JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

Rethinking 3D LiDAR Point Cloud Segmentation

Shijie Li, Yun Liu, Juergen Gall

Abstract—Many point-based semantic segmentation methods
have been designed for indoor scenarios, but they struggle if
they are applied to point clouds that are captured by a LiDAR
sensor in an outdoor environment. In order to make these
methods more efficient and robust such that they can handle
LiDAR data, we introduce the general concept of reformulating
3D point-based operations such that they can operate in the
projection space. While we show by means of three point-based
methods that the reformulated versions are between 300 and
400 times faster and achieve a higher accuracy, we furthermore
demonstrate that the concept of reformulating 3D point-based
operations allows to design new architectures that unify the
benefits of point-based and image-based methods. As an example,
we introduce a network that integrates reformulated 3D point-
based operations into a 2D encoder-decoder architecture that
fuses the information from different 2D scales. We evaluate the
approach on four challenging datasets for semantic LiDAR point
cloud segmentation and show that leveraging reformulated 3D
point-based operations with 2D image-based operations achieves
very good results for all four datasets.

Index Terms—Semantic segmentation, LiDAR sensor, au-
tonomous driving, point cloud

I. INTRODUCTION

NVIRONMENT understanding is essential for au-

tonomous driving. For this goal, the cars are equipped with
many sensors and each sensor can be used for different tasks.
For example, RGB cameras capture appearance information
in order to recognize different objects [[1]], but they do not
provide any depth information. Radar sensors are suitable to
measure distance and relative motion and help understanding
dynamic scenes [2], but they do not detect small objects. Light
detection and ranging (LiDAR) sensors are usually used to
capture the environment due to its accurate measurement and
the semantic segmentation of the point clouds captured by
LiDAR sensors is an essential step for autonomous vehicles.
The different sensors complement each other and multi-modal
data is commonly used for different tasks like object detection
[3[], object tracking [4]], or semantic segmentation [5].

In recent years, several deep learning approaches have been
proposed that operate on point clouds [6[], [[7], [8]], [9]. These
point-based methods perform very well for small-scale indoor
scenarios where dense point clouds are generated by fusing data
captured by RGB-D sensors. It was, however, shown in [10]]
that these methods do not perform well in terms of efficiency
and accuracy for point clouds captured by a rotational LiDAR
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sensor in outdoor scenarios. This is due to two reasons. First,
the computational cost of point-based methods increases with
the total number of points in a point cloud and LiDAR point
clouds for outdoor scenes are very large. Second, the density
of LiDAR point clouds drops rapidly with the distance to the
LiDAR sensor as shown in the top row of Fig. [I]

In this work, we address these issues and demonstrate that
point-based methods can be reformulated such that they are
suitable for LIDAR data. The core idea is that we make use
of a projection of the LiDAR point cloud as shown in the
bottom row of Fig.[I] In contrast to methods [T1]], [12], [13]
that apply 2D convolutions, we preserve the architectures and
the operations of point-based methods. Point-based methods
comprise several steps that are repeated within the network
architecture. These steps include the sampling of 3D points of
the point cloud, grouping neighboring points for each sampled
point, and computing a feature based on the grouped points.
In this work, we show how these operations can be performed
in the projection space and how these operations can be
efficiently implemented. Although the operations are the same,
the projection leads to significant differences. For instance, the
sampled points are differently distributed as shown in Fig. [3]
The sampled points of the projected-point version are actually
better distributed than the sampled points of the point-based
methods that oversample the sparse distant points in a LiDAR
point cloud.

We demonstrate the general concept of reformulating point-
based methods by means of the three point-based methods
PointNet++ [7]], SpiderCNN [14], and PointConv [9]] and
show that the reformulated versions are between 300 and 400
times faster and increase the mloU by 58% - 68%. While the
reformulated versions preserve the operations of the original
point-based methods, we also demonstrate that the concept of
reformulating point-based methods can also be used to develop
new architectures that leverage reformulated 3D point-based
operations with 2D image-based operations. As an example of
such a network, we propose a network for 3D LiDAR point
cloud segmentation, which we term Unprojection Network
(UnPNet). It integrates the reformulated feature propagation
of PointConv for up- and down-sampling into a 2D encoder-
decoder architecture. In this way, we exploit 3D operations
that are reformulated to operate in the projection space as well
as 2D operations that fuse the information from different 2D
scales. Furthermore, we employ edge supervision which would
be impossible for point-based methods.

