + cos(@y) - cos(p,) - sinz(/lz 2—/11.))

haversine 34|12 28510 GPS L|O|H ZEQIENAM BtE 1km L 7+ 71772 POI & &0t
HIEot JAo 2 ZHFBICE O|E 2 oid & GPS HIO|H Ol 835t POI Sequence & -9 3HLC,

i
o

F=ZA|ZH2 dawn, morning, afternoon, night £ 6 AlZt HH22 LiE
mapping St3 time period 2= MZ22 HF AE L time period &= 0= Hidden Markov
Model Off H83}7| 2ot FIHMQl HZ pOI E YWEMS W AlZtCiel &S F7| sk

&g 5t ALt
M- El Trajectory = Of2lf [# 912 Z L}

[E 9] M-d =l Trajectory &4

Hs T L
1 trajectory_id <year, month, day, oid> YE| &
L0l = trajectory id
2 start_point trajectory 2| A && POI
3 end_point trajectory 2| OFX[2} &2 PO
4 POI_sequence g2 POI Sequence
5 time_period_sequence Mapping 2t time_period Sequence
[E 10] ¥ El Trajectory 2| 0O
trajectory_id = start_point end_point POI_sequence time_period_
sequence
(2020, 3, 7, POI1 POI19 ['POIT', 'POI3’, 'POIT3, ['morning’,
'46100056") ‘POI7’, 'POIT9] ‘morning’,
‘afternoon’,

17



trajectory_id

(2020, 3, 7,
'461000b5’)

(2020, 3, 28,
'46100ce2')

start_point

POI13

POI8

end_point POI_sequence
POI24 ['POI13’, "POI9’, 'POIO,
'POI8’, 'POI24"]
POI2 ['POI8', 'POI6', 'POI24',

'POI2', 'POIT0", 'POI127]

18

time_period_

sequence

‘afternoon’,

‘afternoon’]

['morning’,
‘morning’,
‘morning’,
‘morning’,

‘morning’]

['morning’,
‘morning’,
‘morning’,
‘morning’,
‘morning’,

‘morning’]



otz (2 & 15]& [E 10]9| trajectory_id (2020, 3, 28, '46100ce2)0f| CHSH haversine &4

rir o

=
283l0] GPS H|O|Ef ZQIEE FE=E&l POI 2 mapping 810 POI_Sequence 2 443}
oot

[Z12l 15] GPS H|O|HE POI 2 AtAsH= O

[212 16] GPS H|O|E{E POI 6 2 AtASH= O
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dawn, morning, afternoon, night 2  C{ 33t}

00| XHZ 1, 2, 39
4 x POIID + TimePeriod ID
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=
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ot ALCE 2Lt M|F HIOIH s{=20A HMSots HEFE X =
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HO[Eol 8%, E2Y0 &=l HOHIS A
2257 25t0 fIA ZE K FEI

SILEO| trajectory O A

Observation ID

o

—
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O AFEXIZ POI20

|
H

=

(Observation ID)2 H9|
F2 24 AZHS 4709 #2t2 2 L+ H-™slGict & A
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Y= LIEHH AO[LY.

)
[

B
ol
K0

5
2

A&

02 BAUE|, A|F (oMLl 2Z42 o=

oll

o2l [E 1112 Bt AFBAIS| BRE K = 25

20



[ 11]K =25 O QAT ot Trajectory

trajectory_id start_point end_point path time_period Observation
Sequence
(2020, 3, 7, POI1 POI19 ['POIT, ['morning’, [5, 13, 44, 30,
'46100056") 'POI3, ‘morning’, 78]
‘POIT3, ‘afternoon’,
'POI7, ‘afternoon’,
‘POIT9] ‘afternoon’]
(2020, 3, 7, POI24 POI13 ['POI24", ['morning’, [97, 98, 26, 34,
'‘461000c7") 'POI24", 'afternoon’, 38, 54]
'POI6, ‘afternoon’,
'POI8', ‘afternoon’,
'POI9,, 'afternoon’,
'POI13] 'afternoon’]
(2020, 3, 7, POI13 POI24 ['POI13, ['morning’, [53, 37, 1, 33,
'461000b5") 'POI9', 'morning’, 97]
'POIO', 'morning’,
'POI8, 'morning’,
'POI24" 'morning']

