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Abstract Scene flow is a 3D motion field between continuous dynamic scenes, which is widely applied in robotics
and autonomous driving tasks. Existing methods ignore the correlation of point cloud points and focus only on the
point-by-point matching relationship between the source point cloud and target point cloud, which is still challenging
to estimate the scene flow accurately at the points with insufficient local feature information, because the matching
relationship depends entirely on the feature information of the point cloud data. Considering the correlation property
of the source point cloud’s local regions, the NCPUM (neighborhood consistency propagation update method) is
proposed to propagate the scene flow from high-confidence points to low-confidence points in local regions, so as to
optimize the scene flow at the points with insufficient local feature information. Specifically, NCPUM consists of two
modules: the confidence prediction module, which predicts the confidence of the source point cloud according to the
priori distribution map of scene flow; the scene flow propagation module, which updates the scene flow of the low
confidence point set based on the local area consistency constraint. We evaluate NCPUM on both challenging
synthetic data from Flyingthing3D and real Lidar scans from KITTI, and experiment results outperform by previous
methods a large margin in accuracy, especially on KITTI dataset, because the neighborhood consistency is more
applicable with the a priori assumptions of real Lidar scans.
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Fig. 1 Visual comparison of the two methods
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Table 2 Statistical Information of Update Points on Flyingthings3D Dataset
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NCPUM 9.73 46.98 53.02 0.003 0.004 0.060 76.1 93.9 30.7
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Fig. 3 Comparison of Flyingthings3D and KITTI on replacement details
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Table 3 Fine Tuning and Testing on KITTI Dataset
®3 7E KITTI BEE LRI
BT R IRES

EPE/m Acc3DS/% Acc3DR/% Outlier3D/%

wioft 0173 276 60.9 64.9
FlowNet3D®  wft 0102  33.6 703 449
NCPUM 0.094  38.6 74.1 37.1

wioft 0069 728 88.8 26.5

PointPWC-Net® wft 0045 827 95.1 253
NCPUM 0.043 875 96.9 243

wioft 0056 755 90.8 242

FLOT"! wft 0029 894 96.8 18.0
NCPUM 0.028  89.9 97.0 17.5

e BRI RN RS R wio FR with/without; ft F/R fine-funing.

3.5 EBRFFEHERENRIT

K2 NCPUM it A& - &P dul — B Al 8 i 47 4 A
(Y, DRI e B A B (R o HE R A R AR
E BB AR RCR A — R, EEAGER LR
] {2 A NCPUM It AL AR 24 21 42 B B2l R

BF, S EEE AN RS RN RS — S
OB AF A b, gl il ke, o
A DR E A B S SR AR RS
M) 1) A% 5 2 42 0158, X HE R DU 4R, SR 4R
B5] Sk P R T f 8 B K, AR ) I — A Gl i A
AL VEAT AL, X 2 NCPUM 72 1k 31) B 92 K09 45
FIE L 09 R R 35 4 %F 2 A EOHE A BB R R 5
& 2 42 YE 47 %) He, NCPUM 7E Flyingthings3D % 48 4
R E R 0.4 B B 05 45 8OR , T AE KITTI 2L
A AR AR B 3.0 B 3k B B U X A Bl
1) 2 53 3¢ 90 76 B0 S 37 o b WAL % 19 29 SR Jin /s,
1% 39 T BT AT LS e B B 22 0 o, DA A Ok B 4 ) 2l
HERUR.
Table 4 NCPUM Tested with Different Radius Threshold
% 4 NCPUM ZEAEFEZHETHNK

BynE AZHME EPE/m Acc3DS/% Acc3DR/% Outlier3D/%
1.0 0.062 752 935 317
Flyingthings3D 0.4 0.060 76.1 93.9 30.7
02 0.060 76.0 93.8 30.7
5.0 0.054 85.8 95.9 24.1
KITTI 3.0 0.043 87.5 96.9 24.3
1.0 0.043 85.0 954 255

TE: RABT RN ERILR.
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