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ABSTRACT

This paper presents EmoRI, a novel single-chip mmWave radar-
based egomotion estimation approach that works in challenging
scenarios where moving objects exist in radar’s Field of View (FoV).
Essentially, estimating a mobile platform’s egomotion using an
on-board mmWave radar requires inferring the relative motion
between radar and the points of the stationary objects (PSOs) in the
radar point cloud. However, in practice, there could be no PSOs be-
cause of the blockage of moving objects. Even if PSOs exist, precisely
identifying them is still challenging due to (i) the large quantity of
points generated by the moving objects, and (ii) the huge angle esti-
mation errors of the conventional point cloud generation algorithm.
We empower EmoRI to overcome the above challenges incurred
by moving objects with three core techniques, which include (i) a
hybrid FFT-MUSIC algorithm that improves the angle estimation
accuracy of single-chip mmWave radar, (ii) a multiple stationary
target consensus algorithm that precisely selects the PSOs from the
radar point cloud, and (iii) a simultaneous fusion and calibration
mechanism that introduces an IMU as the auxiliary sensor, meticu-
lously calibrates IMU accelerations with radar measurements, and
complimentarily fuses these two modalities to obtain the 6-DoF
egomotion. Our extensive experiments validate that EmoRI pushes
the limit of single-chip mmWave radar-based egomotion estimation
with moving objects in radar’s FoV by reducing the per-meter
destination error from decimeter to centimeter level.
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1 INTRODUCTION

Recent years have witnessed the prevalence of a wide spectrum
of intelligent mobile platforms that pervade almost every corner
of our daily lives, such as delivery robots that provide last-mile
delivery services for food, groceries, and packages, automobiles
that offer enhanced driving safety and experience with advanced
driver-assistance systems, as well as UAVs that cruise across vari-
ous altitudes for power line inspection, crop monitoring, damage
identification after natural disasters, and many other tasks.

Among the many technologies empowering a mobile platform,
one can never ignore the 6-degree-of-freedom (6-DoF) egomotion
estimation, which enables a mobile platform to estimate its own
3-DoF translation and 3-DoF rotation. Delivery robots rely on esti-
mated egomotion to navigate to designated indoor places without
GPS [1]. Even in outdoor environments, automobiles have to rely
on egomotion estimation for localization in urban canyons and
under elevated bridges where GPS signals are usually blocked [2].
Vehicular AR devices (e.g., AR HUD [3-5]) use estimated egomotion
of the automobile to properly project navigation information to
the driver’s view. UAVs use estimated egomotion as an input to the
pose adjustment and path planning modules [6].

Thus far, a series of methods have been proposed to estimate
the egomotion of a mobile platform. Among them, some methods
utilize external peripherals (e.g., WiFi APs [6]), which unfortunately
only work in the restricted regions where the external peripherals
locate. In contrast, the methods that only leverage the sensors on
the mobile platforms (e.g., 3D LiDAR, camera, mmWave radar) are
free of this problem. However, the 3D LiDAR-based methods [7-
11] usually fail in adverse weathers (e.g., rain, fog, snow), and 3D
LiDARs (around 1.1kg, $1600 each [12]) are usually prohibitively
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heavy and expensive to be deployed on lightweight and low-cost
mobile platforms. The camera-based methods [13-17] oftentimes
fail in overly weak or strong illumination, as well as in environments
with insufficient landmarks.

Among all the sensors commonly equipped on mobile platforms,
single-chip mmWave radars (around 0.02kg, $200 each [18]) enjoy
the key advantages of light weight, low cost, and robustness against
weather and illumination, which facilitates their increasing deploy-
ment [19-21] on mobile platforms. We thus leverage a single-chip
mmWave radar as the primary sensor for egomotion estimation.

Intuitively, egomotion estimation with a mmWave radar essen-
tially seeks to obtain the radar’s relative motion to the points of the
stationary objects (PSOs) in the radar point cloud. In practice, there
oftentimes exist a wide spectrum of moving objects (e.g., human,
bicycle, automobile) in radar’s FoV, which makes the radar point
cloud a mixture of points of both the stationary and moving objects.
Thus, correctly selecting the PSOs from the radar point cloud is
a fundamental step towards radar-based egomotion estimation in
scenarios with moving objects in radar’s FoV.

However, the dominant PSO selection algorithm, namely point-
level RANSAC (PL-RANSAC) [22], usually fails to perform satis-
factorily in such scenarios. The reason is that PL-RANSAC only
utilizes the point-level consensus of the PSOs, and simply chooses
the largest set of points with the same relative velocity to the radar
as the PSOs. However, we discover that those points could often-
times come from the moving objects, especially when the moving
objects are (i) nearby the radar, (ii) in the center of radar’s FoV, or
(iii) occupying the majority of radar’s FoV. Thus, we devise the
multiple stationary target consensus (MSTC) algorithm, which prop-
erly selects the PSOs by identifying the object-level consensus of
the stationary objects. Specifically, MSTC selects one representative
point from each object in the environment, and uses the largest set
of representative points with the same relative velocity to the radar
as the PSOs. Such design makes MSTC utilize only one point from
each object for PSO selection, and thus avoids the negative effect
of the large quantity of points of moving objects.

As MSTC leverages the radar point cloud as its input, its per-
formance will inevitably be affected by the quality of the input
point cloud. Unfortunately, the points generated by a single-chip
mmWave radar that utilizes the conventional angle-FFT algorithm
usually have large angle estimation errors. To address this problem,
we propose the hybrid FFT-MUSIC (HFM) point cloud generation
algorithm, whose rationale is to leverage the super-resolution MU-
SIC algorithm [23] to estimate the angles of the points in the point
cloud. Specifically, as MUSIC achieves lower angle estimation errors
when taking in longer signal vectors as its input, HFM constructs
the longest possible signal vectors by meticulously leveraging all the
virtual antennas of the radar.

Based on the PSOs selected from the HFM-augmented radar
point cloud, MSTC goes one step further and estimates the radar
egovelocity, which can be integrated over time to estimate the
3-DoF translation. In practice, however, the blockage of moving
objects would make the stationary objects in radar’s FoV undesir-
ably scarce. In such cases, MSTC cannot perform PSO selection, as
well as radar egovelocity estimation. Thus, we propose to utilize an
inertial measurement unit (IMU) as the auxiliary sensor, and utilize
its acceleration measurements to estimate the translation when
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Figure 1: EmoRI is a single-chip mmWave radar-based egomotion
estimation paradigm that works in challenging scenarios where
(a) the large quantity of points of moving objects make it hard to
identify PSOs, and (b) there are even no PSOs in the radar point cloud.
The blue and red points indicate the PSOs and the points of moving
objects, respectively.

the radar egovelocity is unavailable. However, the IMU accelera-

tion measurements are highly drifted due to the notorious gravity

pollution problem [24], and directly utilizing them for translation
estimation would incur large errors.

To solve this problem, we propose the simultaneous fusion and
calibration (SFC) mechanism, which is the first radar-IMU fusion
mechanism that leverages the reliable radar egovelocity estimations
to continuously calibrate the highly-drifted IMU acceleration measure-
ments. SFC utilizes the calibrated IMU acceleration measurements
to estimate the 3-DoF translation when the radar egovelocity is
unavailable. Besides, SFC also leverages the IMU angular veloc-
ity measurements to estimate the 3-DoF rotation. As such, SFC
generates the reliable and full 6-DoF egomotion estimation.

