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Abstract— LiDAR-based SLAM may easily fail in adverse
weathers (e.g., rain, snow, smoke, fog), while mmWave Radar
remains unaffected. However, current researches are primarily
focused on 2D (x, y) or 3D (x, y, doppler) Radar and 3D LiDAR,
while limited work can be found for 4D Radar (x, y, z, doppler).
As a new entrant to the market with unique characteristics, 4D
Radar outputs 3D point cloud with added elevation information,
rather than 2D point cloud; compared with 3D LiDAR, 4D
Radar has noisier and sparser point cloud, making it more
challenging to extract geometric features (edge and plane). In
this paper, we propose a full system for 4D Radar SLAM
consisting of three modules: 1) Front-end module performs
scan-to-scan matching to calculate the odometry based on
GICP, considering the probability distribution of each point;
2) Loop detection utilizes multiple rule-based loop pre-filtering
steps, followed by an intensity scan context step to identify
loop candidates, and odometry check to reject false loop; 3)
Back-end builds a pose graph using front-end odometry, loop
closure, and optional GPS data. Optimal pose is achieved
through g2o. We conducted real experiments on two platforms
and five datasets (ranging from 240m to 4.8km) and will
make the code open-source to promote further research at:
https://github.com/zhuge2333/4DRadarSLAM

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) is cru-
cial for autonomous mobile robots [1], [2]. In the past
decades, large amount of algorithms are proposed for LiDAR
SLAM [3], [4], [5], [6], [7], but adverse weather conditions
such as rain, snow, smoke, and fog may limit their effective-
ness. To overcome this limitation, recent attention has shifted
to robust mmWave Radar odometry [8], [9], [10], [11], [12],
[13]. However, most of these works are focused on 2D Radar
(x, y) or 3D Radar (x, y, doppler), with limited research on
4D Radar (x, y, z, doppler).

The main reasons include: 1) 4D Radar is a relatively
new technology and thus there has been limited research
in this area. 2) Current 2D/3D Radar odometry cannot be
directly adapted to 4D Radar, because 2D/3D Radar odome-
try normally extract visual features from 2D point cloud, or
performs 2D point cloud registration, these approaches are
not applicable to the 3D point cloud of 4D Radar. 3) The
point cloud collected by 4D Radar are more noisy and sparser
compared to 3D LiDAR, which makes it more challenging
to extract valid geometric features such as edge and plane.
Therefore, direct application of 3D LiDAR SLAM methods
is not feasible for 4D Radar SLAM.
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Fig. 1: 4DRadarSLAM is proposed to achieve large-scale SLAM
using 4D imaging Radar. (a) The proposed system is tested on
two platforms: a handcart (slow speed: around 1m/s), a car (middle
speed: 25-30km/h). The mapping result of two selected datasets are
demonstrated: (b) in a garden. (c) along the campus main road.

Proposing a SLAM system for 4D imaging Radar is
essential for several reasons. 1). 4D Radar outperforms
LiDAR in adverse weather conditions. 2). 4D Radar provides
elevation information and denser point clouds compared to
2D/3D Radar.

In this paper, we propose 4DRadarSLAM, a complete
system consisting of three parts: front-end, loop detection,
and back-end. In the front-end, scan-to-scan matching is
performed to calculate the odometry. Since it is difficult
to extract edge and planes from 4D Radar point cloud, we
directly use Generalized-ICP (GICP) [14] on the raw point
cloud. By taking into account the probability distribution of
each point, our proposed APDGICP (Adaptive Probability
Distribution-GICP) improves the performance. In the loop
detection, loop pre-filtering is performed to identify possible
loop candidates, and then utilize intensity scan context [15]
to find the loop closures. We also conduct odometry check
to ensure geometry consistency. In the back-end, we con-
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struct and solve a pose graph using g2o [16], and output
optimized poses. The testing platforms and mapping results
are represented in Fig. 1 and Fig. 7. Our contributions are:

• A full SLAM system is proposed for 4D imaging Radar.
We open-source the code to promote related research.

• We take the point measurement probability distribution
into account in GICP for the front end (APDGICP).
In the loop detection, we introduce the intensity scan
context to find loop candidates, together with loop pre-
filtering and odometry check, we can obtain good loop
closure. In the back-end, we considered odometry, loop
closure and GPS in the pose graph.

