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Abstract—In real-world LiDAR-based applications, data is
generated in the form of 3D point cloud sequences or 4D point
clouds. However, the topic of semantic segmentation on 4D point
clouds is under-investigated and existing methods are still not
able to achieve satisfactory performance to meet the requirement
for real-world applications. The temporal information across
different point clouds plays an important role in dynamic scene
understanding, which is not well explored in existing work. In
this paper, we focus on exploring effective temporal information
across two consecutive point clouds for semantic segmentation on
point cloud sequences. To this end, we design three novel modules
to enhance the features of target frames by extracting different
temporal information in the local regions and global regions.
Experimental results on SemanticKITTI and SemanticPOSS
demonstrate that our method achieves superior performance in
4D semantic segmentation by utilizing temporal information.

Index Terms—A4D Point Clouds, Semantic Segmentation, Scene
Understanding.

I. INTRODUCTION

ITH the development of 3D sensor technologies, 3D

scanners such as LIDAR and RGB-D cameras become
very affordable and they have been widely equipped into
autonomous agents, personal and industrial equipment. In
dynamic scenes, 4D point clouds, the temporal sequence of
3D point clouds captured by moving 3D sensors, are the most
common data format. Therefore, in this paper, we target the
task of semantic segmentation on 4D point clouds. An example
of a 3D point cloud sequence is shown in Figure 1. Although
significant progress has been made in semantic segmentation
on 3D point clouds, semantic segmentation on 4D point clouds
is under-investigated. In our view, fully utilizing the temporal
information across different point clouds is the crucial point
for semantic segmentation in dynamic environments.

As an essential step towards 3D scene understanding, 3D
semantic segmentation predicts the label of each point in the
whole scene. Existing methods [1]-[3] focus on the utilization
of spatial information from local geometric features between
the points. Two consecutive frames contain dynamic context
information, i.e., the temporal information in the 4D point
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cloud. We argue that sufficiently leveraging temporal informa-
tion is important to improve the segmentation performance.
The temporal information can significantly improve the ro-
bustness and accuracy of the semantic segmentation method.
Furthermore, the recognition of dynamic objects depends on
their relative movement in different timestamps. Extracting the
temporal information from different point cloud frames helps
to recognize dynamic objects in 4D point clouds.

To fuse the temporal information, DarkNet53Seg [4] merges
multiple point clouds into a huge point cloud and makes
predictions on the merged point cloud. While simple frame
aggregation is used to formulate the temporal information of
consecutive frames, this approach does not consider potential
temporal relationships between different frames of the point
cloud, resulting in unsatisfactory performance of this method.
4D MinkowskiUNet [5] extends the 3D convolution to 4D
convolution with a heavy computation cost. The inefficiency
of temporal information extraction in this method brings
challenges in large network design, network training and
computation resources. SpSequenceNet [6] and its extension
TVSN [7] design an efficient structure to extract temporal
information. However, they only utilize local features from
previous frames and simple pooled global features of the
previous frames to enhance the features of target frames, which
limits the final performance.

In this paper, we capture temporal information from three
perspectives: local feature propagation, local semantic prop-
agation, and global feature matching. These perspectives en-
hance the features in the current frame with different temporal
information from previous frames. Firstly, it is often observed
that the static or low-speed object within a specific region is
located in a nearby region in the previous point cloud frame.
To capture this local consistency information, we propose a
local feature propagation module to enhance the features of the
current frame. Secondly, the semantic information of each re-
gion shows temporal coherence between neighbouring frames.
We propose a local semantic propagation module to project
the predicted labels from the previous frame to the current
frame. Thirdly, finding corresponding objects in neighbouring
frames globally and propagating the corresponding features
can be used to enhance the features of the current frame.
We propose a global feature matching module to map object
features from the previous frame into the current frame by
finding corresponding objects in all spatial positions between
neighbouring frames.

In summary, our contributions are:
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Fig. 1. A 3D point cloud video with 3 frames. The point cloud covers a 360° area around the sensor. A sequence of point cloud frames constitutes a 4D
point cloud. Different colours represent different classes of points: yellow for roads, blue for plants, green for cars and deep green for sidewalks.

o We design a Feature Propagation Network (FeatProp) for
the 4D point cloud semantic segmentation by exploring
the temporal information between two consecutive point
clouds locally and globally. Our experimental results on
SemanticKITTI [4] and SemanticPOSS [8] demonstrate
the superior performance of our method.

o We propose a Local Feature Propagation module (LFP)
to propagate the regional context information from the
previous point cloud to the current point cloud as a clue
to improve the prediction.

e« We introduce a Local Semantic Propagation module
(LSP) to propagate the predicted labels from the previous
frame to the current frame, which improves the feature
representation of the current features.

e We propose a Global Feature Matching module (GFM)
which builds long-range connections among all points in
the two neighbouring point clouds to find object corre-
spondences, and map the object features from previous
frames into the current frame to augment the current
features.

