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City Functional Region Discovery Algorithm Based on Travel Pattern Subgraph
XIAO Fei WANG Yue MEI Yi-nan BAI Lu CUI Li-xin

(School of Information,Central University of Finance and Economics, Beijing 100081, China)

Abstract City’s functional regions refer to the geographical regions with relatively fixed functions(such as industry,
commerce, housing, education,etc. ) in the development of city. The position structure of these functional regions affect
people’s travel patterns,and these travel patterns also objectively reflect the real function of regions. This paper focused
on the travel patterns of urban residents by using the taxicabs’ trajectory data,and obtained functional regions accor-
ding to these travel models. The main contributions of this paper are as follows. Firstly, this paper constructed the re-
gion pattern graph by using the taxicabs’ trajectories and the road network structures,and then connected different geo-
graphical regions via the graph structure created by region graph pattern construcing algorithm. Secondly, this paper
proposed the framework and basic implementation idea of bottom-up functional region discovering algorithm, including
mining the frequent travel pattern subgraphs and discovering frequent travel pattern from these subgraphs. Thirdly. this
paper proposed a functional region cluster algorithm to cluster the obtained travel pattern graph set, thus discovering
the functional regions according to the clustering results. The experimental results show that this method is effective
and achieves higher purity of the function compared with traditional methods,and the entropy is decreased by 10%.
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Fig. 1 Information of road network of Beijing
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P Ve A 2 BEAE T ASE F 53 A1 S s 2 DX = -] 9 A= s PR ik
e X I 300 BT R AT TR B AR A B R — R Y 2
EHEAE S . B Rk 3 iR,
&k 3 BB B YE AL # (Trajectory Preprocessing, TrajPre)
B < 2 I )T 1 500 1 03 g D
A3 S Y B AR 4 D,
LB ESE D, D=0, Texi_n={}
2. for each n in D:
3. HEFWE=1 and HHL% not in Texi_n:
4. Texi_n[ %4 ]=[n]
5. elif &R =1 and Texi_n[ i # % I[size—1]. time—n. time<<

120;
6. Texi_n[ tH#%]. append(n)
7. elif WEKRE=1.
8. Dy+="Texi_n[ %], Texi_n[ H % ]=[n]
9. End for
10. Return Dj.

T BT RO R B A R RS e Ll
AL AT AR 3 a2 R B e ) T ol ) DRIy ¢ i AT A5 3 58
) PLTEE . FLREN S 22N OGo) s o o S B0 SR Y
FEALIE S EL

A S04 B Y b B S B R A i e AR R A
o A BURH R A XA T A AT R S R XA X R
AT AR 7 TR A 5L, DA R DX Sl o ) A i B ik B AR 5 2
W T R A A, AT T R i X T
AT R B A USRS OB o T AR U R S L, F X
SITE T AT B R R i RO IR B 1Y . AR 7 B g X
I N i A B A AR a6 I o — 1 R AT A 1 B
T4 B BCh R L b iy A4 BLAE TR X
WA AU AT T R RS Bk 4 PR,
ik 4 HAT AN F B 4 5k (Travel Pattern Subgraph
Generate, TPSubgraph_gen)
A BB AR T, T4 XU VLS U5 X0 R Hash %
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i ih DB R B AT T A Q

1. for each v inV:

2. trs=0

3 for each t, in T,

4. if t,. start_node=v:
5. trs+=t,

6. end for

7. Q.+ = RPGC (trs,Hash) / * XX BGRB8 (LB 1) % /
8. end for
9. return Q.

PRI Y B R B S A s 3 T A B0 R
B G I R T A L R AT RN L (A
Wk ZER AR AT RS Q YW I —
U B R A ARG . AR SO0k A 550k R AT AR iz ok 3t LA
23 )30 A 4 U TR) 2808, G )R 09 A BB TR ik 5 TR
&S bRy AT 8L T 181 2R RS B (Enhanced Travel
Pattern Subgraph Generate, ETPSubgraph_gen)
A OB AR T, TA XA VIR £ XS R Y Hash %
it X R R B AT F RIS Q.

