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Visualization of Ocean Data Vector Field Based on Streamline Distance Clustering

WANG Zhen'? , YANG Zhengwei' ; GAO Shungi' and ZHANG Lei!

1 School of Science and Technology, Tianjin University of Finance and Economics, Tianjin 300222, China

2 Marine Information Technology Innovation Center,Ministry of Natural Resources, Tianjin 300171, China
Abstract Streamlines visualization is an important research object of ocean vector field visualization,in which the setting of num-
ber and location for streamlines seed points is the basis. The key to the problem,how to eliminate the visual confusion and occlu-
sion caused by multiple streamlines,is the accurate clustering of generated streamlines and the selection of appropriate represen-
tative streamlines within the clustering. In this paper,the PDM distance is proposed to be the similarity measurement, then the
fine streamline clustering is implemented after once endpoints streamline clustering. The proposed method effectively solves the
problem of inaccurate endpoint clustering results and improves the accuracy of streamline clustering. After sort of all the PDM
distance within each clustering,we extract midline and two boundary lines to redraw the streamlines,so as to reduce the pheno-
menon of visual confusion and occlusion caused by multiple streamlines. For the problem of huge amount of calculation,the MDS
algorithm is proposed to reduce dimension and accelerate computing speed. In addition,in order to further accelerate the calcula-
tion speed,the critical point detection algorithm is adopted to reduce the time-consuming vortex generation during the process of
streamline generation. The effectiveness and superiority of our proposed method are verified by using ocean flow field data from
China coast,and the drawing effect of streamline is good.

Keywords Clustering, Vector field visualization, Streamline distance

1 3l

e B BAT 2R A2 R B S TR R R R, BB
WEFE N G AR M T 2 B4 WL 58 RO R e L i i A 05 2 5 4 L A
AR o pR T3 S A 3 R AT 5 BRI T LS o 18] 3 T L
PR T7 2 BEAT 238+ B AT DU il 5 0 2000 0 0 AT e
715 2R DT AT B T X i A 00 B0 0 AT ST O ) . AR S
36 M T LA A R T i U 4 R A L T O 1 Y AR /N L
19 0 PRI T LASR 23 )22 T R 40K B — )2 42 IR — 48 B ot
FrAbBE TR RE X 4k 37 FT AR AL B9 BT 5% — BB AL T A4
SRR FEGE . BT B AR 0 R AL T R A 4 B A

il

SRR UG A /N T 1 LA A 48 3R ) Sk 3 L SR O vk S
] B AH R BB AR L 2 38 1) ik 3 )RR AE  HL 24 R B B0 5 4 e
2 B2 HLIC TE A B4 5 5 T SO Y BT R Ak kT i s B
BB R n & 3, £ 2 AU HE . L% BB 53 (Line Integral
Convolution, LIC)™) | 5 Mg 7 (SpotNoise) ™! 1 3 T & & 14
1 1 12 3% 7T 1 4k (Image Based Flow Visualization, IBEV)F7
R T R e R b R AR 5 B AR R E K, BFE
26 R £ 0 1) A, BT PR T RAE O R L
T T 2R 50 A5 L SR 5 8 o TR BN S AR U . R O ik
S T WL 5% 1wt 37 1) AR A R S A0 AT A0 A 25 2R IR 1
B A1 15 0 A B 2k A Ry

T T H < 1 AR GE I S SR QUH L T 42 (201906 5 [/ 5K F AR 2 B 42 (62172294)

This work was supported by the Open Fund of the Marine Information Technology Innovation Center of the Ministry of Natural Resources

(201906) and National Natural Science Foundation of China(62172294).

A VE# « £ K (wangzhen@ tjufe. edu. cn)

220300284-1



Com puter Science FFEHLEI2: Vol. 50, No. 6A, June 2023

ARTCR N EE TR LRy Al AL T . |G, o 1 e R T
SR B AT R BT R AE T R 0 R, R T ] o 1 Y R
)5 A B A PRI R R R SRR B R . LR B R AR R
U 2T B R A L DA M R S i £ [l A, X O 4k B E
TR N K B AR IR &R R oo — 2, AR
[¥] AT (18 5 B 1 o A B B2 £ 00 1 8 D B SRS T TR By R L,
SCHRL7 JIA g A 7 2% U0 4 1 A i ) B R 495 B ) B 90
S AT T P BT B0 BT T SR R AR L. 3 B R T I 4k i
SRS, BOAR i ) B AE — N P AR R R LA A ALY
L BB R B A 7 U AR e R v i R R A Ak 2 R
TR B L R AR R AR IR X S BT SRR A
o ARSCAE B 5 B ZE 0 Bl b, B2 DL A% JE AR A Point
Density Model(PDM) FE 8 1 Jg A8 {0 ¥ B 2 {8 B O 3F 17 45 4H
RF, M T PDM B B X 07 & FUE AR SO B2 7E ik 4 4 &
A 2 ) TR T RE S B B T R AR R 0 £ 4k B O HLX
LR AR P RS TR A MR AR . BRI Z 4h, % i PDM R
T I 8] 52 2 R U £ R B B ST O TG A B e A B I
THE R FE I A SO Al 22 4 RUBE 78 4 (Multidimen-
sional Scaling, MDS) ") i 7 58 36 fin i, Xof 45 5 4 B4 0k A7 R 4
B BT S B0 Ar BE 2 4 B, Je R L X TR B R AR I L
T I, A SR g S P v 2 R S0 R Y a4 T TR = AR
U AR B [R) B A AR 2 S R e A B, Sl T
55 [ 2800 AT 9250 Lo 5, 5 R AR WY AR SO R 1 At 2k T AL Ak