• Extensive experiments are conducted with two types
of platforms, five datasets, demonstrating the accuracy,
robustness and real-time performance.

The paper is organized as follows: Section II provides a
review of related works. Section III presents the proposed
system. Section IV demonstrates experiments and analysis.
Finally, Section V concludes the paper and discusses future
work.

II. LITERATURE REVIEW

The literature review will be conducted along two direc-
tions: Radar SLAM and 3D LiDAR SLAM.

A. Radar SLAM

Most research are focused on 2D/3D Radar SLAM, which
can be divided into three categories:

1) Feature matching based. The radar point cloud is
treated as an image, and specific features are extracted and
matched to calculate transformation between consecutive
scans. For example, SIFT is used in [17]. In [18], the land-
marks are extracted and described using a visual descriptor
named Binary Annular Statistics Descriptor (BASD) [19].
In [8], the relationships between the landmarks are consid-
ered for feature matching. In RadarSLAM [9], SURF feature
is utilized. Recently, deep learnt features are also utilized for
radar mapping and localization in [20], [21], [22].

2) Point cloud registration based. For example,
in [23], [24], 2D ICP is used to match consecutive scans
and submaps are used to solve the point cloud sparseness
problem. In [11], [25], NDT is adopted for registration. The
advantage is it can robustly handle outliers.

3) Correlation-based. The correspondence between con-
secutive scans is built in the Fourier domain. For example,
in [26] and PhaRaO [12], Fourier Mellin Transformation
(FMT) is utilized to estimate the transformation matrix. In
Fast-MbyM [27], only Fourier Transform (FT) is used, which
is translational invariant.

However, those algorithms are designed for 2D/3D Radar,
where the pose is estimated in SE (2 ) rather than SE (3 ).
Limited research has been done on 4D Radar SLAM. In [13],
a continuous-time framework is proposed to fuse 4D Radar
and IMU for odometry calculation. To gain insight, we will
then review 3D LiDAR SLAM methods.

B. 3D LiDAR SLAM

Large amount of 3D LiDAR SLAM algorithms have been
proposed, which can be divided into two categories:

1) Point cloud registration based. The classical ICP [28]
can be used to obtain the transformation between consecu-
tive scans. Another variant is GICP [14], which combines
the advantages of ICP and point-to-plane ICP in a prob-
abilistic framework. Its performance is validated in large-
scale perceptually-degraded subterranean environments in
LAMP [6]. Normal distribution transform (NDT) [29], [30]
assigns a normal distribution to each patch, which locally
models the probability of measuring a point. It has been
successfully deployed in mine tunnel environment [31] and
adopted in HDL Graph SLAM [5].

2) Feature matching based. LOAM [3] is representative,
which extracts edges and planes as features. Point-to-edge
and point-to-plane ICP are performed to calculate the trans-
formation. LeGO-LOAM [4] and Loam Livox [7] follow the
basic idea. They have received wide applications [32].

However, due to the much noisier and sparser nature of
4D Radar, it is challenging to extract reliable edge and plane
features. Therefore, our 4D Radar SLAM will be focused on
point cloud registration based methods.

III. METHODOLOGY

A. Notations

This paper uses the following notations. The radar frame at
time t is denoted as Ft→. The starting radar frame is denoted as
F0→ (t = 0). One frame of point cloud at time t is represented
as Pt, which is a set of Nt points, denoted as Pi

t|Pi
t =

(xi
t, y

i
t, z

i
t, v

i
t) for i = 1, 2, ..., Nt, where x, y, z represent the

3D coordinate, and v represents the doppler velocity. A key
frame is denoted as Fk. The transformation matrix between
the current frame t and the last nearest key frame k is denoted
as Tk

t ∈ SE (3 ). T0
t represents the pose of the radar in the

odometry frame, which will be abbreviated as Tt.

B. Overview

An overview of the 4DRadarSLAM system is shown in
Fig. 2, consisting of three modules: front-end, loop detection,
and back-end. In the front-end (Sec.III-C), the 4D Radar
point cloud is used as input to estimate odometry and
generate key frames. The loop detection module (Sec.III-
D) assesses each new key frame to determine whether it
can form a loop closure. In the back-end (Sec.III-E), a pose
graph is constructed and optimized using g2o [16], producing
optimized poses as output.