1. Tr_Hash=0
2. for each t, in T,:

3. if v=t,. start_node not in Tr_Hash:

4. Tr_Hash[v]=[t,]
5. else: Tr_Hash[v]+=t,
6. end for

7. for cachkey,value in Tr_Hash:

8. Q.+ =RPGC (trs,Hash) / x XA KM% R D «/
9. end for

10. return Q..

DU T 8 B0 1 MR s /0 1 91 41 3 AR P ) YR B I ()
25BN OGm * ) FEARE] OGn) CHid m 3278 B X B
B FORBUBEE ST R ED BRI T VO HAE 8 TH
BT R,

3.2 HITEXFEEZERER

A LRI A B I A% O BB [R] I 8 2 AR S i B A
B, e 32 BEALHE PR A3 o A0 B2 i A KRR
3.2.1 HEFEHXILE

LB 43 Y A A DX AR S R AT R I R B
SE R B AT R T R B AT R A BAE DX Al = R o
H A HE IR A 1 G 2R (R AL P R T 10, ISR Sy i AL TE X R
VD PEY T LN

TE X SR e Hi% (DFSCode)) 44 % HATHE X F A
Q. HE KN v, R IR s &, SR T B L 6 i 5 (Depth-
First Search) 5 v T 45 B (19 A5 F0 30 19 77 1 B S 3% B G 56
it

Xt FHATEA F B Q, H DFSCode i 14 1751, Bl iZ &
AR I 5 R 28 3 AR B I S 48 R ATk T 48 e 0 1 1 T B
I DFSCode Z J& » 115 AT 45 =X 7 R0 B 3, HL ARGk
6 TR,
k6 HAITHRFREIZHE (Travel Pattern Subgraph Disco-

ver, TPSubgraph_discover)

A XEBEE G TR T EES Q

iy E MR T EES F,

LF=0

2.for Qin Qs:

3. RMBEE MLl Ui B kL Q 19 DFSCode

4. freq=TF_collect(G,DFSCode) / * H 77 #5204 % B 1151 (WL 5T 7%
o/

5. if freq>10:

6. F.+=Q

7. end for

8. return Fi.

TEM BT FAZ IR L X TR Q. Fe PR R B
Jem TG (B, N5k 6 45 3 AT A s . B ad 7 IR B T 5T
BV AR BUZ AT R B AE IR B G IR R - 18 1 2
i freq A7 freq=>10, WK A 8 B 8T 3% A7 8 Xy 40 5
imial, RNk 6 58 4—6 17 m . FRBIEE A
P ML 7 PR .

&k 7 HWATEE R E 5 (Travel Frequency Collect, TF_
collect)
A XA G AT T BB L B 4 8% DESCode
i AT Q ZE G P R A AR S H num
1. num=0,start_node. candidate=[]
2. % DFSCode tH 47458 20 F &1 15 50 4% 1% BHE 7
3. Ve HUR B e KR AR S BR A ) 1 start_node
4. 12 N4 U 3 82 R K B 1 R MU FE AT R DFSCode!

. for each node n in G:

if n. degree>>start_node. degree and n. label=start_node. label

5
6
7. start_node. candidatet+ =n
8. end for

9

. for each node n in start_node. candidate:
10. num=Iso_search (G, start_node,n,num) / * [ ¥ & 2% 5 5
(WA 8) =/
11. end for
12. return num.
AT R A B B RS s b S RO AT A T A
Q J& B KA A R IR A i 5 I 7 5 2— 3 AT TR .
02 5 i R R 32 e R 0 1 O 0 0 T A AT AR =X
F I DFSCode’ s I\ i 15 4 R 32 47 DG L Bk DA JBE 0K 1 50 HF
I o ARJE NI 1B G v 30 R A 30 500 [R) R A A
L start_node. candidate, W% 5—8 1 Frm . )5 M &
AMBERE 5 R S AR AT ST R [ A R IO B T R
|l anss 9—11 47 n . HAEs 10 47 19 R A 48 R 5% Tso
search WH % 8 iR .
&k 8 [A MR E R B 1 (Subgraph Isomorphism Search, Iso_
search)
A XL G YRR I A start_node, X Jif 178 F &[R4
Hon U num
i - AT BT Y AT num

1. if start_node is last node of DFSCode";

2. num+=1

3. return num
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4. for each unvisited child n, of n:

5.if n,. degree>> start_node. child. degree and n.. label = start_node.
child. labe

6. num=Iso_search (G, start_node. child,n.,num) / * i T4 5 » /

7. end for

8. return num.