II. RELATED WORK
A. 3D Point Cloud Segmentation

In recent years, there has been an increasing amount of
work on the 3D point cloud topic, especially 3D point cloud
semantic segmentation. Point clouds contain rich spatial in-
formation from the environment. Spatial information benefits
the performance of robotic systems. One of the greatest
challenges of deep learning for 3D point clouds is that with the
increased dimension, the efficiency and precision of a dense

3D convolution decrease significantly due to the sparsity and a
large number of points in 3D point clouds. Therefore, existing
methods for 3D point cloud semantic segmentation focus
on developing feature extraction approaches on the sparse
point cloud space. A recent survey [9] provides an overview
of the state-of-the-art methods for 3D point cloud semantic
segmentation and categorizes them into three approaches:
projection-based, volumetric-based and point-based methods.

Projection-based Method. Projection-based methods extend
the core of 2D image semantic segmentation. A projection-
based method rebuilds the 3D point cloud data as one or
more 2D planes. For example, multi-view approaches [10],
[11] project the point cloud on multiple 2D images with
different camera views. Spherical approaches [12]-[14] project
the point cloud onto a spherical plane. Then, projection-based
methods design a 2D dense network to process the projected
images and re-project the 2D projections onto the original
point cloud. Due to the 2D structure of projection-based
methods, they can meet the real-time inference requirement.
However, the projection drops the information of geometric
structures partially. Furthermore, 2D dense convolution blurs
the features of each projected point, which further drops
the local geometric information. Hence, the drawbacks of
projection limit the precision of projection-based methods, and
the best usage scenario of projection-based methods is real-
time tasks.

Volumetric-based Methods. To accelerate the process of 3D
convolution, volumetric-based methods build an index on the
3D grids and apply convolution on the valid points except for
the invalid space. Typically, the index is designed as a tree-
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An illustration of the temporal information captured in our method. As indicated by the red circles, the global temporal matching module

builds the connections between the moving people in different locations and times. As indicated by the green rectangles, the feature and semantic propagation
module propagates the information of the local regions in the previous frame to the current frame.

based index [15]-[17] or a hash table [5], [18]. The speed of
volumetric-based methods depends on the index algorithms.
Recently, some volumetric-based methods, like SPConv [18]
or Minkowski Engine [5], update a GPU-based hash for
high-performance computation. Afterwards, the convolution
algorithm searches for the valid points and their neighbours
along with the index and applies channel-wise operations on
these points. As an extension to dense convolution, volumetric-
based methods share some common knowledge with dense
convolution and are easy to extend to other tasks. Nonetheless,
the performance of volumetric-based methods is affected by
the hyper-parameters in the volumetric algorithm. Similar
to projection-based methods, the volumetric algorithm drops
some local geometric information based on a subsample
resolution. When the subsample resolution is unreasonable, the
performance of sparse convolution is below the expectation.

Point-based Methods. Point-based method directly manipu-
lates the points’ features and coordinates to generate high-
quality features. The first type of Point-based method is the
Pointnet-like method [1], [3], [19], [20], which is inspired by
Pointnet [21]. They design several novel MLP structures to
build features with not only input RGB or remission features
but also coordinates. Another type of Point-based method [2],
[22], [23] is to build a special convolution operation to com-
pute convolution on the continuous coordinate space instead
of the grid space in typical dense convolutions. JSNet++ [24]
combines PointNet++ [1] and PointConv [25] to predict the
semantic-level and instance-level predictions together. Then,
graph-based methods [26]-[28] build neighbourhood graphs

on point clouds and use a graph neural network to capture the
local spatial information.

B. Temporal Feature Extraction in 4D Point Cloud Segmen-
tation

Temporal feature extraction is a special task not only in
2D image-based tasks but also in 3D point cloud-based tasks.
It involves extracting features related to time in a video or
sequence. A basic method for temporal feature extraction is
to extend d dimensional convolution in the task to d + 1
dimensional convolution by additional considering the tem-
poral dimension. For example, 3D convolution network [29],
[30] is applied to extract the information of human actions in
2D videos. However, the extension method consumes massive
computation resources with limited improvement. As a result,
there are a lot of novel structures proposed in both 3D point
cloud sequence task and the 2D video task.