TFERCR RAF
ARSCHY EZTTHRIN T

(1) 4 0¥ PDM BE B9 4E S 3 26 3R 28 0 A R0 B 4 {8, 7
It 2R Vit a5 SR S B LB b T AT R GRS A SRS A U D it A
R GE R )8 AR T T MR R A

(2) 4 il B MIDS 55325 o 37 £ 1) B 5 0 o A I L 4
Fh 5 B

(3) & H 657 R 0 R 00 B 92 il /0 9 6 A i it AR o B e
BRI L — BT TR

2 MXTIIME

L4 O [ N 124 3 %o Ui 2k AT AR AL HEAT T R R W5,
TP T R T A R AT R 2 — . Jobard SR
T — i LR 3 5 0 AR TR L B0 U5 kL AR UE TR AR R £k B ] B (5
TE W R A R R A 5 A0 A . Liw SR T s
T2k 34 5 o3 A B 1 I B SR T XU s BA A7) E AT B R ) kO
AW X 3 e HE AT AG I L A A S X T R AT AR
o B3 U 2 B T S L T AR B v 2 7 A T Y
B, Merbaki 5504 1) fe e B BS 14 Fh - JiCE 7 1 B B
A L R i o 1 0 B R AR B AR AR TR R 9 A
B AHZ IR R AR ELE RO . Verma S 2 13 T 5 T il
SRR RCE D5 T DU M R IR R A R AR S5 L (B
R LA 3 0 ) LR ) 7 R A

T 3 TRT Ak 7 T B RIT 5 3 B 4 538 288 S0 12k R0 2k 14 AR AL
FEtt, Corouge FM il — 4 LR 1 M 45 )R VL L 73 — S5 I 4R
B AU 1 8 P DE E B4 0 X R E SRR . Ding 450
K P Uk () X B B DR TAE B9 LU fBLRE SR TR B AR R . Brun
LR M P AR UL R RS A R A ] — B R AR A
WP AR L, SRS T A TAE WA IR £, Shene 5577 2 1

TR TR S M 0 R IR T = 4 e T A
Meloughlin 50151 38 Ht — 5 T i i B4 1t 0 3 56 07 3%, %07
VEBRE T P 0 %6 1% ) I T RERE . Lu %600 9 T %
TR 105 K 2 5K BRI 26 19 7 v V%7 vk BB AT 4
= e 5 0 S . Wang S50 35 T BG40 0 £
HEAT S A 2% 2% 1B MUK A2 26 00 07 20 B A 6 K 2 1 78
TER 26 U T G G AT F 300 T 2% 1 2 L I T
R C3

3 ETREAEBERENEEHARML

3.1 XHRE

AR SCHETF R W T AL ik EEALEE 3 AR Ay S
BRI 1 iR,

(1) AR I 2k 5 3 2o 150 B 2 8045 A L 5 S0 R A B0 1 T
A, o TR AR LR 4 7 SR 18 I B A L Ok A T R R
B B2k

(MRS, FEAHEE T i S W) L RIEME T PDM
BB 09 PR 2, B 28 5 B v SR I MIDS B89k ki i B8 4 B B

4 RIS
(3D PR L 3 1 HE )7 Wi £ 0 19 PDM B {8 42 JR
SR RPUR 2
r _______________ hl |_ _______________ hl
: T :
| |
: RESK. K : : ’ TR ERE | :
! Bamk iR - !
[ V|1 [EFaaErDMER ] |
| Pl %87 #(MDS 19 %) i
| o v !
I o !
i e RAL R | 1
| | ! |
' ! RIR R L
e e L s o wa |
| S o 3 | (P4, BR%)
|| e WAL | i I
1| R s | | !
! el RAES |
| o !
: S

B 1 ATk RS
Fig. 1 Implementation process of the proposed method

3.2 MEEM

BRGERWME H WK AR EARRKR, TR
T35 7L R 0 8 o A 2 i P DO B B AR A 2 (Runge-Kut-
ta) B 7 ORI . WS8R 2k LT AR R 1 4 3
9 — 5 A R T B AN R O i WA — SR B i i i
2R IR SRR AW T AR T 2 — BRI R 4 o 283 1% R
BISE I .