S 8 T B e R AL A48 2R, R 25 R R 46 DT TEC A, T A
i R SR AR AT T B R A A, 2 B 1 A A 2o
B B e BEAT IR M 3 U3 4% 00 00 10 IR, B0 % A i) s 2 5 4 DF -
SCode [ Hz G —A~ s s A S, W IR 388 15 5 75 I 4% 25 %) 3% 4 1)
SR BT BE— 2D A3 VA A T BB BT A R e g s
A AR AT 0 k. BE 6 — Bk 8 S [F 5E A B
FEIZIAT S5 AR E FEEH D N M Fos BT R X E
R TE XA P i Rl A s B 3 IR 6 I 2R E O
(N TR ZE R OK) , K For AT 82 B A il 35 5
BE TR E 8 M o AT B X 1 B B, m
FEIR DI & T o S B B 8 R R BES OGn) W B
Z PR BRI R 2 WSk 14 ],

U BRI AR E AT FRES FL R
AT AT E AT RN, 42 T o AR AL R, i — b
3 AT X AT AU A Bl AL R T AR AR XA R A S
3.2.2 EBREE

T o A A A i A B 2 L GR (B] TR A A i A
BT AR A AT B B A R — A AT R, B A SOkt BT A A
B AT AT SR 2 R RS e AR U B AT R 2R 2 A
S, Bk, B RSB RINEL 9 R,

HEi£ 9  IhAE X I B2 H 1 (Functional Region Cluster, FR_

cluster)

A FTABUE T A F,

ik AR

1. matrix= 0/ * n X n EU AL FE . n= | F, |, ic 5% B 5 B 2Z [0 09 A
LB x /

2. adj_matrixs= @/ » {F AT A B SBHH > /

3. label_matrixs=Q/ * f£ T A B RS « /

4. for each g in F.:

5. adj_matrixs+ =g. adj_matrix

6. label_matrixs+ =g. labels

7. end for

8. matrix=get_kernel_similarity(adj_matrixs, label_matirxs) / * 5 ]
SCHRCT9 13 At i IR Bk = /

9. k_cluster= hierarch_clustering(matrix) / * XA B} 8 6 B4 347 2 K
R/

10. return k_cluster.

&1 2R 288 B0 1% 1A A% 0> 2 )¢ BB TR0 R L i o R 2 e 3 2%
Bk, TEFEAT AR T Z A, FF PO A SRS R SR 4R AR
PEFIARZEH H B 955 4 —7 77178, get_kernel similari-
ty B3 AR I 45 e ) P A R T A SEUARL L T T A A AR
BEAR B . ELAR T X AN S L 0-1 R AR A,
SRJG T — RPN B B 1B Y S HEAT hash B, X IS
Ja BR80T Jaccard R AL, 1453 1 B 5 18 Z 18] B9 AR ARLEE , 4n
BVLHE 8 ATHI7R s 15K JH 2 IR SR 2 1 5 v o 4 RL 32 468 B 8 A7

A1 BN R A e AR INBE S 9 TR,

58 P TR AR T 58 IR T T A XS R AR L R
Ty AR [ AR B 00 DX 3SR AR A — . 3 TR — 2B dr 45 2
5 XS BAR T B8
3.3 MEEREXTER

BB 3 BT 45 2 2 A XS 40 A L BIDAR B b —
BRI T BA XA TR 20 . RS F 2 A
Bl S AL T POT B0 Al b — 19 3R 28 5300k (9 4 ml 45 21

M b — 23R [a] (i 5 S 45 52l Jan 4 A K300 X 38 i 1
FR, A SC o UK 38 1) il o Fe fik 0 10 2 B 4 O 3 X a8k poy B &
e

AR E T R X IR 8 2 5 2 )5, R 5 Ik 5t POT 4k
L AR B A KSR [[) POT 26 B (9 B0t 20 A . BAR 20 7 4% 2%

HIX ST fE . AN A 43 1R % & (Distribution density) {E A% 31
RN
POI_num_i
Dd;=——F— @D

