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Abstract. Roof-mounted spinning LiDAR sensors are widely used by
autonomous vehicles. However, most semantic datasets and algorithms
used for LiDAR sequence segmentation operate on 360◦ frames, causing
an acquisition latency incompatible with real-time applications. To ad-
dress this issue, we first introduce HelixNet, a 10 billion point dataset
with fine-grained labels, timestamps, and sensor rotation information
necessary to accurately assess the real-time readiness of segmentation
algorithms. Second, we propose Helix4D, a compact and efficient spatio-
temporal transformer architecture specifically designed for rotating Li-
DAR sequences. Helix4D operates on acquisition slices corresponding to
a fraction of a full sensor rotation, significantly reducing the total latency.
Helix4D reaches accuracy on par with the best segmentation algorithms
on HelixNet and SemanticKITTI with a reduction of over 5× in terms
of latency and 50× in model size. The code and data are available at:
https://romainloiseau.fr/helixnet
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1 Introduction

Due to their low acquisition latency and high precision, rotating LiDAR sensors
are among the most prevalent sensors for autonomous vehicles [38]. The acquired
sequences of 3D points exhibit a complex structure in which the temporal and
spatial dimensions are entangled through the rotation of the sensor around a
reference point in motion; see Figure 1. However, this structure is often not
reflected in the formatting of open-access LiDAR datasets [3,25,28], which are
discrete sequences of range images, or frames, each corresponding to a 360◦

degree arc around the sensor. Consequently, most LiDAR semantic segmentation
methods operate on one or several such frames at the same time, in the image
[12] or point cloud [50,47,42] format. However, waiting for an entire frame to be
acquired introduces an unavoidable latency of more than 100ms on top of the
processing time, excluding applications for high-speed or urban driving. In this
paper, we address this issue by introducing (i) HelixNet, the largest available
LiDAR dataset, and whose fine-grained point information allows for the realistic
real-time evaluation of segmentation methods, and (ii) Helix4D, a spatio-temporal
transformer designed for the efficient segmentation of LiDAR sequences.
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Fig. 1: Online LiDAR Segmentation. The 3D point sequences of rotating LiDAR
data of our proposed dataset HelixNet follow a complex helix-like structure in space and
time, represented in a by using the vertical axis for both time and elevation. We propose
an efficient spatio-temporal transformer to process angular slices of data centered on
the sensor’s position. The slices are partitioned into voxels, each attending other voxels
from past slices to build a large spatio-temporal receptive field b. Our proposed model
can segment the LiDAR point stream c with state-of-the-art accuracy and in real-time.

Our dataset HelixNet, has several key advantages compared to standard
datasets such as SemanticKITTI [3], see Table 1. By organizing points with
respect to sensor rotation and reporting their precise release times, we can
accurately benchmark the real-time readiness of leading state-of-the-art LiDAR
sequence segmentation algorithms. Furthermore, the pointwise sensor orientation
allows us to split the data into slices of acquisition corresponding to a fraction of
the sensor’s rotation. These slices can be processed sequentially by our proposed
network Helix4D, resulting in a lower acquisition latency and a more realistic
scenario for autonomous driving. Based on a spatio-temporal transformer designed
explicitly for LiDAR sequences, Helix4D is more than 50 times smaller than the
current best semantic segmentation architectures and reaches state-of-the-art
performance with significantly reduced latency.

2 Related work

We present an overview of the existing LiDAR datasets related to autonomous
driving, and a summary of the recent developments in 3D semantic segmentation.

Autonomous Driving 3D Datasets. As autonomous driving becomes an increas-
ingly realistic prospect, multiple datasets have been proposed to evaluate the
performance of perception algorithms [33,11]. In addition to cameras, rotating
LiDARs have become one of the most prevalent sensors mounted on autonomous
vehicles due to their high accuracy, low latency, and steadily decreasing prices [38].
ApolloScape [23], DublinCity [51], and TerraMobilita/iQmulus [43] have been
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Table 1: Embarked LiDAR Datasets with Semantic Point Annotations. With
over 8:8B annotated 3D points, HelixNet is 70% larger than SemanticKITTI, and
includes more diverse scenes spanning 6 di�erent French cities. Contrary to other
datasets, HelixNet arranges points with respect to the sensor rotation and contains
�ne-grained information about their release time.

