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Abstract

Millimeter-wave (mmWave) radars are gaining popularity thanks to their low
cost and robustness in low-visibility conditions. However, the 3D point clouds
they produce are sparser and noisier than those from LiDARs and depth cam-
eras. These differences create challenges when applying existing methods, orig-
inally designed for dense point clouds, to mmWave data. Specifically, there is a
gap in point-level precision tasks, such as full point cloud denoising for mmWave
data, partly due to the lack of fully annotated datasets. In this work, we em-
ploy the MilliNoise dataset, a fully annotated indoor mmWave point clouds
dataset, to advance the understanding of mmWave point clouds denoising via
two main steps: (i) we carry out an experimental analysis of the most com-
mon point cloud processing approaches and show their limitations in exploring
the local-to-global structures in sparse and noisy point clouds; (ii) in light of
the identified limitations, we propose a graph-based transformer architecture,
denoted as GT-MilliNoise, composed of two main blocks to effectively lever-
age both the temporal and geometric structures of the data: a Temporal block
leverages the sparsity of data to learn the dynamic behaviour of the points; a
Geometric block, uses a point-wise attention mechanism to form representa-
tive neighbourhoods for feature extraction. The experimental results obtained
in the MilliNoise dataset show that our proposed GT-MilliNoise architecture
outperforms the state-of-the-art both qualitatively and quantitatively. Specifi-
cally, it achieves 75% accuracy (5% gain compared to the state-of-the-art), and
a significantly low Earth Mover’s distance value of 0.193.

1. Introduction

In the rapidly evolving field of multimedia systems, the role of 3D data
sources has grown significantly. Such data requires new approaches to capture,
process, and utilize information. Point Cloud (PC) data produced, f.i., by 3D
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Light Detection and Ranging (LiIDAR) sensors and stereocameras, allows cap-
turing the features of three-dimensional scenes. These technologies have driven
significant advancements in applications encompassing autonomous navigation
and robotics [1, 2], 3D modeling [3], augmented reality /virtual reality [4, 5, 6],
and 6DoF video streaming [7, 8].

Despite their advantages, LiDAR and stereocamera systems are often chal-
lenged by environmental conditions, such as poor visibility in adverse weather or
difficulties in detecting transparent or reflective surfaces. This limits the utiliza-
tion of such media content for reliable machine applications. Moreover, these
technologies may be cost-prohibitive and pose concerns regarding power con-
sumption, thus hindering their adoption in mobile applications. On the other
hand, mmWave radars are sensors operating with wavelengths in the order of
millimeters. They are equipped with transmitter antennas, emitting signals,
and receiver antennas, capturing their reflections. The processing of received
signals enables the generation of a 3D PC that describes the environment, in-
cluding information on the velocity, intensity, and orientation of the reflecting
objects. Thanks to their operating frequencies, these sensors are significantly
more robust in adverse environmental conditions, such as fog, dust, smoke, and
rain [1, 5, 9, 10]. Despite such advantages, the PC data generated by mmWave
sensors introduces some peculiar challenges. Specifically, (i) the presence of a
large amount of noise, and (i) the sparsity of points in each acquired frame.
The higher level of noise is due to the wider wavelength of mmWave signal,
which is highly susceptible to multi-path reflections. At the same time, the
small antenna size and the low power signal of the mmWave lead to a lower
signal-to-noise ratio (SNR), which further increases the noise and reduces the
total number of points captured per frame. In indoor environments, a typi-
cal mmWave PC consists of only 200 sparse points, as opposed to the tens
of thousands found in LiDAR PC, and most of the points in mmWave PC are
noise points. As a consequence, in a mmWave PC, shapes and objects are rarely
understandable to the naked eye.

Given these unique challenges, it is not obvious if current PC processing ap-
proaches can be extended for the mmWave PCs. Most of the existing PCs learn-
ing architectures were developed for significantly denser and less noisy PCs gen-
erated by LiDAR sensors or RGB-D cameras. Such architectures have started
to be adapted for mmWave PCs, but mainly focusing on PC level tasks such
as action recognition [6, 11, 12| or broad-level object detection [13, 14]. Con-
versely, understanding how well current architectures from dense PCs behave
with mmWave data for point level tasks (e.g., point-wise denoising) is highly
overlooked and remains a gap in the literature.

This work addresses this gap and advances the research on point-wise mmWave
PC denoising. To this end, we leverage MilliNoise [15], a dataset with point-wise
labels with a sub-millimetric accuracy. Frequency Modulated Continuous Waves
(FMCW) mmWave sensors with integrated antennas, referred to as Antenna-
On-Package (AoP), are used for the data campaign of this dataset. MilliNoise
collects indoor scenarios, such as wide and narrow hallways, tight and loose
turns, and shelves built by properly arranging a set of obstacles. Most im-



portantly, each point in the MilliNoise dataset is accurately labelled through a
motion capture system, allowing the discrimination of points describing actual
objects in the scene from those representing noise.

Building on the MilliNoise dataset, this work aims at developing learning
models for point-wise denoising of mmWave PCs. To the best of our knowledge,
this represents the first attempt at point-wise denoising tailored for the unique
challenges of indoor mmWave PCs. To achieve this, we first investigate the
performance of several state-of-the-art approaches typically used for traditional
PC processing that, however, have never been investigated for denoising highly
sparse and noisy mmWave PCs. Specifically, we implement the state-of-art
point-based [16, 17], graph-based [18], and transformer-based [19] architectures.
The results obtained show that state-of-the-art methods exhibit limitations in
exploring the local-to-global structures present in sparse PC and modelling the
relations between points. To address these limitations, we further propose GT-
MilliNoise, an architecture for mmWave PC denoising composed of two main
cascading blocks:

1. A Temporal block, designed to explore the dynamic aspect of the input
PC by learning how to distinguish between sporadic points (likely to be
noise) and consistent points over time.

2. A Geometric block, which takes this temporal information into self-attention
operation to form representative neighbourhoods able to explore the 3D
space. From these neighbourhoods, a message-passing graph convolution
captures relations between the points to learn spatial-temporal features
for the denoising task.

The proposed GT-MilliNoise is able to denoise mmWave scenes with an average
0:68 Fl-score and 75% accuracy, corresponding to a 5% gain over the state-of-
the-art. Beyond the quantitative gain in terms of accuracy (i.e., percentage of
correct points), we also observe a significant gain in geometric metrics, which
measure how similar the denoised scene is to the target ground truth. Simulation
results demonstrate that the GT-MilliNoise model better understands the 3D
scene. As a last contribution, we conduct an ablation study to investigate how
the input size and the inclusion of additional features (i.e., velocity, intensity),
as well as each component of the GT-MilliNoise architecture, affect the model
performance. We conclude this paper by highlighting potential directions for
improving research.
In summary, this work makes the following contributions:

e A novel GT-MilliNoise method able to process mmWave PCs for point-
wise denoising. It compensates for noisy and sparse data by learning
temporal features, which reflect point consistency over time, and extract-
ing spatio-temporal features with a second Geometric block (Section 4).
This two-stage approach allows the GT-MilliNoise to effectively leverage
both temporal and geometric cues for accurate denoising.

e To the best of our knowledge, the first benchmarking on deep learn-
ing methods for indoor point-wise denoising (on the MilliNoise dataset),



proposing an in-depth analysis of how different architectures handle mmWave
data (Section 6).

e An ablation study of both input modalities and network architecture,
shedding light on how they impact the model performance (Section 6.5).

2. Background

This section describes Frequency-Modulated Continuous Waves (FMCW)
radar PCs acquisition (Section 2.1) and provides a brief overview of the main
classic approaches for PC processing (Section 2.2) that do not focus on mmWave
data, hence avoiding its peculiar issues. Finally, it describes how these methods

were adapted to mmWave PC data, specifically focusing on the denoising task
(Section 2.3).