Size_of_region
Hrr,Dd; FRZIAKIREE @ 285 POL 4345 % A, Horp
Size_of _region 338 %25 B X 3 04 /N (X k&5 4 A M A
B0 POI_num_i 7% ZE B XI55 ¢ 4~ POT 28 8 (14 2% R
SUBCE o X TR X, H A A % B O 10 B Dd = (Dd,
Dd, .+, Ddy) , ot F 368 POLZE B ROS0R: . SRGALIE & 28
X 38 [ 4 D 5 HE4T X IR 2 BE 2 3 (4 40 4

4 LWHERSWIR

AR AE AT B9 LSRR X AR B 3k T D i X sk &
B . AR FRS AR v AR B v R 2 R S 1 X Bk 2K 1 4
B PO BHE S 1 55 AH B 19 5 1108, 3 38 3 % B 55 3118 1
(L UE W AR D3 Ja 43 DX 3 ) o 0 5 [ st S B T AR SR 4 IX B
BORLEE L E W] T %07 Ik AR G 7 16 5 AR T m A 2.

4.1 SEIGHHE R LI E A1 B

Sz A S0P 3 A 45 0 1) OpenStreetMap? $2 41k )
b B PR s 2) db T AL AR 2015 4R 9 A —A4~ A ML 4K
e AE AL BT IA) 2R 2 i R RS SO B SR AR e ) [ R
M 60s53) T b [ W It 5 T BT AT PO s . (46 4 4 FF . POIL
KB EAER . BT S & A OpenStreetMap 19 508 75 2 25
BER] LAVC G , 3R AT 69 POT B4l w] LUK 0 S 38 8 X 3009 300
AL ThE . HILFTEK M FE — A& CPU A Intel (R) Core(TM)
i5-2450M @ 2.50 GHz,4GB WAFH) PC L8 M. KR UEAR 3L
JUTHR T 1 R RO e S 45 SR TR) B AL AR DA X3 T 2 1
2 K SCHRL6 T $2 Ak (0 25 SR AT X L

SE BT B POT B0HE i s 7842 0t (5 4% A~ db 5 7T 1
T 2L S B — 802 2046466 A B A 14 ANE
PE AL A TR A ] R RIS AE L TR
SUBERER T — 00 0 BRI A8, an T BUR " A 7 AR
PRI T R 2 00 4t %ok 2 K0 3 ) 40K TIT 2 BB IXC B LS T e AT
IGAIE . AICE R E R PO MM, 44031, POL 267 21 4)
R 22 P GZ 4 2 07 1 B b e 14002 Ay e 4 2 418 L L Ak
#1940,



%12 4 B AR T AT A 3 T T R X R T 275
%1 POIZE#H
Table 1 Types of POI
1D POI % # D POI % # D PO % # 1D POI % #
1 REHE 7 G 4y 4 13 A 19 BYRMSE
2 ERERS 8 RE M4 14 REHY 20 NG e
3 97 PR R 4 9 =N 15 A B Al 21 i % H
4 A MAEE 10 B8R 5 16 A X R 4 22 B R % i
5 B EE 11 AL B AL & R 17 A I 4
6 A 4 12 &Rk S 18 RS
4.2 REHFEWIE £ 3 ARICEHICH 6]/ PO 2 AT 3 1%

TG T R AT R T IR A R R U el T AR R s D
TR FOE SO B0 DU B, BN JEOR B AR 1 IR

Table 3 Corresponding situation of POI types between

this paper and ref. [ 6]