Overall, we fuse the above components including HFM, MSTC,
and SFC into an integrated framework, namely EmoRI 1 which
generates reliable 6-DoF egomotion estimation of a mobile platform
with moving objects in radar’s FoV. In summary, the contributions
of this paper are as follows.

e We propose EmoR]I, a novel 6-DoF egomotion estimation method
that pushes the limit of single-chip mmWave radar-based egomo-
tion estimation with moving objects in radar’s FoV by reducing
the per-meter destination error from decimeter level to
centimeter level.

e The proposed method EmoRI consists of a series of novel tech-
niques, including (i) the HFM algorithm that distinctly improves
the angle estimation accuracy of single-chip mmWave radar
through MUSIC-augmented estimation with dedicated signal vec-
tor construction, (ii) the MSTC algorithm that properly selects
only the PSOs from the radar point cloud though object-level con-
sensus identification, and (iii) the SFC mechanism that generates
reliable and full 6-DoF egomotion estimation through radar-aided
IMU calibration and complementary radar-IMU fusion.

e Extensive experiments are conducted to evaluate EmoRI with
three types of mobile platforms, including a mobile robot, an
automobile, and a UAV. Specifically, we test EmoRI (i) with the
mobile robot platform moving along 64 trajectories (15m to 30m
each) in both indoor and outdoor environments (i.e, corridor, hall,
parking lot) with different numbers and types of moving objects
(i.e., human, bicycle, and automobile), (ii) with the automobile

The name EmoRI comes from Egomotion estimation with moving objects in radar’s
FoV utilizing mmWave Radar and IMU.
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Figure 2: Overview of EmoRI.

platform moving along 20 trajectories (270m to 500m each) in
real-world road environments, and (iii) with the UAV platform
moving along 14 trajectories (20 minutes in total) with diverse
shapes. The experimental results show that EmoRI achieves an
average of over 59% reduction on the absolute trajectory error
and over 74% reduction on the destination error compared with
state-of-the-art methods [25-27].

2 PROBLEM STATEMENT

In this paper, we aim to address the problem of estimating the 6-DoF
egomotion of a mobile platform, namely enabling a mobile platform
to estimate its own 6-DoF motion. Suppose the time period of the
problem is from ¢ to t + HAt, where t is the start time, At is the time
interval between two consecutive egomotion estimation outputs?,
and H is an integer that determines the problem’s time horizon.
The output of the problem is a sequence of real-time egomotion
estimation® {Yi}ie[H]‘ Specifically, y; = (Tix, Tiy, Tiz, 6’1?‘, Qiy, Giz) is
the estimated egomotion from time ¢t + (i — 1)At to t + iAt, where
Tr, Tl.y, and T7 denote the mobile platform’s 3-DoF translation along
the X, Y, and Z axis, and 0;‘ , Qiy, and Qf denote the mobile platform’s
3-DoF rotation around the X, Y, and Z axis, in the mobile platform’s
local reference frame at time ¢ + (i — 1) At. Note that one can obtain
the global odometry pose by stitching such egomotion sequence.

As discussed in Sec. 1, the moving objects in radar’s FoV pose
great challenges to egomotion estimation with single-chip mmWave
radar. As a result, we seek to break such curse of moving objects
for reliable egomotion estimation.

3 SYSTEM OVERVIEW

In this section, we provide an overview of EmoRI The workflow of

EmoRI is illustrated in Fig. 2.

e Point Cloud Generation. Upon obtaining the beat frequency
signals from the mmWave radar, EmoRI generates the radar point
cloud through our proposed hybrid FFT-MUSIC (HFM) algorithm
in the point cloud generation module. Compared with the conven-
tional point cloud generation approach adopted in many existing
works [28-30], HFM has a better angle estimation ability, and
thus yields more accurate point cloud.

In our implementation, At = 100ms, which is comparable to the time granularity of
3D LiDAR-based egomotion estimation approaches [7-11].
3We let [A] denote the set {1,2,- - - , A} for any positive integer A.

e Radar Egovelocity Estimation. After that, the PSOs are se-
lected from the radar point cloud by our proposed multiple sta-
tionary target consensus (MSTC) algorithm in the radar egov-
elocity estimation module. Intuitively, the radar egomotion is
inferred by its relative motion against the PSOs. MSTC is de-
signed to select only the PSOs from the point cloud, which we
find the conventional PL-RANSAC algorithm [31] usually fails
to accomplish. The common velocity profile of the PSOs is then
extracted and utilized to estimate the radar egovelocity, which is
a vital input for the final 3-DoF translation estimation.

o Radar-IMU Fusion. Finally, the radar-IMU fusion module intro-
duces an IMU as the auxiliary sensor, meticulously calibrates the
IMU accelerations with radar egovelocity, and complementarily
fuses radar egovelocity with the measurements of IMU through
the simultaneous fusion and calibration (SFC) mechanism. SFC en-
ables EmoRI to yield reliable and full 6-DoF egomotion estimation
in scenarios when even no PSOs exist in the point cloud.

By integrating the three modules, EmoRI achieves the funda-
mental objective of robust egomotion estimation against moving
objects in radar’s FoV.

4 DESIGN DETAILS

4.1 Point Cloud Generation

4.1.1 Challenge: Large Angle Estimation Error. The numbers of
TXs and RXs of single-chip mmWave radars [18, 32, 33] are usually
both no larger than 4, which makes their angle estimation errors
range from roughly 7.5° to 30° when the conventional angle-FFT
algorithm is applied. As we will demonstrate in Sec. 5.6.1, such angle
estimation errors can incur large egomotion estimation errors. Thus,
we propose the HFM algorithm introduced in Sec. 4.1.2 to improve
the angle estimation accuracy of single-chip mmWave radar.

4.1.2  Hybrid FFT-MUSIC. The HFM algorithm utilizes FFT for
range and radial velocity estimation, and utilizes the super-
resolution MUSIC algorithm [23] for azimuth and elevation angles
estimation. The workflow of HFM is as follows.

