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Abstract— Enabling autonomous robots to operate robustly
in challenging environments is necessary in a future with
increased autonomy. For many autonomous systems, estimation
and odometry remains a single point of failure, from which it
can often be difficult, if not impossible, to recover. As such
robust odometry solutions are of key importance. In this work
a method for tightly-coupled LiDAR-Radar-Inertial fusion for
odometry is proposed, enabling the mitigation of the effects of
LiDAR degeneracy by leveraging a complementary perception
modality while preserving the accuracy of LiDAR in well-
conditioned environments. The proposed approach combines
modalities in a factor graph-based windowed smoother with
sensor information-specific factor formulations which enable,
in the case of degeneracy, partial information to be conveyed to
the graph along the non-degenerate axes. The proposed method
is evaluated in real-world tests on a flying robot experiencing
degraded conditions including geometric self-similarity as well
as obscurant occlusion. For the benefit of the community
we release the datasets presented: https://github.com/
ntnu-arl/lidar_degeneracy_datasets.

I. INTRODUCTION

Autonomous robots are tasked to navigate in ever more
challenging environments with increased requirements for
robustness and reliability. To achieve this goal, the hur-
dles imposed by perceptual degradation must be overcome.
Autonomous cars navigating through fog [1], aerial robots
flying through a self-similar tunnel [2, 3] or ground systems
mapping a smoke-filled underground mine corridor [2,4]
represent relevant examples. In the quest to enable resilient
perception especially for the key task of odometry estimation,
identifying appropriate sensing solutions, developing the
relevant algorithms to best exploit their data, and combining
their strengths through multi-modal fusion are essential steps.

Motivated by the above, this work contributes a novel
tightly-coupled, multi-modal odometry framework that ex-
ploits the synergy of modern mmWave radars and LiDARs,
alongside Inertial Measurement Units (IMUs) to enable
resilient estimation in GPS-denied environments that may
present geometric self-similarity or dense presence of ob-
scurants such as dust, fog and smoke. With LiDAR methods
being particularly sensitive against such conditions [3, 5, 6],
radar fusion is key to overcome degeneracy on the pose
estimation problem, while simultaneously supporting accu-
rate velocity estimation. Likewise, limitations of miniaturized
radars in the accuracy and density of their spatial point
clouds render the sensor applicable for odometry but often
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Fig. 1. Demonstration of the challenging environments explored in this
paper, including a geometrically self-similar tunnel and a building with a
fog-filled hallway. The effect of perceptual degradation is shown in the
LiDAR point clouds. Radar data is fused to enable resilient odometry.

with less accuracy compared to LiDAR-based methods [7].
Furthermore, radar data depend on other aspects, such as the
material properties of objects as that relates to their Radar
Cross Section (RCS). Motivated by this we propose a prin-
cipled strategy to tightly fuse the two modalities considering
the complementary nature of their sensing principles.

The proposed method — called Degradation Resilient
LiDAR-Radar-Inertial Odometry (DR-LRIO) — enables ro-
bust odometry against perceptually-degraded environments,
such as those in Fig. 1, by tightly-coupled sensor fusion of
IMU, LiDAR, and radar in a sliding window factor graph
framework. The fused estimation takes advantage of the
strengths of each modality such that 1) divergence is avoided
when LiDAR is negatively affected by degeneracy from self-
similarity or obscurants since the radar is less affected, and 2)
aiding in reducing drift experienced by radar-inertial methods
given the higher accuracy of the LiDAR. The integration of
the LiDAR through feature factors enables this ability as the
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graph can receive information regarding the non-degenerate
axes even when the LiDAR is experiencing degraded condi-
tions. The contributions of the proposed method include

1) Tightly-coupled LiDAR-radar fusion explored in self-
similar and degenerate environments.

2) Formulation and derivation of factors for direct integra-
tion of LiDAR features in the graph with a global map.

3) Formulation and derivation of a factor for integration
of radar-estimated linear velocity in a factor graph for
inertial navigation.

To evaluate the performance of the method, a set of repre-
sentative experimental studies were conducted. Specifically,
an aerial robot integrating time-synchronized LiDAR, radar
and IMU sensing was deployed in a) a motion capture arena,
b) a long geometrically-self similar bicycle tunnel, and c) a
building with a corridor of it being densely filled with fog.

In the remaining paper, Section II presents related work,
followed by the description of the proposed approach in
Section III. Evaluation studies are presented in Section IV
and conclusions in Section V.

II. RELATED WORK

The body of work on multi-modal odometry estima-
tion and Simultaneous Localization And Mapping (SLAM),
alongside the individual domains of LiDAR-based and radar-
based methods relate to this work. Below we overview
methods focusing on the fusion of Frequency Modulated
Continuous Wave (FMCW) radar with other exteroceptive
modalities for odometry and SLAM, while also briefly
introducing the diversity of methods on using either only
LiDAR or radar as the sole exteroceptive modality.