X7 SE nm X7 HE2 AMER R AlE XHO| £EF 24 HEfjPONY HES
LIEFL = ZAO|Ch i A 24 HEfOl| CHSE £7| =& m, & A7 sl 2 AHEAL BR 2|
AIZ XIHOIA por 7t BH5E I8 ZE &4 X[™F(PONO|| T30 F13HCt 2|1 O] E HA
AH&ALS| =2 Lt+0] oI5t RULt 0|8 Ale = LtEILT o2t ZCt.
m; = P(POI),1<i<N 7)
Ho| EE 4: MO| HE2 o 24 MEHPONOIAN ofH 24 MEf(PONE O|5E SHES
ol|OjstCt. O|E E=&3H7| IS0l ALEAL BEO|M 24 HEjol THO|7t YojLtes SFE
TSt O| & TA| HEf HO| 2 L0 FLF 24 A i0M(q) &4 HEf j2(q;) Mol
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35 g, T3H= Ale of2jet 2Lt

a;j = P(POlgy, = S;| POl = 5;),1<i,j<N (8)

=
e | [
2F 2t (0bservation ID)7F HFE Z+E NN #F sIx+2 L5 AiC

LIEFLHH Of2jet Z L}

bi(0)) =P(0, = 0; | POI, =i),1<i<N,1<j<M (9)

ol Ml 7HA| E2 HEZM LHEILHO] 245 Ot2 = R A0 mtef0|E =z N8Ot ALt.

3.3.4. CI2 POl =X ¢ 1z

ol

Viterbi 12|52 Hidden Markov Model 0| ZFO{El Observation Sequence 0 = (0,
0,,...,0p)2t & Imt2t0|E 2 = (S,0,7,4,B) 2FE XX 2| Hidden state sequence & &=
2 12|F0|Ct O] = Hidden Markov Model 2| decode THAIOf 7% LBHIXM O 2 AtEEICE

viterbi[i,j]= j OlA Hidden state S;7t 2t=2t sequence & ddY 7tsM0| 7IE =2
ZEOo| HEES LIEHHCE = sequence X = (£,,%,,...%) 29| =E0|Ct O] M, % =
S; OICt. bestpathpointer[i,jl= j-1 OlA £;_, 0| Hidden State §;2l 7t& 7I5d0| &2

BEO % 2 METICEL F, 8 = (%,%,...8-1,% = S)S LEFHCE

Forward 212|F2 Observation Sequence 0 = (04, 0,,...,07) 2t Z& Ii2t0OH 2 =
(S,0,m,A,B) ERE HMM 2| decode 1’J0|AM ==t %X 2| Hidden state sequence 2|

2d 2 E Alst=s €12[F0|tt

_l

Of2fl Algorithm 1, Algorithm 2 & 22}

7|
code O|C}. O|If ZX7V|=&HE 7, ™O|=HE

|

Z} Viterbi Algorithm, Forward Algorithm 2| pseudo
A ¥=2E BE FOM ALt 7Hgetet

Algorithm1 : Viterbi algorithm

22



Input : Oseq = [04,0,,...,07]
Output : X

1: for each statei = 1,2,...,N do

2. viterbi[i,1] « m; *b;(0,)

3. bestpathpointer[i,1] « 0

4: end for

5. for each observation j = 2,3,...,T do

6: for each state i = 1,2,...N do

7. wrerbt[t j]<— mrm( wferbr[il j- l] *a,.* b 0; )

2 besrparhpomter[t ;] <—argmax( wrerbz[i j- ]]* a,* .b[.( 0}.))

9: end for k

10: end for

11z, < argmax( viterbilk,T])

12: %y < S, ¢

13:forj = T, T—1,...,2 do

14: Zj_y < bestpathpointer|z;,j]

15: Xj_1 Szj_1

16: end for

17: return X

Algorithm2 : Forward algorithm

Input : Os.q = [04,0,,...,07]
Output : log_likelihood
1: fori = 1,2,...,N do:
2. forward[0][i] « m; * b;(0,)
3: end for
4: fori = 2,3,...,T do
5 forj = 1,2,...,N do
6. forward[i][j] « (forward[i—1] - a) * b;j(0;)  /* dot product */
7. end for
8: end for
9: log_likelihood = log(X=y¢ forward][i])
10: return log_likelihood

_

=W XEE WE5H7| flof AR =0 2= s ZE 51
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Markov Model 0l -&%tCH HMM O A &= Jts E =0 Viterbi Y125 S S
%™ Hidden state sequence, Forward & 12|52 S8l %N H
likelihood 7t T+ X| ™, Log likelihood 7t &2 M7tX| ZE2E MEHSIY O] Z=Z2| Hidden

IT —
state sequence 2| OtX|2} Hidden state & F™ X|HoZ MEISICE

idden state sequence 2| Log

Of2f Algorithm 3 2 Ct& POI & FHdt= € 12[F2| pseudo code O|C}.