2.1. FMCW Radar data acquisition

mmWave radars emit a set of signals (chirp frame), and based on their
reflection, build a set of two-dimensional arrays describing the intensities of the
received signals. By leveraging the Time-of-Flight (ToF), the displacement of
the receiving antennas, and the Doppler effect, it is possible to extract a 3D PC
representing the position of the objects, the intensity of its reflected signal and
the radial relative velocity [20]. The interested reader is referred to [20] for an
extensive overview of mmWave FMCW radar processing.

FMCW mmWave radars are gaining popularity for PC acquisition due to
their superior ability to penetrate 3D space in low visibility conditions and their
low price, making them easily accessible. They also adopted integrated anten-
nas, resulting in significantly reduced production and retail costs, which helped
increase the adoption of mmWave sensors in several research and industrial
fields. However, the constraints on the signal and on the sensor’s antennas limit
the quality of the acquired PC representation. The mmWave wider wavelength
is highly susceptible to multi-path interference and scattering. The interference
effect is exacerbated in confined indoor spaces where multi-path reflections are
formed more easily.

Outdoor PCs vs Indoor PCs: with respect to dense and outdoor PCs, the first
difference stems from the distance between the objects reflecting the antenna’s
signals. In fact, given the higher distance between objects (from at most a few
meters in the indoor scenario to tens of meters in outdoor cases), the effect
of reflections from other objects is dramatically reduced. Furthermore, in the
outdoor case, the higher distance between objects prevents (or at the very least
reduces) the chance of interfering reflections, increasing the overall quality of the
point cloud. By contrast, in indoor scenarios, objects are much closer, and the
chance of signals interfering with each other is much higher, resulting in a much
more noisier PC. This is further proved by the percentage of noise points in the
MilliNoise dataset (see Section 3). A second fundamental difference relies on
point-wise labelling: outdoor datasets often lack a point-wise accurate labelling
methodology. The lack of accurate point-wise labels prevents the computation



of any kind of loss function or metrics for both carrying out the neural network
training and post-training evaluation.

2.2. Related works on Point Clouds Processing

PCs are a set of unordered and irregular points. Processing such PCs to ex-
tract key information is challenging due to the lack of regular structures, which
makes the usage of deep neural networks more involved. A common method-
ology to address this issue is to develop networks to handle raw PCs, without
pre-processing steps (e.g., voxelization) that could obscure natural invariances
of the data or introduce quantization errors. This approach was pioneered by
PointNet [16] and PointNet++ [17] architectures, which proposed to process
each point independently and aggregate the output via an invariant function.
However, this point-based strategy fails to consider relationships between points
when learning features. To address this issue, Dynamic Graph Convolution
(DGCNN) [18] proposes to process the PC as a graph and to use a Graph Neu-
ral Network (GNN) to extract features by processing the edges between points.
More recently, transformer-based architecture gained popularity for PC process-
ing. The transformer considers the input PC as a fully connected graph. By
considering all points, the Transformer can learn by itself the neighbourhood
of each point for feature extraction. Transformer architectures, while powerful,
may struggle to capture complex relationships between points in comparison
with GNN, which are specifically designed to learn features from edges between
points. In [21], authors propose a multi-head self-attention mechanism based
on learnable projections and rasterization and de-rasterization operations, com-
posing a “cloud transform block”. The proposed architecture is evaluated on a
dense PC for semantic segmentation, object classification, PC inpainting and
image-based reconstruction. However, these tasks do not match the scope of
this work, which is the point-wise classification of sparse indoor PCs. In [22],
authors present a point transformer block, which is used in combination with
k-nearest neighbours (knn) layers and multilayer perceptrons. Later, in [23],
the knn layer is replaced with a serialized neighbor mapping. Compared to our
work, both architectures were evaluated on significantly denser PCs (from hun-
dreds of thousands to millions of points per frame with respect to few hundreds
points of a mmWave frame) for semantic segmentation and object classification
tasks. In the recent years, several approaches have emerged to tackle the task of
point cloud denoising [24, 25, 26, 27]. In [24], authors propose an approach based
on Reinforcement Learning to train multiple neural network modules which are
chosen dynamically to best denoise the input point clouds. The approach is
based on the identification of local patches, which are defined by parameters set
empirically, to choose which neural network module to leverage for denoising.
However, the identification of patches, i.e. local structures, is strongly impaired
on mmWave PCs due to the points’ sparsity, in contrast to dense point clouds de-
rived from meshes. Authors of [25] leverage a structure based on PointNet-++
to denoise the point cloud, integrated with features coming from DINOv2, a
diffusion model, that extracts information from RGB cameras. However, in
our work, the main objective is to denoise point clouds coming from FMCW



radars, without the use of support sensors, rendering [25] unsuitable. The work
presented in [26] introduces a joint normal filtering approach which leverages
a neural network to apply shape-aware noise removal. However, both the con-
cepts at the base of this approach, i.e. normal filtering and shape-awareness,
are inappropriate for mmWave point clouds due to the sparseness and noisiness
of data. In [27], authors propose a DGCNN based on invertible neural networks
to apply multilayer graph convolution. Also this approach strives to identify
local structures in the input (dense) point clouds, which are, however, hardly
present in sparse mmWave PCs. The approaches described above were origi-
nally designed for dense and relatively noise-free PCs from LiDAR sensors or
RGB-D cameras. However, the ability of these models to extract key features
from PCs for downstream tasks does not directly translate to mmWave sen-
sors, due to the higher levels of noise and sparsity in the mmWave PCs. The
Transformer architecture, while capable of capturing long-range dependencies
between points, does not model these relationships and their complexity in the
same way as message-passing GNN. Since it learns keys, queries and values V-
independently of the point neighbourhood, the self-attention operation is not
as expressive as other operations, such as graph message-passing convolution,
that incorporate graph-edge information, f.i., by learning a message between two
points. Another work which tackles mmWave PCs elaboration is presented in
[28]. Authors propose a methodology based on diffusion, assisted with a sec-
ond modality (a LiDAR) to carry out super resolution of mmWave PCs. The
denoising process applied in this work is done with an auto-encoder (an U-net)
whose aim is to reproduce a LiDAR-like PC, therefore removing possible noise
points. However, the denoising process is not tackled directly. Moreover, au-
thors tackle outdoor scenarios. Another work addressing mmWave PCs super
resolution is presented in [29]. The work leverages raw ADC data to carry out
(after two accumulating steps) PC elaboration. However, extracting such data
from the sensor requires an additional module!, while our work aims at using the
mmWave radar out-of-the-box. Secondly, authors leverage a LiDAR to carry out
the mmWave PC labelling, considering the mmWave points close to a LiDAR
points as true points, false otherwise. In our work, the ground truth PCs are
labelled with a sub-millimetric accuracy, without relying on another modality
(see Section 3). In the next subsection, we describe the approaches applied
specifically to mmWave PC processing, with a clear focus on the denoising task.

2.8. Related Works on mmWave Point Clouds Denoising

In current literature, mmWave PCs processing has been approached from
two directions: 1) for human sensing applications and 2) for autonomous navi-
gation applications. In the former, the developed methods process datasets [6,
14, 11, 13, 12] consisting of sequences of human activities acquired using a
static mmWave radar, with the final task of action recognition. By contrast,
autonomous navigation methods, including ours, process data acquired from
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mmWave radar mounted on a moving system, such as a robot or vehicle. As
the agent moves, the surrounding 3D space is captured as PC, which is then
processed to facilitate navigation tasks [30].