C. Front-end

1) Pre-processing: To ensure robustness of the SLAM
system, dynamic objects should be filtered out in the first
place. Doppler velocity information from radar can be used
to identify such objects. In this study, we estimate the radar
ego-velocity using a linear least squares approach proposed
in [33]. Using the estimated doppler velocity and ego-
velocity, we are able to determine the real velocity of objects.
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Fig. 2: Overview of the proposed 4DRadarSLAM system. It consists
of three modules: (a) Front-end: to calculate the odometry. (b) Loop
Detection: to detect the loop closure. (c) Back-end: pose graph
construction and optimization.

2) Scan-to-Scan Matching: In this step, the input is the
last key frame and a new frame Fk and Pt. The objective
is to find the transformation Tk

t (from t to k). Since the
point cloud of 4D radar is noisier, it is not straightforward to
extract geometric features (such as edges and planes). While
we find that GICP can output acceptable result compared
with ICP and NDT. The initial transformation is set to the
last transformation Tk

t−1.
We propose a new algorithm called Adaptive Probability

Distribution-GICP (APDGICP), which takes into account
the spatial probability distribution of each point in GICP.
According to the radar’s manual, the uncertainty of a point’s
range measurement is given by σr = 0.00215r, where r and
σr are the measured range and its uncertainty, respectively.
The azimuth and elevation angle accuracy is 0.5° and 1.0°,
respectively, which lead to uncertainties in the azimuth and
elevation directions in spherical coordinates, approximated
by σa ≈ sin(0.5°)r and σe ≈ sin(1.0°)r. The resulting
probability distribution is shown in Fig. 3, resembling an
ellipsoid (orange) with one axis pointing to the origin and the
three half-axes having lengths of σr (range), σa (azimuth),
and σe (elevation).

The covariance matrix of the point in the local frame

(Fig. 3 purple) is S =

σr 0 0
0 σa 0
0 0 σe

. We need to trans-

form it to the radar frame (Fig. 3 black). According to
multivariate normal distribution and linear transformation,
a three-dimensional linear transform matrix A = RS can
be built. Here, A is the covariance in radar frame, R
is the rotation matrix from local to radar frame, R = cos θa cos θe sin θa − cos θa sin θe
− sin θa cos θe cos θa sin θa sin θe

sin θe 0 cos θe

 , θa and θe are

the point’s azimuth and elevation angle. Finally, the covari-
ance matrix in radar frame can be calculated as Cp = AAT .

In GICP, the transform matrix T is calculated using

Fig. 3: The probability distribution of a point.

Maximum Likelihood Estimation (MLE) by Eq. (1) [14].

argmin
T

∑
i

d
(T )T

i (CB
i +TCA

i TT )−1d
(T )
i (1)

where CA
i and CB

i are covariance matrices associated with
the corresponding measured points and d

(T )
i is their distance.

In our proposed APDGICP, we derive it as Eq. (2).

argmin
T

∑
i

d
(T )T

i

[
(CB

i + Cp) +T(CA
i + Cp)T

T
]−1

d
(T )
i

(2)
By adding an additional term Cp to the equation, the

algorithm considers not only geometric distribution of the
neighboring points, but also the spatial variance of each
point. The rationale behind this is that points closer to the
radar have lower uncertainty and should be given higher
weight, vice versa.

3) Key Frame Selection: The first frame is designated
as a fixed key frame, while subsequent key frames are
determined if it meets any of the following two conditions:
i), the translation between the current frame and the last key
frame exceeds a threshold δt; ii), the rotation between the
current frame and the last key frame exceeds a threshold
δr. The threshold parameters are set empirically as follows:
δt = 0.5m or 2m, δr = 15°.

The scan-to-scan matching result between kth and k+1th

key frame is added to the pose graph as SE (3 ) binary edges.
The covariance of the edge, denoted as Σk

k+1, is calculated
based on the fitness score of the two key frame clouds.

D. Loop Detection

In this step, each key frame is compared with the database
key frames to determine whether it forms a loop closure.

