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Research progress of vision-based identification and tracking of highway

construction risk targets

LI Shunlong, GUO Yapeng

(School of Transportation Science and Engineering, Harbin Institute of Technology , Harbin 150090, China)

Abstract: The intelligent identification and tracking of risk targets in highway construction process is
the decision-making basis of intelligent management of construction safety and one of the important
contents of intelligent construction. With the rapid development of computer vision technology,
researchers have developed many risk target identification and tracking technologies with computer
vision algorithms that used images or videos as data carriers. This paper systematically reviews the
recent research progress in the field of risk target identification and tracking of intelligent highway
construction based on computer vision. The construction site reconstruction, risk target intelligent
identification and risk target intelligent tracking are classified and elaborated, and the representative
work is reviewed and analyzed. Furthermore, the limitations of current research and the future
development direction are pointed out.

Key words:intelligent highway construction; computervision;risk target;identification and tracking

> I R A 1B i ) TR R I R O, G — B AR ER G A s AR R R TR AR )
A HLIX TG 2 —A E R P42 S0 A ] Lk Kk SR U AL I 2 A A R P
J& o BTSRRI L R S e Y A B R T % 30.2 77 km, Horfr, im0 B LR IE N 1.2 77 kmo W]
Y75 H #1:2023-08-19
E&WH : HXKARB AR T F 4 (51922034)
EZ B 2 (1982—) , B A/REE Tk K2###Z . E-mail:lishunlong@hit.edu.cn




= F+

if

#_

5 T 2 % 39 %

I, 8 BE i AW 1 5 A ) e R — 1R
BHEASAB TREEENAIRES, 2R P EA
BEAT M e JoT 2 AR ) EE AT

ON TR R AR R i i, A
bR A 3 M 2 e A B Y 2 R] AT [R] Y AR SRR
HAVEE A BT EE AU S Y S R A
WP I ANALY) RS BRI 25 2 0 it i
b 044 42 AR B PR AME . AR 4R HEINRICH
ARSI FEECEA TAL NS5 A
GORI RIS e 2t 90% I e FhlUR A1
WAFEHTE T 25 N BAL 2T A TARRE,
PR, ASBIEFE v XUBS: AR 9 SO < 5 s A\ BUAE G
R IR, AR Al A D I s
U G A AN S o BE A R T Bk U
AR A I 2 R W JHG 222 4 XU ok 3] dc 11, ol E
e R PR b PR UEHE A S S b ) I8 8

JRURS: H b 9 B 25 bR 285 A0 B0 5 by g A A
GUE SRR XU, H AR e B, X428 KUK B AR A T
N LA s APEAS , 3R e 7E v I 2 B AT M e i
eI, 22 i 1 U H AR R 285 40 2R IBCIR M 1Y JRy
AT, AEL 3 A B T N 0 7 B A TR U SR IBUROR I
PEAG PR AR O XU g 55 1), 2 A3 )
TABBE BRI M N TEER T BB 5 B AR Y
K, SR E AL H R (real time location system,
RTLS) #% )12 1 FAE RS, B AR 9 BE R 5 R Sl
VE R AR 4 fil X RTLS Ho AR (9 —Ffr , #0058 A% R AR [
FUEDOIAE R AR R e 1 B A% R P Bl B
g A s U, [RI, BE TR AR Y
PR &, B N AMIT ST KR T VR 2 LU TR LA
B AEEAAR Bl TSI R AR AR 0 KU H AR
PR S IR ERHOR

TEA B8 T ARG Gt , FIHIHSEALL 58 8 e 5
0 R A% SR 5 AJ IR IXURS: H A 1 (BT a8 4
WRHEAT A3 A, AT AR B XS B A B B 2R A s A
[ETR 7NN Qg 151 R A o =S NN 1 e A B K P SN b e e
15 B e Hhn 25 5455 . AR X 5 71158
BLALE 1 2 B B e DXURS: H s 118 i 2 PR 285 3R
BOR AT Z2 G 1] BRI 3L, X A 32 37 1, 1) AL o o0
At RS H A Y B TR XU B A ) R % 11 32 4 25 A
AR HEAT BGG , IF X Hh ARR I TAEBE T
WA, JT4 I Y EE TR 0 2 B Al

i XU b R - BRBER A 5 A7 A 1 Jay FRAT AR R 1Y
K JETT I o

1 ETHENARHNRZEZMmERE

7 I 3 i A b ) R L R e A A
FARAR R RCE A A AL R — A B R A A
FAESS BOR HESS  Hom s e oG 2, T it
LA 1) 3 b F A 5 T R S A 1Y) % A A TR
FEPE AT SR TR | R B T[] 71 37 b AL K
P AR, DT Sy 7 b o AR T B S
1.1 EiEpih IR ERE

AT ) SR ek )2 S s Sy, A B A
15 7 i o A AR R . AR ORI 1 4 Ml 1Y
TR RIATIR AR Z — R 1 R ) PR B
WUZE 25 551 5 e 08 P ) el i S otk A7 A%, (H2:
XA A = H A B A R . BE T AR
(1) 5 &, LA £ A AT WLOGERAR Sk (AR 2S TE AHL R
G xS S AT 2R R R 2 oKk EUR PR
— K E PRI e R G R RIS A
AR AR Z — . BANG 40T T 3T RUG PrEZ
FOAR B 1 by AR e R e, DL A
G AE B R F 5, B T A7 M ABSA  o R OC
Mot B ) O 3, S 1A T R PR R )
HRUR

1850 1) Z2 EMER D 75 2860 T A AR 47 PR R
DT HC AR S G B AR 28 (R B, H TC A HLAE S 3
BG4 28 19 GPS % IR 2% RN 8 AR IR AR 2310 SR 3K
S R AR X 23 )7 B RS AE B i AR S B
GERER OGS AN R A B ) B R 2= iR 8 E
Ko EXFIZMI, GUO FE Rk FTC AMLES T3 b 4]
AR BT I AR AR BRI SME B 4 T 215 Bk
G 1 22 R L AE 7 i, Rk e {48
LA, X b v R bR A RS E A R RS Bl 7 A
1) IS N AT T A LR . W 1 R 07
(1) F 2L AR : O MRYE T AN RS 12 0 R G FES
R YR B R AR B, TR 2 BRI A X 25
() 457 ' 5 ) R AIE DX 3 B R DX S AR iR $R B S5 DT L
AR HH R I8 T 5 ) B 1 A A2 4 B 5 (B) R P e
FESE G X PR LF 0 GG AT Rl& AT BR AR
B B B SE RN



VAT R B AR 89 AL SR SRR R

: SRESE ey
@%F@Mﬁ@ﬁ%ﬂﬁkﬂﬁﬁﬁ

E1 AT RAMA AN 09 3 0 — At £ 4
ER
Fig. 1 Two-dimensional visual reconstruction of construction

sites based on unmanned aerial vehicle and computer vision
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Fig. 2 Stages of three-dimensional visual reconstruction of

construction sites
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Fig. 5 Lightweight risk target pose identification model
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Fig. 6 Tracking framework of risk target translation, size change and rotation motion
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dimensional size and trajectory
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