There are a few temporal feature extraction methods for
4D point cloud segmentation. MinkowskiUNet [5] extends
the voxel-based 3D sparse convolution to 4D or higher di-
mension convolution. However, 4D MinkowskiUNet requires
high computation resources, and their overall improvements
are also not satisfied. MeteorNet [31] deigns a chain-based
point grouping to extract the scene flow of points in different
frames. P4Transformer [32] designs a point-based 4D con-
volution and a transformer to fuse the spatial and temporal
information. P4Transformer [32] and MeteorNet [31] require
significant downsampling of the point cloud, making it difficult
to apply to real-world outdoor point clouds. PSTNet [33]
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Fig. 3. The structure of our proposed method. The input data for both encoders of ¢t and ¢t — 1 is a voxelized point cloud frame (3D sparse tensor). Label

Thumbnail is a distribution statistic for regions in the point cloud.

proposes a point spatio-temporal convolution to process 4D
information. PointMotionNet [34] further designs a pyramid-
style network based on point spatio-temporal convolution and
achieves leading performance. SpSequenceNet [6] designs
a two-branch network and several modules to extract the
temporal information. SpSequenceNet only considers local
features and simple pooled global features from previous
frames. Therefore, the performance of SpSequenceNet is lim-
ited. TVSN [7] improves the backbone network and some
modules in SpSequenceNet [6]. TVSN [7] also designs a
temporal voxel-point refiner to fuse the voxel-level predictions
and low-level features in corresponding frames for high quality
point-level predictions. SpSequenceNet [6] and TVSN [7] have
a similar strategy for utilizing high-level temporal information.
However, the utilization of temporal information in TVSN is
still under-investigated.

We also investigate the usage of temporal information in
other 4D tasks. SPU [35] design a gated feature fusion module
to combine the features from multiple frames and upsample the
target point cloud frame. Xiong et al. [36] utilize the temporal
correlations to generate a guidance map and accelerate the
video-based point cloud compression.

C. Temporal Feature Extraction in Video Object Segmentation

For a deeper exploration of temporal feature extraction,
we discuss the 2D video object segmentation methods here,
which have some common grounds. However, except for the
data format, there are two differences between the 2D video
object task and the 4D point cloud sequence task. Firstly, for a
given street scene, the number of objects and pixels captured
in a 2D video is typically lower than that in a 4D point
cloud scenario. Secondly, the difference between objects in
2D videos and 3D point cloud sequences is that videos have

RGB information while LiDAR-based point clouds only have
the coordinates of points and their corresponding remission.
One recent method in the 2D video object segmentation area
is space-time memory [37]-[39]. Space-time memory designs
a special memory mechanism to save the feature of previous
image frames and uses attention-based or graph-based [40],
[41] methods to generate a temporal feature from features of
previous image frames. The memory mechanism retrieves the
appearance features from the same object in the previous frame
to support the prediction of the current frame.

III. FEATURE PROPAGATION NETWORK (FEATPROP)

The task of 3D point cloud segmentation aims to predict the
label L; of each point p, ; in P;. Note that ¢ is the timestamp
of the point cloud frame, and 7 is the index of point in the
point cloud P;. The information of i-th point p, ; consists of
two components, the coordinate ¢; ; = (., Yt.i, 2+,;) and the
feature f;;. In the sparse convolution setting, the coordinate
¢;,; of Py is transformed into voxel grids and the points p, ;
in the same voxel grid are combined to one point p;’i with
a certain combination rule. The voxelization process can be
regarded as a voxelization sampling. Then, the transformed
point cloud P} can be represented as a 3D tensor in the sparse
convolution network and the output L; is also based on P;.
As our task here is 4D point cloud segmentation, we can use
the information from Py, ¢’ < ¢ to support the prediction of
Lt.

Compared to 3D point cloud segmentation, designing an
efficient algorithm to extract the temporal information is the
key issue in 4D point cloud. We design three approaches to
leverage the temporal information, which is shown in Figure 2.
These approaches enhance the features in the current frame
based on three different types of temporal information. Firstly,
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Fig. 4. Local Feature Propagation. Here is a simple example for local feature propagation on point cloud P;_; and one point p, ;. The target point p, ;
is denoted as the the red star in the Point Cloud P;. The orange box represents the interpolation area in P;_1.

we propose a local feature propagation module to enhance
the values of crucial features in the current frame with the
local features from the previous frames. Secondly, the labels
of points in previous frames are also an important clue for
the predictions of the corresponding points in the current
frame. We design local semantic propagation to propagate the
semantic information from the previous frame to the current
frame in local regions. In our experiment, the local semantic
information from previous frames significantly improves the
predictions of current frames. Thirdly, the global feature
matching module selectively maps the same potential objects
in different point cloud frames to build long-range connections
and improve feature quality with matching results. Composing
all the modules together, our method is illustrated in Figure 3.

