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Abstract: Aiming at the sparsity of point cloud data and the low accuracy of spatial alignment exhibited by millimeter-wave frequency-modulated
continuous-wave (FMCW) radar in outdoor motion scenarios, a lightweight model for spatial alignment was proposed. This method was
specifically tailored for point cloud processing across consecutive multi-frames in outdoor motion scenes captured by millimeter-wave radar.
Leveraging spatio-temporal graph neural networks (ST-GNNs) , it accurately estimated the hidden spatial normals of adjacent multi-frame
point clouds, eliminating the need for position sensors. By transforming radar point cloud data from each frame into a unified observation coordinate
system, the method facilitated multi-frame fusion of 4D point clouds and ensured precise scene alignment. Experimental results demonstrated
that the proposed approach not only accurately assessed the spatial attitude of 4D point clouds but also effectively corrected and fused the
coordinates of each point cloud frame. This enabled precise coordinate alignment during motion and vibration. Furthermore, the algorithm
significantly enhanced point cloud imaging density, improved image accuracy and readability, and was capable of imaging both static and dynamic
targets. It provided robust support for the application of millimeter-wave radar in outdoor motion scenes.
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0 Introduction

Millimeter-wave radar has been widely used in

automatic  driving,  security  monitoring,  and
environmental sensing because of its good performance
under adverse weather conditions?. Moreover, with
the development of millimeter-wave radar hardware
performance, radar point cloud, as a vital data format of
radar,

millimeter-wave has been widely used in

advanced sensing tasks such as three-dimensional
environment sensing and spatial structure construction.
However, compared with the LiDAR point cloud, the
millimeter-wave radar point cloud is limited by antenna
size, array size, wavelength limitations, and power
factors, and inevitably faces the problem of sparse point
Although the

millimeter-wave radar can detect thousands of point

clouds. currently advanced pulsed

clouds within a detection range of 300 m, this

achievement is based on sacrificing point cloud

confidence, which leads to many ghost targets in the

detection  scene.  Multiple-input  multiple-output

(MIMO) millimeter-wave radar employs a synthetic
aperture approach™*, which performs high-resolution
virtual aperture imaging in pitch and azimuth and senses
the velocity of moving targets, ultimately obtaining a 4D
spatial point cloud containing velocity information. But
this high resolution comes at the sacrifice of imaging
range. The problem not only limits the completeness and
accuracy of the data but also poses a significant challenge
for further data processing and target identification.
Specifically, the sparsity of the millimeter-wave point
cloud hinders the visualization of the object’s shape,
leading to a lack of semantic information. Moreover, due
to ground reflection and the multi-path effect, there are a
certain number of clutter points within the already scarce
point cloud information.

In order to solve the aforementioned problems,
performance improvements have been made to both
millimeter-wave hardware and imaging algorithms.
Currently, the mainstream hardware solution involves
implementing MIMO arrays via radar cascading, which

expands the virtual aperture and enhances the output of
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the effective point cloud”. Alternatively, the detection
space can be increased by incorporating position sensors
and stitching multi-frame point clouds based on the
acquired motion and attitude data. Nevertheless,
hardware solutions still face significant challenges in
further increasing point cloud density due to wavelength
and antenna limitations. Additionally, position sensors
can introduce perception delays and add complexity to
the system.

In terms of imaging algorithms, to address the issue of
sparse point clouds, the conventional approach achieves
point cloud completion and stitching for large-scale
detection scenes through continuous frame fusion™.
However, this method is only effective in stationary
environments. In dynamic environments, the point cloud
cannot be accurately spatially corrected due to changes in
the coordinate system. The introduction of the spatial
normal vector estimation technique to tackle this
challenge holds profound significance™. This method
obtains the spatial coordinate restoration deviation value
under the world Cartesian coordinate system by
estimating the 3D normal vector for each frame of the
point cloud. Subsequently, the coordinate restoration of
the single-frame point cloud facilitates the unification of
the coordinate system across multiple frames and the
stitching of large-scale scenes.

