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The semantic segmentation algorithm for large scene
point cloud based on attention gating mechanism
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Abstract : Semantic segmentation for outdoor large-scale point cloud has become a key technology for 3D scene under-
standing and environmental awareness and is widely used in fields such as autonomic driving, intelligent robotic and
augmented reality (AR). However,laser point clouds of large scenes are characterized by multi-targets, complex geo-
metrical structures,and large variations in the scales of different features, making the segmentation performance on
sparse point clouds of small targets (e. g. ,pedestrians, motorcycles, etc. ) low. To address the above problems,an out-
door point cloud semantic segmentation algorithm incorporating an attentive gating mechanism is proposed in this pa-
per. An attentive Gating Unit based on attention mechanism and multi-scale feature fusion method is designed to im-

prove the expression of fine-grained features of laser point clouds and significantly reduce the information loss during
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the random downsampling process, thus enhancing the feature extraction performance for weak targets. At the same

time , anaverage pooling unit based on shared MLP is designed to further simplify the self-attention local feature aggre-

gation module, which effectively accelerates the network convergence speed and can efficiently realize the semantic

segmentation of point clouds in large scenes. The experiments on outdoor driving dataset semanticKITTI show that the

convergence speed is increased by 48.3 % ,and the mean intersection-over-Union ( mloU) of all classes is improved-

from 53.9 % to 54.5 % ,an increase of 0.6 % ,compared with the literature RandLA-Net. Especially, the Intersec-

tion-over-Union (ToU) of small-scale class is significantlyimproved , for example ,the ToU score of person and motorcy-

cle are increased by 0.8 % and 5.4 % ,respectively.

Keywords : large-scale point cloud ; semantic segmentation ; random sampling; average pooling unit ; attentive gating u-

nit ;multi-scale feature fusion
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Fig. 1 The illustration of local feature aggregation and random sampling
2.1 F3 it 2 7T (Average Pooling Unit)
B AR ZIEAY (N x (3 +d,,)) it
MR (Nxd,,) N ERz TR, 4, 2
MAR TR E AL, d,, 2% R RS 1 38




WOt 5 44 No.1l 2023 T OFES AEEEIINEISIN R 8 o U 1787
HEHGIE 2 iR, S P o= {ppop) , B 7= @S #(AUTONUM\ * Arabic)

i Bk a3 8] 4 iS5 B ( Local spatial encoding, LocSE)
2] s R ERAS U RHAE , FH T s A i =
AL | 2250 38 58 5 1) 5 = 18 SCRFIE R A X ME
ALK LR (Average Pooling) , 3R & 451> ki 1 J& & 45
AT AR S E F = (e o 1 o
2.1.1 By B = 18] 45 A4 ( Local spatial encoding,
LocSE)

H ] KNN S5 2055 1 bl p, B4R
SYEARBR Ap! e ophepkYC R RAFAE LF - f A C

, B R4S (] 4 B A B X6k 5 2 140 25 ) o7 O R
BEAT Gt , Bt 1) 25 TR RR AR 5 7 SCHRRALE
W ABIARAE LA P AR e R

It as Al B AR .
i =mlp((p, ®pi @ (p; - p: pi—pilDs

W) #( AUTONUM\ # Arabic)
TR IE SRR «

Local Spatial Encoding (LOcSE)

Hoefr) (pr = pl) AR 5 rbss B AT AR s
Ip, = phIl 4RI A S L s R LR SR B W
L Z RN ] 25 2 SH DR FRIE I AR A 5
rf, ;e R
2.1.2  ¥{AAAuHE 3 (Average Pooling)
BRI A S REAE e S S iR IE
H(K x2d,)), BHSATHEA, SRR —
N2 )JZBANLE , i’%fﬁﬂﬂﬂ:@%&%éﬁﬁ )G i
aob— AN 2 R R i L E L, 75 2 P
MG SR £ K RIER A (1 x d,,) -
at = bn(mlp(ﬁ,W) )#( AUTONUM\ * Arabic)
fi = mlp(fz 4 al ,W)#( AUTONUM\ # Arabic)

Hr, mlp RILZ [ Z 2N W o nl 22 2] 28K,
bn FHA— LA FE, of € R f, e R™ d,, Wi
HEE R

Average Pooling

(K.3) Position ~p Aggregated
™3) encoding {f,» } f featrues
ML g
Input point : — > Shared =
features — M “MLp -Hld:} >
= T () K2dy)  (K2dy) (dod = (4,
Nd.) (1,3+d;)
o (N,3+d;,) (K,3+d;,) (K.d;y)
K2 PR

Fig. 2 Average Pooling Unit
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Tab. 2 Quantitative results of different approaches on SemanticKITTI""’
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Fig. 6 Qualitative results of gRandLA-Net
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Tab. 3 The training epoch and meanloU score

of ablated networks
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Network Pooling Gating Epoch e
. . %
Unit Unit
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Tab. 4 ToU score ofsome small objects and the mean IoU score of all 19 classes in ablated study for

attentive gating unit

Network IoU of Motorcyclist | IoU of Bicyclist IoU of Bicycle IoU of Person mloU of Allclasses
/ % / % / % / % / %
RandLA-NetwithoutGating 6.1 43 24.7 47.1 53.5
RandLA-NetwithGating 8.1 45.8 24.8 47.4 54.1
gRandLA-NetwithoutGating 6.2 47.7 24 49.5 53.6
gRandLA-NetwithGating( ours ) 11.4 51.2 28 50 54.5
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Fig. 8 Qualitative results of RandLLA-Net and
gRandLA-Net on the validation set of SemanticKITTI
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