Both applications share a common challenge of space-time feature extraction
in highly sparse and noisy 3D environments, typical of mmWave acquisition
systems. However, the type of noise and sparsity and the related impact on each
task are different. Given the moving sensor and the environments with multiple
objects, navigation PCs typically have more false/noise points compared to PCs
for action recognition. This makes denoising for navigation more challenging,
as it requires accurate labelling of each individual point. By contrast, action
recognition only needs a single label for the whole point cloud sequence.

Despite this challenge, in the current literature, there is a lack of datasets of
mmWave with accurate labels for denoising tasks. The lack of datasets is due
to the difficulty of creating high-fidelity ground-truth annotations. Given this
issue, the annotation process is usually simplified. The common approaches use
a second modality as a reference (e.g. LiDAR) [31, 28], are based on acquisi-
tion characteristics (e.g. Doppler effect) [32], or manually label selected points
of interest [33]. However, these labelling strategies are usually incomplete and
lack precision, with no guarantee of being an accurate ground truth (or label).
Due to this lack of annotated data, most methods are measured based on some
broad PC-level (or subset) detection task instead of accurate point-level met-
rics. In [34], a convolutional neural network (CNN) and PointNet++ are imple-
mented for mmWave PC denoising of outdoor scenes. However, the authors only
consider the points extremely close to the sensor. In [2, 35] a Similarity Group
Proposal Network (SGPN) [36] and a PointNet++ [17] were used, respectively.
However, only a selection of points was labelled in the dataset [33] and used
in these works. A large number of points were simply labelled as “background”
and nenglected. A complete denoising of the mmWave PCs was done in [31]. To
make this possible, the authors create an algorithm to annotate the mmWave
PCs dataset using a secondary LiDAR sensor. Given the fully annotated data,
they implemented a simple PointNet architecture, achieving a 0:73 Fl-score.
However, all the above works process PCs acquired from outdoor scenes. To
the best of our knowledge, our work is the first to explore indoor navigation PC
denoising.

As seen in Section 2.2, most proposed architectures for mmWave PCs de-
noising are simple PointNet and PointNet++. These are usually modified, f.i.
replacing the sampling step with mean shift clustering [41] or adding more pro-
cessing blocks [42, 31]. However, the backbone of PointNet point-based op-
erations remains constant. Looking more broadly at processing PC networks,
there are several works [10, 9, 1, 43| outperforming point-based architectures
with more advanced architectures such as graph-based or transformer-based
deep neural networks. However, those works do not focus on point-wise denois-
ing tasks. They are also usually considered in multi-modal settings, processing
a combination of mmWave data with 2D RGB images or LIDAR. Within this
context, the MilliNoise dataset provides the opportunity to benchmark existing
methods and develop new ones for point-wise denoising tasks. As shown in Ta-



Dataset Runs | Frames (Points) | Environment | Annotation

nuScenes [30] 1000 | 1.3M (N/A) Outdoor Bounding Box

Astyx [37] N/A | 500 (N/A) Outdoor Object oriented

CARRADA [38] N/A | 12.6k (356M) Outdoor Bounding Box

OdomBeyondVision [39] | 119 N/A (N/A) Indoor Not annotated
Point-Wise;

RadarScenes [40] 158 N/A (N/A) Outdoor Labels for 10 Objects class;
‘Others’ class
Point-Wise;

Radar-Ghost 2] 111 N/A (35M) Outdoor Labels for 5 Objects class;
‘Background’ class
Point-Wise sub-mm accuracy;

MilliNoise [15] 49 58k (11.6M) Indoor Labels for True or False class;
distance-to-object label

Table 1: Comparison of mmWave Datasets for autonomous navigation tasks

v, 5oum

(a) Complete scene with ob- (b) Noise Points (¢) True Points
stacle boundaries (red), the

real points (yellow), and noise

points (blue).

Figure 1: Example of scenario of the MilliNoise dataset (Scenario number 3).

ble 1, MilliNoise is the first mmWave PC dataset of labelled indoor scenes with a
sub-millimeter accuracy. In this paper, we benchmark the most popular point-
based architectures, identify key limitations, and propose a novel architecture,
namely GT-MilliNoise, outperforming existing ones in the denoising task.

3. The MilliNoise Dataset

This section briefly describes the MilliNoise dataset?, initially introduced in
[15], that will be used to benchmark the proposed architectures and the ones
from the literature.

The details of the dataset are summarized in Appendix A.

The MilliNoise dataset collects 49 individual runs captured in 6 different
real-world scenarios totalling around 58k frames for a total duration of 8 hours

2https://github.com/c3lab/MilliNoise
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of data collection. This allows to carry out in-depth exploration of temporal
dynamics in the point clouds and its effect on noise points. In total, around
12 million individually labelled 3D points have been collected, with 60.15% of
noise points (7 million of points) and the remaining part of clean points (5
million). Besides its (Xj; Yi; Zi) coordinates, each point is equipped with velocity
and intensity information, which paves the way to analyses investigating the
impact of that additional information on the noise points.

4. mmWave Point Cloud Denoising

This section proposes the GT-MilliNoise approach for mmWave PC denois-
ing. We start by defining the denoising problem and then present the GT-
MilliNoise method, discussing first its strategy to learn features from mmWave
PCs and later its architecture details.

Problem Formulation:

We tackle the denoising problem as a binary classification task. Given an
input PC frame Py = fp1;  ;pmg defined as a set of points p; = fX;y;zg 2 RS,
the model outputs the probability of the point representing a true/real obstacle
or false/noise obstacle. This score is then used to calculate the Binary Cross
Entropy (BCE) used as training loss. In this work we include in the definition
of false points, i.e. points representing fake obstacles, all those points that do
not overlap with the ground truth, including the points generated from ghost
targets, clutter, and propagation phenomena. While those points may still carry
information about the environment from a signal processing point of view, they
are not useful for robot navigation, since they would still represent obstacles in
the wrong position.

4.1. Proposed GT-MilliNoise Approach

Our goal is to extract features of mmWave PCs, which is made challenging
by the sparsity and the high amount of noise points in the scene. Given these
challenges, the GT-MilliNoise strategy is to:

1. increase the input data to the model accumulating a number of consequent
frames (frame accumulation);



2. exploit the sparsity of each PC frame to learn the point’s temporal be-
haviour (temporal processing);

3. employ a point-wise attention mechanism to build representative neigh-
bourhoods for feature extraction and to model the large amount of noisy
and sporadic points in the 3D scene (geometrical processing).

The GT-MilliNoise approach starts by taking an accumulating window of
PC frames as the model input. Formally, we define the Accumulated Point Cloud
P(t; W), at a time-stamp t, as the PC obtained by accumulating a window of W
sequential PC frames together as follows: P(t; W) = (Pt wa+1; :Py) 2 RN 3
with N = WM points, where each frame is associated with a timestamp from

multiple time steps not only increases the amount of geometric information
available but also provides a temporal description of the scene. To leverage
both these temporal and geometric features, the augmented PC is processed by
two main processing blocks: (1) a Temporal block and (2) a Geometric block.

The goal of the Temporal block is to extract the temporal information of the
scene from the input accumulated PC. However, extracting such information
from PC data is challenging since there is no explicit point-to-point correspon-
dence over time. This challenge is further exacerbated in the case of mmWave
PCs due to their high sparsity. Nonetheless, we argue that the same sparseness
of data can be leveraged to extract valuable temporal information. In fact, we
can exploit the sparsity to capture the notion of point temporal consistency.
Specifically, a point is considered “consistent” over time (in W) when its 3D
position is regularly occupied at other time steps. In contrast, “sporadic” points
appear abruptly in empty areas and vanish almost instantly. Figure 3 presents
an example of a sporadic (in yellow) and a consistent (in blue) point in time. We
know mmWave PCs have a significantly higher amount of sporadic points com-
pared to traditional point clouds. Our intuition is that while consistent points
could be associated to actual objects, the sporadic points are more likely due
to noise and are generally not critical for understanding the scene’s geometry.
The Temporal block is a set of network layers designed to extract this temporal
aspect and is presented in Section 4.2.1.