We evaluate UnPNet and the reformulated versions of
PointNet++ [7], SpiderCNN [[14]], and PointConv [9] on the
SemanticKITTI dataset [10], which is a large-scale dataset for
semantic segmentation of LiDAR point clouds. Apart from
SemanticKITTI, we also evaluate the proposed UnPNet on
three other datasets for a comprehensive comparison. The
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Fig. 1. Due to the nature of LiDAR sensors, the captured 3D point cloud can be projected onto a plane. This means that neighboring points in 3D are also
close in the projected plane, but neighbors in the projected plane can be far distant in 3D. Furthermore, the points become more sparse as the distance to the
sensor increases (green arrow), while the points are dense in the projection. We highlight some objects by bounding boxes as an example. Best seen using th
zoom function of a PDF viewer.

experiments show that UnPNet performs very well on all foPGraph|[1]7] is more suitable for large-scale scenes by de ning
datasets and that it outperforms the reformulated point-basegberpoints to extract compact representations. These methods,
methods since it combines 3D point operations with 2D fusidmowever, do not take the characteristic of the distribution of
techniques. LiDAR point clouds into consideration and are thus suboptimal

In summary, we show in this works that in both accuracy and ef ciency.

point-based methods can be reformulated such that theyRecently, there are some methods that convert the 3D
operate in the projection space for processing LIDAROINt cloud to a 2D image according to the scan pattern
point clouds; of LIDAR sensors such that image-based methods can be
the reformulated point-based methods are more ef cieAPplied on it. Previous image-based methods are aiming at
and achieve a higher accuracy than the original point-bas@&B images. FCN [18] treats this task as a dense prediction
methods: task and predicts the class probability of each pixel by a

the combination of reformulated 3D point-based operglly convolutional network. Other approaches like [19] use an
tions with 2D image-based operations uni es the bene t§ncoder-decoder architecture. Although these methods achieve
of point-based and image-based methods. a good performance, they are limited by small receptive elds.

Code will be released at https://github.com/sj-li/UngNet. To address this problem, Dee_pLab [20] and i_ts following vyorks
[21], [22], [23] introduced dilated convolutions to obtain a

larger receptive eld and capture image context at multiple
scales. PSPNet [24] proposed a pyramid pooling module
In this section, we brie y review recent methods for LiDARto extract contextual information. Due to the importance of
point cloud segmentation. Although CNN-based methods hasemantic segmentation for autonomous driving, some works
been very successful for 2D image segmentation, they canfmtus on this area like DenseASPP [25]. As an comparison,
be directly applied to point cloud segmentation since poif@6], [27] aim at other directions. These image-based methods,
clouds do not have the grid structure of images. To handiewever, are not designed for processing and fusing multi-
this problem, permutation-invariant operations are adoptednmdal LiDAR data.
PointNet [6] to aggregate information, but the method does notTo better t to the application of autonomous driving,
capture local structures. This is addressed in PointNeti++ [6] bgme projection-based methods have been proposed. Com-
gathering local information gradually. The gathering operatioqsmred to image-based methods, they are more suitable to
in PointNet [6] and PointNet++ [6] are pooling operationprocess projections of LIDAR data and hence achieve a good
which ignore the relative position of 3D points in the local areaccuracy while maintaining a high ef ciency. FuseSeg [28]
SpiderCNN [14] thus models this information by a polynomiatombines color and spatial information to segment LiDAR point
Since the distribution of 3D points is usually unbalanced in theouds. DeepTemporalSeg [29] proposes a temporally consistent
3D space, PointConV [9] explicitly fuses density informatiomethod for LIDAR point cloud segmentation. SqueezeSeg [11],
into the architecture to improve the representation abiliff2] uses SqueezeNet [30] as backbone and a conditional
of the model. While PointCNN [15] proposes a generalizeandom eld (CRF) for post-processing. PointSeg [31] uses a
tion of typical CNNs for feature learning on point cloudssimilar architecture as SqueezeNet [30], but uses dilated convo-
3DMYV [16] combines 2D and 3D features together for bettdutions to increases the receptive eld. Based on SqueezeSeg,
predictions. Apart from directly processing 3D informatiorRangeNet++ [13] replaces the backbone with Darknet [32] and
TangentConv/[8] projects local points to a tangent plane andesk-Nearest-NeighborktNN) search for post-processing.
applies 2D convolutions on it. The above methods are mairj3], [34] are projection-based methods designed for detecting
designed for small-scale scenes with a limited number dfivable regions. While they have been implemented on FPGAs
points, especially for indoor scenarios. Different from therand are very ef cient, they do not recognize other semantic

Il. RELATED WORK
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Fig. 2. Overall architecture of PointNet++ or its reformulation (reformulated PointNet++).