HFM first generates the range-doppler matrices (RDMs) and
estimates the range and the radial velocity of each point in the radar
point cloud by applying the range- and doppler-FFT on the beat
frequency signals output by the radar. After that, HFM estimates
the azimuth and elevation angles of each point, where resides the
core innovations of HFM compared with the conventional point
cloud generation approach. Specifically, the innovations include (i)
adopting MUSIC to estimate the azimuth and elevation angles, and
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(ii) leveraging the peaks in RDMs to construct the longest possible

signal vectors as the input of MUSIC, which enhances its angle

estimation accuracy. HFM’s signal vector construction procedure
consists of the following two steps.

o Step 1: Peak Extraction. Given the virtual antenna (VA) layout
of the radar consisting of m VAs, HFM first generates one RDM
for each VA, and then extracts all the peaks in the m RDMs via the
CFAR algorithm [34]. Each group of the m peaks located at the
same position of each RDM are utilized to estimate the azimuth
and elevation angles of one point in the point cloud. We denote
®; as the set of the peaks to estimate the angles of the point P;.

e Step 2: Signal Vector Synthesis. HFM synthesizes the azimuth
signal vector ¢a and elevation signal vector ¢! from ®; 7, and
uses ¢a and ¢e as inputs to MUSIC to estimate the azimuth and
elevation angles of P;, respectively. To synthesize ¢a, HEFM first
records the distance between each pair of horizontally aligned
VAs, and then extracts the mode of these distances, which we
denote as d. Any two elements in ®; generated from two hori-
zontally aligned VAs with distance d have the same theoretical
phase offset, which we denote as ;. As we illustrate in Fig. 3,
the elements of ¢, are synthesized to be the linear combinations
of the elements in ®;, such that every two consecutive elements

in d)é have the same theoretical phase offset 1/;. The synthesis of

$2 is similar to that of ¢}, by replacing the horizontally aligned

VAs with the vertically aligned VAs. Since MUSIC can achieve

lower angle estimation errors when taking in longer azimuth and

elevation signal vectors, HFM synthesizes the longest possible
¢ and ¢;.

Take the TI IWR6843A0OP mmWave radar [18] used in our ex-
periments as an example. The layout of its VAs is shown in Fig. 4.

i X
Let Ad)i’ k .
signal vector ¢ synthesized by HFM are
¢ - (¢11’ ¢9 ¢7 ¢5 ¢J + A¢10 12° qu + A¢éi,12’ ¢é + A(;15-6{,12’
#+ A¢6 2t A¢1 295+ A‘f’e 12+ 0G5+ ABy,),
Gt = (93 810 81 83 93 + DLy 1108 + 0011, 67 + A,
¢é + A9134,11 + A¢3,7’ % + A‘134,11 + A¢é,7 + A¢£,5)'

Note that the calculation of the RDMs in HFM naturally sepa-
rates multipath signals into different peaks in different range bins.
Consequently, every time MUSIC is called by HFM, it is leveraged
to estimate the azimuth or elevation angles of only one signal prop-
agation path.

= (j)l] - g{)]]( The azimuth signal vector ¢7é and elevation

4.1.3  Evaluation of HFM. We evaluate the performance of the an-
gle estimation accuracy of HFM by measuring the azimuth and
elevation angles of a corner reflector, as illustrated in Fig. 4. We
set both the azimuth and elevation angles of the corner reflector to
span evenly from 0° to 50° in a 5° increment. We compare the angle
estimation absolute errors of HFM with the conventional angle-FFT
algorithm, and a variant of HFM that constructs the signal vectors
following the conventional approach that only utilizes horizontally
or vertically aligned VAs* (HFM-Conv). As illustrated in Fig. 5, the

4For the TI IWR6843A0P mmWave radar in our experiments, this method constructs
the azimuth signal vector with (VA11, VA9, VA7, VA5), and the elevation signal vector
with (VA9, VA10, VA1, VA2).
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Figure 3: HFM’s azimuth signal vector construction procedure for a
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Figure 5: Angle estimation absolute errors of HFM, HFM-Conv, and
the angle-FFT-based approach, measured under different (a) azimuth
and (b) elevation angles.

angle estimation errors of HFM are smaller than those of HFM-
Conv and angle-FFT in most of the azimuth and elevation angles.
Specifically, the angle estimation mean absolute error (MAE) of
HFM for azimuth and elevation angles are respectively 1.18° and
1.91°, while those of HFM-Conv are 2.01° and 2.75°, and those of
angle-FFT are 11.2° and 8.9°. The respective over 30% and 78% re-
duction in MAE compared with HFM-Conv and angle-FFT indicate
that HFM enables more accurate angle estimation and consequently
generates more accurate point cloud.

4.2 Radar Egovelocity Estimation

4.2.1 Challenge: PSO Selection with Moving Objects in Radar’s FoV.
As EmoRI leverages the relative motion between the radar and
the PSOs to estimate the radar egovelocity, PSO selection is thus a
critical step for egomotion estimation. However, properly selecting
PSOs from the radar point cloud is anything but trivial. The intu-
itive PSO selection method that directly rejects the points whose
doppler velocities are not zero could be problematic, because the
doppler velocities of the points are jointly influenced by the motion
of the detected objects and the radar. Consequently, dedicated algo-
rithm design is indispensable for PSO detection. The most popular
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Figure 6: Experiments for PSO selection with moving objects (a) nearby the radar, (b) in the center of radar’s FoV, Figure 7: Percentage of incor-

and (c) occupying the majority of radar’s FoV.

PSO selection method is PL-RANSAC [22], which selects PSOs by
utilizing their point-level consensus. Specifically, PL-RANSAC se-
lects from the point cloud the largest set of points with a common
velocity profile as the PSOs. Each tuple (vx,vy,v;) that satisfies Eq.
(1) is a velocity profile of the point P;, i.e.,

0j = €08 Oxjvx + cos Oy;vy + cos 070z, (1)
where v; is the radial velocity of P;, and 0y, 0y, and 0;; are the

angles between (ﬁ and the X, Y, and Z axis of the radar reference
frame with O denoting its origin. Intuitively, each velocity profile
of the point P; is a tuple of the possible 3D velocity of P; relative to

the radar, given the constraint that its projection on (ﬁ: equals to
the doppler velocity measured by the radar.

Though widely applied, we discover that PL-RANSAC oftentimes
could oftentimes fail, especially when the moving objects are (i)
nearby the radar, (ii) in the center of radar’s FoV, or (iii) occupying
the majority of radar’s FoV. In these cases, the strong mmWave
signals reflected by moving objects could generate a large quantity
of points with the same velocity profile. These points could even
be more than the PSOs, which eventually leads to the failure of
PL-RANSAC.

We illustrate the failure of PL-RANSAC by conducting the fol-
lowing three experiments, where we attach a mmWave radar on a
moving robot. As illustrated in Fig. 6, in the first and second exper-
iments, an automobile is driving nearby the radar and in the center
of radar’s FoV, respectively. In the third experiment, three humans
are walking side by side and occupy the majority of radar’s FoV.
Apart from the automobile and the humans, other objects in the
environments are all stationary. As illustrated in Fig. 6, PL-RANSAC
falsely selects the points of the moving object as the PSOs in all
the three experiments. In the first experiment, all the 6 points of
the automobile have a common velocity profile® and are selected
by PL-RANSAC, whereas there are only 5 PSOs. Similarly, in the
second and third experiments, the moving automobile and walking
humans contribute 5 points and 7 points with common velocity
profile, while there are both only 4 PSOs, respectively.

4.2.2  Multiple Stationary Target Consensus. To address the chal-
lenge of PSO selection with moving objects in radar’s FoV, we
propose the MSTC algorithm elaborated in Algorithm 1. The key
intuition of MSTC is to identify the object-level consensus of sta-
tionary objects for precise PSO selection. Specifically, MSTC selects
one representative point for each object in the environment, and
then uses the largest set of representative points with a common

5The elements of such velocity profile are actually the components of the moving
object’s velocity on the X, Y, and Z axis of the radar reference frame.

rect PSO selections.

