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Visual semantic mapping and positioning of
unmanned vehicle facing underground parking lot

CAO Wenguan, HUANG Xiaoci, SHU Fanglin, SUN Hao, LIU Jingfeng

( Shanghai University of Engineering Science, Shanghai 201620, China)
[ Abstract] For unmanned vehicles to drive in narrow underground parking lots without GPS signals, accurate positioning
capabilities are very important. Traditional vision—based localization methods lead to loss of tracking due to untextured regions,
repetitive structures and changes in appearance. This paper uses visual semantic information to construct a parking lot map and locate
vehicles. Semantic features include road signs, parking lines, speed bumps, etc, which often appear in parking lots. Compared with
traditional features, these semantic features have long —term stability and robustness for their textureless areas and appearance
changes. The research uses monocular cameras to perceive the external environment. With the assistance of IMU ( Inertial
Measurement Unit) and wheel encoders, a method to generate a global semantic map is proposed. This map is used for vehicle
positioning on the centimeter level. The accuracy and recall rate of the system are analyzed and compared with existing methods.

Finally, the practicability of the system is verified through the application of automatic parking.
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Fig. 1 General frame diagram
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Fig. 2 Semantic segmentation network based on DeelLab3
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Fig. 3 Semantic segmentation renderings
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Fig. 4 Local maps
1.3 HAFENELBMRK

HY T 0 P 1 A AR A I ] ) P A% | AR S ok A6
PG ARBRIEER R 22 . W T BT R Al b 14
SCHRE 5 A Y R R AT LR, SRR
VTS 2 AR MU HEATUCAC . 2R 2 AR
b P DT R B 2y, A5 380 2 A Ji 350 b J =2 i) 79 4 o7
25 AR 2K T 2 R AL E AR LA I T
iRz,

TEPEIGIN o 228 AT 4 Rk, TH R R
TR DRFp R i — Bt 7RI E K,y
FORBREAS R T M PR A A7 28, Forp gl & 3 A e e il
r=1[ror,r 1", APPREHERE ¢ = [1,0,0]" . JRiih
WIFEAE 2 80 %, — A2 AR S, 38 o 00 7t ) &
SR 2 AN EL 1Y Jry M B 5 55—~ 2 P ARG 321
Sk, AT LR TR L P B, A AR A 7T 37 S U
AR R
X" = argminz Hf(rHl Sl ST, ,t,) - Zat,t+l H2 +

2 Gty g) =41 (3)

i,jel

Hor, x = [rg g, 0,1 " FORFTA R
RLLE ;s 27, FRDIRRE T R ¢ 5 0 + 1 YA
X% 5 ¢ R R G S 2 R R
Wi 5 Z AR, REAC) THR 2 AR
i P 22 [] R AR o 7 28, IR oo 307 — 20 ik A7 A
fE.

TEXT 22 R L 2 AT AR IR, R B8 ) 4 Ao
LN R B B e — R . XRE, WUE AT — 2
AR, AR BHE B ERCR DA 5

Es5 RERHHERR
Fig. 5 Map effect after processing
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Fig. 6 Unmanned vehicle experimental platform
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Tab. 1 Evaluation results of mapping accuracy

Jrik RMSE Max NEES/ %
R 9.26 19.23 2.52
ORB-SLAM3 6.73 9.45 1.86
AT 4.22 8.34 1.53

F 1, RMSE &¥ 7 RiR2% . NEES )&2H—1k
IR 20V J7 5T RMSE / BKJE
2.3 EEWIE

ARSI GG TR R TR AR R IR AC
TR HLOH S AT . o8 T A SO Y
AT B A R, 7810 423 00 X S T 4 )
AR, 38 2t A SO A A4 Y SE PR S

X A A X AT s P R, SR S Al
FAWE SR A b PR A7 7 67 ASUR A5 r Ry S )
FnE 7 iR,

E7 SSEHENEBHE
Fig. 7 Global map constructed by real vehicles
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Tab. 2  Comparison test results of actual vehicle position and

attitude error

, RS /m W 52 rad
Jrik:
x ¥ z yaw pitch roll
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