1) Loop pre-filtering: To avoid searching the entire
database for loop detection, loop pre-filtering step is car-
ried out to identify potential loops based on four rules:
i) adherence to distance restrictions, meaning that a new
loop’s query frame should not be too close to the last loop’s
query frame, and a loop’s frames should not be too close;
ii) ensuring that a loop’s frames are within a certain radius
(spatially near). We adaptively adjust the searching radius,
which is proportional to the travel distance between frames,
and once a loop is found, the searching radius will decrease
accordingly if a candidate loop is close to it; iii) enforcing a
threshold of 2m for the altitude difference between a loop’s
frames, based on altitude information from the barometer;
iv) ensuring that a loop’s frames have a similar yaw angle,
with a threshold of 20° found to be suitable for avoiding
false positive matching for our radar.
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2) Scan Context: After pre-filtering the loop frames, only
potential candidates are sent to the intensity scan context
module. We chose intensity scan context [15] over scan
context [34] because radar height information is noisy due
to sensor limitations and multiple reflection echoes. Using
maximum height as context would be inaccurate. Instead,
we used the maximum intensity/power of reflected signal to
construct the scan context matrix, as it is more stable and
valuable for radar.

Scan context was originally proposed for LiDAR with
a 360° azimuth FOV. We adapted it to 4D Radar with a
narrower 110° azimuth FOV. To do this, we divided the point
cloud into 40 rings and 20 sectors, resulting in a unit ring
gap of 2m, and a unit sector angle of 5.5°.

3) Odometry Check: After performing scan context to find
the most possible loop closure, we must consider geometric
consistency. Scan context alone may introduce geometric
inconsistency, which would be a disaster to back-end pose
graph optimization. To avoid this issue, we adopted the
odometry check step from LAMP [6].

Fig. 4 illustrates the basic concept. The idea is to compare
the transformation from the query frame j to the loop candi-
date i with the odometry from j to i, as expressed in Eq. (3).
If the average accumulated pose error 1

m (T
i(lc)
j )−1T

i(odom)
j

exceeds a translation and rotation threshold ϵt and ϵr, outlier
loops can be rejected, where m is the number of key frames
from i to j. In our experiments, we set ϵt = 0.15m and
ϵr = 0.05rad (or 2.9°).

Fig. 4: Pose graph and loop detection.

T
i(lc)
j ≈ T

i(odom)
j (3)

E. Back-end

A pose graph will be constructed based on the front-end
odometry, the loop closure, and GPS signal (if available). As
shown in Fig. 4, the key frames are represented as nodes, the
edge between two nodes represents the odometry constraint
(binary edge). When a loop closure is determined (red dash
line), it is added as a constraint (binary edge). If GPS signal
is available, it can also be added into the pose graph as
an unary edge with covariance obtained directly from GPS
data. Finally, the pose graph is optimized using the g2o
library [16], resulting in optimized poses.

IV. EXPERIMENTS AND ANALYSIS

A. Dataset Collection

To collect our datasets, we used two platforms shown in
Fig. 1(a): a handcart and a car equipped with our sensor

TABLE I. SUMMARY OF THE 5 DATASETS,
STRU/UNSTRUC: STRUCTURED OR UNSTRUCTURED

ENVIRONMENT.

Platform Speed Name Length GPS Stru/Unstruc

handcart ≈1 m/s

cp 246 m - struc.
garden 339 m - unstruc.
nyl 1017 m - semi-struc.

car 25 km/h loop 1 4.79 km yes semi-struc.
30 km/h loop 2 4.23 km yes semi-struc.

suite. This allowed us to collect data in small- and large-
scale environments, as well as structured and unstructured
environments, at low and middle speeds. A summary of the 5
datasets is shown in Tab. I, where all of them are in the NTU
campus. The satellite image of the datasets are presented in
Fig. 1(b)(c) and Fig. 7.

We used the Oculii Eagle 4D Radar, with range up to
400m, azimuth and elevation angle resolutions of 0.5° and
1°. Additionally, we used a BMP388 barometer and a ublox-
f9p GPS. The Livox Horizon 3D LiDAR was used for
ground truth pose generation through LiDAR SLAM. All
computations were performed on a laptop with AMD R7-
5800H CPU, 16GB RAM, Ubuntu 20.04, and ROS noetic.