G om Ze7R KSR = B B B A 1 580D IRtk el gt 5 i 58 A K X #L6] &K X#tL6]
. . N \ shoppi
{iﬁiﬁj‘é@%%T m %,EWE"JaﬁI%XU‘tK%%ﬁH%& 2 4, REHE car sales 4 R 4 shopping
mall/supermarket
2 FRACEN L P%E;ﬁ: # molor?yclc A E % car service
. . . % service
Table 2 Comparison of algorithm efficiency —
B 7 PR hospital o furniture building
5% WE/s i % osprta ks materials market
P 2 AT 34400
Hi 4 Hi A . =
E&id 43 tﬁﬁiﬂi T % £ W% hotel
10X R L BB A X E T T POLSE M wshe  Residence o0 o7/ sovernmental agencics
#+ 4k and public organizations
TE/ET/P miﬁ W%’ POI %’ﬂ E/‘Jﬁ =, i+§%*§%U IJJ ﬁg B‘iﬁ Eg R4 R . . b BRER banking and insurance
" 9 " o8 scenic spo 0 4 o .
Gy A FEAA Dd . 383 % B E A 05 80 0 I DX I8 0 g R A R s service
N NURS i 4 5. vl Chines staurant/ forei
JE 4 45 5 15 30K 6] A 45 S AT X H L 92 56 3 WA 3007 ok A public uiilities A4 nese restarany foreen
restaurant/fastfood restaurant
HABIF SR, BT 3CEkL6 ] h iy POT A 30 F 2 4, iy Ty . HE RN sports/sports/
P i~ N . p b B Z car repair . . .
DA —— AT L B X R R e 3 B, 14 3 B Xt A stationery shop
BIXF T ORI B W AR (R sase TP raa entrance/ bridge
KM XIBA Dd, HAARWE 4 g, K CG=0,1,-,6)F HEK M science and — .
. - . . . ' ducati B MBI M street furniture
TR AR T PO 2R 4 ML 5 0,4 S k6] i4  eduation
5 \ NN X i EH ans ati living service/
EPYQ%‘X#@ #F)]" U?’f}ﬁ?i";!;é’iﬁ Hﬁﬁ LF' ,@ m% T TX% ﬂ P()I E@ *E X i % trlnsp.o.rfqtlon AR 3’1‘ lvmg- service,
At % facilities convenience store
KA AL LB A 21 Fh POT 285,
# 4 YIREXBEN Dd 14
Table 4 Dd values of different functional regions
Co C C, Cs C, Cs Cs
Dd R Dd R Dd R Dd R Dd R Dd R Dd R
KEHE 0.019861 3 0.025303 1 0.02196 2 0.01892 4 0.01523 6 0.01429 7 0.01692 5
FEAEE M & 0.004945 4 0.003991 6 0.00341 7 0.00543 2 0.00511 3 0.00444 5 0. 00661 1
[E 7 1%t R % 0.296862 2 0.296259 3 0. 30859 1 0.28131 5 0.22355 7 0. 26960 6 0.29328 2
BWAHEE 0.684274 5 0.813545 3 0.84953 1 0.69899 4 0.62787 6 0. 53570 7 0.84231 3
K& 4 0.114464 2 0. 088938 3 0.13830 1 0.07027 5 0.06688 6 0.03016 7 0.07759 4
T 4 R 4 3.021229 5 3.765065 3 4.10103 2 3.40398 4 2. 32689 7 4.18594 1 2.78890 6
RER % 0.098576 4 0.127495 2 0.09703 5 0.12193 3 0.16016 1 0.07811 7 0.08751 6
N H 0 3 0 3 0. 08829 1 0 3 0 3 0 3 0.00525 2
15 % B % 0.234928 4 0.272236 2 0.27702 1 0.22118 5 0.20425 6 0.16131 7 0. 26605 3
Eﬁf{:mﬁgifx& 0.310156 5 0.414793 2 0.42098 1 0.33611 4 0.30532 6 0.26229 0. 38955 3
4 R IR I Ak & 0.294511 4 0.349000 3 0.41778 1 0.26782 5 0.24135 6 0.23657 7 0.39985 2
AN F R 0.340718 4 0.378269 1 0.37512 2 0.32952 5 0.21995 6 0.20990 7 0. 36699 3
REHB 0.041506 7 0. 050004 2 0.03892 6 0.05668 1 0.04164 3 0.03937 5 0.03325 7
NN 12 1.39919 5 1. 860693 2 1.87532 1 1.42057 6 1. 44359 4 1.42516 5 1.77505 3
R S Ey T 0.627528 4 0.724306 4 0.73650 3 0.59473 7 0.77757 1 0.61033 6 0.74584 2
2 ¥ %R 4 0.664656 5 0. 754655 3 0. 82404 2 0.70140 4 0.64939 6 0.59254 7 0. 85592 1
A E R4 1.940545 4 2.271947 2 2.27657 1 1. 87967 5 1.65272 6 1.51788 7 2.22645 3
BRI % 2.372543 4 2.867477 2 2.78371 3 2.32443 5 2.09972 6 2.03263 7 2.89567 1
R H R R 0.31421 4 0.383314 2 0.37438 3 0.30411 5 0.27392 6 0.23339 7 0. 44050 1
AT W 0.298969 4 0.34054 3 0. 34836 2 0.29794 5 0.28067 6 0.21117 7 0. 36485 1
g8 0- % 3 0.001783 4 0.002636 3 0.00287 2 0.00167 5 0.00127 6 0.00127 7 0.00350 1