FeatProp follows the structure of sparse 3D U-Net. In
our implementation, the backbone network is MinkNet [5].
FeatProp uses the same encoder to encode the features of
point cloud frame P, and point cloud frame P;_;. Note that
in the inference stage, we directly adapt the features from the
inference step of P;._; as the features of P;_; in the inference
step of P;. The encoder outputs of P, and P;,_; are the input
data for local feature propagation and global feature matching.
Furthermore, the input of local semantic propagation is the
label L;_; from the inference step of P,_;. The decoder for
P; concatenates the outputs from local feature propagation,
local semantic propagation, and global feature matching for
the final prediction.

A. Local Feature Propagation

To extract and fuse the local context information, we design
a module for Local Feature Propagation (LFP). The local fea-

ture propagation module generates a regional feature from the
previous point cloud frame. Then, it generates an instructive
feature mask M;_; with this regional feature to select the
crucial feature channel of f;; for each point p, ;. Figure 4
provides a simple explanation for local feature propagation.
There are two steps, sparse convolution based interpolation
and mask generation.

Sparse Convolution Based Interpolation. To generate
regional features, we search the neighbours at the coordinate
¢t of | in the point cloud P;_;. With the neighbours in
P;_1, we interpolate a new regional feature f;—l,i as a local
context feature with a highly efficient sparse convolution based
interpolation. We show a comparison between the point based
interpolation and sparse convolution based interpolation in
Figure 5.

In the sparse convolution setting [5], [18], a sparse pooling
or a sparse convolution on those specific points approximates
the neighbour interpolation on these specific coordinates. The
convolution based interpolation is

D

JENP(¢t,i,Ci—1)

Wi £ 1,45 fore; € C, (1)

ﬂ—l,i =

where C; and C;_; are the coordinates sets of ¢ and ¢t — 1,
and D represents the D-dimensional space. f; 1, ,1j is the
features at the coordinate ¢;; +j in P—1. NP (¢;,Ci—1) is
the coordinate set of the neighbour points at the coordinate
¢;,; in the previous point cloud, which is {jlc;; +j € Ci—1}.
W; is the learnable weights of the grid at j in the convolution.
Note that as the pose information is available in our task, C,
and C;_; are aligned to be in the same coordinate system by
default. Therefore, we combine a 1 x 1 x 1 convolution and
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Fig. 5. The comparison of sparse convolution based interpolation
and normal point based interpolation. Red dotted line represents the
interpolation area.

a 5 x 5 x 5 convolution to generate the interpolated features
fLLi'

As shown in Figure 5, a typical circuit of point interpolation
is to search the neighbours of the target point in the local
region and generate a new point to represent the point in
the target area. The complexity of the neighbour searching
algorithm is higher than O(n?) with matrix multiplication or
O(n x n'~%) with predefined KDtree. On the other hand, the
sparse convolution based interpolation is suitable for the voxel
scenario. Compared to point interpolation, sparse convolution
based interpolation checks neighbour voxels in the sparse 3D
tensor as the neighbours. As we use a hash-based sparse
convolution, the complexity of the voxel-based searching is
O(n), which is efficient in the voxel scenario.

Mask Generation. With the interpolated feature fgfu’
local feature propagation generates the mask my; with the
context feature f,_, ;, which is formulated as:

mg_q;=17" U(ﬂ,—u)a 2

where o(+) is a sigmoid function and r is a hyperparameter.
Note that we set r as 2 to rescale the sigmoid function to a
range of 0 to 2. r avoids the feature modification when there is
no point in the interpolation area. In our experiment, 7 slightly
stabilized the training process. Based on m, ;, the output of
local feature propagation is

g, =Mmy_1;,0 £ 4, 3)

where © represents an element-wise multiplication.

Local feature propagation inherits the key sight of local
cross-frame global attention in SpSequenceNet [6]. Cross-
frame global attention guides the local feature generation with
global summary information. However, outdoor point clouds
contain complex environmental information and noise. A
256-dimensional channel-wise attention in cross-frame global
attention barely summarizes the environment in outdoor point
cloud scenes. Compared to global information, the local fea-
ture from the previous frame is more valuable for the feature
generation of the current frame. Hence, our local feature
propagation combines the guidance channel-wise attention
and the local interpolation mechanism to improve the feature
quality of the current frame.

