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LiDAR point cloud semantic segmentation combined with
sparse attention and instance enhancement

Liu Sheng*, Cao Yifeng, Huang Wenhao, Li Dingda
College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China

Abstract: Objective Outdoor-perceptive recognition is essential for robots-mobile and autonomous driving vehicles applica-
tions. LiDAR-based point cloud semantic segmentation has been developing for that. Three-dimensional image-relevant (3D
image-relevant) LiDAR can be focused on the range of information quickly and accurately for outdoor-related perception
with no illumination effects. To get feasible effects for autonomous driving vehicles, LiDAR point cloud-related semantic
segmentation can be predicted in terms of point cloud analysis for overall scene factors like roads, vehicles, pedestrians,

and plants. Recent deep learning-based ( DL-based) two-dimensional image-relevant (2D image-relevant) computer vision
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has been developing intensively. Nevertheless, LiDAR point cloud data is featured of unstructured, disorder, sparse and
non-uniform densities beyond 2D image-relevant structured data. The challenging issue is to extract semantic information
from LiDAR data effectively. DL.-based methods can be divided into three categories; 1) point-based, 2) projection-rele-
vant, and 3) voxel-related. To extract effective semantic information, the existing methods are often used to project irregu-
lar point cloud data into 2D images-structured because of the unstructured characteristics of LIDAR point cloud data. How-
ever, geometric information loss-derived high-precision segmentation results cannot be obtained well. In addition, lower
segmentation effect for small sample objects has restricted by uneven data distribution. To resolve these problems, we
develop a sparse attention and instance enhancement-based LiDAR point cloud segmentation method, which can improve the
accuracy of semantic segmentation of LiDAR point cloud effectively. Method An end-to-end sparse convolution-based net-
work is demonstrated for LIDAR point cloud semantic segmentation. To optimize uneven data distribution in the training
data set, instance-injected is used to enhance the point cloud data. Instance-injected can be employed to extract its points
cloud data factors like pedestrians, vehicles, and bicycles. Instance-related data is injected into an appropriate position of
each frame during the training process. Recently, the receptive field-strengthened and attention mechanism-aware visual
semantic segmentation tasks are mainly focused on. But, a wider receptive field cannot be realized due to the encoder-
decoder-based network ability. A lightweight Transformer module is then illustrated to widen the receptive field of the net-
work. To get global information better, the Transformer module can be used to build up the interconnection between each
non-empty voxel. The Transformer module is used in the bottleneck layer of the network for memory optimization. To extract
the key positions of the feature map, a sparse convolution-based spatial attention module is proposed as well. Additionally,
to clarify the edges of multiple types of point cloud objects, a new TVloss is adopted to identify the semantic boundaries and
alleviate the noise within each region-predicted. Result Our model is proposed and evaluated on SemanticKITTI dataset and
nuScenes dataset both. Tt achieves 64. 6% mean intersection over union (mloU) in the single-frame accuracy evaluation of
SemanticKITTI, and 75.6% mloU on the nuScenes dataset. The ablation experiments show that the mloU is improved by
1.2% in terms of instance-injected, and the spatial attention module has an improvement of 1. 0% and 0. 7% each based
on sparse convolution and the transformer module. The efficiency of these two modules is improved a total of 1.5% , the
mloU-based TVloss achieves 0.2% final gain. The integrated analysis of all modules is increased by 3. 1% in comparison
with the benchmark. Conclusion A new sparse convolution-based end-to-end network is developed for LiIDAR point cloud
semantic segmentation. We use instance-injected to resolve the problem of the unbalanced distribution of data profiling. A
wider range of receptive field is achieved in terms of the proposed Transformer module. To extract the key location of the fea-
ture map, a sparse convolution-based spatial attention mechanism is melted into. A new TVloss loss function is added and the
edge of the objects in point clouds is clarified. The comparative experiments are designed in comparison with recent SOTA
(state of the art) methods, including projection and point-based methods. Our proposed method has its potentials for the
improved segmentation ability of the network to point cloud details and the effectiveness for point cloud segmentation further.
Key words: LiDAR; semantic segmentation; spatial attention mechanism; Transformer; deep learning ( DL) ; instance
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[480 x 360 x 327, 4¢3k BB B | A B A v B
3AYERE, S2ER 3558 Ubuntul6. 04 Pytorchl. 4
Intel i7 — 8700K \NVIDIA RTX, i f] Adam fLfk%s,
23] % % 0.001, batch size F 2, 29Il 2 40 4~
epochs, H1 T nuScenes %48 8 AR 42 HESL 457 8., 52
BB A ST
3.2 SemanticKITTI #{#F&E XL R