(1) 5 N2 AR I B2k 2 P A il 2% .

(2) Y 2k 1 i 5 310 325 o0 4k 375 10 5L B0 £k o AL O 1]
0,

T e A AT R D 3, R I S T
A — A SRR AR S o s TR ] g 0 OB 2 R e X
n A IE T3 TE D38 4 30 X3 A v o AR R A R A — A
FERILAR . [A] I IC S T 4 4% U 2k Y R IR R A2 0k R AR AR L B
B X 3ty s HEAT 2 B HRAE 515
3.3 ETR&EENEE

AR SCH AT ARAL T VR R TR A R B R LR A

220300284-2



OB AR T IR L B v 2R S Y T i B 1) 3 T AL

FE T U 2R e A0 BTG HE B SR D) S T I £ ] PDM I 55 11
RE, & BIRRTE DR B D T AR IE BB 3R $2 U AR
FL M Ty 2, 52 I RO 1Y 1) 9 T AL

3.3.1 ATREBEAKRKIEZHRE

WM HEREELI N & REAH s R &5 e %
RGN A RN

Py={s1s525 sy} Qu="{erse2 57 sen}

R S S T % ) DBSCANPY R K 55k
BEAT IR 2GS, JE A 4 B /N T 0 BIE AR Ry — 2 /T L
BRATARRNE TR, wIHEM L 8RN EAHES
RO DBSCAN R 26, W 4 — 28 XAl 43 25 T 26, 15 Bl dx
KRG HARTRR N

R=f(Fpo (f(P)) (D
Hrb S REERE Fro WA — ik FEAE P BALHEQ
) B S5 R

RIS P 2 P U 11 A T R 2 I R AR AR 1 1
{58 BT PR L 3 A P 3 e M D G 2 X 4
R R . BE DN S SR — s,
B 2 TRD 1 DX 43 B N i o T 9 I IR T A T s R G K e 4 2R
KRR S AR LZ TR M TR SR G R A —2K, T
BUE SR T L Y L R A RIS BOR AW W, sk, K
G SR A A it 5 R LT S £ TR DR R I A S T S B0 4 IR R
25, I B B 3k — B i e
3.3.2 A TALKE PDMEHGRE

I ity 25 3R S AEAE Y 10 B, A SORE R ICLL R M b 5 48 473
Phvity j RS AT R 24325, i1 T DBSCAN 3R 2853 75 X 1 5 1
AR, AR U JEL B Y0 L B 1 (15 Ry A AR R TR R A 2
£ Gt B — ML T — WG O . 7RI IRl 1 A —
4% B SR T R4 ] i PDM BB 85 45 Sk 3 28 AR o) vk B 1 F
(L EIE -

G BIAETE 3. 3. 1 TR R ERLE L=11.
Lyseer o,V ATBUB S X MY o M0 AN SRR, IC X=
s Y = sy sy b 1<, 1< <n, NI
XY BB E LR .

{1‘1 s XLg st

m—1 n—1

(X, Y)=2 2[K,(crivcy )il * Ty (2)
i=1 j=1
m—1 m—1

[ X1*=2 2[K,(coiscoj)ti] * 7o, 3
i=1 j=1
n—1n—=1

Y l*=2% X[K,(c,irc, )00 " 7, €
i=1 j=1

1 N L
Hrr,c..= 5 (x Frp )N o M RO E, ., =

(o =) N e Fll ey — ARG T L KON 0 B A% R
o N K MRS 4. Bk PDM BEEE SR .

PDMX, VD=V [ X[+ Y [*—2(X, 1) (5)

WG ) A5 A — 2 N AT B — SR 4 1 Y PDM
BB HL A 28R OGnn) o BB — 2 i i 4k S Bk
kS, T8 28 1 PDM BE B 4 KR A B R A2 24 B SR O
RPmn) , 23 A2 2% g Ok, o 12 BE 86 6 B 47 B L BN A5 5
BARLER,
3.4 EBRERZE

RATT N THBRITAY T 2k 3 A A4 10 B2 TR 6L R0 30 4 1717 % ¢
AR B 2 T WAL B T B IR L — Tl R R O o
e B 0 (B OF B FR P E N A BRI ML, BT RO

TR LR A Ry % [R) — SR I TR R AT B PR AR R
fil 459 7 ELSC I I SRR AE , R T S B R A, R SE PR S g rp
22 b £ 8 R T 0 R T T I I 4R B R 0 el T A 9 4R
PRS2 N AR R T2k R B D38 6 T LA 2 4 i A =X
A SCLL PDM BB 25 5 4K 408 , 356 RS 070 d 3 B9 IR £k (P O A
O 2R Gl AR OB IR ML .