Algorithm 1: Multiple Stationary Target Consensus

Input: Radar point cloud #, number of candidate sets R;
Output: Estimated radar egovelocity v';
/* PSO selection */
P —0,Q «— 0;
P1, Pa, - -+, P, «— DBSCAN(P);
foreach / € [L] do
Randomly select one point P; from 7 ;
Q—Qu{pr};
foreach iterationr € [R] do
Randomly select three points P;, P;, and Pg from Q ;
Calculate the common velocity profile (v}, vgl, v}) of P;, Pj,
and Py according to Eq. (2);
9 Q, « 0;
10 foreach P, € Q do
1 L if cos Oxmuvy + cos Oymo

12 | Q « QU {Pm};

[T R CR

Y

’

y

oy

+ 08 0;m0}, = vy, then

13 P° « The largest set in {Q},¢[r]:
/* Velocity profile extraction */
14 Randomly select three points P;, Pj, and Py from $% ;
15 Calculate the common velocity profile (uf; ) ug ug ) of P;, P i, and Py
according to Eq. (2);
o " e (b, —);

velocity profile as the PSOs. Such design utilizes the fact that all
the representative points of stationary objects have the same rela-
tive velocity to the radar, and hence they have a common velocity
profile. Besides, our design of utilizing only one point from each
object for PSO selection prevents MSTC from being affected by the
large quantity of points of moving objects.

As described in Algorithm 1, the detailed procedure of MSTC is as
follows. MSTC takes the radar point cloud # generated by HFM, and
the number of candidate sets R as the inputs, and outputs the radar
egovelocity v". The algorithm contains two parts including PSO
selection (line 1-13) and velocity profile extraction (line 14-16). After
initializing the set of PSOs P* and the set of representative points Q
as empty sets (line 1), the algorithm divides # into multiple sets by
the DBSCAN algorithm [35] (line 2). As each set of points output by
DBSCAN have similar positions and velocities, MSTC treats them
as coming from the same object in the environment. Then, the
algorithm randomly selects one point from each set generated by
DBSCAN as the representative point, and adds the representative
point into Q (line 4-5).

Next, the algorithm searches for the largest set of representative
points with a common velocity profile (line 6-13) in an iterative
process. Specifically, in the r-th iteration, the algorithm randomly
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selects three representative points P;, Pj, and Py from Q, and cal-
culates their common velocity profile (vy, v}, v7), according to the
following Eq. (2) (line 7-8), i.e.,

-1

o, cosOx; cosly; cosly v;
v; =| cosfOxj cosfy; costy; vj |. (2)
o}, cosOyr cosOyr  cos Oy Ok

After that, the algorithm collects the representative points that
have a common velocity profile (v;(,o'y,z;;) in set Q, (line 9-12).
The algorithm outputs the largest set in {Q;},¢[g] as the set of
PSOs #* (line 13). After that, the algorithm extracts the common
velocity profile (vﬁ, vz, vf ) of the points in P (line 14-15). Finally,
the algorithm sets the estimated radar egovelocity in the radar
reference frame as v'' = (—ug, —ZI‘Z, —vf) (line 16).

4.2.3  Evaluation of MSTC. We plot in Fig. 6 the PSOs selected
by MSTC in one radar frame for the three experiments described
in Sec. 4.2.1. Clearly, MSTC correctly outputs the PSOs. We also
compare the percentage of radar frames in the whole process of
the three experiments where PL-RANSAC and MSTC incorrectly
select PSOs. As illustrated in Fig. 7, PL-RANSAC makes incorrect
PSO selection in 36%, 24%, and 26% frames in the first, second, and
third experiment, respectively, where each experiment contains
300 radar frames. However, those numbers for MSTC are all 0%.

4.3 Radar-IMU Fusion

4.3.1 Motivation for Radar-IMU Fusion. By our design in Sec. 4.2,
MSTC enjoys a notable merit of avoiding to select points of moving
objects. However, it is possible that MSTC fails to yield any output
when the blockage of moving objects makes the detected stationary
objects undesirably scarce. MSTC can detect such case if all the
sets of representative points with a common velocity profile (@, in
Algorithm 1) are of size three. When that happens, MSTC cannot
utilize the velocity profile consensus of PSOs to estimate the radar
egovelocity, because actually any three representative points have
a common velocity profile.

Therefore, in this paper, we leverage an IMU as the auxiliary
sensor, and utilize its acceleration measurements to obtain the 3-
DoF translation when the radar egovelocity is unavailable. However,
as we will discuss in Sec. 4.3.2, translation estimation solely by IMU
is highly drifted because of gravity pollution.

4.3.2  Challenge: Gravity Pollution. The IMU acceleration measure-
ments suffer from gravity pollution in that they are in fact the sum-
mation of the motion-incurred acceleration and the gravity. Clearly,
without careful calibration which removes the gravity from the
IMU acceleration measurements, gravity pollution could easily in-
troduce large drifts to the translation estimated via integrating the
acceleration twice.

However, accurately estimating the gravity is anything but trivial.
The conventional calibration approach [24] estimates the gravity
in the following two cases accordingly.

e Atany time instance when the IMU is stationary or rotating with-
out translating, the IMU has zero motion-incurred acceleration,
and thus the conventional calibration approach directly adopts
the IMU acceleration measurement as the estimated gravity.
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Figure 8: The post-anchor time (left) and translation error (right) in
every 0.1s interval. The results are averaged over 10 trajectories.
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o For any other time instance ¢, the conventional calibration ap-
proach traces back to the last time instance ¢’ when the gravity
gt is directly measured by the IMU accelerometer, and uses g;/
to estimate the gravity g; at time instance ¢ by the following Eq.
3), ie.,

8 =Ryi8r, ®3)
where Ry is the rotation matrix [36] from ¢’ to t, which is
converted from the rotation angles estimated by integrating the
IMU angular velocity measurements over time.

Clearly, the gravity directly measured by the IMU accelerome-
ter serves as the anchor gravity for estimating the gravities in the
subsequent time instances until the next directly measured gravity.
However, such anchor gravities are rare in practice, because the
mobile platform typically has non-zero motion-incurred accelera-
tion when it is moving. As a result, the time interval from ¢’ to t in
Eq. (3) could be as long as several minutes, during which a certain
amount of angular velocity error could be accumulated. Although
such error is negligible for estimating R;.;, it will be significantly
amplified during the process of twice integration over time and
cause enormous translation estimation error.

We study the impact of scarce anchor gravities to the conven-
tional calibration approach by conducting the following experi-
ments, in which we equip a mobile robot with an IMU, and set it to
cruise following 10 random trajectories with each trajectory lasting
for 30s. In our experiments, the anchor gravities are only available
at the beginning of each trajectory when the robot is stationary.
We define the length of the time interval utilized to estimate the
gravity (i.e., t —¢’ in Eq. (3)) as the post-anchor time. The red curves
in Fig. 8 show that the post-anchor time of the conventional calibra-
tion approach grows over time and finally reaches around 30s, and
the translation estimation error with the conventional calibration
approach for gravity elimination drastically increases and reaches
around 0.5m within 30s.