TE SemantKITTI £ 95 4 (9 I 48 b B A SO
SR AT e, Horh BT AR
% TangentConv ( Tatarchenko 45,2018 ) . RandLA-Net
(Hu %§,2020) .KPConv ( Thomas 4§,2019) f11 SDR-
Net( Liu 55,2021 ) , & T8 09 77 4246 Darknet53
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( Behley 4§, 2019 ) | SqueezeSegv3 ( Xu %, 2020 ) |
RangeNet + + ( Milioto %¥,2019) , Salsanext ( Cortinhal
ZE 2020) . KPRNet ( Kochanov 45,2020 ) A1 PolarNet
(Zhang 55 ,2020b) , 2 TAA K 1Y 77 : 14% FusionNet
(Zhang %, 2020a ) , TORANDONet ( Gerdzhev %,
2021) 1 Cylinder3d ( Zhu 25 ,2022) 5 1 52 235 5
WME 1R, ATRVE Y, AR S5 EAE mloU 4545 |
AT B F WLt e R TEAT AR 285 EHUS T

FHER R, A L Cylinder3d, & 4 (truck ) $2 5 T
8. 6% ,HAWZEM (other-vehicle) BEE5 T 4. 4% . Ji[H
JEARSCAR Y Y 2 ] B AL A TVIess BEAR 41 3
VB EUEE IR EY S

TE SemanticKITTI 35 UEEE [ 1) 5 = 18 X 43 #) 2%
AT G 6 s, N B3R 43512 L AE
EIRIZR T & NS B A] LU Y, A SCO7 v Al D e
BFEINAT AT A AT 42850 (R ThLLHE) |

%1 SemanticKITTI X ERBELERITEL

Table 1 Accuracies results of different methods on the SemanticKITTI test set

/%

1 F2 H3 4 RS A1 A2 A3 M1 M2 3 M4 ST R A R S T o

Tk mloU o
TangentConv ~ 35.9 86.8 1.3 12.7 11.6 10.2 17.120.2 0.5 82.9 15.2 61.7 9.0 82.8 44.2 75.5 42.5 55.5 30.2 22.2
Darknet53 49.9 86.424.532.725.522.636.233.6 4.7 91.8 64.8 74.6 27.9 84.1 55.0 78.3 50. 1 64.0 38.9 52.2
RandLA-Net ~ 50.3 94.0 19.8 21.4 42.7 38.7 47.5 48.8 4.6 90.4 56.9 67.9 15.5 81.1 49.7 78.3 60.3 59.0 44.2 38. |
RangeNet ++ 52.2 91.4 25.7 34.4 25.7 23.038.3 38.8 4.8 91.8 65.0 75.2 27.8 87.4 58.6 80.5 55.1 64.6 47.9 55.9
PolarNet 54.3 93.840.3 30.122.928.543.240.2 5.6 90.8 61.7 74.4 21.7 90.0 61.3 84.0 65.5 67.8 51.8 57.5
SqueezeSegv3  55.9 92.5 38.7 36.5 29.6 33.045.6 46.2 20.1 91.7 63.4 74.8 26.4 89.0 59.4 82.0 58.7 65.4 49.6 58.9
Salsanext 59.5 91.9 48.3 38.638.9 31.9 60.2 59.0 19.4 91.7 63.7 75.8 29.1 90.2 64.2 81.8 63.6 66.5 54.3 62. 1
KPConv 58.8 96.032.042.533.444.361.561.6 11.8 88.8 61.3 72.7 31.6 95.0 64.2 84.8 69.2 69. 1 56.4 47. 4
SDRNet 59.1 95.442.3 46.043.2 41.0 61.4 55.5 11.5 91.1 64.5 75.7 23.8 90.7 61.6 80.8 63.8 65.0 54.7 54.6
FusionNet 61.3 95.3 47.537.7 41.8 34.559.5 56.8 11.9 91.8 68.8 77.1 30.8 92.5 69.4 84.5 69.8 68.5 60. 4 66.5
KPRNet 63.1 95.554.147.923.642.665.9 65.0 16.5 93.273.9 80.6 30.2 91.7 68.4 85.7 69.8 71.2 58.7 64. 1
TORANDONet 63.1 94.2 55.7 48.1 40.0 38.2 63.6 60.1 34.9 89.7 66.3 74.5 28.7 91.3 65.6 85.6 67.0 71.5 58.0 65.9
Cylinder3d 63.9 96.7 60.3 57.4 43.2 49.6 70.0 65.1 12.0 91.6 64.6 76.0 24.3 90.0 63.4 84.8 70.7 67.5 62.1 64.0
AL 64.6 96.8 59.3 57.2 51.8 54.0 70.2 66.5 11.9 91.7 63.9 76.1 25.8 89.6 62.3 85.0 70.2 67.9 62.4 64.5

TE PR S I RAMAR . 45 1—4 5 I0F0R T 4 AAT 48 BT R AR 400 N 1— N 3 200I30R A5 A B
AAT 48 MU EEFT A2 s 3 1—3b 4 20030 S 15 45 NATIE R S H AT