Hi 3. 3.2 55 A9 PDM I B 5 [ 2 — A % R 4 %
BEBSAE M A AG, DIRRIRL « B4 ; 19 PDM JHEE,
BA AG. D=0, 7B MG —17 170 R Z M AR 0 3
2 ¢ P Ab LAY BB B b 2 3 A 2 2 ) B R A
S TR0 AT 5 ok B B O B AT 19 T R 2 RR AT HE)Y B
B /N BB R LR T A G, ) A I B f Ko — i ek
AR SCBERE AR DL R il PR R AT S L TV bR O i 5 25 4

FIFRAL 7 2550 ok A i 2 S P A A LR
ik WA

i A :PDM BB 4% A
AWML LS r= {1, oL, ol )
1. R F B R R 1 SR AT AL B L AT R A E Ry Si= :ilA(i,p,
Hh AG.D=0, J
2. NS T=(S1,S,++,S0), T AR i WML HA n—1 &0
& PDM IR Z AL XA T e REHATHIT B T k=
index(min(T)) , 1<k <n, B R LR 1, |
3.%) PDM JE B4 BE T % A G ) #EATHEF, 08 T AR (koo ks) =
index(max(AG,)))) s 1<<ks » ks <<n, 13 B3 AL (L, 5L, ) o
H e s T A RE 2R OGo , HE 5 8% i)
HHE R Olnlogn) . B FTA W T, 48 3 H b i 4%
P P 8 e L T V) 2% 300 A 4 22 TR ) P 8 e K e B AR SR T
Zr=1{l +Li, + L, } .
3.5 BRI
PR g ] A Ak S 48 rh SRS SR By P 25 T LAGE i LAY H
o A R B R AT Sy T T o e T A 2R S B LA R T N U
i b 12 A7 5 28 07 1R AR ) B L 38 WT LA FH S B A R ILFE A .
7% SCHR 4315 % T 0 TT A AR 1 T A O vA T 4R DL T R
RETPAR 48 b5 DL BE TR AR T AL P RIUR
(1) # B 28 (Silhouette Coefficient,SC)Z+2°7 ,
sm:% (6)
Hodr,a (DR @ FRii 2B 7] 28 2 fa] A 7 46 1 1 4 1R 55
DOARRILL @ BB i i) HABZE M BT A & iy V- X B ss
AR RN FHE N REERNETRE. ER-REA
R E AL A AW 50 B R OB, BRI R
A ) 28 Z [T B 43 B8 AR AT
(2) B 4 #R #& T 45 L (Davies-Bouldin index, DBD ™,
C+C;

W; T Wj H 2

k
DBI:%Zmax( I 7)

i=1 jFi
Hp . CHCREEEHEMENTHEEZH, || w —
w; | o T ER S b 1 R G BE B . DBI /) 3 5% 58 28 A0UR
G, DR S A 2K P B N 28 i B B K 1 B v LA BRI 1Y
DBI,

4 EikmiE

A SC A R 1] Sk 37 4 B A T R EAT BB B T B AR O
2 38 B s B 27 A KR AN L BRI, A, THE PDM

220300284-3



Com puter Science ML

Vol. 50,No. 6A,June 2023

P 2 R O ) ] 52 % 8 ek gmi o T X 3 TR A ] A AR S
T PR R AR B S 4R
4.1 MDS jniE

3.3.2 WIFSE M A4 ] PDM BE BB, % R LR 1T A
MRS 5itE, BRNAEK, £ 4 B (Multdi-
mensional Scaling, MDS) ™ J& T F £& ¥ [ 4E 127 i) — F B 0,
B — PiVL G 1) TSR AR AR B AR 2 ) 22 S M Y e AR O vk B T
DA A5 78 J5 25 4 4 6 AR GE (9 AR T e — R L 3 o 1 )
SRIT R, et MDS 551 %) PDM 17 [ 4k 8 4% 78 £ 57 £ 4
F2 30 PRI 1 R B B AR AL AL
ik 2 ZHERELKREE
ARG ML 2% F
B TR WS g AR F
1B i% F i dkqy n/f(nu& MF H B 2 il IR 3 U 2 AR IR AR T4
R BUR LB a 45, R T RIEREAR FERE AN TS HHE, F
B R AR e 58 %&ma@% i v R Z G TR T AR Y I B
FEFE AU A TR/ axa,
BT AR MR R L Z W) PDM HE B 15 BB & BB YK
/MR axX (n—a),

oo

w

A B
R B D= [BT C] s Hod i J§ Nystrom Extension!®!

