B A1
2019 4F 1 A

VRGN S S I S

Geomatics and Information Science of Wuhan University

Vol. 44 No. 1
Jan. 2019

DOI:10. 13203/. whugis20170146 El#
i

XEHE.1671-8860(2019)01-0139-06

R 25 bR I

o+ R

FLE?

GE 37N

1 RBUR 2 DN 22 38 S 8 7 e o S %2 W IE I, 430079
2 BB A I 25 J i B RE AR B AR 5 A ORI SE P L 5. 430079

H EAAEHERBLEZ . ZARTRETH S AAFREENERIIZ, A B ARRIEZ F IR TR
TAHERGXE . AZGRTHFTELGMAESL, MILTHR . ZHRLEZRBEEIELSATARZS
WRAEFFEHTAMN AT Z RN TARABRSE T, AATRASERARFRZIELY BAFRIZER,
A S A TR S E SR PR LA B e R B R PR — A R B LR IF L R A B AR 69 Beak SR 5 kL
FRBEREA LB IR, S T2 AL AR BBAFLMNGEERE, ZA2C22 AIBHZ
HHERBA A ERAEF ERIERN  ZEFEATRTRAD T LHASHMBASTR. i

# A8 58 ms,

KB . DESAAFRE ML EF; FTREER R TR A B 3%

hE S ES P237.3 MRS A

WS 5 T B A HARRER X T B 32
FEARM R XELE, BRERSE RN F—H
B o A A B 3% S F- 1 B9 B0 0T 100 H AR Yz 3l
A R R AL Y 7 B e S Cln i LB LR
S5 #RHORE T XS 3z 3l B AR 0 5 BRI X R
e S AN IRUR S N SR, & (7 YN ]
28 NiNN I E N N (SR G RS (a3 S
SHE YT W 2 H AR 5 R R a5 H A
BLACH AL ZLAMAEBL O 35 L 2 K A
SEL AR 2 s A = A 2 B I R AR R e A
FER R AL BT HOG A = 0 HARR I 5 B B AP
JLA 2 T RIS

H s R B 5 F 20T 43 2 KA H bR iR
BEUTORRE E SR H AR BR B RIS, 2R H
PRIRER K i H SR BB AR s EAGERNE
PrAS DN 235 25, 4 26 AL H AR BR R )RR 1 H AR R
i, P B PR IERIEE KO B SR AL 5 R
PR AT 1 A = AT SE ik B bR PUIATE SR A7
EARZ 8., AR5 40 2R3 5 5 2%, mT iR )
1) EH ARSI R, 25 5 SO0 IR i — 2 R R
M E AR . O T ORIE TG N 75 B A TE R N 3 R
MRS EAT B A SCR 3 — 8%

YR HE.2017-12-03

FEMNCEEN TIRZ HAREERE. B
Z B A R A R R ) A AT Ak Ry H AR A
Bl SR LA S B bR AL TR 3 A ), (55
(9 bR B SR FH SE R I S R R Y APk R R R
W o R R Y A A5 1 RE VA 5 2 st A D H
Bro SR i 2 HOHls PR30 6 52 0 4 sl 0 A0 7
A FZ W B o EV R R ) HAR R B
25 R A AR EE .

F 5% 41 3 B 15 (nearest neighbor, NN) FlI
XA HE 3 ¥ (joint probabilistic data associa-
tion, JPDA)!, H A 8 4 T B8 DG 6 U
BT R R SS AR B R . AR 2 53 VE TR Bl R I
AR TR IR P 5R, B 7R R AR £ H AR WL 25
SRR O DG TR e S AT R 2 R R A
e BRI 25 R B . SCERC17-18 W T —
i Z B b AR B IR B 5 2 Cmultiple hypothesis
tracking, MHT) . %5815 0 AN 2 15 T A0 2 1B
B IF PR B AR B AE IR Y B AR AT 8 B UL
{B . SCHRL19 I A FH 15 R AT R 4 52 R s e
(Markov Chain Monte Carlo, MCMC) % 5 # 4
SRt B L 2 B AR IR ER 245 R . MHT F1 MC-
MC B RETE— € RE L 22 A# H bn 55 451 R 1Y A 1

TIE @B F K A RB I A (4167144 1) s F K [ R BF 34 8 50 H (41531177)

F—AEE R LB A . BB S 4w B AL B R RE S

BWAEE . Z0E 4 H K. lee@whu. edu. en

ARG M. ytye@whu. edu. cn



140 W S [

20194 1 H

M H O R K N T = A A
BLOBCRTREICAII N, HIL, SCERL20 14 5 = 5%
T A% SCk [21-22 2k HTIR B B B KL X
PARIE AR 1z 1 .