4.3.3  Simultaneous Fusion and Calibration. To address the issue of
gravity pollution and embrace the advantages of both the mmWave
radar and the IMU for egomotion estimation, we propose the SFC
mechanism, which jointly estimates the mobile platform’s 3-DoF
rotation and 3-DoF translation by the following complementary
fusion procedure.

¢ 3-DoF Rotation Estimation. SFC estimates the 3-DoF rotation
by integrating the angular velocity measured by the IMU gyro-
scope over the time interval between two consecutive egomotion
estimation outputs.

o 3-DoF Translation Estimation. SFC estimates the 3-DoF trans-
lation by integrating the mobile platform’s egovelocity over the
time interval between two consecutive egomotion estimation
outputs. When the radar egovelocity is available, SFC adopts
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(a) The mobile robot platform.

(b) The automobile platform.
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miniPC

(c) The UAV platform.

Figure 9: The mobile platforms for evaluating EmoRI.

it as the mobile platform’s egovelocity. Otherwise, SFC obtains
it from the IMU egovelocity. The IMU egovelocity is estimated
by removing the gravity from the accelerometer measurements
by our designed Radar-Aided Acceleration Calibration (RAAC)
algorithm, and integrating the calibrated acceleration over time.

4.3.4 Radar-Aided Acceleration Calibration. The core of SFC’s 3-
DoF translation estimation is RAAC, whose key intuition is to
leverage the radar egovelocity to generate anchor gravities as long
as the radar egovelocity is available regardless of the mobile plat-
form’s motion status. Compared with the conventional calibration
approach that only generates anchor gravities when the mobile
platform has zero motion-incurred acceleration, RAAC has access
to more anchor gravities for gravity estimation. Specifically, RAAC
estimates the gravity at each time ¢ in the following two cases
accordingly.

o Case 1: radar egovelocity is available at time t. Suppose the

radar egovelocity in the radar reference frame is vf, the IMU
angular velocity in the IMU reference frame is w;, and the IMU
egovelocity in the IMU reference frame is v{ . The function f(-,-)
bridges vﬁ, vf, and w; by the following Eq. (4), i.e.,

vy = f(V§, @) = Rpr(VE + wr X TR)), (4)
where Rpy is the rotation matrix that transforms the IMU egov-
eloity in the radar reference frame into that in the IMU reference
frame, rgy is the vector from the origin of the radar reference
frame to the origin of the IMU reference frame, and X represents
the cross product of two vectors. Suppose the IMU acceleration
in the IMU reference frame is a;. Eq. (5) bridges the radar egove-
locity and the gravity,

FOR ) = fvEwrr) =

t

(ay — gu)du

t-7

Kt
1
~E Z (at—k/K - Rm-k/ng),
k=1

where 7 is the time interval between t and the latest time instance
when the radar egovelocity is available, and R,/ is the IMU
rotation matrix from time ¢ to t — k/K with K denoting the IMU
data generation frequency. Eq. (5) depicts the fact that the differ-
ence between the IMU egovelocity at time ¢ and t — 7 in the IMU
reference frame equals to the integration of the motion-incurred
acceleration over time from ¢ — 7 to ¢, which can be approximated
by multiplying the summation of the motion-incurred acceler-
ation in a series of small time intervals from ¢ — 7 to t with the
length of each time interval equal to 1/K. We rearrange Eq. (5)

®)

and get the anchor gravity g; in the IMU reference frame at time
t given by Eq. (6),
g~ C;' (B - KAy), (6)
where A¢ = f(VR ;) — fF(VR  wi—7), By = ZIk(:Tl a;_/k> and
C;= Zfzfl R;.;—k/k- RAAC estimates Ay, By, and C;, and substi-
tutes them into Eq. (6) to estimate the anchor gravity g;. Specifi-
cally, f(-,-) in A; is a fixed function obtained by measuring the
orientations and locations of the radar and IMU, vf and vf_ ,in
A; are estimated by MSTC, w; and w;— in A; are measured by
the IMU gyroscope, the accelerations in {a; _g/x } ke[ k7] to calcu-
late B; are measured by the IMU accelerometer, and the rotation
matrices in {Ry.;_k/k }ke[Kr] to calculate C; are calculated from
the angular velocity measured by the IMU gyroscope.
e Case 2: radar egovelocity is unavailable at time . RAAC finds

the latest time instance ¢’ when the radar egovelocity is available
and obtains the anchor gravity g;,/. After that, RAAC obtains the
rotation matrix Ry/.; by integrating the angular velocity measured
by the gyroscope over time, and estimates g; by Eq. (3).

4.3.5 Evaluation of RAAC. We evaluate the effectiveness of RAAC
in SFC using the experiments described in Sec. 4.3.2. Fig. 8 shows
that the post-anchor time of RAAC is significantly shorter than
that of the conventional calibration approach. Specifically, the av-
erage of the former and the latter is respectively 0.19s and 15s. We
also illustrate the translation estimation with RAAC for gravity
elimination in Fig. 8, which does not accumulate over time, and
is persistently lower than that with the conventional calibration
approach for gravity elimination.

5 IMPLEMENTATION AND EVALUATION

5.1 System Implementation

To thoroughly evaluate the performance of EmoRI on different
types of mobile platforms, we implement EmoRI on three represen-
tative mobile platforms, including a WHEELTec mobile robot [37],
a Volkswagen Passat Sedan automobile [38], and a DJI Matrice 210
UAV [39], as shown in Fig. 9.

We equip all the three platforms with a single-chip TI
IWR6843A0P mmWave radar [18], and a DCA1000 data acqui-
sition board [40] for collecting the beat frequency signals of the
mmWave radar. We equip one Livox Horizon LiDAR [41] on both
the mobile robot and the automobile platforms, and equip an Ouster
0S1-64 LiDAR [42] on the UAV platform. We choose to equip the
UAV with the OS1-64 LiDAR because the Livox Horizon LiDAR is
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(d) Parking lot with automobile.

(c) Parking lot with 2 bicycles.

(d) Multiple walking humans.

(c) Multiple moving automobiles.

Figure 11: Example snapshots of trace collection with the automobile platform (a-c) and the UAV platform (d).

Table 1: Trace collection settings with walking humans.

Human # Traj. Shape Motion Mode Trace #/Mode

1 Straight 1,2,3 1
2 Straight 1,23 1
3 Straight 1,23 1
4 Straight Hybrid 2
5 Straight Hybrid 2
6 Straight Hybrid 2
6 S&C Hybrid 5

5
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Figure 12: The trajectories of the automobile platform, and the num-
ber of moving objects through each trajectory.
too heavy for the UAV to carry. We utilize the BMI088 IMU [43]
(around $2) integrated in the Livox Horizon LiDAR, and the IAM-
20680HT IMU [44] (around $10) integrated in the Ouster OS1-64
LiDAR as the IMU choices for the corresponding mobile platforms.
Note that the LiDAR on each mobile platform is to acquire the
LiDAR point cloud, which serves as the input of the LIDAR SLAM
algorithm to obtain the egomotion ground truths. Compared with
GPS that works poorly in indoor environments and can only yield
3-DoF translation estimation, LIDAR SLAM is a reliable approach
for 6-DoF egomotion estimation in both indoor and outdoor envi-
ronments. In fact, the results of LIDAR SLAM have been adopted
as the ground truths for many egomotion estimation approaches
[25, 26, 45]. We also equip an Intel NUC 11 miniPC [46] on each
mobile platform to control the the data collection process of the
mmWave radar and the LiDAR, and run the codes of EmoRI to
generate the 6-DoF egomotion estimation.

i
-
500m ek

5.2 Experimental Methodology

5.2.1 Baselines. We compare EmoRI with the following three rep-
resentative methods that utilize single-chip mmWave radar and
IMU for egomotion estimation. milliEgo [25]: It is a learning-based

method that utilizes the attention networks to fuse the measure-
ments of radar and IMU. ERI [27]: It utilizes radar measurements to
obtain the translation estimations and utilizes IMU measurements
to reduce noise. We augment this method to enable rotation estima-
tion by integrating the angular velocity measurements of IMU over
time. Milli-RIO [26]: It leverages RNN and Kalman filter to fuse the
measurements of radar and IMU for egomotion estimation.