A BEIE 20 BTUA ! o D JE AR AR A (1 RFAE [] 4 4 1 A S

WL TT ISR 48 DB R AE R B9 45 U D E’Mﬁil‘lA),EL C 1 H
BTA 'BiE,

_ U
U:[ B ] ®)
BTUA !
/\ —_— R
D:UAU1:[ ]A[UT A 'UTB]
BTUA !
UAU!
o el
:[ S ] (9
BT B'A 'B

4D IR /NG k ASRRAE [T AR Al B R A5 B S 09 g R
8 F' % A A bR W] LAME— X B B R R A F, 0F 3 B 47 B IR 4k
EUH’JEE;‘:‘J{QQ

4.2 SRR D

T V2 HE G S R e 2 e I R L A I A

ZJE I 2 AN W R 2 M S I 0 . AR R T SR T R

R 1 T LA B P 2 S EOR B TS RE O 1R i BT AR A

I )P ST . AR SCHR HR I AR DR T R T SRR I I A AL AR

Ji 30 a0 T I A Y 21 TR T A O A A R G R AE R

JS R GE TR S T 0 A

BT Al ) B I AR AR 4 A T S

L 40 W L DX P A 80 O B Il S . A 2 R

G B AR R (s ) s BBy (s 0) 5 THEL B AT SR J7 1 11

FAAALR TR v J7 A AR LR AR A SR E AR T %

X358 A 8 DU DA Ay 5 ol A I T % PR A P I A

SRR Y O 4 (B B0 125, 5 A7 AR I T 0 LA 0 8 58 ol SR AR T

B 7 R K45

u=uo(xs —2)(y, —y) Ty (x; —2)(y—y,)+

—ytus(x—x)(y—y,)=0

—»Fou e, =) (y—y)+

— )+ v (x—

u, (x—x1) (y,
(10)
v=1v,(x; —2) (y,

vy (x—x1) Cyy 1) (y—y1)=0

Py(uy,vy) P3(u3,v3)

[P E— T — -

H i Py(ua,v
PI("«MV»)E Palinzv2)

X) X Xa

PRl 2 U o L 0 T I
Fig.2 Bilinear interpolation judgment critical point
SRS R L 0 R — A A Y O A T 1] 3 43
H AR W FF5 CGER R F 0 ZAR/N T 0) 4 BT LT B 3 A 19 4% —
FEBRA MRS, BREA S EZ ) W RIEE « fly 7
T 1) i 5 4575 B0 HE W] L AR RS

dJu Jdu
I u.v) | dx Iy

= (1)
I(x,y) dv v
*ﬂi‘ﬂ?ﬁﬂ‘ﬁﬁ%%ﬁlﬁ%%ﬂﬁ AM=R,+LifaA =

Ry +Li(RARFETM, T AREH . 3 RHFHER SR

FE T A 369 1 5 A0 S0 O vk
+
R>0, R>0 R<0, Ry<0
L= -5L7#0 L= -L#0
Ca) HE 5 £ 5 (b W 5| £ 5

B3 w25 FIE T ik

Fig. 3 Classification and determination method of critical point

5 ZW5iTiE

SLE B N Intel Core 17-10700 CPU @2. 90 GHz,64 GB
PN AF » Nvidia GeForce RTX 3070 ., Windows10 64 {3 #:4E
Y. S HOE e B U RO A TR 2 R I Y P
Ve AR U D I ST AT Ok 1 A i AR B A% =k I 2%
it 4% . (Network Common Data Form, NetCDF) ., i T #f
V] RG5O — R R A A MR R s
) PR BT HEAT 1] 4 3 ] LA O R S TG AR SO A AT AL T
H (Visualization Toolkit, VTK) k47 2 3 0 & F10] #14k .
5.1 MEREXE

HAEY A B A AL R AR A 1000, B JE X SR H
VO By e A% T2 38 FR A3 7E [ AR T L B ) B D S A Y 52

B WA 40 —F 4O fiim, SHEEE LK 2000, 45

B BT RE A B 0 e KB B, F!UI:XX['?FE(JLILQE It 42 AT 1] U
21 2R v s 5 ) R i HATE I, ERmMAEITA
%ﬁk%%%ﬁ’ﬁ»{ﬁ?ﬁ?ﬁﬁﬂ“mﬂ LSO 22, TC 1 R U
A B B H T B U M B A A IS T RO 1) B