Concerning the Geometric block, its goal is to capture the geometric struc-
tures within the PC data. In PC literature, it has been shown that such struc-
tures can be captured by aggregating information from geometric neighbour-
hoods. However, such a process is not as straightforward for mmWave PCs. The
common assumptions for traditional PC do not necessarily apply to mmWave
PCs. For instance, since in mmWave PCs false points can still fall close to true
points, the ones in close proximity in the geometric space do not necessarily
belong to the same latent object space. This makes it very challenging to define
effective neighbourhoods and, within those neighbourhoods, to aggregate infor-
mation, given that a significant percentage of the points are false and unreliable.
To address these issues, the Geometric block employs a self-attention mecha-
nism to dynamically find informative neighbourhoods from each point. For this
operation, the attention mechanism leverages the temporal features learned in

10
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Figure 4: Temporal block architecture

the Temporal block, which identifies the sporadic and unreliable points for un-
derstanding the scene’s geometry. Using the learned attention, the Geometric
block constructs a graph representation, which allows us to extract features from
informative neighbourhoods and model complex relationships between points
connected by edges. The Geometric block is explained in detail in Section 4.2.2.

4.2. GT-MilliNoise Architecture

In the following, we describe the proposed GT-MilliNoise architecture for PC
denoising, depicted in Figure 2. GT-MilliNoise takes in input the accumulated
point cloud P. Then, a first Temporal block builds a graph from the accumulated
point cloud frames, from which it learns dynamic features D = fdy;::;;dng 2
RN Cp. The learned dynamic features are then sent along with the input PC
to a Geometric block that builds a geometric graph to learn geometric features
F = ffy;:fng 2 RN CF. In the last step, the learned geometric features
are concatenated to learn a global representation and are processed by multiple
fully connected (FC) layers, which outputs a classification score for whether a
point is a real point or a noise point. For the detailed architecture description,
we refer the reader to Appendix C.

4.2.1. Temporal Block

At its core, the Temporal block is a message-passing GNN [44]. However,
unlike conventional GNNs that aggregate features from spatial neighbourhoods,
the Temporal block aggregates features from temporal neighbourhoods. To this
end, the Temporal block starts by building a temporal graph Gr = (V;E) by
considering each point in P as a node in the graph and building edges between
points across time. Specifically, for each point p; of the Py frame at time step
t , we build an edge to its k geometrically closest neighbours in the other frames

11
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(Pt witht 61t ). An example of temporal graph Gt is depicted in Figure 3,
while a simplified version of the architecture is presented in Figure 4.

After the temporal graph is built, the Temporal block performs a message-
passing convolution to aggregate information from the temporal neighbour-
hoods. More specifically, for the -th frame, for each i-th point of the I-th
layer, the Temporal block concatenates: (i) the i-th point temporal feature
d: . (ii) the temporal feature d} ! from its j-th neighbourhood, from time-
step t , (iii) the geometric distance kp;  pjk and (7v) the time displacement
kt t k, between point i and j. This large concatenation is processed by a
learnable layer @!l- to learn the message m} modelling the relation between the
two points.

jo

mlj =0k dl nd Lkpi pikikt  tk (1)

Next, fOIi_each point i, its neighborhood messages m} j are aggregated via max
pooling to compute the temporal feature d! 2 D! as follows.
I M 1
di = mi; (2)
J2N7;

After the Temporal module extracts the temporal features D, we combine
those features with the original stacked PC P and feed them to the Geometric
block as shown in Figure 2. Given the inclusion of temporal features, the Ge-
ometric block performs a neighbourhood aggregation with the prior notion of
each point’s temporal consistency. In Section 6.5.3, we investigate the individual
impact of the Temporal block on the overall GT-MilliNoise performance.

4.2.2. Geometric Block

The Geometric block takes the accumulated PC P and temporal features D
as input and outputs geometric features F for each point, as depicted in Fig-
ure 5. Each layer | of the Geometric block is a combination of a self-attention
operation and a message-passing operation. In each layer, we first learn the
neighbourhoods using the self-attention mechanism. Then, using the learned
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attention, we build a geometric graph G, from where a message-passing opera-
tion extracts geometric features. In the following we explain each operation in
detail.

Self-Attention operation: The goal of the self-attention operation is to learn
how each point relates to another. Thus, the self-attention mechanism begins
by learning queries (Q 2 RN ©@) keys (K 2 RN ©k with Cq = Ck), and
values (V 2 RN ©V) as the linear projection of the concatenation of the input
accumulated PC. An attention matriz (A 2 RN N)is computed by taking the
dot product of the query vectors and the key vectors and then dividing by the
square root of the dimension of the query vectors. The end result is an attention
matrix containing a scalar value representing the point attention with respect
to all the other points.

Lastly, we learn the refined values V.2 RN ©v by performing a weighted
sum of value vectors, where the weights are determined by the attention matrix.

T
V =AV; A = softmax 8?: (3)
K

This weighted aggregation is the core of the Transformer architecture [19].
However, since it learns values V independently of the point neighbourhood,
this operation is not as expressive as graph message-passing convolution, which
incorporates edge information by learning a message between two points. As
such, to model complex relations between points, a graph message-passing con-
volution is employed after the self-attention mechanism.

To this end, a geometric graph G¢ is built based on the learned attention
values. Specifically, for each point i, we build an edge connecting it to the
top K points with the highest attention matrix A;j to point i. In contrast to
the temporal graph, where edges only connect points across a single time step,
the geometric graph has learned attention values for every point-to-point rela-
tionship in the PC. This grants the model the flexibility to dynamically define
informative neighbourhoods for feature aggregation among all possible combina-
tions. Furthermore, for each point, this attention-selected neighbourhood varies
at each layer of the Geometric block, enabling the network to explore the 3D
space at varying scales (from local to global) to capture the geometric structure
within the data.

Message-passing operation: Given the geometric graph, the network performs a
message-passing convolution by processing the concatenation of: (i) the values
vl, (ii) the refined values V!, (iii) the values related to the neighbors VJ! and
(tv) the learned attention scalar between points Ajj.

mij = O, ViV v); Ajj (4)

The geometric features (fi') for each point are then computed as the message
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K-Fold: Training Scenarios Test Scenarios

Fold-1-6 All [1-6]  All [1-6] (19 runs)
Fold-123 [4,5,6] [1,2 3] (10 runs)
Fold-4 [1,2,3,5,6] (10 runs)
Fold-5 [1,2,3,4,6] 5 (6 runs)

Table 2: The considered train and test splits.

aggregation. M
] I
fi = mi; (5)
J2N;

By combining the self-attention and message-passing operations, at each layer |
th the Geometric block takes advantage of the best of both approaches. The self-
attention enables the model to explore the 3D neighbourhoods to capture local-
to-global geometric structures (later shown in Section 6.4), and the message-
passing enables the model to learn complex relations between points.

5. Implementation

This section describes how the model is implemented and the experimental
conditions.

5.1. Training

We tackle the denoising problem as a binary classification task. For every
point Pj 2 P, the model learns the probability p (Yi) of a point being a true
point (Yj = 1) or being a false point (Yij = 0). Therefore, the proposed GT-
MilliNoise and benchmarking methods are trained using the common Binary
Cross Entropy (BCE) as a loss function, as follows.

