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Parallel Point Clouds: Point Clouds Generation and 3D

Model Evolution via Virtual-real Interaction

TIAN Yong-Lin"?> SHEN Yu*? LI Qiang®® WANG Fei-Yue**

Abstract The extraction of 3D information is playing an increasingly important role in intelligent traffic scenes
such as autonomous driving. In order to solve the problems faced by LiDAR sensor such as the high cost and in-
complete coverage of possible scenarios, this paper proposes parallel point clouds and its framework. For parallel
point clouds, virtual point clouds are obtained by building artiflcial scenes. Then 3D models are trained through
computational experiments and tested by parallel execution. The evaluation results are fed back to the data genera-
tion and the training process of 3D models. Through continuous iteration, 3D models can be fully evaluated and up-
dated. Under the framework of Parallel Point Clouds, we take the 3D object detection as an example and build a
point clouds dataset in a closed-loop manner. Without human annotation, it can be used to effectively train the de-
tection model which can achieve the 72% of the performance of model trained with annotated data.
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The framework of parallel point clouds
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(a) The illustration of LIDAR scanning on vertical plane
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(b) The illustration of LIDAR scanning on horizontial plane
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Fig.2  The illustration of LiDAR scanning
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Fig.3 CARLA simulation environment and virtual
LiDAR point clouds
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The visualization of point clouds from

KITTI (left) and ShapeKITTT (right)

Fig.6
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I S E A DR B (BEV AP = 4EA8 0K
(3D AP) LA JEIREE (AOS AP). Fif abs
¥INAZFFH (Intersection over wnion, IoU) 25 0.7
TR R. K 2985 7T ShapeKITTI I Z:H)
PointPillars # R 7E B 52 KITTI % uE4E ERIRCR.
RS2 fE T, [ 7 Adam 4k #28, 78 ShapeKITTI
AL FlgR T 20 %, ¥IE65 > %5 0.003, 3h&
0.9, #it#diE KA 16. PointPillars B4k
JR~F2910.16,0.16,4] . 3£ 315k 1 5T ShapeKITTI
R SECONDAL A AE B 5 KITTI k4
ORIt R, T Adam fRAGES,
TE ShapeKITTIEPEEE LIIZR T 20 #, WIGH2A 2%
59 0.0005, B 0.9, #LEHRE K/NR 16. SECOND
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AR 45 tH 7 E S KITTI #idE 4 Bk AT
ISR B 92 KITTIES RS ERIEAG S5 3. Jm it
e mT DLACEI, FRATTHE H R B5ds 2E i 72, 76T R A
PRI NS T AEIRUR, Horp 5T PointPillars
R g5 4L (3D AP) 7EH SRR Nk 1) 7 HsL 3
P ZRa B 72%, UER T IRATEAE A o A
R

F# 2 ETF ShapeKITTI {1 =4k H hrks 5
(PointPillars) *FHIKEE (%)
Table 2 The average precision of 3D object detector

(PointPillars) based on ShapeKITTI dataset (%)

S FiE hERR W
3D AP (Real) 85.21 75.86 69.21
3D AP (Ours) 71.44 54.39 52.30
BEV AP (Real) 89.79 87.44 84.77
BEV AP (Ours) 82.81 70.44 65.68
AOS AP (Real) 90.63 89.34 88.36
AOS AP (Ours) 84.02 69.65 68.08
# 3 T ShapeKITTI B =4k HF5 K 5 7Y

(SECOND) “F¥JFELE (%)
Table 3 The average precision of 3D object detector
(SECOND) based on ShapeKITTI dataset (%)

PR H fA SRR = &R PRI 2
3D AP (Real) 87.43 76.48 69.10
3D AP (Ours) 59.67 41.18 37.67
BEV AP (Real) 89.52 87.28 83.89
BEV AP (Ours) 73.55 53.37 52.34
AOS AP (Real) 90.49 89.45 88.41
AOS AP (Ours) 75.01 54.72 54.13




12 34 K MR SPAT Rz BESE LN A A i = R A 7 7 2579

4.3  ETHAFRIGH = 4R B LS8

AN B TAT HAT ) B AR ) A AR DA 1
Tt 55 B4R 2B RO TG B PR R, SR Ak BHE A ot 72
T S I = R ARG I AR AR PR RE AL, sEae ) AT
T ShapeKITTI FESE KITTI £854E. H,
B KITTI $da &g AR IR IR, DASRIS BRI/
SZhrIg b I fE . Shape KITTT B # FHAE 11 2%
£2, 5 B AR BRCR VE I RR AN, FRATTKS A Y PR Al 25 R
FVEEE £ R TR S, WEFC T PRR IR B 1) = 4 A
BEAL T

P 4 IR T R T VPR S0 ) = A I A Y 1 R
AT, B 7 R TR R AR BT . AR
WIUE B HE A= I B Go R, BRATHAIA T 10 MK
M) CAD A HEAT Shape KITTT 4 £ 1) #4) 2k
AR AESE s KITTT #edm 4 Ed Tt 4 38, &
IR ILET GO VI 2R A 28 I e 58 BN 6 4 2R AU 42
R, R O AR RO AR Y BE G, % CAD
RS 4 N 2 200 AN, HHULSS =4 H Anka il 2%
FIVERETT R T 5.94% IR, 3T G1 AUl hss 3
KB, AR RS AS TR R A, ik, FRATTIK
PERms, K i WA B -1 RSB ShapeKITTI
B A e S, oot e B EOE A R 2K G2 fE R A
PEREFE =1 1 5.94%. (HIFI B AE Rk 7 X G2, =

40 F

T
oo ||
i A

Kl iA 5

Bl 7 R EOE A o = A T AR A R 1 s e
Fig.7  The influence of point clouds generation on
the 3D detector performance
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Fig.8 The visualization of virtual point clouds under

difierent distance

R4 ETHIARGU =R Rk el e L 72 (%)
Table 4 The evolutionary process of 3D detection model based on the closed-loop feedback (%)

FE AP (i) AP (%) AP (W) G e APHEF

GO 10.64 10.32 10.53 CSPSQER N Sy Al 4 INCADRE Y Fh 2

G1 22.14 16.46 13.98 B AR RSl ih R B CADRE R R~ 6.14 (GO to G1)
G2 32.85 22.40 19.52 SERRBE H AR AR K REEAR I 37 H b 5.94 (G1 to G2)
G3 29.43 26.85 23.51 H Aw s BE A T R R PR T H A e 4.45 (G2 to G3)
G4 38.99 29.74 27.10 ol B 5 AR AR R AT R R A T35 BEAG T 5% H bR B 2.89 (G3 to G4)
a5 39.22 31.04 30.30 — — 2.30 (G4 to G5)
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