5.2.2  Evaluation Metrics. To evaluate the performance of each
method, we first stitch its estimated egomotion sequence into the
global odometry trajectory, and leverage the Absolute Trajectory
Error (ATE) and Destination Error (DE) as the evaluation metrics.
ATE measures the average distance between each of the two corre-
sponding locations in the estimated and the ground truth trajectory,
which depicts the average egomotion estimation accuracy. DE is
the ratio of the distance between the destinations of the estimated
and ground truth trajectory to the length of the ground truth tra-
jectory, which gives an intuitive description about the cumulative
estimation error of the trajectory.

5.3 Trace Collection

A trace is defined as the data of the mmWave radar, IMU, and
LiDAR collected while the mobile platform moves along a specific
trajectory, and meets specific numbers and types of moving objects
with their specific motion modes. Each trace is an atomic unit to
validate the egomotion estimation performance. To extensively
evaluate EmoRI and the baselines, we collect traces on diverse
mobile platforms in diverse representative scenes with different
numbers and kinds of moving objects. All experiments have strictly
followed the standard procedures of IRB of our institute.

5.3.1 Traces Collected by the Mobile Robot Platform. The experi-
ments with the mobile robot platform are conducted in two indoor
environments (i.e., a corridor and a hall), and one outdoor environ-
ment (i.e., a parking lot).

We collect traces in both the corridor and the hall according to
Tab. 1. Specifically, we let walking humans serve as the moving
objects, because humans are the most common moving objects in
indoor environments. We vary the number of walking humans from
1to 6, and designate them to walk in three motion modes, including
parallel to (mode 1), diagonally intersecting with (mode 2), and
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Figure 13: The overall performance of EmoRI and the baselines with the mobile robot platform.
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Figure 14: The overall performance of EmoRI and the baselines with the automobile and UAV platforms.

vertically intersecting with (mode 3) the heading direction of the
robot. For the convenience of keeping the moving objects in radar’s
FoV and designating their motion modes, we collect 15 traces with
the robot moving in straight lines in either environment. We also
collect 5 traces with 6 walking humans in either environment with
the robot moving in both straight lines and trajectories with curves
(S&C). For the traces with more than 3 humans, we set their motion
mode to be hybrid, where each human moves according to a motion
mode randomly chosen from the above three. Thus, we collect
15+ 5 = 20 traces in either environment. It takes around 30s to
collect each trace. The length of each trajectory varies from around
15m to 30m. The snapshots of trace collection in both environments
are illustrated in Fig. 10a and 10b.

We collect traces in the parking lot with walking humans as mov-
ing objects according to Tab. 1. We also collect 2 traces respectively
with 2 bicycles and an automobile as the moving objects as in Fig.
10c and 10d. The motions of the bicycles and the antomobile are in
mode 1. Totally, we collect 20 + 2 X 2 = 24 traces in the parking lot.
It takes around 30s to collect each trace. The length of the trajectory
of each trace varies from 15m to 30m.

5.3.2  Traces Collected by the Automobile Platform. We collect 20
traces using the automobile platform on the roads of a campus with
the humans, bicycles, and automobiles encountered during trace
collection as the moving objects. It takes around 120s to collect
each trace. We plot in Fig. 12 the trajectories of 11 out of the 20
collected traces with the number of encountered moving objects of
each sub-piece of the trajectories marked. Note that the trajectories
of the other 9 traces are not plotted, because they overlap with
those shown in this figure. The shapes of the trajectories contain
the primary road shapes, including straight lines (trajectory a, e,
and i), corners (trajectory f, g, h, and j), and curves (trajectory b, c,
d, and k). Three snapshots captured by a front-view camera placed
next to the radar that correspond to three representative cases are
illustrated in Fig. 11a to 11c.

5.3.3 Traces Collected by the UAV Platform. We collect 14 traces
using the UAV platform with 2 humans as the moving objects. The
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Figure 15: The trajectories estimated by EmoRI (blue) and ground
truths (red) in automobile platform experiments.
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Figure 16: The trajectories estimated by EmoRI (blue) and ground
truths (red) in UAV platform experiments.
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flight time of each trace is around 90s. A snapshot of trace collection
with the UAV platform is shown in Fig. 11d.

5.4 Overall Performance

We compare the overall 6-DoF egmotion estimation performance
of EmoRI with the three baselines introduced in Sec. 5.2. The over-
all performance is evaluated using all the collected traces, where
EmoRI reduces the average ATE for all the experiments from 3.1m,
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Figure 18: The performance of EmoRI and its variants.

4.7m, and 3.5m to 1.27m, and reduces the average DE for all the
experiments from 0.27, 0.43, and 0.31 to only 0.07 compared with
milliEgo, ERI, and milli-RIO, respectively. Although the three base-
lines perform reasonably well in environments with all stationary
objects as described in their original papers [25-27], their perfor-
mance drastically degrade in our experiments with moving objects
in radar’s FoV.

As shown in Fig. 13a and 13c, in the experiments with the mo-
bile robot platform, EmoRI achieves an average of 38%, 57%, and
52% reduction on ATE, and 74%, 84%, and 69% reduction on DE,
compared with milliEgo, ERI, and milli-RIO, respectively. As shown
in Fig. 13b and 13d, such performance improvement is consistent
in different environments. Similarly, as illustrated in Fig. 14, in the
experiments with the automobile platform, EmoRI achieves at least
an average of 67% reduction on ATE, and at least 62% reduction on
DE, compared with the three baselines. In the experiments with the
UAV platform, EmoRI achieves an average of at least 32% reduction
on ATE, and at least 53% reduction on DE, compared with the three
baselines.

To intuitively understand the performance of EmoRI, we plot in
Fig. 15 and 16 respectively several representative global odometry
trajectories of the automobile and the UAV platform estimated by
EmoRI, as well as the corresponding ground truths. We notice that
the trajectories estimated by EmoRI are tightly aligned with the
ground truth trajectories.