The ground truth trajectory was obtained from a
tightly-coupled LiDAR-Visual-Inertial SLAM system named
R2LIVE [35]. To evaluate trajectory error, we used the
open-source tool rpg trajectory evaluation [36] to
compute both Absolute Trajectory Error (ATE) and Relative
Error (RE). To align estimated trajectory (Radar) with the
ground truth trajectory (LiDAR), we calibrated extrinsic
parameter between the LiDAR and Radar. This was obtained
in two steps: first, extrinsic calibration between 3D LiDAR
and the thermal camera using a four-circular-hole board
1 in [37], [38]; second, extrinsic calibration between the
thermal camera and the 4D Radar via our previous work [39].

B. Quantitative Analysis

1) Performance of front-end and back-end: In this exper-
iment, we evaluated the ATE and RE of the front-end and
back-end algorithms, namely gicp, gicp-lc, apdgicp,
apdgicp-lc, and apdgicp-gps. The first two (gicp
and apdgicp) use only the front-end, and apdgicp is
our proposed point cloud registration method considering
point probability distribution. Meanwhile, gicp-lc and
apdgicp-lc represent the result after back-end optimiza-
tion via loop closure, and apdgicp-gps denotes the result
after back-end optimization using GPS. Note that Only “loop
1” and “loop 2” have GPS data available.

Fig. 6 presents the ATE results of 5 datasets. The following
observations can be made: i) ATE increases with the traveled
distance for all configurations. ii) Our proposed APDGICP
outperforms GICP for small-scale datasets (”cp”, ”garden”,
”nyl”) in the front-end, but GICP performs better for large-
scale datasets (”loop 1”, ”loop 2”). iii) Accurate loop closure
significantly improves the accuracy, and the difference be-
tween GICP and APDGICP becomes minor in the back-end

1https://github.com/Clothooo/lvt2calib
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TABLE II. QUANTITATIVE ANALYSIS: TRAJECTORY ERROR RE (trel, rrel) AND ATE (tabs).

gicp gicp-lc apdgicp apdgicp-lc apdgicp-gps

Dataset trel
(%)

rrel
(deg/m)

tabs
(m)

trel
(%)

rrel
(deg/m)

tabs
(m)

trel
(%)

rrel
(deg/m)

tabs
(m)

trel
(%)

rrel
(deg/m)

tabs
(m)

trel
(%)

rrel
(deg/m)

tabs
(m)

cp 4.13 0.0552 3.96 2.79 0.0511 2.54 3.56 0.0369 2.61 3.02 0.0448 2.35 - - -
garden 2.64 0.0310 4.53 2.38 0.0293 3.69 2.69 0.0350 4.06 2.05 0.0309 2.41 - - -
nyl 4.62 0.0184 17.42 3.10 0.0120 14.34 3.55 0.0171 21.30 2.85 0.0131 11.37 - - -
loop 1 4.84 0.0060 132.92 4.12 0.0065 68.88 6.09 0.0082 227.54 5.79 0.0100 84.88 3.00 0.0057 5.28
loop 2 3.22 0.0060 57.29 3.46 0.0052 72.28 4.09 0.0097 59.12 4.03 0.0069 43.67 3.84 0.0052 2.94

(a) On handcart (low speed), datasets “cp”,“garden”,“nyl”. (b) On car (middle speed), datasets “loop 1”,“loop 2”.
Fig. 5: Compare our estimated trajectory with the ground truth trajectory, under 5 datasets.

Fig. 6: Absolute Trajectory Error (ATE). From top to down: dataset
“cp”, “garden”, “nyl”, “loop 1”, “loop 2”.

(gicp-lc, apdgicp-lc). Hence, correct loop closure and back-
end optimization contribute significantly to the performance.
iv). The ATE is small and negligible when GPS is available
(“loop 1” and “loop 2”), indicating that GPS improves the
performance by a large margin.

For ii), we analyzed the possible reasons why our APDG-
ICP is a slightly worse than GICP on larger datasets “loop

1” and “loop 2”. More points are distributed further apart
(as shown in Fig. 8) in larger datasets, which receive lower
weights and thus provide less valid points for registration.
In comparison to GICP, the number of points decreases by
2− 3 times. However, for smaller environments (“cp”, “gar-
den”), APDGICP is better, while for the middle environment
(”nyl”), APDGICP performs slightly better.

