MiliPoint: A Point Cloud Dataset for mmWave Radar
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Abstract

Millimetre-wave (mmWave) radar has emerged as an attractive and cost-effective
alternative for human activity sensing compared to traditional camera-based sys-
tems. mmWave radars are also non-intrusive, providing better protection for user
privacy. However, as a Radio Frequency (RF) based technology, mmWave radars
rely on capturing reflected signals from objects, making them more prone to noise
compared to cameras. This raises an intriguing question for the deep learning
community: Can we develop more effective point set-based deep learning methods
for such attractive sensors?

To answer this question, our work, termed MiliPoin delves into this idea by
providing a large-scale, open dataset for the community to explore how mmWave
radars can be utilised for human activity recognition. Moreover, MiliPoint stands
out as it is larger in size than existing datasets, has more diverse human actions
represented, and encompasses all three key tasks in human activity recognition. We
have also established a range of point-based deep neural networks such as DGCNN,
PointNet++ and PointTransformer, on MiliPoint, which can serve to set the ground
baseline for further development.

1 Introduction

In modern systems, sensors play a vital role in allowing intelligent decision-making [13| 5].
Millimetre-Wave radar (mmWave radar) is often employed in automotive, industrial and civil applica-
tions. This type of sensor is particularly advantageous as it offers a good balance between resolution,
accuracy, and cost [[7,[15]]. In this work, we focus on exploring the potential of mmWave radars as
sensors for human activity sensing. Despite the high accuracy of camera-based systems demonstrated
for various tasks in this domain [27, 3], their intrusive nature has raised considerable concerns in
terms of user privacy. The utilization of Radio-Frequency (RF) signals for human activity analysis
presents an attractive alternative due to their non-intrusive nature.

When compared with traditional low frequency RF sensors, like WiFi and Bluetooth, mmWave radars
can utilize a much higher bandwidth and achieve a finer resolution. Together with the multiple-input
multiple-output (MIMO) technique, mmWave radars can serve as 3D imaging sensors and enable
advanced human activity recognition tasks to be performed. Meanwhile, the short wavelength of
mmWave signals facilitates the development of a small-factor and low-cost sensor. However, as
a RF-based technique, mmWave radars rely on the reflected signal phase from an object to detect
its spatial feature, which can be prone to noise and is less accurate than cameras and lidars. A
comparison between mmWave radars and other commonly seen sensors is shown in Table[I} As
shown, mmWave radar is a cost-effective, non-intrusive sensing solution that can be advantageously
used in various sensing scenarios.
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Table 1: A comparison of different sensors, mmWave radar is a cost-effective, non-intrusive sensor
compared to other solutions.

Sensor type 3D camera  Lidar  Traditional RF mmWave Radar
Cost Medium High Low Low
Intrusiveness High Medium Low Low
Resolution High High Low Medium
Viewing condition requirement High Medium Low Low

Researchers have demonstrated the effectiveness of mmWave radar in many human activity sensing
tasks. However, the varying operation conditions and task specifications of radar-based human pose
estimation make comparisons between existing methods and evaluations of their generalizability
challenging. For instance, single person identification is the focus of Zhao et al. [31]], while Pegoraro
et al. [16] show mmWave radars can concurrently identify up to three people. Sengupta et al. [20]]
concentrate on differentiating human arm motions with fixed-location subjects, whereas An et al.
[L] cover 12 actions which showcase a variety of human postures, and the number of samples can
span from a few thousand to approximately 160k. In terms of hardware, a single-chip 77 GHz radar
with an integral transmitter and receiver is used in various research [31]]; nevertheless, two radars
[6120] or 60 GHz radar with separate transmitters and receivers [10] are also evaluated by researchers.
Furthermore, parameters like the radar chirp configuration, which can have a major impact on the
detection result, have been neglected by many existing studies.

This study presents the development of MiliPoint, a standardised dataset, designed for the facilitation
of future research in this domain, enabling researchers to make cross-comparisons in a uniformed
framework. In this paper, we make the following contributions:

* We introduce the MiliPoint dataset, which includes three main tasks in human activity
recognition: identification, action classification and keypoint estimation.

» MiliPoint offers a more comprehensive view of human motion than existing datasets,
featuring 49 distinct actions - 4:08 more than the most action-diverse dataset - and 545K
frames of data, 3:26  greater than the largest dataset in existence.