Currently, spatial normal vector estimation is mostly
based on the spatial rigid alignment method, which can
achieve good results when there are rich point cloud
features and high point cloud confidence. However,
when using the point cloud obtained from FM continuous
wave MIMO millimeter wave radar, the rigid alignment
method cannot obtain accurate estimation results due to
the sparse point cloud and unstable reflection points. A
method is needed that can perform flexible normal vector
estimation based on global point cloud features.

With the introduction of the hidden space normal
method, it
opportunities for the solution of sparse point cloud spatial

estimation brings  unprecedented
normal estimation in millimeter wave radar. The hidden
space normal estimation method can output the normal
information end-to-end by modeling the input 3D point
cloud and establishing the global feature representation
of the point cloud. Firstly, the hidden space normal
estimation can map the sparse point cloud into a high-
hidden which

expression ability and feature resolution of the data, and

dimensional space, enhances the
helps to accurately restore the original data information.
Secondly, the hidden space normal estimation method

can effectively recover missing information from

incomplete data, fill the gaps in the data, and improve
More
importantly, this method 1s able to achieve accurate

the integrity and continuity of the data.
target localization and classification while maintaining
the data structure, providing a new solution for target
perception in practical application scenarios.

By investigating the hidden space normal estimation
method, the method proposed in this paper was expected
to provide more reliable and accurate millimeter-wave
radar data support for generating high-quality millimeter-
wave radar point clouds, particularly in the key areas of
target detection, tracking, and identification. A new
method was proposed to construct a normal vector
correction model between f{rames using the spatial
relationship between adjacent frames, and finally
generated high-quality millimeter wave point clouds.
Specifically, the innovation of this methodology was
mainly reflected in the following two aspects.

1) A new spatial similarity rating method for
millimeter-wave radar point clouds was defined, which
could be adapted to the task of matching unstructured
point clouds in mobile environments.

2) A point cloud spatio-temporal mapping network
was constructed, which enabled end-to-end estimation
of hidden spatial normals between multiple frames of a
millimeter-wave radar point cloud. This method was
also tested on real data collected on streets, parking lots,
and in indoor and outdoor environments. The proposed
method demonstrated better performance with fewer
clutter points and denser real point clouds.

The main points and effects of sparse point cloud
problem in millimeter wave radar were introduced in
detail, and the principle and application of potential
space  normal  estimation method based on
spatiotemporal graph network of adjacent frames were
discussed in detail. The advantages of the proposed
method in improving data processing efficiency and
target  recognition

accuracy  were verified by

experimental results.

1 Traditional methods

The performance of the automotive radar system is
restricted by the limitations imposed by the size of the
millimeter-wave radar antenna and the accuracy of signal
resolution. Millimeter-wave radar point cloud sparsity
remains the main difficulty hindering the expansion of
millimeter-wave radar application scenarios. To address
this problem, point cloud quality optimization is

primarily performed using point cloud generation and
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point cloud splicing methods. With the maturity of
various generative methods, generating the point cloud
using the original sparse point cloud as the basis®* has
been widely adopted. Although this method can
significantly increase the number of point clouds and
provide sufficient data characterization for the target
detection tasks, the point clouds generated by this
method tend to be detached from the detection process
with low confidence. They cannot be applied to
autonomous driving scenarios requiring high confidence
point clouds. On the other hand, the point cloud splicing
approach expands the number of point clouds by
collecting and stacking sparse point clouds™”.

Since the point clouds generated by this method all
originate from highly confident real detections, it is
widely employed in stationary detection environments.
However, in dynamic scenes, where each frame
possesses a distinct spatial coordinate system, it is
necessary to unify these coordinate systems before
address  this

! calculate the relative spatial relationship

stacking. To problem, the current

methods™ ™
between the target point cloud and the test point cloud
and utilize the iterative nearest neighbor algorithm to
complete the accurate registration of the point cloud pairs
to achieve the spatial coordinate alignment. Or the deep

neural networks (DNN) network framework is used to

register the coordinate system™. Although this method
can perform the registration of coordinates, it will impact
the registration quality when the point cloud quality is

1.1 utilized

poor. To solve this problem, Mikamo M et a
graph neural networks for attitude estimation of the
overall point cloud and improved registration accuracy
through deep mining of global features. However, this
method cannot perform well in long splices and large
vibration scenes due to the inability to obtain consecutive

features in the front and back frames.