Fig. 3. Comparison of the sampling methods in PointNet++ (top) and
reformulated PointNet++ (bottom). 1024 points are sampled from the LiDAR
point cloud. For better visualization, we show the 2D projected image with
white points denoting the sampled points. PointNet++ only samples a few
points for close objects like cars and most sampled points lie on the distant

) e AR a) Farthest point samplin b) Ray samplin
region where the real distribution of points is sparse. @ St point sampling (b) Ray sampling

Fig. 4. Toy example. The points on the black lines are correct measurements
while the other points are outliers. Farthest point sampling selects the outliers

. L such that the sampled points are uniformly distributed in the 3D space. The
ObJeCtS- [35], [36]1 [37]’ [38] are prOJectlon—based methOdﬁr’oposed ray sampling only selects the points (red) on the black lines. The

which also achieve a good accuracy and are very ef cientuliers (blue) are not selected.
Some related applications also utilize projection-based methods,

like moving object segmentation [39]. While projection-based ) . ) )
methods are ef cient, nearby points in the projected image c&fighPoring points using a multilayer perceptron (MLP) and
be far away in the 3D space as shown in Fig. 1. In this work, wBa Pooling. While the set abstraction modules subsample the
therefore explore the inherent relation between projection-ba<¥ifinal point set, the feature propagation modules recover the
and point-based methods that preserve the 3D structure. °rginal point set by distance based interpolation:
i) i < wipof
I1l. REFORMULATION OF POINT-BASED METHODS F22(x) = W (1)
In order to show how a network operating on LIiDAR points 1 =

can be reformulated to operate in the projection space, we use Wi(X)= ——p:] =1;:::;C; 2
PointNet++ [7] as an example. In SectidihrC, we discuss d(x;xi)
the reformulated examples of two other point-based networlttheref is a point-wise feature and(x;;x;) is the distance
namely SpiderCNN [14] and PointConv [9]. Before we discudsetween poink; andx; .
our approach in Sectiofll-B, we brie y discuss the main

operations of PointNet++. B. Reformulated PointNet++

) _ To reformulate PointNet++ so that it operates in the projec-

A. Review of PointNet++ tion space, we will not change the architecture, but we need

We choose PointNet++ [7] as an example since it is vety reformulate the set abstraction and the feature propagation
popular and has been used as the baseline in many works. fedule as shown in Fig. 2. As input, we use the projected
pipeline of PointNet++ is shown in Fig. 2. PointNet++ consistsiDAR point cloud as it has been proposed in [11]. The
of so-called set abstraction modules and feature propagatfojection map is obtained from the LiDAR point cloud by
modules as shown in Fig. 2. The set abstraction module 1
comprises a sampling layer, a grouping layer, and a PointNet u= 5[1 arctan(y; x)  w; 3)
layer. The sampling layer chooses a subset from the input
point set, which de nes the centroids of local regions. Fig. 3
shows the sampled points. The grouping layer groups the
neighboring points of each centroid, which forms a local regiowhere (u; v) are the coordinates in the projection map with
The PointNet layer computes a feature vector based on #iee (h;w) anda = (x;y;z) are the 3D coordinates of the

v=[1 (arcsin(zr ')+ oyp)o 'Ih; 4)
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Fig. 6. lllustration of the reformulated set abstraction.

2) Reformulated Grouping LayefFor grouping neighboring
3D points, PointNet++ uses a ball query to obtain for each
sampled point all points that are within a given distance. While

Fia 5. C _  the ref ated _— bott i tha naive implementation has the complexity@{MN ), more
£, Sompanion of e reormusted grauping layer (boti) wih "8t ient implementations reduce it using data structures ke
all neighboring points (orange) within a certain radius for each sampled pokitd trees or octrees [41]. This, however, increases the memory
(red). In contrast, our method rst searches the k neighboring rays, and requirements. In order to make the grouping of PointNet++ [7]
then we discard the points that are outside the radius (dark green point). much more ef cient, we search neighboring rays rst and then
exclude the points that are too far away from the sampled point.
points. Whiler is the depth of the poinh = oup + Owown IS \We obtain the neighboring rays by taking tke k neighbors
the vertical eld-of-view of the LIDAR sensor. in the projected point cloud as shown in Fig. 5. The parameter
We will rst describe the sampling layer (Sectidi-B 1), k provides a trade-off between accuracy and runtime as we will
the grouping layer (Sectiotil-B 2), and the PointNet layer show in the experiments. For each of tk# points, we obtain
(Sectionlll-B 3) of the reformulated set abstraction and thethe 3D points and subtract the 3D position of the sampled
discuss the reformulated feature propagation (Section IlI-Bfpint to convert the points from global coordinates to local
1) Reformulated Sampling LayerPointNet++ [7] uses coordinates as in PointNet++. We then compute the norm of
farthest point sampling to sample a subset of 3D points. Itésch pointj.e, the 3D distance to the sampled point, and mask
designed to maximize the distance between sampled points talhpoints that are within a given distance. The complexity of
are thus uniformly scattered in the 3D space. However, the réfais operation i<O(Mk?) wherek? logN. A comparison
distribution of LIDAR points is not uniform and becomes sparseetween this grouping strategy and the grouping in PointNet++
as the distance to the sensor increases as shown in Fig. 1. Thidisplayed in Fig. 5.
mismatch harms the performance when applying farthest pointFig. 6 illustrates how reformulated sampling and grouping
sampling to LIDAR points, as shown in Fig. 3. Furthermorare ef ciently implemented in a network. Given the input
the computational complexity of farthest point sampling iR(¢*® H W whereC is the number of feature channels
O(N logN) whereN is the number of 3D points [40]. Thiswhich are concatenated with the 3D coordinat€s+3),
makes the approach highly inef cient for large point cloudthe unfold operation uniformly samplé$® W©° points as
which are common for LiDAR sensors. Therefore, farthest poidiscussed in Sectiohl-B 1 and copies the correspondikg k
sampling is suboptimal for LIDAR point cloud segmentatiomeighborhood for each sampled pant2 H® WP, This yields
in terms of both effectiveness and ef ciency. To address thise tensorF, 2 R(C*® k* H® W’ Eor each sampled point,
problem, we propose to uniformly sample the 3D points fromve then subtract the 3D coordinate of the sampled point from
the projected point cloud as shown in Fig. 3. This has thiee coordinates of the correspondikg neighboring points. We
advantage that we sample rays instead of points, which meamally compute the distance maﬁ"2 H® W? and the binary
that the distance between the sampled points is larger if thagighborhood masko; 1gkz H® W° which is1if a point is
are farther away from the sensor. Hence, the distribution within the radius of a sampled point. The neighborhood mask
sampled points accords with the original point cloud. Thee nes the grouping for each sampled point.
sampling is also less sensitive to outliers. Since farthest pointAt this step, we directly compute the inverse distance map,
sampling aims to sample points that are uniformly in the 3@hich will be used for the reformulated feature propagation
space, it tends to select all outliers that are distant to correctd will be described in the next section, and the inverse
measurements. In case of ray sampling, the probability to seldeinsity map as described in [9]. The latter will be needed
an outlier is equivalent to the percentage of outliers and thfgs converting PointConv [9] into a reformulated point-based
lower compared to farthest point sampling as it is illustrated imethod.
Fig. 4. Another bene t is that we can use a 2D grid structure 3) Reformulated PointNet LayerThe PointNet layer in
for sampling such that the computational complexity becom&ointNet++ uses max pooling and an MLP. Givep 2
O(M) whereM = H® W?9is the number of sampled pointsR(C*3 k* H® W° after the unfold operation and the neigh-
andM N. borhood mask, the reformulated PointNet layer can thus be