B. Local Semantic Propagation

The semantic information from previous frames is the most
valuable information in the time-related segmentation task,
which has been widely used in 2D video object segmentation.
We propose an algorithm that enhances the predictions of
current frames by incorporating predicted semantics from pre-
vious frames. Initially, using the semantic predictions, we build
the local label thumbnails of previous frames. Then, using
the thumbnails, we generate local semantic features through
local semantic propagation and fuse them with features of the
current frames. With local semantic features from previous
frames, the performance of our network is significantly im-
proved. We also show an explanation in Fig 6.

Firstly, local semantic propagation transforms the label
l;—1,; into the one-hot encoding I;_; ;. The elements in I;_,

is
1 k=1;_1;

L1in = Uk <, “4)
0 k#li1,

where n is the number of classes, and k is the index of label.
Then, local semantic propagation transforms the voxelized
coordinate ¢;—1 ; of point p,_; ; with

/ Tt—1,i Yt—1,i Zt—1,i

v = (=L L 7D (5)
where p is a down-sample scale parameter, which is 16 in our
work. The local label thumbnail d;_; , is the mean value of
all the one-hot encoding 12_171- at the same coordinate ¢;_, ;.
We group all d;_1, as a new point cloud D;_;, which is the
thumbnail for the prediction of P;_;. The thumbnail smooths
the predictions of previous point cloud frames to reduce the
effects of wrong predictions.

Ultimately, similar to local feature propagation, sparse con-
volution based interpolation is applied to get local semantic
features with D;_1. Here, we use a 1 x 1 x 1 convolution and a
3 x 3 x 3 convolution to generate local semantic features of the
coordinates in P;. In the end, we concatenate local semantic
features and other features together as the input for the next
stage.

C. Global Feature Matching

Inspired by the memory network [37]-[39], [42], we design
a soft matching to build long-range connections for objects
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in different point cloud frames. However, different from 2D
video tasks, the massive number of points in a point cloud
frame causes high noise, which affects the performance of the
matching mechanism. Therefore, we also design an adjustment
module to make global feature matching generate a sparse
result to address the noise problem. We show the structure of
global feature matching in Fig 7.

Firstly, the global feature matching module generates the
key features K, and K,_; for both point cloud frames P, and
P;_;. The key generators are two residual blocks with shared
parameters. The similarity function is:

exp(a(Ke,i -ki—1,5))
douerp(ake; - ke—1))
Here « is a handcrafted parameter in the comparison, which
is 2 in our network. With «, the difference of score map
is enhanced to match a similar feature. Then, an adjustment
function is applied on S;, as:

3/ .= 0
tyi,g .
St,i,5

where m is the number of points in P;_;. The adjustment
function only considers the features whose probability is
higher than the random guess. With the new sparse similarity
map S;, the output feature for P,_ is

/
Vi = E Sy i8t—1,5-
J

v.; represents the matching result from ¢ — 1. Then, we
concatenate f; ; and v,; and use a residual block to fuse all
the information together.

Our formulation can be seen as an extension of memory
approach [42] in video object segmentation. The key idea
of memory is to search the similar potential objects in the

(6)

Styij =

1

St <
T, (7

Stij 2 m

®)

previous history. A video object segmentation task typically
contains a few objects. In our task, an outdoor scene contains
about 100k points and dozens of objects. The massive number
of objects is beyond the capability of the naive memory ap-
proach. Furthermore, the differences between each object are
significant with the RGB information, while a LiDAR-based
point cloud contains the remission for the signal strength.
Accordingly, we design an « and an adjustment function to
generate a sparse matching result. The « in similarity function
enhances the difference between the points. Nevertheless, as
the formulation sums all the points in the previous frame, the
long tail of negative matching results accumulates together and
affects the feature quality of the target point. Accordingly, we
design an adjustment function to eliminate the long tail effect.