Dataset labels frames classes span format

HelixNet (Ours) 8.85B 78k 9 6 cities sensor rotation
SemanticKITTI [16,3] 5.2B 43k 19 1 city frame
Rellis3D [25] 1.5B 13k 16 1 city frame
KITTI-360 [28] 1.0B 81k 37 1 city frame
A2D2 [17] 387M 41k 38 3 cities frames
Paris-Lille-3D [37] 143M N/A 50 2 cities multi-frame
Toronto3D [41] 78M N/A 8 1 city multi-frame

acquired with LiDAR setups that o�er scans of urban environments with high
precision and density. However, the vertical orientation of the emitters is not
compatible with real-time road perception. Several prominent datasets such
as NuScene [6] or the very large ONCE dataset [31] provide only object-level
annotations (i.e. boxes).

This paper focuses on semantic segmentation algorithms for roof-mounted
rotating LiDAR sensors. In Table 1, we report several key characteristics of such
datasets [25,16,3,28,17,37,41]. Our proposed dataset HelixNet is 70% larger than
SemanticKITTI [ 16,3], and spans 6 cities and various environments. In contrast
to previously released datasets, the 3D points of HelixNet are given with respect
to the sensor rotation and in the order in which they are made available. This
last point proves crucial for evaluating the precision and latency of segmentation
algorithms in a setting that is compatible with real-time inference.

Deep Semantic Segmentation of 3D Point Clouds.The development of speci�c
deep architectures for the semantic segmentation of 3D point clouds has led to a
tremendous increase in performance [21]. The �rst set of methods that operate
on rotating LiDAR sequences processes data in range image format [27,40,12].
Taking advantage of advances in the implementation of sparse convolutions [18,9],
a second set of methods uses �ne grids in polar [47], Cartesian [42,8] or cylin-
drical [50,22] coordinates. A third kind of approach proposes exploiting the
temporal dimension of LiDAR acquisitions by stacking contiguous frames [9,2].
Observing that cylindrical partitions better capture the geometry of rotating
LiDAR acquisition, our proposed Helix4D builds on the idea of Cylinder3D [50]
and adds a temporal component to the architecture.

Due to their remarkable performance and scalability, transformers [44] have
quickly been adapted from text processing to images [13,30,39,7], videos [1], or
meshes [29]. Transformers are also well suited to handle unordered sets, such
as 3D point clouds [20,48]. In particular, their scalability can be leveraged
to achieve large receptive �elds [32,34] and more discriminative features [5]
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Training Set Validation Set

1- Clermont 2- Clermont 3- CASQY 13- Paris (5°) 14- Vincennes

4- CASQY 5- CASQY 6- Paris (11°) 15- Guyancourt 16- Vincennes (SE)

7- Clermont (Uni) 8- Clermont (Uni) 9- Paris (6°) 17- Vincennes (SE) 18- Amiens

10- Paris (6°) 11- Paris (6°) 12- Paris (6°) 19- Amiens 20- Amiens

Test Set

Fig. 2: Coverage from HelixNet. We split the acquisitions into 12 training, 2 val-
idation, and 6 testing sequences. HelixNet contains diverse scenes in various urban
environments from static or mobile sensors.

than purely convolutional approaches. Transformers can also e�ciently process
complex temporal [26,45] and spatio-temporal [15] sequences. In the wake of
hybrid convolution-transformer models [19,10,14], our proposed Helix4D combines
e�cient cylindrical convolutions with a simpli�ed spatio-temporal transformer
architecture operating at low resolution.

3 HelixNet: A Dataset for Online LiDAR Segmentation

We introduce HelixNet, a new large-scale and open-access LiDAR dataset intended
for the evaluation of real-time semantic segmentation algorithms. In contrast to
other large-scale datasets, HelixNet includes �ne-grained data on sensor rotation
and position, as well as point release time.

General Characteristics. As seen in Figure 2, HelixNet contains 20 sequences of
3D points, each corresponding to 6 to 7 minutes of continuous acquisition, for a
total of 129 minutes. Scanning was performed by an HDL-64E Velodyne rotating
LiDAR [ 24] mounted on a mobile platform [35]. As shown in Figure 3, HelixNet
covers multiple cities and a wide variety of environments such as a university
campus, dense historical centers, and a highway interchange. With a total of 10
billion points across 78 800 frames and 8:85 billion individual labels, HelixNet is
the largest densely annotated open-access rotating LiDAR dataset by a factor of
1:7 as shown in Table 1. HelixNet follows the �le format of SemanticKITTI [ 3],
allowing researchers to evaluate existing code with minimal e�ort.
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