* We implemented and tested the performance of existing point-based DNNs on MiliPoint,
and found that action classification is a particular challenging task, compared to identity
classification and keypoint estimation.

2 Related Work

We begin by introducing the mechanics of millimeter wave sensing in Section Section [2.2]
surveys existing mmWave datasets and elucidates how MiliPoint differs from them. Following this,
Section [2.3]outlines the popular deep neural network (DNN) models proposed for 3D point sets.

2.1 Millimeter Wave Sensing

A mmWave signal refers to an electromagnetic signal between 30 GHz to 300 GHz that has a
wavelength of sub 1 cm. Signals at this frequency band can have a much larger bandwidth (a few
gigahertz) than the traditional RF signals, which make them very suitable for short-range radar
applications as the resolution of a radar is directly determined by its signal bandwidth. Meanwhile,
the short wavelength allows many antennas to be integrated into a single small-factor platform,
enabling it to determine the angle-of-incident of the signal refection and depict the 3D spatial feature
of the scene. Although it is less accurate than 3D cameras and lidars, mmWave radars still offer
several distinct advantages such as cost-effectiveness, non-intrusiveness, and lack of reliance on
various viewing conditions. All these features give mmWave radar an increased popularity in human
activity sensing.

mmWave radars often use frequency modulated continuous wave (FMCW) to detect objects in the
scene. Figure[I]presents the workflow of a typical mmWave Radar. The radar transmits millimeter
wave signals. The object in front of the sensor then reflects the signal back and the signal is picked



Figure 1: An illustration of how a typical mmWave Radar work. The radar has several transmitters
(TX) and Receivers (RX) for transmitting and collecting the re ected signals. These signals are then
mixed and Itered to form an Intermediate Frequency (IF) signal. Subsequent to this, three Fast
Fourier Transforms (FFTs) are implemented on the range, velocity, and angle domains. A Constant
False Alarm Rate (CFAR) algorithm is also utilized to detect potential peaks from the FFT outputs.
Eventually, thgx; y; z) coordinates of the objects in the metric space are acquired.

Table 2: A comparison to existing mmWave datasets (A=Action classi cation, I=ldenti cation,
K=Keypoint estimation). Our dataset, Milipoint, is far more diverse in both tasks and actions, and
also has a much larger dataset size.

Dataset Task Participants Dataset size Action involved
mmPosel[20] K 2 15k 4
MARS [2] K 4 40k 10
HUPR [12] K 6 141k 3
mRI [1] K 20 160k 12
CubeLearn[]30] A 8 1k 6
RadHAR [22] A 167k 5
MiliPoint ALK 11 5451 49

up by the receiver. The distance and angle of the object would be encoded in the frequency and phase
of the re ected signal. Following this, the on-chip data processing unit mixes and applies a low pass
Iter to the signal to produce an Intermediate Frequency (IF) signal. Two Fast Fourier Transforms
(FFTs) are then applied on this mixed signal, before a Constant False Alarm Rate algorithm is used
for peak detection. This, together with the FFT for the angle, provides the user with the data packet
that contains the 3D coordinates of the object in the scene.

2.2 Existing mmWave Datasets

Although many mmWave radar frameworks have been proposed in the human activity recognition
literature, only a few researchers have released their datasets publicly. These are summarized in
Table[2. Existing datasets focus primarily on a single task, with a majority being devoted to keypoint
estimation. Meanwhile, CubelLeai8(] and RadHAR[R2] are two datasets speci cally designed for
action classi cation. Previous datasets have limited the number of frames collected, with the largest
datasets, mR[1] and RadHARI[E2], containing a meagre 160K frames. Additionally, the range of
human actions included is not extensive, with the greatest total being 12 in the mRI dataset [1].

Our work is the rst mmWave dataset that includes all three main tasks in human activity recognition:
identi cation, action classi cation, and keypoint estimation. It also llIs a critical gap in terms of size

and diversity, with 11 participants performing a total of 49 different actions across 545k frames. This
provides a more comprehensive picture of human movements than has ever before been possible for
mmWave radar sensing.

2.3 Point-based Neural Networks

Point clouds, composed of 3D points representing an object's shape, are commonly used in computer
graphics and 3D sensindd]. Graph neural networks (GNNSs) process point clouds directly as
individual points, rather than as voxel] jor multi-view images|23,28]. The unordered point

3The action dataset has 213k ltered frames after excluding warm-up time and breaks.
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