JOURNAL OF BTpX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 5

D) F The reformulated PointConv (RPointConv) uses the point
density as additional information. The green branch in Fig. 8d
therefore takes the inverse density niagrom Fig. 6 as input.
The operations of the set abstraction in RPointConv are de ned

by
Fout =MLP oyt ((MLP in (Fin)

Fig. 7. lllustration of the reformulated feature propagation. 8)
DensityNetD)) WeightNetP)):

denoted as . . :
Similar to RSpiderCNN, RPointConv follows Equ. (6) for

Four = Pooling(MLP( Fin M )): (5) feature propagation, but it applies Equ. (8) on the interpolated
features.

These examples show that point-based methods can be refor-
mulated to operate in the projection space. In the experiments,
we will show that the reformulation makes the point-based
methods 300-400 times faster and increases the accuracy.

The symbol denotes element-wise multiplication aMl is
the neighborhood mask, which has been duplicg@d 3) -
times to have the same size Bg . Fig. 8a illustrates this
operation.

4) Reformulated Feature Propagation Modulas described
in Sectionlll-A and illustrated in Fig. 2, the feature propagation
modules recover the original point set by the distance based IV. UNPROJECTIONNETWORK (UNPNET)
interpolation (Equ. (1)). Since our sampled points are uniformly
distributed on the projected image, this can be very ef ciently So far, we have shown how point-based methods can be
implemented. The sampled points are rst set back to if§formulated without changing the architecture design and
original positions. The distance based interpolatibmefp) is ~ Principles. The reformulated approaches have the potential
then applied as in Equ. (1) using the precomputed inveri§eleverage concepts from 3D point-based methods and 2D
distance mapD. As illustrated in Fig. 2, there are skipimage-based methods. In order to demonstrate this, we propose
connections between the blocks. The interpolated featufegietwork that uses the reformulated feature propagation of
Interp( Fin ; D) are thus concatenated with the point featurddointConv (Equ. (8)) for up- and down-sampling and we
from the corresponding set abstraction modLﬁQ énd fed integrate it into a 2D CNN with an encoder-decoder architecture.

into an MLP,i.e., In this way, we exploit 3D operations that are reformulated to
operate in the projection space as well as 2D operations that
Fout = MLP(Concat(Interp( Fi, ; B);F)): (6) fuse the information from different 2D scales.