2 Proposed method

Consecutive frames of four-dimensional point clouds
were used to perform latent space normal estimation and
obtain spatial normal for attitude registration. As shown
in Fig. 1, the overall architecture is divided into three
parts: 1) Construction of a single-frame 4D spatio-
temporal graph structure; 2) ILatent space normal
estimation of 4D spatio-temporal images between
adjacent frames; 3) Attitude registration and spatial
fusion of point clouds between frames. By establishing a
spatial graph network model, the spatio-temporal graph
and dynamic graph construction mechanisms were
integrated to accurately assess the latent space attitude

characteristics between different frames.
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Fig. 1 Flow of consecutive frame latent space normal estimation method

2.1 Graph network construction for single
frame point clouds

The construction of a spatial graph based on
millimeter-wave 4D point clouds included a node feature
matrix and edges between nodes. The node feature
matrix converted the point cloud into nodes containing
spatial features by combining the spatial position, speed
information, and signal strength of the 4D point cloud.
Then, the basic connecting edges between nodes were
established based on the spatial distance of neighbor

nodes.

First, N point clouds are defined in Euclidean space as
V={0vi, ox},
represents the three-dimensional space position feature,

a  set where v=(x,s5,h,), x,
s, represents the velocity feature, and A, represents the
signal intensity characteristics. In order to further
compress the features, the number of nodes in each
frame is kept within a fixed range. The inner product
between adjacent nodes is used to calculate their feature
similarity. Then it fuses adjacent nodes with similar
features to obtain a fixed number of three-dimensional
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space node sets at any time. Specifically, two fully
connected layers are used to align feature representations
s;, by, and position attributes x; in the embedding space,
and then they are fused to obtain the node’s attribute
embedding.

Z=Concal[a(xin),a(s,Wz),a(h,-Wg)J, (D)

where W,, W,, and W, are the learnable weights;
Concat [ -] represents the concatenation operation and o
is the LeakyRel.U activation function. The above steps
can be used to complete the comprehensive
features. Then a three-
G=(V,E) can be

constructed. Taking V as a node, nodes are connected to

characterization of node

dimensional  spatial  graph
other nodes in the radius neighbor region, and E denotes
the connection relationship with neighboring nodes.
Given a set of edges 82{5,j|i,j€ V,,é’,jQEO}, after
obtaining the node characteristics, the edges are
established based on the affinity of node attributes, and
the correlation between two node attributes is defined as
s(v,.,vj). For Yv,, each node selects £ (£<X|V]|) sets of
neighboring nodes N,, and connects them through edges
&, € &. I the adjacency matrix A, is not empty, it means
that there 1s a dependency between v,, and wv,,. The

correlation calculation process is
s(v,-,‘vj):a,:lz(go(‘v,-)’l‘¢(vj)), (2)
where ¢ and ¢ represent two linear transformation
functions, which can be expressed as o =W, Z, ¢ =
W,Z, W, and W, are the learnable parameters in the
two transformation functions, respectively, which are
multiplied by the two matrices in order to obtain the
adjacency matrix A,. Finally, a [, normalization is
performed for each row in the matrix. This approach
allows adaptive selection and establishment of
topological dependencies, where edges describe spatial
geometric associations within the same frame. After
constructing nodes and edges, the established adaptive

spatial graph topology is obtained.

2.2 Latent space normal estimation algorithm
between consecutive frames

The proposed method payed more attention to the
normal estimation of the latent space between adjacent
frames. The front and back {rame images are defined as

N
i

an image pair IZ{(I/, I,’;l)} e corresponding to the

current frame and the previous frame, respectively,
where N is the total number of captured frames, and 7

denotes the image collection time. Each pair of images

(If, L’;l) corresponds to a normal estimate of the latent
N

space YZ{(y[)} , representing the attitude
i=1

correlation between two consecutive frames. After
establishing the spatial graph structure &, the dynamic
graph is unrolled by optimally connecting the edges, and
it is converted into a static graph to better characterize
the spatial features to construct the spatio-temporal
graph &'that can describe the nonlinear differences
between the front and back of the 4D point cloud at
different frames. Specifically, for the spatial graph &
before and after adjacent frames, ¢, 1s used to calculate
the similarity of two nodes (Z,,Z,) in G, and G;. The
in Eq. (3). After
establishing the spatial graph structure &, ., the

calculation process is shown
temporal domain features can be characterized by adding
spatio-temporal connecting edges. In general, the
spatio-temporal edge €. can be constructed through

the feature similarity of two nodes.
glempurul - ¢slm ( 207 Zl ) (3)