1V. EVALUATION

We evaluate our model on the multiple scan segmentation
task on SemanticKITTI [4] and SemanticPOSS [8]. In Se-
manticKITTI, there are 43,551 LiDAR point cloud frames in
22 sequences. We use 9 sequences (19,130 frames) as the
training set and validate our network with 1 sequence (4,071
frames). The remaining 12 sequences (20,351 frames) form the
test dataset. In the multiple scan segmentation task, the model
can infer with multiple scans, which is 1 scan in the single scan
segmentation task on SemanticKITTI. The 25 labels contain
19 classes for static objects and 6 classes for some moving
objects. SemanticPOSS is also a LiDAR outdoor scene point
cloud dataset. SemanticPOSS contains 6 scenes with 2988
frames. Specifically, there are 2488 frames (5 scenes) in the
training dataset and 500 frames (1 scene) in the validation
dataset. SemanticPOSS contains a higher percentage of small
objects than that in SemanticKITTI. The amount of small
objects makes SemanticPOSS a challenging task.
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A. Training Pipeline

In the training step, one problem is the choice of predictions
L,_, for the input of local semantic propagation. The first
choice is to directly use the ground truth of t — 1 as L;_;.
However, the network overfits the ground truth of ¢—1 and the
performance in the inference stage is poor without the ground
truth. Furthermore, in the video object segmentation [38], [39],
[42], the choice is the predictions from the previous frame
and they use a sequential training pipeline to maintain the
predictions in the memory. The cost of a sequential training
pipeline is high, especially in 4D point cloud segmentation
setting. Consequently, we design a special non-sequential
training pipeline based on the approximation mid prediction
Ltfl.

In the first training epoch, we randomly set the previous
frame P;_; as an empty point cloud without any point or
prediction with an 80% possibility, which approximates the P
as the first frame Fy. Otherwise, we use the previous frame
P;_1 and set the ground truth as the labels L;_; to train our
proposed model. Therefore, the first training epoch warms up
all the modules and limits the usage of ground truth in case
of the overfitting issue. Then, before starting the next training
epoch, we sequentially predict all the point cloud frames in the
training dataset and store the predictions as mid predictions.

Then, we apply a data augmentation mechanism for the
prediction L;_; in the following training epoch. We randomly
select the value of the prediction L;_; in three different ways.
Firstly, we set the ground truth of P;_; as the prediction
L;_; for the model training. Secondly, similar to the first
training epoch, we randomly set the previous frame P;_; as an
empty point cloud to approximate the P; as the first frame Fj.
Thirdly, we set the mid predictions as approximate predictions
L;_; of the previous frame. The data augmentation mechanism
effectively prevents overfitting on the ground truth of ¢ —1 and
training with time-consuming sequential training pipelines.

Furthermore, we update the mid prediction every 10 epochs
for simulating the predictions of the previous frame from
the model trained in the respective training epochs. In the
inference stage, we apply the segmentation sequentially and
directly use the predictions from the previous point cloud
frame as L;_;.

B. Implementation Details

In the pre-processing phase, we align P;_; with P, so that
P,_; and P; are in the same coordinate system. Then, we
apply random sampling, rotation and shifting on P;_; and P;
using the same setting. Then, we voxelize P;_; and P; with the
scale unit 0.05m, and the voxelized P;_; and P, are the input
of FeatProp. Before training the FeatProp, we pre-train our
backbone network using a single frame on the multiple scan
segmentation task of SemanticKITTI. In the training phase,
we use an Adam optimizer to train the FeatProp. The usage
of GPU memory is around 8GB for batch size 2. The device of
our experiment is one Intel Core 19-9900X Processor and one
Nvidia RTX 2080Ti. To have a better performance, we use P
itself as P_; and the prediction from the backbone network
(single frame prediction) as L;_1. In our experiment, it yields
around 0.2% improvement for the result on the validation set.

C. Results on SmeanticKITTI Multi-Scan Task

As shown in Table I, we compare our method to ex-
isting methods on the multiple scan segmentation task of
SemanticKITTI. Note that TangentConv [43] and Dark-
Net53Seg [4] combine 5 point cloud frames as one point
cloud to predict the label of each point. The performance
of our backbone network is 0.9% lower than that of Tem-
poralLidarSeg [44]. For more details, our method has a
significant improvement in the foreground objects, like car,
bicycle and person. Simultaneously, the improvements in the
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TangentConv [43] 341 | 849 2.0 182 211 185 1.6 0.0 0.0 839 383 640 153 858 491 795 432 567 364 312 403 1.1 6.4 1.9 30.1 422
DarkNet53Seg [4] 416 | 84.1 304 329 200 207 715 0.0 00 916 649 753 275 852 565 784 507 648 381 533 615 141 15.2 0.2 289 378
SpSequenceNet [6] 43.1 | 8.5 240 262 292 227 6.3 0.0 00 90.1 576 739 271 912 668 840 660 657 508 487 532 412 262 362 2.3 0.1
TemporalLidarSeg [44] 47.0 | 92.1 477 409 392 350 144 00 00 918 596 758 232 898 638 823 625 647 526 604 582 428 404 129 124 2.1
TVSN [7] 525 | 935 456 428 369 357 152 0.0 0.0 899 679 735 214 923 695 850 703 685 612 654 742 655 556 630 148 52
PointMotionNet [34] 548 | 90.6 593 599 709 299 137 231 234 917 655 761 242 901 635 849 709 701 622 640 714 622 618 151 299 105
Backbone (MinkNetl14 [5]) | 46.1 | 90.9 30.2 398 29.1 284 79 0.0 0.0 88.6 565 709 154 883 590 846 667 68.0 565 579 614 52,6 437 340 202 1.8
FeatProp (Ours) 527 | 938 562 339 490 367 174 0.0 0.0 884 615 722 328 913 682 842 708 675 60.1 665 803 635 517 399 271 4.9
TABLE I