Algorithm3 : Next top3 POl recommendation

r 1
Input : Oseq = [04,0,,...,07]

Output : top3_ PO/
1:log_likelihood_array < []
2. hidden_state_sequence_array < |[]
3 fori =1,2,....M do
4. can_sequence < O, + [y,]
5. log_likelihood_array [i], hidden_state_sequence_array [i] « HMM_decode(can_sequence)
6: end for
7:top3_idx « find_index(log_likelihood_array) /* find 3 indexes with a high log likelihood
v
8- top3_POI « hidden_state_sequence_array [top3_idx][—1]
9: return top3_PO/

3.4. MFE XY tlo]e M|t ¢ 7|8 Azt
3.4.1. OSMnx (Open Street Map Network X)

OSMnx £ Python I{7|X|2 OpenStreetMap OlA =28 Sl 7|E} X|& SUHH EFS
Cte2Ct, D38 24 % AlZste = QACt 2 AT M= HF £ Geojson IHY S nodes.shp

9t edges.shp & 20t = FMM 2| STMatching Off 2-&3}0f A|Zt5|tC}

24



b
b
B
B ¢
B
B
h
B
B
b

[8 17] OSMnx £ 0| &%t N F = Geojson Lt Ht
3.4.2. Flask

Flask & Python 22 2 &l 3l 2| A3 0|Ct Flask = &t =Lt 2l0|E 2|7t 2

217 WZ20f Micro Framework 2t 22| X|2t Flask XAHAIO|M F = ZANE 7|52 F7HE =
Ue = 2|

tdds EfRste Al Olfet 2ZdsS HES2Z FMM 2i0[EgZ{Z|Q
STmatching 1t OSMnx 2 2 nodes, edges & &80 Leaflet, OpenMP &1} Z2

cto|2 22| S AESH0 RAIOIE Lo 2S et
3.4.3. STmatching

STmatching 2 2fZ I{EH OjES 75t 7k%elsty| Qe GPU 7[He| AlAES
Jgfz 24 8l J2f= 0ro'd o F2|A 0|0 Satt Hehs ott10].

fu

= a
NP-hard M2 LM Ao, 5 gt HE2| 28 EH7F 28" - AL

HXN Jdef= ¢ = (V,E,L)2 FEEH vE node 9 e E= edge o &8, L2 edge-
node Of label 2 ZY5t= labeling function O|CE ¢ = (V,E', L") G| subgraph 0|1
V,E'S ZtZt v, EQ| subset O|C} L'2 G2 labeling function L1t ZCt O] [ff, J2f= mjH
Oi & 2X= FZ! Query graph Q2 0|2t isomorphic  2& G 2| subgraph € &£ A2 2
FolEICt.

Isomorphic graph 2t Ot2ff [ & 18]2] (a), (b)2t 20| node 2| =A{ XtO|2 QI CtEH
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\d) \V)

[C1& 18] Isomorphic graph

STmatching & Backtracking & &-83%t0 1z2f= IfH OfEd X E sfAstCt HA Query
graph Q2| node Of T3t matching order &l n& “4/d3tCt matching order = J12f= IfH
ds =dd M o =Mz LE5 LX|AZ|=X] LIEILHY Ctg THAOIM LX[AIZ

n[l+1])7F O™ TtA|(w[0], =[1],...,=[I] )OI XISt node & HO{Z StLIe}
AZEEO AqEF oL} Backtracking ¥ 1E2|ES S3lf 2 BHAOM 7hset 2= matching 2

]
A E=3t3, B E isomorphic subgraph & At W7FX| ZIgstet,

node(Z,

Query graph Q2| V' = {uy,uy,...,u} € M OIE L02|E2 o2t ZCt

Algorithm 3 : Backtracking for graph pattern matching

| 1
Input: a data graph G, a query graph Q matching order m, recursion level |

Output: m (all subgraphs in G that are isomorphic to Q)
1: function Enumerate(G,Q,m, m,1):
if | == Q.size then Output m, return;
u « m[l]
Cn(u) « getCandidates(G,Q,m,m,1), /* get candidates for current node u */
for each v € C,,(u) do
Add v to m;