In other words, for each v,, in Gy, the most similar
node v, 1s selected from &;. Visually similar and
semantically  aligned inter-node associations are
established through spatio-temporal edges to model the
relationship of the same structure across frames, and the

semantic similarity is calculated by
C, Z[tanh(ﬁlZo)]T, C,=tanh(0,2,),
o= a1 =ReLU(C,C,—(C)'(C,)"), (4

where Z,, Z, represent the node features; 0,, 0, are the
learnable parameters; and C,, C, are the calculated
features. In the process of updating the spatio-temporal
edge Empor» two key points are worthy of attention.
Firstly, the shape and location have changed due to the
randomness of the spatial point cloud obtained by the
millimeter-wave radar. If all & cOnnections only
exist under the current graph structure, it will not be able
to effectively characterize the potential features of the
point cloud at different times. Therefore, in the process
of updating  E.mpo» the node connection re-
establishment and dissolution were also considered when
a certain area of the 4D point cloud of the current and
subsequent frames was in a dense state of point clouds.
The node features in this area were highly similar, and
the spatio-temporal edges were processed by adding the
edges.

After completing the optimization of the adjacent
frame graph structure, the change in the state of the front
and back frames in the adjacent scene is a crucial clue. In
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order to utilize this clue, it is necessary to establish a
connection in the temporal dimension and project the
graphs constructed at the two time points & into the
same latent space, to extract deeper correlations among
the inter-temporal graphs. For the spatio-temporal graph
g'=(V" E"), there is
Vi=U < v, EY=EU Eremporal- (5)
The spatio-temporal graph convolution model
captures the dynamic dependencies between nodes in the
time dimension. For £ layers (1<Ck<CK) the spatio-

temporal convolution process can be expressed as
O O
Z{ V=0|D *AD *ZIW, (6)

where Z.! is the attribute of the node in layer &; W "' is
the learned parameter matrix, A, is the normalized
adjacency matrix, and after each layer of graph
convolution, a layer normalization and LeakyRelLU are
added. After completing the graph convolution, a fully
connected layer with a softmax activation function was
used to obtain the final single-frame latent space normal
estimate. Finally, the attitude adjustment gap was
obtained by fusing the attitude between adjacent frames

through the fully connected layer.

2.3 Multi-frame 4D point cloud spatial fusion
optimization

The ultimate goal of this method was to enhance point
cloud data using multi-frame fusion while ensuring
confidence.  Therefore, after obtaining normal
estimations from the latent space of each frame image,
multi-frame fusion needed to be performed with point
cloud stitching based on the estimation results. The
latent space normal estimation of an image only
evaluated the normals between the current and previous
frames. For multi-frame images, global discretization
analysis in the form of an attitude matrix was necessary
to ensure the stability of the overall fusion.

Specifically, a sparse adjacency matrix P in this step
was first established, which stored the latent space
estimation results and key vertices of each frame’s point
cloud. In each iterative tuning process, by fine-tuning
the attitude of a single frame, the discretization between
the current frame and the overall point cloud will
change, thereby updating the matrix’s weights. As
shown in Fig.2, a negative number is taken as the initial
value in the relative adjacency matrix, the connection
relationship between the vertices of different frames is
expressed as a positive number, and the number of edges

is represented as a positive number in the relative

adjacency matrix. When the distance between two nodes
is less than the threshold, no edge is established. By
gradually iterating the number of adjacent edges
connected between nodes, the values in the matrix
approach 0.