The reformulation of the Feature Propagation module js 1€ network architecture is shown in SectitiB . As in
illustrated in Fig. 7. thg reformulatgd architectures, we rst prolegt the L|DAR.
point cloud using Equ. (3) and Equ. (4). Besides the basic
block (.e., 2D convolutions with residual link), the network
C. Reformulated SpiderCNN and PointConv uses the reformulated feature propagation of PointConv (Equ.
So far we discussed how PointNet++ [7] can be reformulatéd)) for up- and down-sampling and an additional context
so that it operates in the projection space, but the approddfck shown in Fig. 10 for fusing image context at multiple
can be applied to other point-based networks as well. In ti® scales. In order to make the context block as ef cient as
section, we therefore brie y describe how two other networkpossible, we use 2D dilated convolutions. More in detail, we
namely SpiderCNN [14] and PointConv [9], are reformulatetise three3 3 convolutions with different dilation rates (1,
Fig. 8 illustrates the differences between the reformulation 8f 3) to extract multi-scale features. The three feature maps
PointNet++, SpiderCNN, and PointConv. are then concatenated and fused by a 1 convolution. In
The reformulated SpiderCNN (RSpiderCNN) can be vieweaddition, a residual link is employed to facilitate the gradient
as a “soft' version of RPointNet++ because it weights each poigw. Furthermore, we apply edge supervision to the decoder,
feature according to its relative position to the correspondimghich will be described in Sectiofv-A, to ensure better
sampled point. Instead of using a neighborhood mask,S@gment boundaries. As in [13&NN can be used for post-
computes the weight for each point. In our case, the operatig®cessing. We call this architecture Unprojection Network
are performed for th& k neighborhood. The operations of(UnPNet), and we will show in the experiments that UnPNet

the set abstraction in RSpiderCNN are thus de ned by outperforms RPointConv by a large margin. While UnPNet is
just an example, it demonstrates that the reformulation of point-

Fout = MLP out (MLPin (Fin)  WeightNeP));  (7)  pased methods is a new general concept, allowing to construct
where the symbol denotes matrix multiplication, ang new architectures by leveraging 3D point-based networks and

denotes the unfolded 3D coordinates after subtracting the §B CNNs.
coordinates of the corresponding sampled point as shown in
Fig. 6. Here, we omit the dimensions which are shown IR
Fig. 8c. For feature propagation, RSpiderCNN follows Equ:
(6) and the main difference is that RSpiderCNN applies Equ.For the decoder of UnPNet, we employ edge supervision
(7) on the interpolated features. to obtain accurate boundaries of the segments. Before each

Auxiliary Supervision
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(a) PointNet++ (b) Legend

(c) SpiderCNN (d) PointConv

Fig. 8. Reformulation of the set abstraction module for PointNet++ [7], SpiderCNN [14], and PointConv [9]. In case of a dimension mismatch in the
element-wise operations, we use the broadcasting mechanism, which is omitted in the illustrations since it is the default operation in modern deep learning
frameworks like PyTorch [42]. We also omLP i, from Equ. (7) and Equ. (8).

Fig. 9. Overview of UnPNet. The network combines 2D operations like the basic block and the context block as well as reformulated 3D operations. In this
example, we use the reformulated feature propagation of PointConv for down- and upsampling. The corresponding operations are denoted by RPConvDown
and RPConvUp, respectively.

TABLE |
EFFECT OF DIFFERENT PARAMETERS
k | Acc | mloU | Scans/s R Acc | mloU | Scans/s S | Acc | mloU | Scans/s
3| 714 26.8 38.2 64 512 | 74.7 | 30.7 30.0 1| 745| 304 22.2
5| 747 | 30.7 30.0 64 1024 | 77.4 | 31.3 17.2 2 | 747 | 30.7 30.0
7| 76.2 | 31.9 23.7 64 2048 | 75.2 | 25.7 9.4 4 | 69.6 | 25.0 345

(a) Search siz& (b) Input resolutionR (c) Sampling strides

upsampling operation, we apply edge supervision by computindperee 2 f 0; 1g is the ground-truth edge for pixeland &
the edge loss ¢ using the binary entropy loss as is the corresponding predicted probability estimated Hy al
convolution. The ground-truth edge is obtained by the segment

1 X boundaries of the ground-truth segmentation.
Le= - (alog(&)+(1 e)log(l &)); (9)

i . As for the nal semantic prediction of UnPNet, we use two
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TABLE I
COMPARISON WITH THE ORIGINAL BASELINE METHODS
PointNet++ [7] RPointNet++ | SCNN [14] RSCNN PointConv [9] RPointConv
Acc 64.6 74.7 70.3 81.5 72.5 82.5
mioU 194 30.7 21.8 36.8 23.2 37.6
Scans/sec 0.1 30.0 0.04 12.9 0.03 12.2
Fig. 10. lllustration of the context block. Fig. 11. Effect of the radius.
TABLE Il
ABLATION STUDY FOR UNPNET. V. EXPERIMENTS
Acc mioU Scans/s A, Experimental Setup
RPomntConv 82.5 37.6 12.2 We use four challenging datasets to evaluate our method:
UnPNetw/o supp | 87.0 | 50.2 12.8 use fou ging datasets fo evaluate ou '
UnPNet 87.4 50.7 12.8 SemanticKITTI [10] provides pixel-wise semantic labels
UnPNet +k-NN 89.1 54.6 12.5 for the entire KITTI Odometry Benchmark [46] with more

than 20000 scans which are divided into 22 sequences. We
use its training set for training (sequences 00-10 without

sequence 08), its validation set (sequence 08) for the
ablation study, and its test set (sequences 10-21) for the

loss terms. The rst one is the standard weighted cross-entropy
loss which can be formulated as

1 X comparison with state-of-the-art methods.
s= wn i log(p'); (10) SemanticPOSS[47] contains about 3000 scans at the
M izin= Peking University, which are divided into 6 equal subsets.