KAHWMTHARBX B PO 28 R 431 % B (Dd
B R EHACKZ I Dd {H £F BT A X 382 BUE F /Y rank HE
Ffl. fn:Co BIVEESE Dd M 0. 019861, rank fHN 3,11
W Co MR ZERSE Dd [EAEFTA KM C Py HEFE N 3.
EX OO T K BE Al BE ) O 40 IX 48 ) i R 4

B ARSCIN Dd; {853 7 B 1B % L 43 B 4% 21X f L A g
fH(Ent) s iAKW .

o

Ent(C))=— 2 p, * logp:

k=1

Hodr, p, KR £ 25 POL ST Dd, 8 78 % 28 B X 38k BT A7

(2
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Dd ; B S A BT & B HB log SR8 UK N 2 M X ECR B,
BT C M IXIRAY POT 4 A 4l BE . AR SO B A B 3 1)
5 5[] BE AL R 43 7 v 0 SC ik [ 6 ) i 422 44 114 485 S5 7 3 T IX 38 0
fle 4l BE 0 b AT T M L g CREAL R 43 O 9k R 3 B L&A A
I BT 28 50D , B g5 &l 5 BiR .

40
35
30
25
20 ® max
15 = min
10
05

X HRIE] X random

P05 45 5 ik Xl 2R 4R B 1 d5e K/ e /NI 4L
Fig.5 Max/min entropy value of region cluster degree of

different methods

IS H AT LA A SCO7 R R I B AR A A B S
FAy DX 3 2 5 Tk Y DX R R R A

B 6 R 7R A K X, B EAR R B XA AR R —
Ly g DX, AN [ 25060 060 10 A ] 49 B B X3, e 5 @ LE 1) 6 A
P 7 (6 b T L ER N DX S 5 2R B T R LS N ER AR
— B g3 DX B DX A 43 5 5 T LAFR L 7R 1R R ER AR X
L 6 B Y X RO B 2 T 7 RIS SR X 4
JE B An 2

K6 XUk SR

Fig. 6 Results of region discovery

sparse

7 SCHRC6 1Y K fig DX Bk A
Fig. 7 Function region graph from ref. [ 6]

4.3 HhREFKBIRIA

SCHRL6 ] 55 245 X 343 9 A~2E 5], 43 53] 4 : Diplomatic
and embassy areas (¥} 38 5 K ffi 4F [X 380 . Education and scien-
ce areas(Z B FH% X 1) . Developed residential areas (& ik &
X)) \Emerging residential areas(1E 7EJE i H (19 & R X)), De-
veloped commercial/entertainment areas ( & 35 il AR IR 12 2R
[X) .Developing commercial/business/entertainment areas ( &
JE () Ik K PR 4% 2R X)) L Regions under construction ( 1F 7 &
WH ) IX ) | Areas of historic interests (J5j %2 5t [X) | Nature

and parks( SRR ED Sy ifE— 25 407 A SO T g X3 iR
a0 S bR B AT GIS Hb & 45 K [R] Y 52 BR X5
CINR 2] R AR 55 5 B, 76 T A% IX S ) 8 43 A7 45 28 1 3
it LA T e . BRSNS RIT,

X A SR UL K R XA AR T AN EHN(C, —Co) . A
F 4 T LLE B4 POI 78 B R D BE X SR ¥ Dd {8 & bb K HE
LG NHEZ R T LB .G G MGy XM R £ 51
POT ZE I rank {H 5 AT LA )BT 5 26 X 38 A0 X 4 0 % 3K
R ISE &L 6 Hp s T L H R R ) b XS, B IR A
REXBIREM ST,

iR X (Co) : NFR 4 i POT 43 #ii K & L 1% 26 B X sk
)25 A HE A AR AL T S5 KF AL 6 il LUt R T
B B A 0 S R U R X T i S X, P T DA
R KON RIER X .