OUR TEST RESULTS ON THE MULTIPLE SCAN SEGMENTATION TASK OF SEMANTICKITTI. AS OUR TASK IS A 4D SEGMENTATION TASK, THE RESULT
IS BASED ON THE MULTIPLE SCAN SEGMENTATION TEST SET OF SEMANTICKITTI. FOR THE FOURTH ROW, MINKNET14 [5] IS THE BACKBONE
NETWORK IN OUR IMPLEMENTATION. MINKNET14 [5] ONLY USES ONE FRAME AS THE INPUT. COMPARED TO THE BACKBONE NETWORK, FEATPROP
HAS A 6.6% IMPROVEMENT, WHICH IS 52.7% ON MIOU. THE IMPROVEMENT FROM OUR PROPOSED METHODS SHOWS THE EFFICIENCY OF THE
TEMPORAL FEATURE FUSION.

background objects, like road, parking and building, are not
as significant as the improvement for moving objects. For our
proposed method, FeatProp achieves absolute mloU boosts
of 6.6% over the backbone network and 5.2% over Tem-
poralLidarSeg [44]. The performance of our previous work,
TVSN [7] is 0.2% lower than FeatProp while TVSN uses
a deeper backbone network (34-layer MinkUNet [5]) than
FeatProp (14-layer MinkUNet). PointMotionNet [34] achieves
an improvement of 2.1% over our work, mostly coming from
improved predictions of bicyclists and motorcyclists. In con-
trast, all other compared approaches including our backbone
network and our proposed method are unable to detect these
two classes. PointMotionNet designs a point-based motion
prediction branch to predict the motion statuses of the current
frame with multiple consecutive frames and then trains one
more branch for segmentation predictions. Using our voxel-
based backbone network, our approach directly propagates and
fuses the network outputs from the previous frame with the
features of the current frame. Therefore, our method requires
fewer computation resources and has lower computational
complexity.

Furthermore, we also show qualitative results in Figure 8.
The qualitative results is an evidence for the conclusion from
the quantitative results. For the objects related to the motion
status, our model has a high performance. In all five frames,
the predictions of points on the road, which have a high
probability of being a car or a moving object, are similar to
the ground truth. For background objects, two failure cases
happen in Frame a and Frame c, and the results for other
cases also have a high quality.

To further investigate the effectiveness of global feature
matching, we show matching qualitative results in Figure 9.
We sample the associated pairs of points with high similarity
scores in two corresponding frames. These associated pairs
of points represent the matching results in global feature
matching. In all three examples, global feature matching
associates the points from the same objects with high quality
even though there is no additional object-level supervision.

D. Ablation Experiements

We show a comparison result in Table II. The result is based
on the validation dataset of SemanticKITTI. Without any pro-

| mIoU
Backbone 46.8
Backbone+LFP 49.1
Backbone+LSP 52.8
Backbone+LFP+LSP 54.0
Backbone+L.SP+GFM 54.7
Backbone+LFP+LSP+GFM_NO_A 54.2
Backbone+LFP+LSP+GFM 55.5

TABLE 11
THE COMPARISON RESULTS OF EACH MODULE ON THE VALIDATION
DATASET OF SEMANTICKITTI. HERE LFP 1S LOCAL FEATURE
PROPAGATION, LSP 1S LOCAL SEMANTIC PROPAGATION AND GFM IS
GLOBAL FEATURE MATCHING. GFM_NO_A 1S A VERSION OF GLOBAL
FEATURE MATCHING WITHOUT THE ADJUSTMENT MODULE.

posed modules, the result of the backbone network is 46.8%
in terms of mloU. Local feature propagation improves per-
formance by 2.3% compared to the backbone network alone.
Local semantic propagation contributes around 6.0% improve-
ment over the backbone network and a 4.9% improvement
over the backbone network using local feature propagation.
The overall improvement from our local approaches is 7.2%.
These results demonstrate that temporal information extracted
from local regions can effectively support the network in
understanding the scene.