For the experiments, we use the 3rd subset for evaluation
and the others for training as in [47]. There are usually
more moving and small objects in the campus scenarios,
making it more dif cult compared to urban environments.
nuScenes[48] includes about 40000 annotated scans
captured in 900 scenes, where 750 scenes are for training
and the others for validation. As recommentiage merge
similar classes and remove rare classes.

whereN is the number of classep; 2 f 0; 1g is 1 if pixel i is
annotated by class, andp is the predicted class probability.
The weightw, for classn is inversely proportional to its
frequency of occurrence.

Apart from the weighted cross-entropy loss, we also directly
maximize the intersection-over-union (loU) score by the
Lovasz-Softmax loss [43]:

X . ;
Lis = 1 5. (m(n)); (11) Pandaset contains about 16000 LiDAR scans at 2 routes
N in the Silicon Valley. Two LiDAR sensors have been used
1 p = for recording the data, a spinning LiDAR and a solid-state
) - I I - . . . .
m; (n) o otherwise (12) LiDAR. For the experiments, the data from the spinning

LiDAR is used. We use 30% of the data for evaluation
and the rest for training. Similar to the nuScenes dataset,
we merge similar classes and remove rare classes.

where ; is the Lovasz extension of the Jaccard index.
Hence, the total loss is given by

1X i i
L= Lot L+ = LY (13) As for the evaluation metric, we use the standard mean

" intersection over union (mloU) metric [49] over all classes.

wherelL s denotes th,e weighted cross-entropy loss !Equ. (10)1The nuScenes LIDAR segmentation task  is
Lis denotes the Lovasz-Softmax loss Equ. (11), &gdis the  htps:/mww.nuscenes.org/lidar-segmentation.
edge loss Equ. (9) for each upsampling stepf the decoder. 2https://scale.com/open-datasets/pandaset.

available at
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TABLE IV
EVALUATION RESULTS ON THE SEMANTICKITTI DATASET.
L) ° g 5 c
< c
3] S ~ I o S £ = 5 ® i~ K IS) o
Pointnet [6] 463 13 03 01 08 02 02 00 616 158 357 14 414 129 310 46 176 24 | 346
Pointnet++ [7] 537 19 02 09 02 09 10 00 720 187 418 56 623 169 465 138 300 6.0 | 8m1
SPGraph [17] 683 09 45 09 08 10 60 00 495 17 242 03 682 225 592 272 170 183 |IOH
SPLATNet [44] 666 00 00 00 ©00 00 ©00 00 704 08 415 00 687 278 723 359 358 138 | P28
TangentConv [8] 868 1.3 127 116 102 171 202 05 829 152 617 90 828 442 755 425 555 302 | 229
DeepLabV3+ [23] 784 136 95 95 104 175 220 04 885 545 66.7 9.7 779 391 720 399 60.0 234 384
PSPNet [45] 796 250 264 175 240 341 284 73 902 582 702 199 797 435 742 432 612 231 | &b
DenseASPP [25] 781 205 182 200 166 278 289 57 885 533 675 93 763 396 700 368 577 159 | 422
SqueezeSeg [11] 688 160 41 33 3.6 129 131 0.9 854 269 543 45 574 290 600 243 537 175 | 285
SqueezeSeg + CRF [11]| 68.3 181 51 41 48 165 173 1.2 849 284 547 46 615 292 596 255 547 112 | 36.8
SqueezeSegV2 [12] 818 185 179 134 140 201 251 39 886 458 676 177 737 411 718 358 602 202 | 3B
SqueezeSegV2 + CRF [12] 82.7 210 226 145 159 202 243 29 885 424 655 187 738 410 685 369 589 129 @®
RangeNet21 [13] 854 262 265 186 156 318 336 40 914 570 740 264 819 523 776 484 636 36.0| H00
RangeNet53 [13] 86.4 245 327 255 226 362 336 47 918 648 746 279 841 550 783 501 640 389 522 499
RPointNet++ 733 130 54 118 83 64 155 21 863 401 601 72 617 321 558 131 516 42 | 28%
RSCNN 79.8 198 112 158 143 151 205 88 871 418 647 87 722 379 680 284 580 131 | 343
RPointConv 795 19.0 12,7 138 107 149 182 58 878 466 666 7.3 732 401 694 309 593 141 | 3R4
UnPNet 70.8 382 31.8 203 225 49.0 458 143 914 616 73.6 192 824 508 777 516 653 349 G
UnPNet +k-NN 90.4 438 36.1 204 231 543 542 144 914 620 742 189 863 546 805 594 66.3 487 58.6 54.6
TABLE V
EVALéIJJATION RESULTS ON THE NUSCENES DATASET
o © c )
S S 8 & € I X~ S S
> o >| 2 7] ol a | < c 8 et
2 2 ) 5 & © &8 ¥ I 3 F § E 3|3
=i = o = = = c = o L
8 8 2 8 s £ & & & 2 &5 B 8 ¢ &£ ¢ =
DeepLabV3 [23] 505 49 586 60.3 10.6 7.5 216 172 351 46.2 881 472 557 59.2 69.1 |69348
DenseASPP [25] | 52.7 6.2 69.0 67.1 185 326 243 169 397 580 874 431 571 586 69.8 |MBL
PSPNet [24] 569 89 698 689 236 369 265 189 423 587 88.0 445 585 596 715 71/650.3
SqueezeSegV1 [11] 15.0 0.3 4.5 25.8 0.0 0.5 3.1 5.3 2.5 9.4 68.3 11.2 233 421 456 4086
SqueezeSegV2 [12] 443 2.7 622 68.0 11.2 193 7.6 121 253 448 848 298 516 56.6 644 |64088
RangeNet21 [13] | 61.4 34 729 764 172 235 315 193 358 598 923 546 665 681 769 |7&63
RangeNet53 [13] | 59.8 2.7 626 735 141 216 283 139 345 583 90.8 538 617 645 748 |70
UnPNet 61.2 59 777 732 219 347 385 257 403 629 923 616 66.7 67.7 787 [&HS.5
UnPNet +k-NN 610 63 777 784 219 37.0 425 305 417 658 938 622 669 681 80.6 80/057.2