B4 — B 4D 45 T 2% 1 0 i 4 R 0 3 i i R B
S5 BEESBIAE R 4500, & AR ] — 28 Y Y U L AR 10 g — Fib

220300284-4



OB AR T IR L B v 2R S Y T i B 1) 3 T AL

B, BT LUK B EE 23 1Y I 2 AR LAY R 3 ke L (BT SR A2 T
AR R AR . Wk — P AR T W T v 1 7Y R AN
P8 A A S i DX, 07 T R IR DXk R AT R 0 R R
W A(g) B 4 s, fER A Pl LR Bz m Lk b
AR A RS BB R AT . PR A T g
RRATTEA S W SO VA 5 T L (ELRE ol T R S 1 B
T4 E BT H R — 8. & 4 () P[] A7 14017 ke 1 8 43
[ B8, 3T b 34 ] B, 26 4% 6 T PDM. B 8 4 Jy 3 26 A 8L 1
HEN X FEHEA TR AR 26 . SR EBOCR AN 4D V& 4D PR LI
2R R IR N RO — 28 ARTE Y I IR RO RO S — e R
g5 R e A R

(@)K i (b)H7 it

(DFBREE (0)igh 3 5 2R K il

() 1 J 13 X R FHR

(h) i 5 238 #OR AR

O i B REHR

O B2 REHR

B4 TRk R LA
Fig. 4 Visualization based on streamline clustering
S T Bk PDM b 2 80 HRO(E 2 7 3K B B R RCR L
TR IR SO 20~260 RIZRHEAT T LR, 0 AR
RN 107 ~107°, 2 o BUE A 1075 48 5 & B fss 1k 2 2%
AL N 5 AL TR . B, EEH 107028 PDM I 0 24K

v 5 -6 -7 -8 109
07 10 10 10 10
06 _//\___/_\ /\
® 05 =
w 4 .
B 3
k-
02 /\\
01 e

0

20 30 40 50 80 100 140 190 260

REH

P 5 S8 E (LT R ED

Fig. 5 Parameter determination

T B EAR SCHR i PDM R 8 A TR U R R e b R R

BLAF 28R HE BT SCHR (30 v o 7 T 4 2R 28 0 A ALk
HE AR AT RS T . B H PR 3 AR
% :DBSCAN H % K #{# (K-means) % 250 1 5 2 K %
2% (Agglomerative Hierarchical Clustering, AHC)™, # &5 #f
M & single-linkage, #H &l ¥ B & {E & Bt MCP ( Mean-of-
closest-point) #i & 4250 F1 Hausdorff #5255, 76 v & 55 % .
AR I8 BT RO AR RS B R B A AR AR T 1R RO ik
TIb# . Horh, K-means S50 AN ] B 300 FE 88 0 P4 2R 2K
IR I B B B i 35 B 43 43 BF (Principal Components A-
nalysis, PCAYS i 5 ik e e Jo e AT R 26 . Bl 6 FnfE 7 i
/8. AHC RIEH P+ PDM FE B3 A0 oL BF & {4 09 240 & 76 w5 4>
febn BAE BAFR PR ROCR o 8] I W% B R S8 Kmeans
+PCA 1 AHC #tt DBSCAN F I HE 4, K5 DBSCAN 2
ST R E RN EANE Y MK — Le A A L
AE R FR S5 T A0 g S {8, B T X 22 FR o i OB R, 5
HA R AL R AR E K M S B 2E MR IR EUE . Kmeans
+PCA FI AHC A e i BUE U R T 8 46 7 AR RO R R
JER LI AR .

= PDM MCP Hausdorff
065
0612
080 0601357
0581571
2710561
& 055
W
g 050
g 0429
B 040
035 o33 0342
030
DBSCAN KMeans+PCA AHC
REHE
[ 6 fBEE R AL
Fig. 6 Silhouette coefficient
058 = PDM MCP Hausdorff
0532
053
052
& 0511
;! 051 0507
= 0504
8 o 0501
kg 0495 0493
B 049
048
0473
047
0461
046 s
DBSCAN KMeans+PCA AHC
REI &

Bl 7 AR TR
Fig. 7 Davies-Bouldin index

W 58 BETR SRS A 3R 28 =2 ) i BROAR 3R U £ AT TR 3
s A SO U 2k B v AR R R AR R, Wi 8 B
N AR RGN PR T T 3 KR RETHLMPIAIL
AR, g amdiUR P emRAL AL, a
U 2R 7 A R I Y TR T AT XS 2R R LD T 3 AR L
RN RGN AR R

8 Lk A (T MU R ED

Fig. 8 Streamline simplification

220300284-5



Com puter Science

HEMEY  Vol. 50,No. 6A,June 2023

5.2 EiEmEsLis

JOI S S 6 v (0 U e A BT A 0 R e 0 RO A R
1730 4. £ 1 HEE—50 iz I om s RS J5 $E B 10%6,20%
30 M LR 4550, 23 ) A9 174,346,520 45, B35 & B 10
A K 2 T 308 5 0 8] A BORT 3G . BRI S B X U 4R
HEAT PDM B B 1158 T2 S 2k T o sl R 2 )5 #4715
535 PDM B B FR 22 MDS Fede 2 J5 , dE AT 2 ks 4N R 25
BRI A F R 115 ~14% ., H 50 J§ PDM % 45 3t
2RI 1% ~2%.,