Key vertices in
single frame T
g T, 2

Attitude adjacency

Targe position ‘
matrix P

of iteraton

Fig. 2 Establishing a multi-frame 4D point cloud spatial fusion

tuning matrix

3 Experiment

3.1 Experimental settings and datasets

Both public and private datasets were used in the
study. The public dataset was mainly used for model pre-
training. It included the shape-net 3D point cloud

dataset™

, which could be transformed into 3D point
cloud data from the dense frames collected by a 3D
camera, and this dataset enabled the network to form a
preliminary  understanding  of  the  inter-frame
relationships. The private dataset was mainly used for
formal training and testing of the model using real-time
point clouds collected by a self-built millimeter-wave

MIMO radar acquisition system.
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Fig.3 Four-chip cascade MIMO millimeter wave imaging
system and virtual aperture array

As shown in Fig.3, in order to obtain the distance and
angular resolution, Texas instruments AWR2243 is
used, which employs four millimeter-wave radars in a
cascade with the antenna and chip layout, where the
upper side antennas are the receiving antennas (1-3)
part, forming a uniform sparse array based on the
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MIMO mechanism. The lower side antenna was the
transmit antenna (4) part, and this layout reduced the
effect of coupling. The right side of Fig. 3 depicts the
transmit antenna, receive antenna combination, and
virtual antenna array offsets. A total of 192 virtual
antenna apertures were created by cascading, and a
uniform linear array with a maximum of 86 available
virtual array elements in the azimuthal direction in the
MIMO mode achieved a beamwidth resolution of 2° in
azimuth and pitch. The chirp parameters used in the
experiment are shown in Table 1.

Table 1 Radar sensor parameter settings

Parameter Specific value
Starting frequency/GHz 77
FM slope/ps 98
Leisure time/ps 250
ADC start time/ps 10
ADC sampling number 64
Chirp number 16

3.2 Performance evaluation and analysis

To evaluate the method in this paper’s normal
estimation ability of three-dimensional latent space and
the accuracy of spatial attitude correction, a water ripple
plane point cloud simulation environment is built, and
the model performance is evaluated by identifying the
normals of the water ripple plane, as shown in Fig.4.

The black arrow extending out of the point cloud

represents the normal plane, and the red arrow is the

Single frame
point cloud

Spatio-temporal &=
graph structure

Multi-frame
fusion

(a) Car (b) Outdoor stairs

estimated normal vector. The coordinates in brackets are
the calculated vector differences in the three directions
(X, Y, Z), exactly the same as the predefined values. Tt
was proved that the method in this paper could complete
accurate latent space normal estimation in an ideal
environment.

Fig. 4 Latent space normal estimation results in waterline
plane point cloud simulation environmen

The construction of point cloud spatial graphs under
different scenes was used as an input to the latent space
estimation, which directly affected the final evaluation of
the model and the results of point cloud fusion. Fig. 5
demonstrates this part of the experiment by performing
spatial graph construction for millimeter-wave 4D in
various scenarios and adaptively optimizing edges for
similar parts. This part used static acquisition to detect
millimeter-wave radar point clouds of static scenes. In
the fusion part, 12 frames were used to perform densely
fuse points cloud fusion of the final scene.

(¢) Outdoor parking-lot (d) Interior wall

Fig. 5 Spatio-temporal graph construction and multi-frame fusion results for multiple scenario

The proposed method was ultimately designed to
achieve sparse point cloud splicing and fusion in motion
scenes. Therefore, in this part of the experiment, by
splicing 4D point clouds of consecutive frames in a
moving scene, the impact of discontinuities caused by
lateral displacement and longitudinal vibration of the
scene on the performance of latent space normal

estimation was evaluated.

As shown in Fig.6, this part of the experiment carries
out consecutive frame acquisition of circular trajectory
millimeter-wave radar on the complex local space in
Fig.6(a), and a total of 12 frames are acquired with 30°
intervals by estimating the consecutive latent space
normal between each frame and performing point cloud
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fusion. Fig. 6 (b) shows the final point cloud fusion
reconstruction results from four angles. The black arrow
on the plane coordinate system is the normal vector of

(a) Consective frame acquisition
of circular trajectory

the coordinate system,

and the red arrow 1is the

comprehensive attitude adjustment after a single frame

normal estimation.