Tl A BRI SR — AR AL IX 38 (Cy ) - A F% 4 T LU %3
B X 35545 2 POT HE 2 HREE J0 IR A IR IR R L 4 Al IR 55
BT TAEBR — Rl KEC, MIE 6 hal LLE ),
SR A5 I A KRG TR B IR A .

AEAEIX (Co) - N 4 T LB % D e X KU
Z M AEE S POT ST N L . W B B 6 el LLE B, R
IR P | KR A el S5 R AE X S B T R X B

HEFHEX (C  NFE 4 T LA 2% XU Rk
St B, A N E 6 Hpr] LU i X A G T e A A
ROR 255,

RBBRX(Co): NF 4 MR LIFE M, % KA 4 POI
ZE 0 HE 44 FRARSE T, 25 P AE 18 B AR T R S A R A
fITH AT R,

Cy 5 C; HeB L. B 1 POT 48 & H 3 HE I L HL R
C; WIREMS L £, TTREJEJE T 4S )5 303 n ol s 2 2 19
H X, Cs W IR 55 %5 e » AT RE SR TF 75 K J 1 X8R,

HERIE A SCHRE G BT BB M GIS
B 23 2 B TIT AR B A T A X R 4y . BLROR UL 3R
1A A DG B0 40 191 4k 3 Sy X 4SS = BT, 9 b T X A 2 R A
LA ) R ARE A R P AR 0 A R Ak B AR L o T
TR F B SE 38 vk S F o — R S5 4 R A BRI 1 9 i
FEHE R B AT T AR SR AT AT T R S
5 AR A 1B A% i 1 B AT AR 22 IR AR L AR 3 2 IR
IR VR X B B AT R R 28 TR B AT Y 8 47 H 8L 43 B
25 BRI B ThaE . 25 AR TR POI SR R KX
W0 POL 434 Dd {8 . I 3 540 B (A, 5 SCiik (60 25 5% iF
AT L (TR T 1020, R W48 AV R AR B o /&7 L 0 0F T 4 3C
P HR R A R

7 J2 SCHR L6 BT 5 5 R 0 B B R I X A A L DA X
3R 4 KL EE AT DL A SO R 4R B T AT % R D) RE X
WA, WE 7 P OREX R Co . SCEk[6 48 B T
5 R XA AR 3 DX A A A T R X3, i H 3R 2 T A
P25 WA A e 45 . R, IOREEE ok, SCilk [6 187 Sl 43 1) e i
bR AR SCODA R A0 B R R ST R i A B
Iy fig X 3

SCHkC2 07 Scik [6 Ay 3 Al E R AT T A0 B2 89 ek L 9F £ )
AR T B G R L 3 T kT R R AT A RS 2R
il % B o DA A8 BSHIE R RS BOHE AH 5 A 0 f B SE L T T e
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DXk B, HE AR T RE DX R 1 1 8 B am  H: Xk ok i
SCHRC6 AR o 83 5 SCRR (2 JEAT X He L AT AR Hh A SCRY IX
R 43 REBE AR L AN B, H X T A R AR AR AR T A

./

&8 Scik[ 210 2 fg X 4k A
Fig. 8 Function region graph from ref. [ 2]

AT A SCAERT 58 A AT B I 30 25 i B B, e 2k T
AT LA [8] 48 £ 69 A B2 3 — 2 52 38 12 40U BIF 5 5 () I AR
SCa3 M7 BRI i B R A RR L B P R ST ) T A S
5 BT ORGP e X5 AR
SCH AT R ) Sk TIT 2 BE DX R 23 P O B K S S
B AL BT M AR 25 5, 4 1 DU AT AR A 45 5 5 A SC R AUHY
755 SCHRL6 TR SCHR (2 BEAT 1 ML Y X LE L S 22K 5 IR
7RI AT e 8 AT A ST 1, 1B S T R ) 48R Y AT 5
VEASHE — 22 o3 B L fE T A5 AT & SEBR i ORI S5 . AR SOR
O B A I8 A 5 5 8 5T T O R B R KA AR i — 2
it 2 DX 4l ) L 2 2 ST 2 4 A BRI T 0 e X S A AH G 4 3l

S,
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