# 1 PDM 2B A5 MDS B4R [ Y i
Table 1 Comparison between PDM f{ull distance matrix and MDS
dimension reduction matrix
F&#H  PDMiEATef /s MDS#@EATH /s REZER/%
174 399.2 45.6 1.724
346 1753.9 199.3 1. 445
520 3569.7 497.4 1.222

T 2 14 S 3 S5CR A P 9 R L 2 30 O A T R R
A B R P A R 25 BRE I 1 R AL AE AR
LRI B W AR - W 2 A R e R LI SR R
AeAR P g B o O AR B BRSO B4 1R AR O3 K B9 BR
il Vol G 2 2B I 1] A B . 2K A I A L oA
PPt 55 7 SR S 3 N D0 PR T AR i S B i R HEAT BOR .
T S M AR TR U AR T LA A SR b i B A R
I >H X 4 7o R AT 3K

&l 9

Vortex reduction comparison

T it BBk 2D X L &
Fig. 9
GEWIE R S AT R A BT P R R
FRRE e VE B30H0E IS O B 7 A B L B v I A AR AR, AR
P2t PDM R B4 Jhy 3 25 A0 001 B £ i, X 1) i 3 09 I 4k il
TR 132, P Uk = b B i 3 4 s T3S, AR ARk
iz bk PDM PR B E HE T, 38 U — 28 iy rh &R F WS 5%
HF LA AR WL AT BoR, R EE B IR B o Bl Ak
ROR R AT, IREL AT DL e BESCHR 31 b i O v 1 IRUSR 25 45
RAEGR Y — R AAE W BRI R AR T A 5 Hohx
AHAL (5 B FR LR B PDM FR 8 550 ) 19 4 T 4% i 4k 1847 7T 4
FEJBR . HEAh AR SCE i MDS 55 ik %o B 1547 [ 4 b 31
PR AR L Dh R X I S a5 AT ARG D00 S T R 2 I 2 AE R R
FR AR A A5 TT Ok T SR U K 4 . e AR P
TV 119V R AR T i D, I AR S0 T DU R R B
BV ) 2t B WD A ™ i, R T I A SR i bR T R
BE AR BT SR A B AR . T2
AR A SR G0 ] B b 9/ 3 I L R H A ) R A T
PRl A LB BT RO .

[1]

2]

(3]

4]

[6]

7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

220300284-6

2 % X W

FAN Y,WU X Q.ZHANG ] K,et al. Research and realization
of flow field dynamic visualization based on geometric shader
[J]. Computer Engineering and Applications,2019,55(9):157-
161.

DU X,LIU H,TSENG H W,et al. A vector field texture gene-
ration method without convolution calculation[ J]. Symmetry.,
2020,12(5) :724-746.

CABRAL B,LEEDOM L C. Imaging vector fields using line in-
tegral convolution[ C] // Proceedings of the 20st Annual Confe-
rence on Computer Graphics and Interactive Techniques. SIG-
GRAPH,1993:263-270.

VAN WIJK J J. Spot noise texture synthesis for data visualiza-
tion[ C] // Proceedings of Computer Graphics Proceedings, An-
nual Conference Series, ACM SIGGRAPH. New York: ACM
Press,1991:309-318.

VAN WIJK ] J. Image based flow visualization [ J]. ACM Tran-
sactions on Graphics,2002,21(3) :745-754.

JI X F,ZHANG F,WANG Z Y,et al. Research of dynamic
streamline visualization of ocean flow field with real-time con-
struction of coloring model [ J ]. Journal of Zhejiang Univer-
sity(Science Edition) ,2020,47(1) :45-51.

WANG SR,WANG G P. Clustering based 2d vector field Visua-
lization[ ] ]. Journal of Computer-Aided Design and Computer
Graphics,2014,26(10) :1593-1602.

SILESS V,MEDINA S, VAROQUAX G,et al. A comparison of
metrics and algorithms for fiber clustering[ C] // Proceedings of
the 2013 International Workshop on Pattern Recognition in
Neuroimaging. 2013:190-193.

AUZIAS G,] GLAUNES, COLLIOT O, et al. DISCO:a coher-
ent diffeomorphic framework for brain registration under ex-
haustive sulcal constraints[ C] // Proceedings of International
Conference on Medical Image Computing and Computer-assisted
Intervention. Springer-Verlag,2009:730-738.

JOBARD B,LEFER W. Creating evenly-spaced streamlines of
arbitrary density [C]//Proceedings of Visualization in Scientific
Computing. Heidelberg: Springer, 1997 :43-55.

LIU Z,.MOORHEAD R.GRONER J. An Advanced Evenly-
Spaced Streamline Placement Algorithm[]]. IEEE Transactions
on Visualization and Computer Graphics,2006,12(5):965-972.