Enumerate(G,Q,m,m,l + 1), /* Recursion : matching next node %/

N S WA D

Remove v from m;, /* Backtracking %/
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BAH g+ 55 2% - STmatching 2 &5 2F AHZ HYAHE JX|SHHAM 7
G 2

HXE AlZ20|M3tCt O|F &3l data graph

= OHC

AE J|H 22 X|Mal - ARMZ B IjHHQ HIES FoIctl, AH J|E 2
EHE AFESHY HE X2 & S AIZIC O] Z[H3t= GPU 0[N 2| 52 SLAL2EMN
H=Z 2totettt

GPU H3A XM2| - GPUOIAM HHZS HEISHY| s ZF GPU HZ(warp)0f HE2|
C

k=3
SiCt 2t 9EE SO R RIS Musin), 124 IH (RS $UCH T

AEHES S}

— 12 =2 O = — — T Aol

HeS2 S& M2l et

Hiole HE X2 - Z A=OolM AEXHH 2&E)0l S7r M, getCandidates S5
EE 7™¥ 2L} ol GPU H = 7 | H3 N2|7t 0| RO{X|0Y, 0| 2E9|

L
SAISHL SA[Of O EMS ATHCt

34.4. CI2 42 FH 9 A|Zts}

AEXtS| B2IF WALIENM CHZ POIE FHSID A3t &= a-g2 ot [AE 19]12F
Zrt.

13

\d) L)) L)

[212 19] CtS POI =X Gl AI2Xto| A2 A|Ztst

[ 19] (@)= M ALRES| 7] 2IX|0|A Next top3 POI & F=Hdt= 2&O|CE 0|2
(b),(c)2| 2tidat 20| AtEXS| H27F M-EdEHA Next top3 POl 7} Recommendation
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Module O Qlsf ML= ™S E0=Ct mwet OrH (9] =X= Recommendation 2

£9/2 Ltetdich

mjo

4. |7 21t &

1z

L

4.1. A5 H7} 9y

Next POl accuracy & 3t Trajectory £ 7:3 22 3 HO|H Al HAE G|0o|E Moz
=& 2 Test data O CHS Encoding El Sequence 2| OFX|Z ZOIEE XAt ORX|SY
ZOIET} HAHE Sequence Off Algorithm 1, 2, 32 IF4S AKX top3_POI & Next POI 2
Pdota Hx LT POI 2 H| 1250 Top 3 Accuracy & S SHCt.

\J

42, B Hm

M 1.2 ZO|AM gt (510 MEH X 0| 2ot 2 i A|ZIHE AHE5H0] HMM 2
o0 HE 5t RACE ot 3.3.1. BOM HFEZ oA 59| &Est= XSS A=
2t CHYor AaE 29 A0l ofdAEol s mE XFgHel des 7|E Aozt
-SRIt ofof el POl E AFEDICH CHEA &5 AEE Trajectory £ Hd5H0
AZYE HMM E F85t= Aot AZE FE5HK| %10 TAH Trajectory & HMM O %
DS W50 452 HWSHCt Of2f 42.1.2 ™A DR AREEZ 1S Y H]

Z1t0|Lt.

I_

El ox
Ot

4.2.1. Ex." EE"J_I_I' 7_-"I-|H=I H'é". EI:-II HI )

[H 12] A 2281 AZEE 2 Top 3 accuracy H| Wl
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Ha K =25 K =50 K=175 K =100
A 2 76.29% 74.43% 75.89% 72.29%
spring 2 & 79.45% 76.10% 72.26% 76.92%
summer 2 & 80.07% 76.37% 74.94% 77.81%
fall 2& 76.10% 71.96% 73.97% 74.79%
winter 2 & 77.56% 74.04% 74.35% 76.17%
1o Spring Accuracy 10 Summer Accuracy
‘ —— seasonal accuracy ' —— seasonal accuracy
total accuracy total accuracy
0.9 0.9
.08 .\\ .08 \'\
g g ——
05 50 75 100 035 50 75 100
K K
Lo Fall Accuracy 1o Winter Accuracy
i —— seasonal accuracy . —— seasonal accuracy
total accuracy total accuracy
0.6 0.6
03 25 50 75 100 03 25 50 75 100
K K
[12 20] TA| 2ot AR 2 Top 3 accuracy H|
T RO d5 hE 75% 2 FASHA| LIEIH Ao = 2 QI[RUC F, AIZE X10|7F Ex
A0|2t= 70| HYS =HQISHA| ZoHRALE U2t AR E 2 LXK &2 T M Trajectory &
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