3.3 nuScenes #HFELIGER

T nuScenes 4 52 B A7 & A 3 ik i X AR
BER T, AR 6 R 4R b SRR B A B AT
FEASC T %5 RangeNet ++ ( Milioto 55 ,2019) | Po-
larNet ( Zhang %5, 2020b ) | Salsanext ( Cortinhal %,
2020) Fl Cylinder3d ( Zhu %5 ,2022) #i47 5& L 4K,
gER K 2 PR, FTUE AT ETE mloU I
G THER TS LSt , R e IR AT N 26 5]
R O EIVERE A RS A TR B A
25 A RIS Ry RN R AR, AR SO B A TG T2 T
BRI mloU $2/ T 3% ~ 10% , M TRT

PR T AR SCHE R A 25 1) 3 2 3 LA AT DA ¢
FEERAE AT TR | Transformer 5 B 14 555 ] 25 47 it 4>
JfE BB o

nuScenes FriEHETE 4 FI 45 R0 nl AL an &l 7
Ji7R R LA Y A SCO7 kT DL ERA T O G Rk 3k
A = Bl
3.4 HREAKIE

RVAG SE A 25 18] B I HLE | Transformer
F1 Tvloss 25 HLXT X 2% 1Y BTk, 76 SemanticKITTI FY
KRS b HEAT I Al S, Hh KRR R R R
[240 x 240 x 32], 450 %3 fron, WJLLEH,
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Fig. 6 Semantic segmentation results on the SemanticKITTI validation set( (a) ground truth; (b) prediction; (¢) detail images)

%2 nuScenes IIFERBELERITEE

Table 2 Accuracies results of different methods on the nuScenes validation set
/%

: COBAT . e HSCOBEE o B L o, o Hil AT, A
ko mioU BT wA R T R A LT M R T e

RangeNet ++ 65.5 66.0 21.3 77.2 80.9 30.2 66.8 69.6 52.1 54.2 72.3 94.1 66.6 63.5 70.1 83.1 79.8
PolarNet 71.0 74.7 28.2 85.3 90.9 351 77.5 71.3 58.8 57.4 76.1 96.5 71.1 74.7 74 87.3 85.7
Salsanext 72.2 74.8 34.1 85.9 88.4 42.2 72.4 72.2 63.1 61.3 76.5 96.0 70.8 71.2 71.5 86.7 84.4
Cylinder3d 74.8 74.5 43.1 87.4 85.9 45.1 80.2 79.7 65.4 61.5 80.6 96.5 71.2 74.9 75.3 87.7 87.1
AL 75.6 76.2 43.3 90.3 86.7 49.0 78.7 80.5 66.1 63.7 80.8 96.6 71.6 75.3 75.6 88.6 87.2
E L P RS & S R 4 2R

S ART mloU 47 1. 2% BT+, 2 ) 28 7B
Fl Transformer BEHMHA 1.0% F10.7% T, 4 2 i

BT 1.5% , TVloss XTI HETH T 0.2% .

AL A FE baseline B9FERE FHEE T 3.1% . SR e i g B e T T i
LA A 0 S REBE RO S0 i XA BT SG BT A 0 J  W  S
USRI S5 ORIE, 20 10 B OO BEATRRES S T L, Ty 7 330 9 4 4R B 4
2 MO LRSS OB T, 0 TG 25 40 25 £ 7L
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Fig.7 Semantic segmentation results on the nuScenes validation set( (a) ground truth; (b) prediction)

# 3 SemanticKITTI 3&iE & LAY 000
Table 3 Ablation studies for network components on
the SemanticKITTI validation set

/%

Baseline ZZ)IE A 23[8]7 32 F7 Transformer TVLoss mloU

VvV - - - - 626
vV vV - - - 63.8
vV vV vV - - 64.8
vV v - vV - 645
vV vV vV vV - 65.3
vV vV vV vV Vo657

W VERRH, - FmARH,

T FEEBURRE [ SC 345 L R I Transformer A8 B 4 55

W25 SR R R R B RE ST, IR 2% (0SS 1, g

T Mg ERE, T AR HUETY TVIoss flaE M 485 5 =
NGHATWE . TRAEY], AR I T E R A R
YRR, 1E SemanticKITTI 7£ 25 B WU B DA
mloU #8454 64. 6% ,7F nuScenes FHE & 1) mloU
M T5.6% o THERSEE 25 R R W] ARSI Y mloU
TE Baseline fJJERE FHER T 3. 1% o XLy 4F H #E
AR 7, AR SOy L e AR AL U R R B R ol S
A7 NG 3 BN S5 RS 1T B 23271

ER i WG S 45 R AT LA I, 7E 8 2 ik
P Y R s BE 20 B R ZE AR AR, 32 B N i
B IR PO Y R B AR A B, 6 TR OGS A
BBRHAE

PR TAEEZA LI WA 1) %8R EH
IREAE A ] P 810, 5 HLAT LA g i [ DG f
T AR i 6] 19 o7 B A5 B, 7E 28 53t BT LA
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