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Vehicle spatial morphology estimation in road scene

under monocular camera

WANG Wei, TANG Xin-yao, ZHAO Chun-hui, LI Ying, CUI Hua
(School of Information Engineering, Chang’an University, Xi’an 710064, Shaanxi, China)

Abstract: Due to the limitation of projective geometry, it was difficult for monocular camera to
obtain accurate 3D point cloud and scale for the three-dimensional structure of the object. To
solve this problem, a method of vehicle spatial morphology estimation based on monocular traffic
camera was proposed. Firstly, an automatic calibration model of the road scene was established to
obtain the 3D-2D projection mapping and scale information. Based on the “diamond space”

method, the horizon line of the scene could be accurately obtained by vehicle trajectories and
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edges. Then, the geometric model of the vehicle spatial morphology could be jointly constructed
with calibration information and vanishing point constraints. Secondly, the projection constraints
of the vehicle were extracted from the image, including sequences of vehicle contour constraints
and vehicle edge constraints. Based on these constraints, the error constraint function could be
derived to estimate the projection errors of the vehicle spatial morphology. Finally, according to
the initial vehicle recognition results and prior information, the parameter constraint space could
be iteratively optimized according to the error constraint function, and the accurate vehicle spatial
morphology information could be obtained. The experiments were validated on the public dataset
BrnoCompSpeed and videos were collected from actual roads. The proposed method was also
compared with similar methods. The results show that the proposed method is strongly adaptive
to various road scenes with an accuracy of more than 94% for 3D vehicle size estimation, which
requires few prior conditions. In the meanwhile, real-time vehicle spatial position and deflection
angle relative to the road plane can be estimated with a comprehensive accuracy of more than 92 %
for vehicle spatial morphology estimation and a process speed of less than 0. 5 seconds for a single
frame with several vehicles. Moreover, compared with existing methods, the proposed method is
more suitable for vehicle spatial morphology estimation by using surveillance cameras in road
scenes. 8 tabs, 10 figs, 35 refs.
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Fig.1 Schematic of camera spatial model in road scene
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Fig. 2 Instance of acquisition of horizon lines in road scenes
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Fig.5 Schematic of contour constraint error
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3001 700
600
& fi& 500
g 200 g w00l
= 100 &
K K 200f
- 100}
0 2IO . 4IO 6I0 8I0 0 2IO 4|0 6IO 8I0 l(I)O 0 SIO I(I)O 1:"0 2(I)0
AR KB AR KH LRI
(a) 1 (b) F 52 (c) ZEim3
&7 Zymias )ik AR iR 2
Fig. 7 Tlterative errors in constraint space
F1 BRBEEWFMRERTER x2 FEWISBZTEHERRAUERRREE
Tab. 1 Outline size range of various types of vehicles m Tab. 2 Iterative optimization results and errors of
20 RS K i = vehicle 1 parameter space
JNI AR 4 3.6~4.4 1.5~1.7 1.3~1.5 HERWE| [/m | w,/m | hy/m Cuy yvp) u, |RE/MBE
R R A 4 4.3~5.2 1.7~2.0 1.4~1.8 1 3.73 | 1.72 | 1.30 (982,815) 157 375
: 2 3.69 | 1.71 | 1.32 (989,820) 149 365
NG TEW) 6.2~12.5 1.9~2.4 1.8~2.7 3 3.72 | 1.71 | 1.36 | (985,820) | 138 357
W (EH) 12.5~18.5 2.4~2.8 2.4~2.7
%H%‘éﬁﬁﬂ@?‘ﬁﬂﬁ,ﬁﬂ%ﬁ 150 Ykzﬁ*ﬁrgiﬁuﬁé 75 3.91 | 1.68 | 1.42 (987,820) 136 102

AT 6 T /N A S G4 T B, I B 7RO
WG AR AT L T R b T A 4 A = TR
B2 Al 587 ¥ FE B/ T 500 ms, o ¥OKE B
i 94%,

X [] — A3 7 23 6]y 9] v 4y

R SEUTINV [ 1<<i<<n} A 2K LRI il
2 I ER 2D 25 4R BOHORS 0 19 e A i
) TE A Al 125 51 L gl & I ) 2 85008 30 1 o ok 22
B FE AR BB 8 Sy Xt A — 54 5 5 14 43 ) I

BRBEER



I BFEAMLTERTEMEZRABESEE 107
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Tab.3 Iterative optimization results and errors of

vehicle 2 parameter space

J‘%ﬁ]ﬁ\& Zv/m wv/m hy/m (u17"01) Uy ﬁ%/{%?}
1 3.72 | 1.72 | 1.32 | (1012,846) | 129 267
2 3.79 | 1.73 | 1.39 | (1 009,849) | 131 213
3 3.88 | 1.78 | 1.46 | (1 006,849) | 136 207
87 4,80 | 1.82 | 1.72 | (1 011,849) | 142 89

x4 EWMIBHZTEERBULERRIRE
Tab. 4 Iterative optimization results and errors of

vehicle 3 parameter space

WARWE| L/m | w/m | hy/m Cuy 5vp) uy |RE/MBRE
1 6.88 | 2.63 | 2.11 | (1 009,818) | 134 671
2 6.94 | 2.62 | 2.26 | (1012,819) | 136 513
3 7.72 | 2.58 | 2.39 | (1015,819) | 141 457