A. LiDAR-based SLAM

LiDAR-based SLAM methods typically solve a registra-
tion problem by fitting a candidate point cloud to a reference
point cloud. Variations within this domain involve either
using the entire point cloud for the registration [8,9] or
selecting descriptive points (features) for computational im-
provements [10—15] while maintaining comparable accuracy.
The latter have been widely used in robotics particularly
since the platforms that these methods are deployed on
may be computationally constrained. A large body of these
methods derive from the seminal work of LOAM [10]
which combined high frequency velocity estimation for point
cloud deskewing and providing a prior for low frequency
high fidelity registration. LOAM derivatives develop on the
method in various fashions such as the fusion with other
sensors [5, 12-17] and incorporation of deployment platform
information [11,18]. Handling of LiDAR-based measure-
ments in our method is also inspired by LOAM however,
is different from it and its derivatives in the formulations of
the factors used in the optimization.

B. Radar-based SLAM

Radar-based odometry and SLAM methods are gaining
prominence in robotics, particularly in autonomous driving
and small robots, primarily due to weather resilience [19-25].

Research includes handling radar distortions [26], automotive
radar odometry [19,27-29], and SLAM solutions [30,31]
including for indoor systems [32]. Specific developments
for small flying robots involve EKF-based radar-inertial
odometry methods [33-37], including tightly-coupled ap-
proaches [38], and techniques combining radar with IMU
using factor graphs [39,40]. Recent work demonstrates spin-
ning radar-based localization approximately on par with
LiDAR methods [41], while the authors in [42] address this
question especially having all-weather operations in mind.
The survey in [7] overviews the state-of-the-art in mmWave
radar applications including for odometry and SLAM.

C. Radar and LiDAR in Multi-modal SLAM

A selective niche of works has investigated the potential of
fusing LiDAR and radar data for localization and mapping.
The work in [43] considered their combination for SLAM
involving a mechanical pivoting radar (MPR) either by a)
landmarks extracted using LiDAR and MPR, or through b)
scan fusion between the two sensors. The authors in [44]
focused on registering radar measurements on previously
built LiDAR maps. The work applied a radar-map refinement
step. In a highly relevant manner, the contribution in [45]
offers a deep learning-based strategy for radar localization on
LiDAR maps. Furthermore, although not itself a multi-modal
fusion contribution but focusing on a comparative analysis of
LiDAR and radar for SLAM, the work in [46] offers insights
regarding the expected accuracy and the different challenges
faced by the two sensors classes.

III. PROPOSED APPROACH

In this section the proposed multi-modal sensor fusion
solution capable of resilience against deficiencies in either
of the two individual odometry methods by tightly-coupled
LiDAR-radar-inertial sensor fusion is proposed. Tightly-
coupled in this case refers to the explicit addition of LiDAR
features in the graph architecture, reducing the possibility
for incorporating errors when making the transition from
features derived from degenerate conditions into a single
transform estimate, i.e. what can be possible with a more
loosely-coupled approach fusing a 6-DoF pose prior [14,
47]. This means that the measurement information for each
of IMU, radar, and LiDAR is added to graph through,
geometrically- and physically-driven, relationships which are
the basis for the factor derivations.

A. Notation

The notation used in this manuscript is as follows. The
variables x, x, x are scalar, vector, and matrix respectively
and the wedge operator (-)" represents the skew-symmetric
matrix in R3*3, Let the the rotation from A to B be 3R, €
S0(3) and the position of frame A expressed in frame B be
gPpa € R3 such that the homogeneous transformation from A
to B is Ty € SE(3). Furthermore, in this work we use the
static world frame (W) and the body-fixed IMU frame (I),
radar frame (R), and LiDAR frame (L). Note, it is assumed
that extrinsics between the sensor frames are known a-priori.
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B. State Estimation

The state space for the proposed method consists of the
pose of the IMU in world frame yT; € SE(3), the IMU
linear velocity yvr € R3, and IMU biases 1b € RS such that
the state of a given node in the graph is represented by

X:[WTI w1 Ib] ()

where the position and orientation of IMU w.r.t. world
(wp1, wR1) make up the pose and b contains terms for
accelerometer b, and gyroscope b.

In the proposed method the estimation problem is solved
using a factor graph, performing an incremental optimization
over a sliding window to reduce computational cost. Having
state estimates available at a consistent rate is desirable, and
the radar measurement comes with lower latency compared
to LiDAR, therefore the radar measurements’ timestamps
are used to create the graph nodes. Additionally, since the
LiDAR will be deskewed, assuming there is at least one
radar measurement per LIDAR measurement, the LiDAR can
simply be deskewed to the radar measurement timestamp.