The global feature matching module has a 1.5% improve-
ment (from 54.0% to 55.5%) using local feature propagation,
and a 1.9% improvement (from 52.8% to 54.7%) without
local feature propagation. Furthermore, we evaluate the ef-
fectiveness of the adjustment function for global temporal
feature matching. As stated in Section III-C, the adjustment
function is designed to generate a sparse score map in global
feature matching. We remove the adjustment function and the
« parameter in global feature matching, which is GFM_NO_A
in Table II. GFM_NO_A is similar to the matching mechanism
in STM [42].

This naive version of global feature matching shows only
0.2% improvement over Backbone+LFP+LSP. In our observa-
tion, there are two reasons for the performance gap between
the two versions of global feature matching. Firstly, the
huge number of candidates causes difficulty in matching a
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Fig. 8. Qualitative Results on the validation dataset of SemanticKITTI. The first column is the ground truth of five examples and the second column is
the predictions. The yellow parts are the points for the road. There are several failure cases in the red circles.



Groud Truth

Fig. 9. Matching Quality of Global Feature Matching. We sample the pairs of points with high matching scores in frames ¢g and ¢1. Note that coloured
points represent matching results, and points with the same colour in frames ¢g and ¢; are associated as pairs of matching results with high scores. In each
red area, global feature matching associates the points from the same object in frames to and t1

[ mloU [ People Rider Car  Traffic Sign Trunk Plants Pole Fence Building Bike Road
PointNet++ [1] 20.1 20.8 0.1 8.9 21.8 4.0 51.2 32 6.0 42.7 0.1 62.2
SqueezeSegV2 [45] 29.8 18.4 1.2 349 11.0 15.8 56.3 4.5 25.5 47.0 324 713
RandLA-Net [46] 53.5 69.2 267 712 243 27.3 73.4 30.9 51.4 82.5 439 812
KPConv [2] 55.2 713 294 782 23.0 28.1 71.6 324 51.5 81.8 532  80.6
JS3C-Net [47] 60.2 80.0 39.1 83.2 28.9 31.6 76.1 44.7 54.0 83.9 59.8 817
TVSN [7] 63.0 68.3 627 71.6 28.6 49.1 80.6 33.8 62.8 82.7 65.0 818
FeatProp (Ours) + 5cm 61.9 74.0 70.0 442 47.5 40.2 82.3 35.1 63.3 79.4 642  8l1.6
FeatProp (Ours) + 10cm 62.5 72.4 69.6 55.2 47.1 39.0 81.4 345 62.9 80.3 63.9 81.8

TABLE III

THE TEST RESULTS ON THE AREA 3 OF SEMANTICPOSS. THE PERFORMANCE OF FEATPROP ACHIEVES A 2.3% IMPROVEMENT OVER JS3C-NET [47].

useful feature globally in point cloud frames. The number of
candidates is around 9 thousand for each point cloud frame in
our framework and usually 576 for one 384%384 image frame
at the end of a ResNet encoder. The quantitative gap limits
the effectiveness of softmax-style soft matching approaches.
Secondly, the difference between features in the LiDAR point
cloud is lower than the feature for an RGB image, and it also
increases the requirement of a matching algorithm.

E. Results on SemanticPOSS

In Table III, we show the results based on SemanticPOSS.
5cm and 10cm are the voxelization resolution of our net-
work. Note that JS3C-Net [47] merges 70 consecutive frames
together to predict the segmentation label and complete the
scene. The merge process is one basic method to utilize tem-
poral information, which usually requires high usage of com-
putation recourses and memory. With our proposed modules,
our FeatProp achieves an improvement of 2.3% over JS3C-
Net. The performance of FeatProp is 0.5% lower than that
of TVSN. As SemanticPOSS is obtained by using a 40-line
LiDAR, the point clouds in SemanticPOSS are more sparse
than those in SemanticKITTI. Hence, a lower resolution,
like 10cm, shows higher overall performance while a higher
resolution, 5¢m, shows slight advantages in some classes.

V. CONCLUSION

We propose a novel method FeatProp to improve the per-
formance in 4D point cloud segmentation. To fully explore
effective temporal dependencies across two consecutive point
clouds, we define different types of temporal information
and design three novel modules to propagate the temporal
information from the previous point cloud frame to the current
inference stage. Experimental results on SemanticKITTI and
SemanticPOSS demonstrate the superior effectiveness of our
method in utilizing temporal information to improve the 4D
semantic segmentation.
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