X
BCE=  Yilo(p (Y0)+ (1 Yi)los(1 p (¥i) (6)
i=0
where Yj is the ground-truth label for the point i.
K-Fold Train/Test Splits:  To provide a robust evaluation of our proposed
method, we employ a cross-validation approach to split the dataset into mul-
tiple train/validation/test sets. We then train the same model on each of the
considered data splits and average their performance. The splits are presented
in Table 2. As anticipated in Section 3, the MilliNoise dataset consists of 6
scenarios, with each scenario being one unique obstacles course navigated by
the robot. Then, for each scenario, different runs have been considered, gen-
erating multiple and diverse robot paths per scenario. The splits in Table 2
have been created in order to evaluate the model performance across different
scenarios. For example, in the split named Fold-4, the model is trained on runs
from scenarios 1; 2; 3; 5; 6 and evaluated on runs from scenario 4. The exception
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to this rule is the split named Fold-1-6. In this split, the same scenarios are
shared for the train/validation/test sets. It is worth mentioning that even when
one scenario is shared across training, validation and testing, different runs are
used for different sets, preventing any data leakage. This is because the PCs
are captured from the robot’s reference frame, and each individual run follows
a particular trajectory within the scenario, making each run unique. As a con-
sequence, different runs across train/validation/test sets in the Fold-1-6 imply
that the model is evaluated on previously unseen data.

5.2. Fvaluation Metrics

To evaluate the performance of our models on the denoising task, we con-
sider BCE, accuracy, recall, and F1-score on the test dataset. While the above
metrics are widely used in classification tasks, they are not sufficient to measure
the quality of the denoised PC. Specifically, these metrics are averaged across
all points. This means that regions with a high density of points have a sig-
nificantly higher impact on the final metric. However, for tasks such as robot
navigation, not all points have the same importance. While it is still desirable
to have a high percentage of correctly classified points, it is more critical to
correctly classify the points that actually describe obstacles in order to avoid
them. Therefore, we consider additional geometric metrics, in order to compare
the geometry of the growth-truth PC with the estimated one.

Geometric metrics for denoising quality: Given a complete run of the
robot across one scenario, we define P™Y® as the set of points in PC that are
true objects, and P Y€ as the point classified by the model as real by the model,
as follows.

PtrUe — fp; 2 Py j label(p;) = true pointg (7)

Hence, PU€ is the true representation of the scenario, and Pt is what the

model perceives as the scenario. Our goal is to measure the geometric difference
between these two PCs. The smaller the differences, the better the model’s
understanding of the scene. To this end, we use both the Chamfer distance
(CD) [45] and Earth’s Moving Distance (EMD) [46]. These metrics are widely
used in the literature for PC comparison and are defined as follows.

Chamfer distance (CD): The CD measures the distance between each point in
the predicted PC and its closest target point in the reference PC, and vice-versa.
true. S true 1 = P A2 1 >0 s A 22
CD(P™UPMY) =~ minjjpi pijji*+—  minjipi  pij (8
n___m2pf n pi2P
pi2P p2|f’\
Earth’s moving distance (EMD): The EMD between two distributions (or PCs
in this case) is proportional to the minimum cost required to change one distri-
bution into the other. More formally, the EMD solves an optimization problem
by finding the optimal point-wise bijection mapping between two PCs, namely
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: ptrue § ptrue The EMD distance is then given by the distance of the points
at both ends of this mapping, as follows:
>
EMD(P'P) = min T (9)
-ptrue ¥ Btrue

pizptrue
Notice that the EMD requires the PCs in input to share the same size. Since
the number of true points in the ground truth PC and the true points identified
by the model can be different, we downsampled both the complete PC runs
to 1;000 points using farthest-point-sampling (FPS). We found this sampling
value to provide a good overall representation of the PC geometry, simplifying

the optimization task without affecting the final score.

It is worth noting that the EMD and CD were only used during the evaluation
phase and not during training since their implementation as loss function is not
trivial. In particular, these metrics are only applied to a subset of the input
PC (P'U® the true points). As such, these metrics are very susceptible to the
number of true points in the input PC. However, in PCs from the MilliNoise,
the number of true points varies greatly from frame to frame, with cases lacking
true points, causing the geometric loss values to be very volatile (high variation)
during training.

5.3. Bechmarking Methods

One of the contributions of our work is the benchmarking of classic PC
processing methods designed for traditional PCs, on mmWave PCs from the
MilliNoise dataset. For this analysis, we selected architectures representing
the main PC processing strategies, which are point-based, graph-based and
attention-based and represent the common base for most of the dense point
cloud denoising techniques.
PointNet [16]: PointNet is able to learn directly from PC data by processing
each point independently via a shared learnable function and aggregating the
output.
PointNet+-+ [17]: extends PointNet point-based operation to hierarchical
neighbourhoods by sampling the PC between layers. PointNet and PointNet++
are implemented following the original papers.
Dynamic Graph Convolutional Network (DGCNN)[18]: DGCNN is a
GNN that learns features by processing the PC as a graph. The DGCNN is
implemented following the original paper [18].
Transformer [19]: While the first Transformer architecture was designed for
text-data processing, its ability to learn unstructured data quickly lead to it’s
adaptation for PC processing by multiple works. For the sake of generality, dur-
ing benchmarking, we implemented a “vanilla” Transformer architecture. Our
benchmarking Transformer is composed of four self-attention layers in parallel
as described in the Geometric block (Section 4.2.2).

5.4. GT-MilliNoise Architecture Details
For all the considered architectures, a batch size of 32 is selected, the point
neighbourhood is set to 8 points (k = 8), and hyper-parameters are fine-tuned
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for each architecture. Batch normalization is applied at the end of each layer.
The models are trained with a learning rate of either 0:01 or 0:001 using ADAM
optimizer, depending on architecture and accumulation window W. The GT-
MilliNoise is implemented with four layers, each layer learning features with 64
dimensions. For more details on the implementation, we refer the reader to the
Appendix C. The code is made publicly available3.

6. Results

This section presents and analyzes the results obtained from the architectures
on denoising the MilliNoise dataset. Before carrying out an in-depth analysis, in
Section 6.1 we first highlight how classical classification metrics and geometrical
metrics can lead to conflicting results. Next, in Sections 6.2 and 6.3, we provide
a comprehensive analysis to shed more light on the advantages and drawbacks
of the considered architectures when dealing with mmWave PCs. Section 6.4
investigates how each considered architecture explores the 3D space to extract
features. Section 6.5 presents an ablation study to analyze the impact of the
different aspects of the input data as well as the aspects of the model architecture
on performance. Finally, Section 6.7 presents the limitations of this work and
discusses possible future research directions.