Let the radar measurement at time ¢ be denoted as R;. The
set of IMU measurements timestamped between consecutive
radar measurements at time 4 and j is denoted by Z;; and
the set of LIDAR feature measurements (consisting of plane
and line features described in Section III-B.2) at time ¢ is
L;. The set of all radar measurements collected up to time
k is My, and the set of all measurements collected up to
time k is 25 = {Iij,ﬁi,Ri}, (’L,]) € M. Thus, the MAP
estimate is

Xy = argmax p (Xp— 1.k | Zh—1:1)

Xi—1:k

X P (Xk—1-1) P (Zr—1:k| X—r:k)  (2)

where Xj._;.;. is the windowed set of states from time k£ — [
to k. Assuming Gaussian noise models with zero mean, this
can be rewritten into the objective function being optimized
by the factor graph such that

Xl:—l:k = argmin (||ek—l—1H220 =+ E(Lj)EMk—l;k ”eL‘,j |§JI
X 1.k
+ Z’ZEM}c—L:k He727 %JR + EiEMk—l:k ”eﬁq‘, 225) (3)

where ey 1, ez,;, er,, and e, are the residuals for
the prior and sensor measurement factors and the terms
39, X7, YR, and X, represent their covariance matrices,
respectively. These residual terms, along with the covariances
and Jacobians, define factors which are added to the factor
graph such that the final architecture is as shown in Fig. 2.
Furthermore, for these factors analytical Jacobians are de-
rived to take advantage of the reduced computational cost
compared to online numerical differentiation. The derivations
are not provided in this work, see [48] for an introduction
to calculus with Lie groups.

1) IMU Measurements: Since IMU measurements come
at a much higher rate than LiDAR or radar, the implementa-
tion accumulates IMU measurements in a buffer, waiting for
a radar measurement. Upon receiving a radar measurement a
new node is created in the graph and all IMU measurements

@ [ Prior Factor (Initialization)
M IMU Factor

M Radar Factor

LIDAR Plane Factors

Il LIDAR Line Factors

Fig. 2. Architecture of the factor graph for the proposed method, including
factors created from IMU, LiDAR, and radar measurements.

from the timestamp of the previous node of the graph up to
the the timestamp of the radar measurement are integrated
and used to connect the two nodes with a pre-integrated
IMU factor [49] including the following residuals and their
covariances

T
eZwPI] ’ EI (4)

where eaR;, €Ayv;, and ea,p, are the residuals, of the IMU
factor, with respect to the orientation, velocity, and position.

2) LiDAR Measurements: For each LiDAR point cloud
measurement the point cloud is first deskewed. We first
propagate the current state to the timestamps of all IMU
measurements within the collection period and then interpo-
late the poses under a constant linear and angular velocity
model to obtain the LiDAR pose at the timestamp of each
point. Exploiting synchronization between LiDAR and radar
and the fact that both run at 10 Hz means the point cloud can
be deskewed to the radar timestamp that lies in the collection
period of the LiDAR, thus aligning the measurements. The
relative pose between the pose at the radar timestamp and
the point timestamp is used to deskew the points. After
deskewing, features are extracted and used to formulate
factors that are then added to the graph. It is important to note
here that individual factors based on the features are added
instead of a single 6-DoF pose prior (as in [14,47]) which
would be bound to incorporate incorrect information in
degenerate scenarios. This is the case because during LiDAR
degeneracy, e.g. in a geometrically self-similar environment,
finding correspondences and estimating a single transform
is an under-constrained problem and will result in incorrect
values along the degenerate axis. By the addition of the
individual factors based on features, we ensure that no
information is incorporated along the degenerate axis.

Two types of features are considered in the proposed
method, namely “plane” and “line” features. This means
that the LIDAR measurements consist of plane feature mea-
surements £P and line feature measurements £' such that
L = LPUL!. These factors are described later in this section.

For each deskewed point cloud, points having high and
low curvature are selected as corner and surface features
respectively as in [10]. These two sets are then downsampled
and used to find correspondences as 3D lines or planes in
their respective local submaps to construct factors to be used
in the optimization. The correspondences for the features are

_ [T T
€z = [eAwRI eAw’UI
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found by first finding the 5 nearest neighbors of the feature
point and then using the eigenvalues of the distribution of
these neighbors to verify whether they form a 3D line or
plane. A k-d tree is built from the submap and used to
accelerate this search. The mean of the nearest neighbors
is set as a point lying on the corresponding line or plane y3j
while the eigenvectors of the distribution are used to find the
normal to the represented plane yn or the direction vector
of the represented line yd.