AR M — i T SRR B bR A
Bk, WA F %2 Velodyne HDL-32E 0t 45 =
B | TE IR TR 4 R AR I TR AR SO 1 A A
TR 28 R R S PRI ] 50

1 ZAHRRNEREEZX

L1 RERFIER

5 I 31 TR SR R W AN (] 5 AR SORE BR R 2 R AE
JeB MR L 5 — I 2R B AR SCHK 3 9 H bR
R 0 PR A R A B A A O BBk A Y Ak LA 0 AN
SEVER SO PR T ROERCR . A8 B b 7R
[F] Pk SR FH P4 20 B 2R 2645 2 H AR s AR D o
BRER (G B R FAp i = IR S BRI AR A8 =
W 1 Frs s A H AR BRERACR HB L 3h 2 B AR
SMUFIEAE AR a2 S BOR i Sk s ig . X T
C e E BRER 1) B » B0 G52 Bl 3 78 T — Wi,
B 1 TE A B A A RO 8 AR A B H s
FTERER . B IE RN 5t b & h BUB H AR 8 H Ariz
Sy BN L TR ST H A s 00 45 BR
RFPHAT . AEE B AT H S R AT R,
SR SR T 5 0 AR SR TR —Fh
E BRI ) 7 s Ui &5 — BEif [a] 9 H AR B R 25
RS AE B e U A AR N R H bR ax T
h—Fp e s I Oy 2. WOy S R E 1 BT
ARG RE 2k 252 BB 0L 1) F s » 3R] LAAE 37 5t
Rwr it B B AR . 78 =4 i = PR R HAin 2R
VR P = 2 225 ] S8 3% AR JLRE I . PRt L AR S
R Fl— P56 T i 2 RRAE R BEAY LRSS 00 58k i A7
T

-5
b

K1 R T BOtA = i 3h 8 B ar iR ER R
Fig.1 A View of Multiple Objects Detection and

Tracking Results Under Urban Environment
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Fig. 2 Flow Chart of Tracking Circle
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Fig. 3 Selection Results of Feature Segments
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Fig. 4 Fitting the Cluster into Box Model Using IEPF
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Tab.1 Information of Datasets
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Tab. 2 Tracking Evaluation
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Fig. 6 Efficiency Analysis of Two Algorithms
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Fast Object Detection and Tracking in Laser Data for Autonomous Driving

YE Yutong' LI Bijun'? FU Liming'
1 State Key Laboratoy of Information Engineering in Surveying, Mapping and Remote Sensing,
Wuhan University, Wuhan 430079, China
2 Engineering Research Center for Spatio-Temporal Data Smart Acquisition and Application,

Ministry of Education, Wuhan University, Wuhan 430079, China

Abstract. A fast algorithm to detecting and tracking multiple objects for an urban driving environment
in multi-layer laser data is proposed in this paper. Since situational awareness is crucial for autono-
mous driving in complicate urban environments and challenging in 3D city perception. Object detection
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A Dynamic Healthy-Route Search Algorithm and System Realization

XU Zheng' ZOU Bin' ZHENG Zhong' PU Qiang' YANG Zhonglin® SUN Guoging*

1 School of Geosciences and Info-physics, Central South University, Changsha 410083, China

2 Hunan Provincial Communication Planning and Survey, Changsha 410008, China

Abstract: In order to reduce the public air pollution exposure risk at daily comminuting time, a dy-
namic healthy-route searching algorithm (DHRSA) is proposed and consequently a healthy-route
searching system is developed in this paper. The system can be applied to search the healthy-route dy-
namically, by integrating the land use regression air concentration mapping model, the exposure risk
weight estimated model and the Dijkstra searching method. Through the case study of random tests
for vehicle in the Changsha urban agglomeration area, results show that the potential population expo-
sure risk can be reduced significantly through healthy-routes comparing to the shortest routes and the
least travel time routes, which indicates the reliability and practical value of DHRSA and the healthy-
route searching system.

Key words: healthy travel; route planning; air pollution; risk assessment; Dijkstra algorithm
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and tracking with cameras or laser has become a popular research topic. Compared with camera,
multi-layer laser data is more suitable to estimate 3D model of object and predict motion. So 3D Li-
DAR is widely used in autonomous driving system. Model-based object tracking framework used in
this paper relies on Kalman filter. We extract segmentation in each layer before clustering, which ac-
celerates our detection step. Considering sub-segmentation and super-segmentation happens from time
to time in object detection using sparse laser data, we associate the tracking history information with
segmentation processing in a fast way. The proposed algorithm in this paper has been applied to the
multi-layer laser set up on our autonomous driving vehicle. Experiments demonstrate the applicability and
efficiency of our proposed algorithm under urban driving environment. On average, single frame processing
takes 58 ms.

Key words: moving object tracking; point cloud; Kalman filter; urban environment; autonomous driving
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