6.1. Understating of Accuracy and Geometric Metrics

In the Figures 6 and 7, we show the visual denoising results of the different
models for two runs of the robot. The points are roto-translated to a global ref-
erence frame to facilitate understanding, and the caption reports the accuracy
and EMD value for each model. At a quick glance, it can be seen that examples
with the best (highest) accuracy do not necessarily have the best (lowest) EMD
values. An example of this discrepancy can be seen in Figure 6, between Point-
Net and PointNet++-, and in Figure 7, between PointNet and DGCNN. In the
former instance, the PointNet (Figure 6.a) was able to denoise a run in scenario
1 with 66% accuracy. In comparison, PointNet-++ (Figure 6.b) has 61%, and
the Transformer (Figure 6.e) has 67% accuracy. However, despite the lower
accuracy, the PointNet++ and Transformer visualizations are more similar to
the ground truth scene than PointNet visualization. This “geometric similarity”
is instead better captured by the EMD metric, where PointNet++ and Trans-
former have significantly lower EMD compared to PointNet. This mismatch
between metrics occurs because the accuracy measures how many individual
points are correct and, as such, is biased by high-density regions. On the other
hand, the EMD measures how similar the predicted PC is to the ground truth
and, hence, how well the model understood the overall scene.
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(c) PointNet ++ (Acc: 61% , EMD: 0:52) (d) DGCNN (Acc: 68% , EMD: 0:50)

(e) Transformer (Acc: 67%, EMD: 0:53) (f) GT-MilliNoise (Acc: 69% , EMD: 0:48)

Figure 6: Denoising results of Scene 1 (Fold-123 run 4).
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(c) PointNet++ (Acc: 72% , EMD: 0:50) (d) DGCNN (Acc: 75% , EMD: 0:44)

(e) Transformer (Acc: 78% , EMD: 0:41) (f) GT-MilliNoise (Acc: 81%, EMD: 0:33)

Figure 7: Denoising results of Scene 4 ( Fold-4 run 70).
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Architecture BCE# Acc.”"™ Recall™ F1" EMD# CD#

PointNet | 0.661 0.710 0.585 0.613 0.434 0.221
PointNet -+ 0.640 0.667 0.464 0.520 0.499 0.243
DGCNN 0.656 0.708 0.600 0.618 0.427 0.214
Transformer 0.578 0.700 0.604 0.613 0.418 0.210

GT-MilliNoise (ours) 0.550 0.750 0.674 0.681 0.360 0.193

Table 3: Performance results averaged across folds

6.2. Qverall Results

The visual results from Figures 6 and 7 clearly show the proposed GT-
MilliNoise is better at denoising the scene compared to benchmarking methods.
While the state-of-the-art approaches can capture the overall representation of
the scenario (walls and objects), the GT-MilliNoise are clearly closer to the
ground truth and are visually cleaner. Specifically, the object’s boundaries are
“sharper,” and the paths where the robot can move safely are mostly unob-
structed.

The GT-MilliNoise superior performance is validated by the quantitative
results obtained. Table 3 presents average results across train/test splits, given
an accumulating frame window length of W = 12. The results show that the
proposed GT-MilliNoise architecture consistently outperforms all the remaining
architectures, achieving 75% accuracy and an F1-Score of 0:68. In comparison,
the state-of-the-art architectures PointNet, DGCNN, and Transformer achieved
an average 70% accuracy and Fl-score of  0:61. PointNet+-+ was an excep-
tion, achieving an underwhelming 64% accuracy. Considering the difficulty of
the task, the 70% accuracy achieved by most state-of-the-art architectures is a
positive result. These performance show these architectures originally designed
for traditional PCs can be applied to indoor mmWave PCs for early results.

However, despite the success of the state-of-art approaches, the GT-MilliNoise
still represents a substantial improvement over them. Although the GT-MilliNoise
accuracy gain might seem modest (  5%), the GT-MilliNoise has an overall
better understanding of the 3D scene. This better understanding is represented
by the significantly lower EMD of 0:36, in comparison with the benchmarking
methods EMD of  0:43. This better understanding of the scene translates
visually to cleaner object shapes with less noise and distortion, as can be seen
in the denoising scenes from Figures 6 and 7. Additionally, the GT-MilliNoise
lower BCE value indicates that even misclassified points are associated with
lower confidence, enabling the recognition of uncertain regions while maintain-
ing high accuracy for the ones with high confidence.

6.3. Generalization to unseen scenarios - K-Folds Results

To understand how well the model can generalize to unseen scenarios, we
investigate the performance for the different train/test splits in Tables 4 and 5.

3https://github.com/LASP-UCL/GT-MilliNoise
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Evaluation of Scenes: 1,2,3,4,5,6 (Fold-1-6)

Architecture BCE# Acc." Recall™ F1" EMD# CD#
PointNet 0.536 0.740 0.623 0.651 0.387 0.222
PointNet+-+ 0.619 0.659 0.350 0.445 0.580 0.255
DGCNN 0.562 0.712 0.625 0.628 0.444 0.226
Transformer 0.499  0.750 0.725 0.693 0.405 0.209
GT-MilliNoise (ours) 0.480 0.794 0.695 0.725 0.309 0.179
Evaluation of Scene: 4 (Fold-4)
Architecture BCE# Acc.™ Recall™ F1" EMD# CD#
PointNet 0.659  0.734 0.629 0.629 0.490 0.214
PointNet -+ 0.592 0.693 0.505 0.542 0.478 0.247
DGCNN 0.652 0.725 0.620 0.617 0.447 0.214
Transformer 0.546 0.733 0.584 0.611 0.450 0.214
GT-MilliNoise (ours) 0.542 0.761 0.644 0.660 0.443 0.198

Table 4: Performance results on K-fold data split for Scenes 1-6 (Fold-1-6) and Scene 4 (Fold-
4).

Evaluation of Scenes: 1,2,3 (Fold-123)

Architecture BCE# Acc." Recall™ F1" EMD# CD#
PointNet 0.712 0.694 0.562 0.592 0.452 0.237
PointNet-++ 0.691 0.650 0.541 0.550 0.536 0.265
DGCNN 0.697  0.713 0.572 0.612 0.387 0.213
Transformer 0.635 0.654 0.537 0.551 0.377 0.209

GT-MilliNoise (ours) 0.593 0.725 0.695 0.666 0.328 0.197

Evaluation of Scene: 5 (Fold-5)

Architecture BCE# Acc."™ Recall™ F1" EMD# CD#
PointNet 0.736 0.670 0.525 0.580 0.406 0.211
PointNet++ 0.657 0.664 0.460 0.543 0.402 0.206
DGCNN 0.713 0.683 0.584 0.615 0.430 0.202
Transformer 0.646 0.662 0.576 0.596 0.439 0.208

GT-MilliNoise (ours) 0.583 0.720 0.662 0.672 0.361 0.196

Table 5: Performance results on K-fold data split for Scenes 1-3 (Fold-123) and Scene 5 (Fold-
5).

The Fold-1-6 results are relevant in applications where the robot navigates in
“familiar” scenarios, such as a factory robot trained on its specific floors. Under
these train/test conditions, the GT-MilliNoise achieves a high accuracy equal
to  80%. To note, the test scenarios are different trajectories than the training
one, ensuring the model is evaluated on unseen data. The results from the
Fold-123; Fold-4; Fold-5 are relevant for applications where the robot operates
in scenarios completely different from its training data. Even in this more
challenging setting, our model achieved positive results with denoising accuracy
ranging from 72% to 76%. These results demonstrate the GT-MilliNoise ability
to generalize to unseen scenarios, indicating its potential for broader real-world

21



(a) Ground Truth (b) PointNet PCA (c) PointNet++ PCA

(d) DGCNN PCA (e) Transformer PCA (f) GT-MilliNoise PCA

Figure 8: Features PCA of each models (PCs with W = 12 and plotted from the robot
perspective).

applications.

6.4. 3D Space Exploration Discussion

To better understand the obtained results and how traditional PC approaches
handle mmWave data, this section investigates how each architecture explores
the 3D space to extract features. From this investigation, we highlight each ar-
chitecture's main bene ts and shortcomings when dealing with mmWave PCs.