MEBARKI A, ALLIEZ P, DEVILLERS O. Farthest point see-
ding for efficient placement of streamlines[ C] // Proceedings of
IEEE Visualization. Washington D C: IEEE Computer Society
Press,2005:479-486.

VERMA V.,KAO D,PANG A. A flow-guided streamline see-
ding strategy[ C]// Proceedings of the Conference on Visualiza-
tion. Los Alamitos: IEEE Computer Society Press, 2000: 163-
170.

COROUGE I.GOUTTARD S,GERIG G. Towards a shape
model of white matter fiber bundles using diffusion tensor MRI
[C1// Proceedings of 2004 2nd IEEE International Symposium
on Biomedical Imaging: Nano to Macro. 2004 ;344-347.

DING Z H,GORE J C, ANDERSON A W. Case study: recon-



OB AR T IR L B v 2R S Y T i B 1) 3 T AL

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

struction, visualization and quantification of neuronal fiber path-
ways[ C]// Proceedings of IEEE Visualization. 2001 :453-456.
BRUN A,PARK H,KNUTSSON H,et al. Coloring of DT-MRI
Fiber Traces Using Laplacian Eigenmaps[ C] // Proceedings of
Lecture Notes in Computer Science. Springer-Verlag,2003:518-
529.

SHENE C K, WANG C L,YU H F,et al. Hierarchical stream-
line bundles[ ]J]. IEEE Transaction on Visualization and Com-
puter Graphics,2012,18(8) :1353-1367.

MCLOUGHLIN T,JONES M W, LARAMEE R S, et al. Simi-
larity Measures for Enhancing Interactive Streamline Seeding
[J]. IEEE Transactions on Visualization and Computer Gra-
phics,2013,19(8):1342-1353.

LU D Y,ZHU D M, WANG Z Q. Streamline Selection Algo-
rithm for Three-Dimensional Flow Fields[ J]. Journal of Com-
puter-Aided Design and Computer Graphics, 2013,25(5) :666-
673.

ESTER M,KRIEGEL H P, SANDER J,et al. A density-based
algorithm for discovering clusters in large spatial databases with
noise[ C] // Proceedings of the Second International Conference
on Knowledge Discovery and Data Mining. AAAI, 1996 226-
231.

MCLOUGHLIN T,JONES M W,LARAMEE R S.,et al. Simi-
larity measures for enhancing interactive streamline seeding[]].
IEEE Transactions on Visualization and Computer Graphics,
2013,19(8):1342-1353.

CHEN C K,YAN S,YU H F,et al. An illustrative visualization
framework for 3d vector fields[ C] // Proceedings of Computer
Graph. Forum,2011:1941-1951.

DONNELL L J O,WESTIN C F,GOLBY A ]. Tract-based
morphometry for white matter group analysis[ J ]. Neurolmage,
2009,45(3) :832-844.

OELTZE S,LEHMANN D J, THEISEL H,et al. Evaluation of
streamline clustering techniques for blood flow data[ R]. Otto-

von-Guericke-Universitdat Magdeburg, Technical Report,2012.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

220300284-7

OELTZE S,LEHMANN D. J,KUHN A,et al. Blood flow clus-
tering and applications in virtual stenting of intracranial aneu-
rysms[ J ]. IEEE Transactions on Visualization and Computer
Graphics,2014,20(5) :686-701.

DAVIES D L,BOULDIN D W. A cluster separation measure
[J]. IEEE Transactions on Pattern Analysis and Machine Intel-
ligence,1979,1(2) :224-227.

DU J, WANG X, HU L J. Technology of nonlinear dimension
reduction and its application in visualization[ J]. Journal of Dong-
hua University(Natural Science),2020,46(4) :675-680.
HELMAN J L, HESSELINK L. Visualizing vector field topolo-
gy in fluid flows[J]. IEEE Computer Graphics and Applica-
tions,1991,11(3) :36-46.

GAN J,LIU Z,LIANG L. Numerical modeling of intrinsically
and extrinsically forced seasonal circulation in the China Seas: A
kinematic study[]]. Journal of Geophysical Research: Oceans,
2016,121(7):4697-4715.

SHI L Y,LARAMEE R,CHEN G N. Integral curve clustering
and simplification for flow visualization: a comparative evalua-
tion[ J]. IEEE Transactions on Visualization and Computer
Graphics,2021,27(3) :1967-1985.

XIONG G Z,HUANG Z B,DAI Z T,et al. A data driven cha-
racteristically filtering method for 3d flow field[]J]. Journal of

Beijing University of Posts and Telecommunications, 2019,

42(6):91-97.

WANG Zhen, born in 1981,Ph.D, associate
professor,is a member of China Computer
Federation. His main research interests
include multi-dimensional reconstruction

and visualization for application in compu-

ted tomography and computer vision.