5.5 Impact of Moving Objects in FoV

5.5.1 Impact of the Moving Object Number. We evaluate EmoRI
against different numbers of walking humans in radar’s FoV with
the mobile robot platform. As shown in Fig. 17a and 17b, EmoRI
achieves an average of 44%, 56%, and 49% reduction on ATE, and
an average of 86%, 88%, and 79% reduction on DE, compared with
milliEgo, ERI, and Milli-RIO, respectively. Besides, the ATE and DE
of all the baselines show an increasing trend with more walking
humans, whereas those of EmoRI do not show such trends. Such

results validate the robustness of EmoRI against different numbers
of moving objects in radar’s FoV.

5.5.2 Impact of the Moving Object Type. We evaluate EmoRI
against different types (i.e., human, bicycle, automobile) of moving
objects with the mobile robot platform in the parking lot. As shown
in Fig. 17c and 17d, EmoRI achieves an average of 35%, 59%, and 51%
reduction on ATE, and an average of 78%, 89%, and 72% reduction
on DE, compared with milliEgo, ERI, and Milli-RIO, respectively.
Besides, the ATE and DE of EmoRI keep low with different types
of moving objects. Such results validate the robustness of EmoRI
against the types of moving objects in radar’s FoV.

5.6 Evaluation of Each Component

We evaluate the necessity of each component of EmoR], i.e., HFM,
MSTC, and SFC, as well as their contribution to EmoRI’s superior
performance over the baselines. To this end, we build three variants
of EmoRI, namely E-FFT, E-RANSAC, and E-AC. E-FFT replaces
HFM with the conventional FFT-based algorithm, E-RANSAC re-
places MSTC with PL-RANSAC, and E-AC replaces RAAC of SFC
with the conventional A% algorithm [24]. We also build six variants
of the three baselines [25-27] by enhancing them with the compo-
nents of EmoRI in two ways. Specifically, we change the input point
cloud of the three baselines as the point cloud generated by HFM
or generated by HFM+MSTC. We evaluate EmoRI, the baselines,
and their variants with all the collected traces.

5.6.1 Necessity of HFM. As shown in Fig. 18a and 18b, compared
with E-FFT, EmoRI achieves 56%, 50%, and 50% reduction on av-
erage ATE, and 90%, 83%, and 61% reduction on average DE for
experiments with the mobile robot, the automobile and the UAV
platform, respectively. Meanwhile, as shown in Fig. 18c and 18d,
EmoRI achieves 56%, 47%, and 59% reduction on average ATE, and
87%, 88%, and 88% reduction on average DE for experiments in the
corridor, hall, and parking lot on the mobile robot platform, respec-
tively. Such results indicate that HFM’s improvement against the
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conventional FFT-based approach brings substantial improvement
for the accuracy of egomotion estimation. In fact, accurate point
cloud generation with HFM is the premise for MSTC and SFC to
take effect. The relatively low-quality point cloud generated by
FFT also influences the performance of PSO selection with MSTC
and radar-IMU fusion with SFC, and finally severely degrades the
accuracy of egomotion estimation.

5.6.2  Necessity of MSTC. As shown in Fig. 18a and 18b, compared
with E-RANSAC, EmoRI achieves 25%, 28%, and 15% reduction on
ATE, and 78%, 87%, and 23% reduction on DE for experiments with
the mobile robot, the automobile, and the UAV platform, respec-
tively. As shown in Fig. 18c and 18d, EmoRI achieves 3%, 28%, and
44% reduction on ATE, and 6%, 64%, and 88% reduction on DE for
experiments in the corridor, hall, and parking lot with the mobile
robot platform, respectively. The rationale for EmoRI’s increasing
improvements against E-RANSAC in corridor, hall, and parking
lot are as follows. The number of the PSOs is decreasing in the
corridor, the hall, and the parking lot. E-RANSAC gets easier to
confuse the points of moving objects as the PSOs with less PSOs,
while EmoRI still keeps the ATE and DE relatively low thanks to
MSTC’s reasonable PSO selection.

5.6.3 Necessity of SFC. As shown in Fig. 18a and 18b, compared
with E-AC, EmoRI achieves 27%, 36%, and 7% reduction on ATE,
and 36%, 47%, and 38% reduction on DE for experiments with the
mobile robot, the automobile, and the UAV platform, respectively.
Meanwhile, as shown in Fig. 18c and 18d, EmoRI achieves 3%, 6%,
and 40% reduction on ATE, and 4%, 36%, and 50% reduction on DE
for experiments in corridor, hall, and parking lot with the robot plat-
form, respectively. We observe that the performance gap between
EmoRI and E-AC is larger in the parking lot than in the corridor
and hall. The reason is that the case where no PSOs can be selected
happens more often in the parking lot. Such results validate the
necessity of SFC when radar egovelocity is unavailable.

5.6.4 Contribution of Each Component to EmoRI’s Superior Per-
formance. We show the average ATE and DE reduction of EmoRI
compared with the original and EmoRI-enhanced baselines in Table
2. HFM-enhanced baselines outperform the original baselines by
having lower ATE and DE, which indicates that HFM’s improve-
ment on angle estimation takes a positive effect on egomotion
estimation and contributes to EmoRI’s superior performance over
the original baselines. Besides, we observe that the baselines en-
hanced by HFM+MSTC outperform the original and HFM-enhanced
baselines. Such results indicate that even if the input point clouds of
the baselines are generated by HFM, the baselines still suffer from
unsatisfactory performance because they lack the capacity to accu-
rately select the PSOs from the point cloud. We also observe that
EmoRI shows at least a 43% reduction on ATE and a 47% reduction
on DE compared with the HFM+MSTC-enhanced baselines. Such
results indicate that compared with the baselines, EmoRI could
more properly fuse the radar and IMU measurements for accurate
egomotion estimation. In all, we conclude that the three modules
of EmoRI are all indispensable and their joint design contributes to
EmoRT’s superior performance over the baselines.
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Table 2: The ATE and DE reduction of EmoRI compared with the
original and EmoRI-enhanced baselines.

Original | HFM-Enhanced |HFM+MSTC-Enhanced
milliEgo ERI Milli—RIO‘mﬂliEgo ERI Milli-RIO‘miHiEgo ERI Milli-RIO

ATE 59% 73% 64% 58% 66%  60% 43%  46% 47%
DE 74% 84%  77% 72%  83%  77% 47%  55% 49%
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Figure 19: The runtime of EmoRI and its three components.

5.7 Runtime Analysis

We evaluate the runtime of the three components of EmoRI, i.e.,
HFM, MSTC, and SFC. For each radar frame, the average runtime of
HFM, MSTC, and SFC is 59.7ms, 8.7ms, and 0.9ms, respectively. The
end-to-end runtime of EmoRI is 69.3ms and is smaller than the time
interval of one radar frame (100ms). In Fig. 19, we illustrate the run-
time of EmoRI and its three components in a typical trace lasting for
30s. We notice that the runtime of EmoRI remains stably lower than
100ms over time. Such results indicate that EmoRI supports running
at a frame rate of 10 frames per second, which is comparable to the
3D LiDAR-based egomotion estimation approaches [7-11].

6 RELATED WORK

6-DoF Egomotion Estimation. A number of methods have been
proposed to estimate the egomotion of a mobile platform. One line
of works [6, 47] utilize the WiFi NIC to capture the WiFi signal
transmitted by WiFi APs, and infer the mobile platform’s egomotion
from WiFi CSIL These methods only work in the restricted areas
where the WiFi APs locate. In contrast, other methods [7-11, 13—
17, 25-27, 48-56, 59-62] that leverage on-board sensors (i.e., IMU,
LiDAR, camera, mmWave radar) are free from such restriction. Next,
we discuss these works with respect to the type of utilized sensors.