For a fair comparison,
single GPU.

all experiments are performed withkaneeds to be increased when the resolution increases. For a
good trade-off between effectiveness and ef ciency, we set the
input resolution to 64512 if not mentioned otherwise.

B. Ablation Study We also evaluate the impact of the stride of the uniform

The ablation study is conducted on the SemanticKIT'ﬁamp“ng’ le.HO= H§ a“dWO? % The results are sho_wn
dataset. in Tab. | (c). The accuracy is similar for the sampling stride 1

1) Effect of hyperparameterse rst explore the in uence anq 2,'but using stride 2 is more ef cient.. When the s.ampling
of the sizek of the 2D search region in the reformulated;mde_IS set to 4, the accuracy drops signi cantly since th_e
grouping layer. For the study, we use the reformulated Poiﬁ?—mp“ng becomes too sparse. We use therefore sampling stride
Net++ (RPointNet++) with an input resolution 6#4 512
The results are shown in Tab. | (a). We can see that theS for the impact of the radius, we vary it between 1m and
performance improves and the speed slows down with tRA0m. The results are shown in Fig. 11. The mloU increases
search sizé increasing. However, the improvement fréne 5 until a radius of 10m and then slightly decreases. We use 10m
to k = 7 is not as large as that frob= 3 to k =5, which as the default threshold.
indicates that the local region witk = 5 already includes 2) Comparison between reformulated and original methods:
the most important neighboring points. Considering the tradgénally, we compare the original models with their reformulated
off between effectiveness and ef ciency, we &t 5 in the versions. The three baseline methods are PointNet++ [7],
following experiments. SpiderCNN [14] and PointConv [9]. We display the results in

Then, we evaluate the effect of different input resolution$ab. II. We can see that the reformulated point-based methods
and we summarize the results in Tab. | (b). We can obseraehieve a much better performance than the original baselines.
that increasing the input resolution from 6812 to 64 1024 The improvement is about 10% for all baselines in terms of both
improves the accuracy but at the cost of higher inferenaecuracy and mloU. For SpiderCNN [14] and PointConv [9],
time. However, when the resolution changes from 6824 the mloU is even improved by about 15%. These results prove
to 64 2048, the accuracy degrades. Since we lkepbnstant, the effectiveness of the reformulated point-based methods.
increasing the resolution decreases the receptive eld. Henapart from the mloU and accuracy, the ef ciency is also much
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TABLE VI
EVALUATION RESULTS ON THE PANDASET DATASET. ”
g N 3 g 5
s gz _ 3 = % - g 5 g . 8 3 £|5
> o I c I (] = =] = %) > oS K=} = c c = e)
g 5 €& 8 & B8 8§ B 2 &8 & & z & 8 8 &/|c=
DeepLabV3 [23] 50.4 22.8 69.2 11.9 9.7 35.5 65.6 11.6 0.1 3.9 0.2 3.5 2.2 19.2 4.2 11.5 58243
DenseASPP [25] | 54.6 21.2 66.0 9.9 9.3 332 649 188 00 17.6 0.2 5.0 0.3 21.2 2.7 4.6 6231
PSPNet [24] 45.9 18.1 65.4 8.4 6.8 28.1 60.2 15.6 0.0 6.2 0.2 2.5 0.0 19.0 0.9 45 5828
SqueezeSegV1 [11] 40.0 16.5 66.7 9.4 6.3 19.2 524 9.6 0.0 3.9 0.3 2.6 0.1 15.5 1.2 0.0 396.6
SqueezeSegV2 [12] 61.0 33.0 76.4 18.6 13.5 43.5 73.5 30.8 0.0 21.8 1.7 4.9 1.1 20.5 3.3 3.7 65748
RangeNet21 [13] | 65.9 35.3 81.1 26.6 20.0 47.1 75.0 28.6 0.125.7 1.5 12.0 1.6 34.2 4.9 19.0 724 32.4
RangeNet53 [13] | 64.1 36.3 808 251 198 488 76.0 30.71.0 17.2 2.0 9.8 6.3 32.7 6.7 13.0 71/031.8
UnPNet 75.4 40.7 82.4 26.6 19.9 49.8 76.4 31.1 0.7 17.5 10.4 29.5 28.6 444 14.5 19.5 BR4a
UnPNet +k-NN 782 416 825 293 217 520 789 31909 177 121 36.7 404 63.7 195 249 83)842.1