To facilitate evaluation, the numerical values of RE
and ATE are listed in Tab. II. Here, trel and rrel rep-
resent the translation and rotation errors for RE, while
tabs represents ATE. We observed that: i) For the front-
end (gicp, apdgicp) have an overall translation error of
trel ∈ [2.64%, 6.09%] and rotation error of rrel ∈
[0.0060, 0.0552]deg/m. ii) The loop closure improves the
translation error to trel ∈ [2.05%, 5.79%] and rotation error
to rrel ∈ [0.0052, 0.0511]deg/m. The ATE also improves
from 2.61m to 2.35m for “cp”, from 4.06m to 2.41m for
“garden” and from 21.30m to 11.37m for “nyl”. iii) The
back-end optimization using GPS significantly improves the
ATE, reducing it from 68.88m to 5.28m for “loop 1” and
from 43.67m to 2.94m for “loop 2”.

For straightforward visualization, the trajectories of differ-
ent methods on 5 datasets are plotted in Fig. 5.

2) Efficiency: To evaluate efficiency, we recorded com-
putation times for each algorithm step on all datasets and
listed the median values in Tab. III. The results show that:
i) The front-end only requires 4ms for all datasets. ii)
The loop detection module takes 131ms, 121ms, 142ms for
“cp”,“garden”,“nyl” and 29ms, 44ms for “loop 1”,“loop 2”,
where > 80% time is spent on the scan context portion. The
reason “loop 1” and “loop 2” spend less time on scan context
is due to adaptive adjustment of the searching radius (Sec.III-
D.1): For the two datasets, there are more loops. When a
loop is identified, the searching radius for subsequent loops
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Fig. 7: Visualization of the satellite image and map of 5 datasets (“cp”, “garden”, “nyl”, “loop 1”, “loop 2”). It is obvious that both loop
closure and GPS constraints improve the map quality (the yellow circles part).

Fig. 8: Point distribution with respect to distance of five datasets.

TABLE III. TIME CONSUMPTION OF EACH STEP FOR
EACH DATASET (UNIT: MS).

Se
tti

ng
s Dataset cp garden nyl loop 1 loop 2

Length(m) 246 339 1017 4795 4233
Key-frame
distance(m) 0.5 0.5 0.5 2.0 2.0

No. of
keyframes 437 623 1788 2152 1803

Fr
on

t-
en

d Ego-velocity
estimation 1.1 1.1 1.1 0.9 0.8

Scan-to-Scan
matching 2.9 2.8 3.1 2.8 3.0

Sub-total 4.0 3.9 4.2 3.7 3.8

L
oo

p
D

et
ec

tio
n Loop

pre-filtering 11.3 14.5 28.8 1.3 2.2

Scan
context 119.9 107.4 114.0 43.2 27.4

Odometry
check 0.05 0.06 0.14 0.02 0.02

Sub-total 131.25 121.96 142.94 44.52 29.62

B
ac

k-
en

d g2o 1049 897 2120 285 592

will decrease and thus the candidate number will decrease
correspondingly, leading to less computation. iii) The back-
end takes no more than 2.2s.

C. Qualitative Analysis

For qualitative analysis, we visualized the point cloud
maps for 5 datasets using three options: without loop de-
tection (w/o loop); with loop detection and back-end

optimization (w/ loop); and with GPS and back-end op-
timization (w/ gps), as shown in Fig. 7. The results show
that when loop closure is not used, there are noticeable errors
in the map. However, after loop closure or using GPS, the
errors are significantly reduced.

V. CONCLUSIONS AND FUTURE WORK

In this paper, a full SLAM system is introduced for 4D
imaging Radar consisting of three modules: front-end, loop
detection and back-end. In the front-end, we estimated the
radar ego-velocity to remove dynamic objects, and proposed
the APDGICP algorithm, which considers the probability
distribution of each point in the original GICP for scan-
to-scan matching. In loop detection, we introduced several
loop filtering methods and used intensity scan context to find
loop candidates. We also implemented an odometry check
module to determine the optimal loop. In the back-end, a
pose graph is constructed based on the front-end odometry,
detected loop closures and GPS data. Extensive experiments
were performed with our self-collected datasets, which cover
various environments and speeds, including structured and
unstructured, small-scale and large-scale environments, low
speed and middle speed. Our proposed system achieves a
Relative Error (RE) of 2.05%, 0.0052deg/m, and an Absolute
Trajectory Error (ATE) of 2.35m, with real-time performance
on a laptop. Future work includes: fusing the 4D Radar and
IMU to achieve more robust SLAM.
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