IMU-based methods [48, 49] infer the egomotion of a mobile
platform directly from the IMU acceleration and angular velocity
measurements. These methods usually suffer from severe cumu-
lative drifts. LIDAR-based methods [7-9] utilize LIDAR SLAM to
simultaneously localize the mobile platform and estimate its ori-
entation. The performance of these methods drastically degrades
in adverse weathers (e.g., rain, fog, snow). Camera-based methods
[13, 14, 16] infer the egomotion of the mobile platform through
matching the landmarks between consecutive frames of images.
These methods usually fail in overly weak or strong illumination.
Radar-based methods [50-56] estimate the mobile platform’s ego-
motion by inferring the relative motion of the mobile platform
against the PSOs in the radar point cloud. However, either the un-
bearable weight of the mechanical scanning radar (around 6kg each
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[57]) or the prohibitive cost of the high-end cascading mmWave
radar (around $1500 each [58]) prevents these methods [50-56]
from being applied on low-cost and lightweight mobile platforms.

Recently, a series of fusion-based methods [10, 11, 15, 17, 25—
27, 59-62] propose to utilize an IMU as the auxiliary sensor to
augment radar/LiDAR/camera for better egomotion estimation.
These works can be categorized as radar-IMU fusion [25-27, 59—
62], LIDAR-IMU fusion [10, 11], and camera-IMU fusion [15, 17]
methods. Among the radar-IMU fusion methods, the works [27, 60]
assume the objects in the environment are static and do not consider
the scenarios where moving objects exist in radar’s FoV. Although
the works [25, 26, 59-62] all include PSO selection mechanisms to
alleviate the negative influence of moving objects, there exist non-
negligible defects in these PSO selection mechanisms. Specifically,
the work [59] resorts to RANSAC for PSO selection, but it has been
proved in our paper that RANSAC often fails. Besides, this work
also uses an additional barometer sensor to overcome the radar’s
high vertical motion estimation error. The work [61] exploits the
points of the ground as the PSOs, which would fail when the radar
is on the UAV and cannot receive the reflections from the ground.
The methods in [62] are designed based on the assumption that the
objects in the environment are located on a single 2D plane, which
almost only holds in scenarios of remote sensing, where the objects
on the Earth can be viewed as located on the flat Earth plane for the
aircraft. Obviously, such an assumption does not generalize well
in common egomotion estimation tasks. The learning-based meth-
ods [25, 26] resort to deep learning models to intelligently select
the PSOs and match them for egomotion estimation. However, the
experimental results in Sec. 5.4 indicate that these learning-based
approaches could not reliably estimate the egomotion as EmoRI
does when moving objects exist in radar’s FoV.

Clearly, EmoRI is a radar-IMU fusion method. The core advan-
tage of EmoRI over other radar-IMU fusion methods [25-27, 59-62]
is that EmoRI could work robustly with moving objects in radar’s
FoV, which is attributed to its effective PSO selection and radar-IMU
fusion mechanisms. We emphasize that the existing fusion tech-
niques in camera-IMU fusion and LiDAR-IMU fusion methods are
not suitable to be applied for radar-IMU fusion, because mmWave
radar is fundamentally different from camera and LiDAR in that
mmWave radar cannot capture the landmarks required for camera-
IMU fusion, and has around 100 times sparser points than LiDAR.
Besides, compared with the LIDAR-IMU fusion and camera-IMU
fusion methods, EmoRI enjoys the desirable properties of resistance
to adverse weather and illumination by adopting mmWave radar
as the primary sensor. We comprehensively compare EmoRI with
the aforementioned egomotion estimation methods in Tab. 3.
6-DoF Passive Motion Tracking. Another thread of works [63-
67] highly related with EmoRI are those that aim at tracking the
motion of a mobile platform with devices installed in the environ-
ment. Among them, [63] infers the motion of the mobile platform
by analyzing the motion incurred features in the acoustic signals
generated by the mobile platform, [65] uses high-speed cameras
to record the variations of the key feature points of the mobile
platform to infers its motion, and [67] fuses mmWave radar and
camera to estimate the mobile platform’s full 6-DoF motion. Clearly,
this line of works treat the mobile platform as a passive object to be
tracked in the environment, and are thus orthogonal to EmoRI that
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Table 3: Comparison with existing methods.

Method Brimasy Drifts Area Wea.thel.'/ M({vmg Obj
Sensor Illumination in FoV
[6, 47] WiFi NIC Low Limited Robust Robust
[48, 49] MU High Free Robust Robust
[7-11] LiDAR Low Free Susceptible Robust
[13-17] Camera Low Free Susceptible Robust
[50, 51, Scanning .
53-55] Radar Low Free Robust Susceptible
High-end .
[52, 56] Radar Low Free Robust Susceptible
[25- Single-chip .
27,59-62] Radar Low Free Robust Susceptible
EmoRI Single-chip Low Free Robust Robust
Radar

enables a mobile platform to actively estimate its own egomotion.
Localization. The egomotion estimation results of EmoRI can be
naturally utilized for localization. Given the initial position and
orientation of a mobile platform, EmoRI can obtain its odometry by
stitching the egomotion sequence, and infer its location from the
estimated odometry. However, although there exist a wide spec-
trum of approaches that utilize WiFi [68], acoustic [64], RFID [69],
LoRa [70], or mmWave signals [66, 71] for localization, they usu-
ally fail for egomotion estimation. The reason is that despite these
approaches could know the location variations of the mobile plat-
form, they cannot estimate a mobile platform’s orientation, which
prevents them from estimating the rotation and transition in the
mobile platform’s local reference frame.

7 CONCLUSION AND FUTURE WORK

This paper proposes EmoRI, a novel egomotion estimation method
consisting of the HFM algorithm that distinctly improves the angle
estimation accuracy of single-chip mmWave radar, the MSTC al-
gorithm that properly selects only the PSOs from the radar point
cloud, and the SFC mechanism that outputs reliable and full 6-DoF
egomotion estimation. Extensive experiments validate that EmoRI
pushes the limit of single-chip mmWave radar-based egomotion
estimation with moving objects in radar’s FoV by reducing the per-
meter destination error from decimeter level to centimeter level.

A number of techniques could be explored in future to further
improve EmoRI. First, the estimated egovelocities of multiple radars
that could possibly exist on some platforms (e.g., automobile) can
be jointly utilized to calibrate the IMU and yield more accurate
acceleration measurements, which promotes the egomotion esti-
mation accuracy. Besides, IMU drifts are still inevitable and may
accumulate in scenarios where the radar egovelocity estimation
is unavailable for a long time. Although such scenarios are rare
in practice, techniques such as loop closure detections [72] could
be utilized to enhance EmoRI to further alleviate the IMU drifts.
Lastly, since cameras could provide rich scene information for ego-
motion estimation in environments with good visibility, properly
augmenting EmoRI with cameras in such environments would be
promising to improve its performance.
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