196 9.69 | 2.34 | 2.65 | (1039,821) | 161 192

RS ABRERRLTARTERRE

Tab.5 Final spatial shape values and errors of

experimental vehicles

A X
/N

ZER 1) 3.91 | 1.68 | 1.42 | (3.53,37.76,0) | 15.1 5.3

4 | L/m | we/m | hy/m Pi/m 6./

A2 4.80 | 1.82 | 1.72 | (6.45,36.44,0) | 16.2 4.1
EAH 3 9.69 | 2.34 | 2.65 [(10.32,37.72,0)| 14.7 9.7

B8 A A S DY A Al T R

Fig. 8 Estimation and optimization results of

vehicle spatial morphology in sequences

R T ik 20 WA SO A O A B X S

BRi7 5 EAT 1 Bk, 7Y 42 T PR B A 4R Sk

KA W PECHE , i 9 FroR. RIS 1.1 i

FIARBIL AR 2 7 1% 3R A3 3 55 0 bk 8 2 80 S A%
P 3R 6 FiR .

X TS bR e 2 A RVECH WA R AT T

IR, Go it o R B 2 94 %0 L FE 24 SE R 3

(b) SEFRIZF2

B9 Sibrig st
Fig. 9 Actual scenes
F6 IRBHEANRELRRIRHIER
Tab. 6 Automatic calibration results and projection

matrix of actual scenes

w8 |e/Olh/m BV P
5 749,81 0 0 0 N
1 |5749.81(4.20|7.88 0 —420.86 —5.73X10% 4.52X107
0 0.997 —0.073 576.79 |
1853.22 0 0 0 7
2 |1 853.22(12.247.95 0 —3.92X102 —1.81X10° 1.44X107
0 0.977 —0.212 1.69X10° |

HLSERR R AR B 3 Fif ML T 2R R A A s 42, SUV 2y
LA A ML R LRI P i 10 fros, X F
B w0 SUV A5 /N A A 50 S5 350 v o A 43 I 38 23
UIRABTE e ST DO I /AN K B SN O (R -3
BB SRR T 58 B RS AR A AT
B4R L ) B 2 SR s [ /N o PRIt 3R AT T R
ARG AL R I 7.

Xf HE BRAT SRR Sk 8 P L SOk 16 by
5 W T UM K BT 200 DA 0 S I e vy (HL
AT AR 23 (A 25 S 8D L R AR 2 S b
SE BN BEAS R AR 5 SCHR (20 TR 7 i ARUAIDRS B2
L mT RO 4 25 () 25 5 80 2 - (R L AL 310 B0
HRE LW s AT S e R 22 5 SCik [ 22 ]
7 T R 19 2% [0 U5 H B 2 18] 2 80 SE i 1
— e [ I A S A Y 3D AR T I 2 B S B B E .
ARICTT IR AR ARAT B G B SR T L nT R B
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(2) ERRGRFE=ZFMEE

(b) ELhRZRSUV=4Eft &

(c) KB IRARE=ZMefh

P10 SCbr b4 3D Al R s

Fig. 10 Instance of 3D vehicle estimation in actual scenes

T IRBHEERIRRIHELERRANRE
Tab.7 Estimated results and relative errors of actual

vehicle size in actual scenes

K ] 3D RH 3t /em X IR/ %
A (425,163,140) 2.6
suv (524,196.,185) 3.8
N (1 235,250,306) 5.1

®8 ANHESHME XM
Tab.8 Comparisons of algorithm in this paper with

other algorithms

b | Seu | TTRBIM A RTES S B 3D R
B (K S il w07 1] | 22 1) i | REA /s [REE/ %6

JL A K45 " y »
— i 2 N VAR BV 0.2 83.7
Mo fh
—— x| X | J J 4.2 94.6
AT E ]
JURTATREE 24| | J X 2.3 93.7
HikA
RIS (B X | N N/ 0.5 94.2

F S5 B TS e 2 4 1 2 B 5 15
4 & iE

(L3 o a6 0k » AR SCHRE ) 25 T B 22 i A
B2 50 25 (8] JE 25 A 3 530 ik » 72 28 T Bl B e S Bl
SR AR I MR T L 3 T 22 2R 0 AR = R R 2
PRI BORT TRar A2 2R . AR BL B BT
OGBS T ahbr € - 1l | 3h 38 BOH BL ) A5 € 15
BREG S R RER R O 75T 5
R T8 B 37 5T 4 025 6] B 25 LA 29 RO AR L 3%
Y ] RS E L A RO A 4R 3D g gk W B
6] 037 8 e i 5% 1 55 BEASR BE R2 1 R BR B 56 25 O %F
Xt 2D-3D KA B AR B AR K - AR S0 i 4 A a7

W 25 2 T0R 1R BB JLAT 293 1 25 2 8] BE AT
BEARILAL AU A RO S 440 3D 5 B IR T R
o A s AR S A T RS

(2) B A T 8 rb AN AU AL 35 e i B3 4 5 1) 24
SR LA AE X R 254 B AP A X o7 2 24 TR A L
B 2R R 20 MY 5 2R T L IR R i A
PUBIRG BE 75 R ok AT vh AT DA JE A I 2 23R
[ A AL B 2D AR PR 5 CEE Ul o e
FAGE B R4 AR SRR R 028 L fE
% 45 /N0 4 2 B s 18] 4 e AU AR AR S RCR L B
B RBEF T 1 AR I 2175 1R T Aok B2 AR IR0
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