To this end, for each model, we project the high-dimensional features from
the last layer of the neural netwok before being converted into classi cation
scores into a low-dimensional domain using Principal Component Analysis
(PCA). In particular, the last layer has been reduced to three variables (through
PCA) which are mapped, after min-max normalization, to RGB colour. Given
a PC as input, Figure 8 shows for each architecture the PCA of the learned fea-
tures as point colour. Figure 9 shows the points classi ed as true by each model.
Figure 10 shows a zoom-in of the PCA in a particular region of interest. In the
gures, similar colours represent points with similar high-dimensional features.
The ground-truth point cloud depicted in Figure 8 (a) shows that the true and
noise points are grouped in separate small communities/structures. Hence, a
good representation should have very distinct values (i.e. colours) between clus-
ters of true and noise points. By contrast, a smooth (or completely absent in the
worst case) colour gradient re ects a model with poor performance that failed
to identify local communities/structures in the PC. Using this understanding
and the PCA visualizations from Figure 8, we now explain the inner workings
of each architecture and its advantages and limitations.

PointNet: Figure 8 (b) shows that the features learned by the PointNet are

smooth across space. This is expected since each point feature is learned from
the point's 3D coordinates, neglecting the point's neighbourhood. Given its
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(@) Ground Truth (true (b) PointNet prediction (c) PointNet++ Prediction
points)

(d) DGCNN Prediction (e) Transformer Prediction (f) GT-MilliNoise Prediction

Figure 9: Prediction of each model (PCs with W = 12 and plotted from the robot perspective).

(a) Ground-Truth PC (b) PointNet PCA (Smooth color)

(c) DGCNN PCA (Smooth color) (d) GT-MilliNoise PCA (Sharp color)

Figure 10: Zoom-in visualization in a region of interest from the PCA examples in Figure 8
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inability to capture the local structures, the PointNet identi es correctly one
main region/cluster. The nearby points are smoothly classi ed as true, while
the far points are smoothly classi ed as false. In most cases, the selected cluster
is close to the sensor position (x = 0;y = 0), as in the prediction in Figure 9 (b).
This cluster has a higher probability of being true and is high-density (given the
sensor's physical properties). As such, its correct classi cation results in high ac-
curacy but is not necessarily associated with a good global scene understanding.

PointNet++: This architecture, widely used in classical PCs, was designed to
address PointNet's inability to capture local-to-global structures through hier-
archical learning. The hierarchical learning should be possible via the sampling
of the PC in initials layers and the consequent interpolation in the later layers.
However, this has a side e ect of over-smoothing, which is too extreme for the
particular case of MilliNoise dataset. This is observed rst in Figure 8 (c), in
which features from PointNet++ are almost all identical, and then in the pre-
diction (Figure 9 (c)), where the model misses the proper classi cation of many
true points.

DGCNN: As shown in Figure 8 (d), the DGCNN is able to detect local clus-
ters within the data. However, the features of the points within these clusters
are over-smoothed. The zoom-in in Figure 10 (c) depicts a cluster with over-
smoothed features. This over-smoothing is a result of the DGCNN strategy to
rebuild the neighbourhood at each layer using feature similarity. This strategy,
combined with the natural smoothing aspect of GNNs, causes the neighbour-
hoods of each point to remain xed at each layer. Given a xed neighbourhood,
a point in the DGCNN only explores its local cluster to learn features. As such,
the DGCNN is unable to e ciently explore local-to-global geometrical struc-
tures within the mmWave PC, leading to a poor performance.

Transformer & Graph-Transformer: In Figure 8 (e) and (f), we observe the

PCA of features from the Transformer and the GT-MilliNoise (which combines
attention and message-passing). Both have sharp colour variations between
points. The sharp variation means that the model is able to learn highly dis-
tinct features between points of di erent classes (noise and true points) in close
geometric proximity, an ability the models investigated above do not possess.
This ability is achieved by learning attention maps to explore the 3D space.
The learned attention grants the network exibility to explore local-to-global
structures for each point. The ability to distinguish local structures is espe-
cially noticeable in the cluster close to the sensor, depicted in the zoom-in in
Figure 10. There is a very clear correspondence between the ground-true vi-
sualization and GT-MilliNoise PCA features, demonstrating GT-MilliNoise is
able to distinguish between true and false point structures.

The superior results of GT-MilliNoise are a direct result of this attention-
based strategy to explore the space, which is well-suited for sparse and noisy
mmWave PCs. This strategy, combined with message-passing convolution, al-
lows for more e ective exploration and understanding of the mmWave dataset's
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Input Architecture BCE# Acc" Recall" F1"
PointNet 0.629 0.693 0.599 0.602
Input: PointNet++ 0.680 0.613 0.382 0.434
1 frame DGCNN 0.591 0.688 0.512 0.560
Transformer 0.623 0.666 0.464 0.519
GT-MilliNoise \o-Temp 0.633 0.716 0.651 0.640
PointNet 0.604 0.720 0.657 0.646
Input: PointNet++ 0.626  0.654 0.300 0.403
3 frames DGCNN 0.602 0.679 0.459 0.526
Transformer 0.535 0.730 0.590 0.629
GT-MilliNoise 0.520 0.768 0.584 0.662
PointNet 0.634 0.691 0.504 0.560
Input: PointNet++ 0.687 0.755 0.598 0.655
6 frames DGCNN 0.567 0.716 0.621 0.630
Transformer 0.525 0.745 0.680 0.675
GT-MilliNoise 0.502 0.782 0.711 0.717
PointNet 0.536 0.740 0.623 0.651
Input: PointNet++ 0.619 0.659 0.350 0.445
12 frames DGCNN 0.562 0.712 0.625 0.628
Transformer 0.499 0.750 0.725 0.693
GT-MilliNoise 0.480 0.794 0.695 0.725

Table 6: Results obtained varying the number W of stacked PC frames (for K-fold-1-6).

spatial structure.

6.5. Ablation Studies

We now turn our investigation to how the input data and the Temporal and
Geometric blocks a ect the model's denoising performance. In particular, we
perform an ablation study on the (i) number of frames in the accumulation
window; (ii) the inclusion of velocity and intensity in input PC; (iii) the impact
of the Temporal block; and (iv) the di erent Geometric block implementations.

6.5.1. The e ect of accumulated point cloud frames

In this subsection, we investigate the e ect of PC sparseness on the perfor-
mance of the considered architectures. Speci cally, we test the denoising task
with di erent W values, which represent the number of point cloud frames
accumulated in the input point cloud P. Table 6 presents the results for
W =1, 3;6; 129, with higher W leading to denser input PCs. The results show
that increasing W generally leads to a denoising accuracy improvement, which
is expected since increasing W increases the amount of geometrical structures
available to the models.

An exception is the PointNet++ model. PointNet++ fails to denoise PCs
with 1; 3; 12 frames, however for W = 6 the model achieves an accuracy of 75%
and an Fl-score of 0.63. In this instance, a point cloud of 6 frames, comprising
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Input Architecture BCE# Acc" Recall"™ F1"
PointNet 0.536 0.740 0.623 0.651
PointNet++ 0.619 0.659 0.350 0.445

xyz DGCNN 0.562 0.712 0.625 0.628
Transformer 0.499 0.750 0.725 0.693
GT-MilliNoise 0.480 0.794 0.695 0.725
PointNet 0.588  0.693 0.578 0.594

Xyz PointNet++ 0.610 0.678 0.444 0.517

M DGCNN 0.646  0.622 0.167 0.256

intensity Transfo_rme_r 0.563 0.703 0.464 0.548
GT-MilliNoise 0.450 0.796 0.726 0.734
PointNet 0.564 0.711 0.584 0.610

Xyz PointNet++ 0.605 0.678 0.525 0.558

+ DGCNN 0.513 0.757 0.671 0.681
velocity  Transformer 0.489 0.759 0.670 0.683
GT-MilliNoise 0.448 0.804 0.695 0.734

Table 7: The e ect of additional variables on the model performance (for K-Fold-1-6) .