TABLE VII
EVALUATION RESULTS ON THE SEMANTICPOSSDATASET.

person rider car trunk plants trafc sign pole building fence bike rgadnloU

DeepLabV3 [23] 9.6 48 153 95 40.3 5.3 31 41.2 119 20.0 62.520.3
DenseASPP [25] 11.6 5.7 20.4 10.8 46.4 5.2 4.9 46.8 7.7 20.6 62.022.0
PSPNet [24] 9.0 48 176 10.3 44.1 5.1 3.2 45.3 5.9 20.0 63.020.8
SqueezeSegV1 [11] 5.5 0.0 8.7 34 39.1 24 25 345 7.6 18.4 62.516.8
SqueezeSegV2 [12] 184 112 349 158 56.3 11.0 4.5 47.0 255 324 71.3| 2938
RangeNet21 [13] 9.8 78 399 80 55.8 7.0 2.9 50.3 19.2 323 63{827.0
RangeNet53 [13] | 10.0 6.2 334 73 54.2 5.5 2.6 49.9 184 28.6 68.525.4
UnPNet 11.3 121 36.8 10.6 62.3 6.9 4.2 60.4 20.6 354 6pb.@9.7
UnPNet +k-NN 177 172 39.2 138 67.0 9.5 5.8 66.9 31.1 405 684 | 343

and the results are shown in Tab. Ill. Although UnPNet uses
the reformulated feature propagation from RPointCony, it
outperforms RPointConv by a large margin. While the inference
time is very similar, the mloU is much higher for UnPNet
compared to RPointConv. This demonstrates that leveraging
reformulated 3D point-based operations and 2D image-based
operations achieves a good performance. We also analyze the
impact of the edge supervision. Without edge supervision, the
mloU decreases by 0.5%. TkeNN post-processing increases
the accuracy.

C. Comparison with State-of-the-art

We compare the proposed reformulated networks RPoint-
Net++, RSCNN, and RPointConv as well as UnPNet with
other methods. For a comprehensive comparison, we selected
point-based methods (Pointnet [6], Pointnet++ [7], SPGraph
[17], SPLATNet [44], TangentConv [8]), image-based meth-
Fig. 12. Mean loU with regard to the distance of the points to the LiDARAS (DeepLabV3 [23], DenseASPP [25], PSPNet [24]) and

sensor, evaluated on the nuScenes dataset [48]. The dashed lines d%ﬂﬁection-based methods (SqueezeSeg [11], [12], RangeNet
image-based methods while solid lines represent projection-based meth%])

For UnPNet, we show both the results wkkNN (red) and withoutk-NN .
post-processing (light red). We rst show the results for the SemanticKITTI test dataset

in Tab. IV. While the reformulated point-based methods

RPointNet++, RSCNN, and RPointConv outperform the corre-
better. We can see that the reformulated methods are more tponding baselines PointNet++, SCNN, and PointConv as on
300 faster compared with the original ones. This is becausige validation set, they do not achieve the accuracy of state-
the reformulated methods utilize the projection space such titthe-art approaches. However, as we discussed, the general
the 3D operations can be performed much more ef cientiyoncept of reformulating point-based methods can also be used
This demonstrates how point-based methods can be improvedievelop new architectures by leveraging reformulated 3D
by reformulating them. Fig. 13 shows some qualitative resulgperations and 2D CNNSs. This is done by the proposed UnPNet
of the three reformulated versions. and we can see that it outperforms RPointNet++, RSCNN, and

3) Ablation study for UnPNetAfter having discussed the RPointConv by a large margin. UsingNN as in [13] for

reformulated point-based networks, we now evaluate UnPNs=ist-processing improves the accuracy further. Compared to
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