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Display-oriented Data Visualization Technique for Large-scale Geographic Vector Data

MA Meng-yu, WU Ye,CHEN Luo,WU Jiang-jiang, LI Jun and JING Ning

College of Electronic Science and Technology,National University of Defense Technology,Changsha 410073, China
Abstract Rapid visualization of large-scale geographic vector data remains a challenging problem in geographic information scien-
ce. In existing visualization methods. the computational scales expand rapidly with data volumes,leading to the result that it is dif-
ficult to provide real-time visualization for large-scale geographic vector data, though parallel acceleration technologies are adop-
ted. This paper presents a display-oriented data visualization method for large-scale geographic vector data. Different from tradi-
tional methods,the core task of the display-oriented method is to determine the pixel range according to the screen display and
then calculate the value of each pixel in the range. As the number of pixels for display is stable,the display-oriented data visualiza-
tion method is less sensitive to data volumes and can be used to provide real-time data visualization for large-scale geographic vec-
tor data. Experiments show that our approach is capable of handling 100-million-scale geographic vector data.
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Fig. 1 Data-oriented geographic vector data visualization
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Fig.2 Display-oriented geographic vector data visualization
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Table 1 Performance of HiBuffer and other methods

Algorithm . 40 9?7 .208 O§7 .597 8?9 2.1898.508
linestrings  linestrings  linestrings  linestrings

Parallel Method1'"! 9.0s 38.8s 332.3s Failed

Parallel Method 2 15. 45 128.2s 936.9s Failed

Parallel Method 312] 12.3s 75.55 661.9s Failed

Parallel Method 411% 17.2s 220.8s  2813.4s  Failed

PostGIS 34.9s 295.8s 2380.2s Failed

QGIS 129s 2788 s Failed Failed

ArcGIS 139s 2365s Failed Failed
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Fig. 3 Tile-pyramid structure

3 BRESEEARULTIE

T 171 3. 75 e 1) 3150 ) 3t R O 4 B 3R A 45 1 T AL
BORBY RN 7R 5 1 2L T A% Ml B Ok AT AL B AL R AR
0% AR P R R R A WOR L NI R H AU R T
THIES M ERIBERRNE RN B HEMERSIA T
R RN SR BIURZ MR PE AT . R WA —Fhzs
VEa) 5 473 i B0 AR DR AR 95 4 T g T 2 T 0 A B L Ak
Z X R W HEAT 1 58 o0 19 et , (6 i 2 T R OB 19 25 ] £
T o 47 TR AE £ 9 IR T 4B 2 I AR A TR AT A . B T
AR R MR GIN H B b f T 2V 3,

AR SO M FRL R SR AL 4 B 18 07 A EAT A 8L i
SRR R R A R R 25 MR 51, T30 2R
AT AAL A . X T RE R IR RN R WP R —
MW RGXTLER B TEMRERE W h 2 LBAUN,
A SO AR BAE g R — A i 0 TR R, s

PR R R SR B TR R A AR DR, A SO T R
MR R WREL BRI HER NI RLBAERNR
W5 5 I IsLevel AR R BB AT T o 4l 55 R 5|
A At B A 1T B 2% 19 /A TR A1 A2 HE (Minimum Bounding Rec-
tangle, MBR) . 1 T i T 4 B A0 b 2 20 R A ] e 4l B
R AR b A A 0 2 ) R T o O A i s TR 2 O, Ay sk
B AL IR 51 & RGN AE A SO B R R
HFE AR bk B 1) 25 H) R 5| A7 % R N A WS SO Ol S o A
S5 I 2k 23 AR 5 | #EAT U5 1)

------------- Raw Data Data M
Node of RtreeP
® (xy) point(x,y) Other Attributes
() Node of Rireel.
(r202) segment(xy,y1,X2,))
1D |Other Attributes
segment(xy, )2, X3, D
) gment(x, . X3,3)

Node of RtreeE
2); { egment(erynx,y [ sLevel ID |

[segment(xy, 1, x5, y2)IsLevel [ ID |

|se gment(xq, Ve, X7, y7)| IsLevel | ID

Other Attributes

Node of RtreeMBR
| box(minx, miny, maxx, maxy) | D r

P4 s ) 2 3 B Ok Ak e A B 2 4R

Fig. 4 Data organization of display-oriented visualization
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Input:Pixel P,zoom level Z,radius N (pixels) ,Rtree (RtreeP,Rtreel.

or RtreeE)
Output: True or False (whether P is within R from points, linestrings,

or polygon boundaries)

1. R<-N* RESOLUSION(Z)
2.r<R*v2/2
3. InnerBox <= box(P. x—r,P. y—r,P. x+r,P. y+r)
4. Tmp < satisly Rtree. intersect(InnerBox). limit(1)
5.if Tmp is not null then return True
6. else
7.  OuterBox < box(P. x—R.P.y—R.P.x+R,P.y+R)
8.  Tmp < satisly Rtree. intersect(OuterBox). nearest(P)
9. if Tmp is not null & & distance( Tmp,P) <<R then return True

10. return False
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Input:Pixel P,RtreeE and RtreeMBR
Output: True or False (whether P is in polygons)
1. TmpMBR < satisly RtreeMBR. intersect(P)
2. sort(TmpMBR) — — Smaller x span polygon ranks ahead.
3. for v € TmpMBR do
4. EdgeCount<-0
vMinx<-v. Box. minx, vMaxx<-v. Box. maxx
if P. x—vMinx<vMaxx—P. x then
QuerySegment<—segment(vMinx.P. y.P. x,P. y)

else

© oo ~N o Wl

QuerySegment<—segment(P. x,P. y,vMaxx,P. y)
10. TmpS<satisfy RtreeE. intersect(QuerySegment)
11. for s€ TmpS do

12. if (s. ID==v.ID) &.&. (not s. IsLevel) then
13. EdgeCount+ +
14. if EdgeCount is odd then return True

15. return False
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Fig. 6 Architecture of display-oriented visualization
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Table 2 Experimental environments

Item Description
CPU 32cores * 2, Intel(R) Xeon(R)E5-4620@2, 60 GHz
Memory 256 GB

Operating System Centos 7

#3 LR HEE 1

Table 3 Experimental datasets 1
Dataset Abbr Type Records Size
20258450
China points P1 Point 20258450 R
points
. . . 163171928
China roads L1 Linestring 21898508
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edges
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Table 4 Experimental datasets 2

Dataset Abbr Type Records Size
OSM postal code X . _ 65334342
X D1 Linestring 171226
areas boundaries segments
OSM boundaries of . X 1800980
D2 Linestring 193076
cemetery areas segments
OSM sporting . . 18969047
A D3 Linestring 1767137
areas boundaries segments
OSM water areas . X 376208235
. D4 Linestring 8419324
boundaries segments
OSM parks or green B . . 454636308
) D5 Linestring 9961896
areas boundaries segments
OSM roads . R N 717048198
D6 Linestring 72339945
and streets segments
OSM all lines . . 1578947752
D7 Linestring 106269321
on the planet segments
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