1; 200 points, shares the same number of points of the original PointNet++ pa-
per con guration. These results show how fragile and con guration-dependent
the PointNet++ is in denoising mmWave PCs.

6.5.2. The e ect of including velocity and intensity

We now investigate the e ect of various features available from the radar
sensor in the denoising task. Table 7 reports the model performance when
given the additional intensity or velocity in input.

A small performance improvement is registered by including information on
the point velocity in the model input. For example, GT-MilliNoise improves
accuracy from 79% to 80% and F1-score from 0:72 to 0:73. The intuition is
that, due to the nature of the signal noise, real points will share similar velocity
values. On the other hand, noise points will have very di erent values with
respect to their neighbour points since they are mainly produced by multi-path
re ections. This creates PCs with regions of points with similar (very diverse)
values for true (noise) points. To note, the GT-MilliNoise architecture was not
designed to explore the velocity. The velocity is included in the model input via
simple concatenation with the point's coordinates. It is possible that a model
speci cally designed to exploit velocity could achieve even better performance.

Table 7 also shows, contrary to expectations, that the inclusion of intensity
as input to the model does not result in improved performance. The reason for
the low-performance gain is that, due to the main source of noise being multiple
wave re ections, noise points would share a low-intensity value. However, in an
indoor environment, this is not the case: the indoor nature of the environment
reduces the distance travelled by the waves, resulting in small to no reduction
of the intensity of the waves received from noise points and true points. Hence,
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Figure 11: Comparison of pseudo-temporal consistency (darker colour represents a stronger
temporal consistency) with the features learned on Temporal block projected to 3 and 1
dimensions. Figure from two PCs examples with W = 12 acquired from the robot reference
system.
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GT-MilliNoise BCE# Acc.™ Recall™ F1" EMD# CD#
without Temp  0.575  0.727 0.660 0.657 0.409 0.208
with Temp 0.535 0.749 0.667 0.685 0.360 0.192

Table 8: The improvement gained by the Temporal-block (average across the considered
train/test folds)

Architecture BCE# Acc." Recall™ F1" EMD# CD #
KHop-GNN 0.563 0.739 0.629 0.656 0.403 0.198
GT-MilliNoise 0.535 0.749 0.667 0.685 0.360 0.192

Table 9: Comparison of the Graph-Transformer and a KHop-GNN (average across the con-
sidered train/test folds).

the addition of such information to the input PC does not improve performance.

6.5.3. The Impact of Temporal Block

In this subsection, we investigate the effect of the Temporal block in the
denoising task. We begin by evaluating a variation of GT-MilliNoise without
the Temporal block, denoted as “GT w\o-Temp”. The comparison results are
reported in Table 8 and empirically show that the inclusion of the temporal
block leads to significant improvement across all metrics.

To gain a deeper insight into the Temporal block, in Figure 11, we visualize
the dynamic features learned by the block and compare them to a pseudo-
temporal consistency computed with the ground truth by averaging, for each
point, the distance of the closest points in the immediate past and future frames.
Figure 11 depicts two different point clouds. In particular, the Figure shows
from left to right: the ground-true PC; pseudo-temporal consistency computed;
and the PCA features learned from the Temporal block, projected to 3 and 1
dimensions respectively. In Figures 11 (b) and (f), a darker colour corresponds
to a higher consistency of the point in time, while a lighter colour means the
point is sporadic. A visual correspondence can be found comparing the cal-
culated pseudo-temporal consistency and PCA features. The darker points in
Figure 11 (b) from the pseudo-temporal consistency correspond to darker blue
points in Figure 11 (¢) and (g) (3 dimensions PCA) and to darker points Fig-
ure 11 (d) and (h) (1 dimension PCA). This visual correspondence shows the
Temporal block is learning how consistent is each point in time, producing more
robust and informative features. These features are then passed to the Geomet-
ric block, which utilizes it to learn attention weights that take into account if
points are stable or not.

6.5.4. Geometric Block Design Choice:

In Table 9, we experimented with a different architecture design for the
Geometric block. We investigated if, instead of using learned attention, which
can be computationally expensive, we can build neighbourhoods in a ad-hoc
manner. To this end, we implemented an architecture denoted as KHop-GNN.
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The KHop-GNN is a message-passing GNN, where the neighbourhoods increase
by a K-hop at each layer. For example, at the first layer, the network learns
point features to its 15t closest neighbourhoods, whereas at the |  th layer, the
network aggregates from the k™ closest neighbourhoods. More details about
Khop-GNN architecture can be found in Appendix D.

Table 9 shows it was possible to approximate the performance of the GT-
MilliNoise with a KHop-GNN, which achieved = 74% accuracy. However, it is
important to note that the design Khop-GNN has to be manually tuned. The
neighbourhood (the jump between layers) has to be manually pre-defined and
is dependent on the size of the input point cloud, whereas the GT-MilliNoise
can handle PC of any size.

6.6. Computational Complezity

We evaluated the computational complexity of the proposed GT-MilliNoise
model and found it comparable to state-of-the-art architectures. The GT-
MilliNoise contains 1:6M trainable parameters, which in the context of PC
processing is considered a moderate-size model. It can process the entire train-
ing dataset in 243 seconds on single Tesla V100S-PCIE GPU with 32 GB of
dedicated memory. These results mean the GT-MilliNoise model can be con-
sidered for practical real-world applications. A detailed comparative analysis
of the computational complexity of the different models and components is re-
ported in Appendix B, Table B.10.

6.7. Limitations and Future Work

We believe our method can be improved in several ways. Firstly, the denois-
ing performance of the GT-MilliNoise can be further improved. While it is a
good early approach, with a significant improvement over the state-of-the-art,
Figures 6, 7, and 9 show our proposed model still misclassified a considerable
amount of points. Secondly, the metrics to evaluate the performance of the
denoising models have a limited ability to measure how well the scene is un-
derstood. We have partly addressed this challenge by proposing a metric that
evaluates the geometry of the denoised point cloud (EMD and CD) instead of
per-point accuracy. However, such metrics are still point averages, with every
point having the same impact on the final score, and more representative met-
rics can be designed. Moreover, we did not take advantage of the distance to
the closest object associated with each point provided by MilliNoise dataset.
We believe this metric can be incorporated into the loss function to train more
sophisticated and robust models. Another possible direction that leverages such
information might be to cast the problem from a binary classification into a re-
gression or a clustering-based one, in order to give space to some tolerances.
Lastly, we highlight that mmWave radars PCs are quite sensitive to the sensor’s
parameter configuration and that the MilliNoise dataset only includes data com-
ing from one configuration. Although this limitation is inherent for any learning
based approach, we note that such a bias may only hinder performance of the
specific trained model under different sensor configurations (or mmWave sensor
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altogether), but not the methodology as a whole. We leave the above directions
as future works.

7. Conclusion

This paper is focused on point-wise denoising of mmWave PCs, where the
goal is to classify every point either as true or false. To this end, we intro-
duced MilliNoise [15], a dataset with fully annotated indoor mmWave PCs. We
then benchmarked the performance of the most common point cloud process-
ing approaches on this dataset and showed their limitations in exploring the
local-to-global structures in sparse and noisy point clouds. To address the iden-
tified limitations, we proposed a graph-based transformer architecture denoted
as GT-MilliNoise for mmWave denoising. The proposed GT-MilliNoise is a
two-stage architecture able to leverage both temporal and geometric cues for
accurate denoising, achieving 75% accuracy, corresponding to 5% gain over the
state-of-the-art. The superior performance of GT-MilliNoise was confirmed in
visual results, where the denoised PCs appeared clearer with sharper object
boundaries. Additionally, geometric metrics such as EMD demonstrated that
GT-MilliNoise has a superior understanding of the 3D space.
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