(b) Results after multi-frame fusion
of 4D point clouds

Fig. 6 Complex local space circular trajectory scanning multiframe point cloud fusion reconstruction results

For the straight-line scanning task of the automatic
driving class, long-distance straight line scanning of
train carriages was carried out, and point cloud splicing
and fusion was conducted only according to the results of
the handheld
millimeter-wave radar is used to collect the point cloud

attitude estimation. As shown in Fig. 7,

along the direction of the train at the speed of 2 m/s, the

(b) Single frame point clouds under continuous scanning

collection distance is 50 m, the collection number of
frames i1s 100 frames, and the panoramic view of the
carriages is generated by the attitude correction in the
end. It can be seen that the shape of the carriage did not

change its shape due to the vibration generated by the

people walking around.

50 m

(¢) Multi-frame fusion results under line scan trajectories

Fig.7 Long-amplitude point cloud fusion reconstruction results under straight line trajectory scanning

Comparative experiments were conducted on the impact
of point cloud density on the performance of latent space
estimation. As shown in Fig.8, by comparing the potential

space estimation results under point clouds of different

- e

¢) 100-200 d) 200-

(a) 10-30 (h) 60-100

densities in the same scene (Stanford rabbit) , it can be seen
that once the point cloud density reaches a specific
threshold, further increasing the density does not improve

the estimation accuracy of the same scene.

e) Exact match

Number of point clouds

Fig. 8 Estimated results of point cloud with different densities

When the number of points in the cloud remains
constant, the richer the spatial structural features, the

higher the estimation accuracy will be. For different scenes,
the richer the structural features, the fewer points in the
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cloud are required for accurate latent space estimation.
Fig.9 further illustrates the relationship between the number
of point clouds and registration coincidence degree. When
the number of point clouds reached 200, the estimation
accuracy basically reached stability.

The generalizability of the public dataset was
evaluated using the proposed method. The ShapeNet 3D
point cloud dataset"” contained 16 880 models in 16
classes, of which 13 006 models were used for training,
and 3 874 models were used for testing. Table 2
summarizes the quantitative comparison with state-of-
the-art methods. The number of input frames indicated
how many consecutive input frames could output the
normal estimation results, the attitude deviation degree
indicated the attitude error between each frame, and the
fusion dispersion degree indicated the corresponding
point distance of the fused point cloud. Table 2 shows
that the model in this paper outperforms all other
methods listed in the table for 3D point cloud attitude
estimation. The same results as LTSR" were obtained
for the independent small model class and better than
other methods.

In addition, the fusion dispersion of large scene
classes was at least 8% lower than other methods. It
proved the proposed model could capture latent shape
information from 3D points even with limited training
samples.

09+

0.5

0.3+

Point cloud coincidence/%

0.1

50 100 150 200
Number of point clouds

Fig. 9
registration coincidence degree

Relationship between number of point clouds and

Table 2 Comparison of decomposition results for each algorithm

Method .Number of /\'mt.ude o Fusion dispersion
input frames deviation/(°)
SPLATNet"” 12 5.6 32
RS-CNNM 12 4.2 16
LTSR" 12 2.6 9
This paper 12 0.8

4 Conclusions

The use of spatio-temporal graph structures was
proposed for normal estimation of unstructured 4D point
clouds, and ultimately a robust model for surface normal

vectors was learned using latent tangent spaces.
Additionally,

features was enhanced by employing a feature fusion

the characterization of latent spatial

mechanism incorporating distance weighting and
adaptive tuning of connected edges. Furthermore,
experiments on point cloud attitude correction and fusion
in various scenarios were conducted utilizing a self-built
millimeter-wave 4D point cloud acquisition system. The
results revealed that the method presented in this paper
could estimate highly accurate normals without relying
on hand-crafted features or complex networks.
Assessments of scanned scenes from public datasets
further demonstrated the strong generalization and good
portability of the results obtained in this study.

Looking ahead, it aims to explore additional
techniques for regularizing the latent representation in
normal estimation and other point cloud analysis tasks,
with the aim of enhancing the current architecture
presented in this paper by integrating advanced

convolutional or point cloud networks.
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