We now describe the construction of the factors used in
the optimization. Note, for both of the LiDAR factors the
LiDAR-IMU extrinsic ; Ty, is assumed to be known and used
to transform point clouds to the IMU-frame.

a) LiDAR Point-to-Plane Factor: For a point expressed
in the frame of a LIDAR measurement %, the correspondence
is parameterized by a point lying on the 3D plane yj and
the normal to the plane yn. The error is then found as

ecr = ((w8 —wj) -un)wn ®)
with the only non-zero Jacobian taking the form

aELP
8wTI

b) LiDAR Point-to-Line Factor: For a point 1%, the
correspondence is parameterized by a point yj on the 3D
line and its direction vector yd. The error takes the form

ep = (Tt —wj) — ((Trré —wj) -wd)ud )

with the only non-zero Jacobians

= wnw"”bT [_wRIIi/\ wRI] (6)

860
oIy

After optimization, the resulting state is used to transform
the feature clouds into the world frame and update globally
maintained maps. For computational efficiency, the maps
are maintained at a fixed resolution by downsampling after
an update step and local submaps spanning at least the
maximum range of the LiDAR are extracted from these maps
and used as described above.

3) Radar Measurement: FMCW radars create measure-
ments by transmitting high frequency chirps and processing
the returns. This process is repeated over an array of antennas
to increase the field of view. This results in a point cloud
measurement with 3D spatial coordinates, radial speed, and
RCS per point. The radial speed of a static point is related
to the radar linear velocity according to

= (I3 —wdyd") [-wR11i" wRy] (8)

Uy = —gT gV 9)

where 7 is the point’s normalized bearing vector and gv is
the radar linear velocity. The linear velocity in the {R}-frame
can be expressed as a function of the state space by

a0 = pR1 (1Ruwwvr + (1w — by) X 1pr) (10)

where the radar-IMU extrinsics are given by {:Rg,1pr} €
SE(3) and w is the IMU-frame angular velocity.

Given that a single measurement contains many targets
(each composed of a position and doppler measurement)

the R? velocity can be estimated and made robust against
dynamic objects by applying Random Sample Consensus
(RANSAC) on the least squares formulation [50]. The
problem can be formulated in a least-squares sense by
manipulating and stacking Eq. (9) for each doppler and

bearing measurement v, z#" Vn € {1,2,...,N} for N
measurements in a given point cloud
T
=1
~uy (=7)
2 o\ T v
—U; (RT'Z) RV
= RUy
: 11
- L (11
—v,. (R,':N) ~;

where v, and X contain the stacked point measurements
from a given point cloud.

a) Radar Velocity Factor: Given the R-frame linear
velocity estimate pv, resulting from solving the RANSAC
least squares optimization, the radar velocity factor can
be added to the graph with an error function derived by
combining Egs. (9) and (10), using estimates from the graph
and IMU measurements of angular velocity

er =rR1 (Rwwvr + (tw — by) X 1pr) — a0 (12)
where the non-zero Jacobians are
gwel;i = aR1 (tRyyvr)”
gfz = yRirRy (13)
(?;)7; = Rz (1pn)”

b) Uncertainty: The uncertainty for this factor formu-
lation is calculated according to the equation for estimation
the covariance matrix of a least squares solution

1 v, = X
N — Ngof

where there are 3 degrees of freedom Ng,r. Note, this
assumes that the uncertainty associated with er (i.e. Xr) is
dominated by gv.

The least-squares formulation assumes that uncertainty
in the least squares formulation is constrained to be in
the dependent variable, where here both dependent and
independent contain uncertainty. Specifically, the dependent
variable uncertainty arises from uncertainty in the doppler
velocity measurement and independent variable uncertainty
arises in the azimuth/elevation measurement noise propagat-
ing through the bearing vector calculation. Other authors
have addressed this [51,52], but the improvement seems to
be marginal while it gives rise to high computational costs.
Thus, this different approach is not used here.

4) Initialization: An initialization routine, assuming static
robot body at start, is added as this increases convergence
rate and accuracy during the initial parts of the trajectory.
During this time, a few seconds of IMU data are accumu-
lated for estimating the gravity magnitude (assuming small

cov(pD) = (XTX) (14)
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accelerometer bias), initial roll and pitch, and the gyroscope
biases.

C. Implementation Details

The proposed method is implemented in C++ using the
open-source library GTSAM [53] for factor graph opti-
mization. We utilize the incremental fixed lag smoother
provided in the library with a window size of 0.75s. The
feature sets (and corresponding maps) are maintained at a
resolution of 0.2m resulting in 1000 — 2000 factors being
added in the larger environments. Additionally, a Huber loss
function is used with all LiDAR- and radar-derived factors
for robustness to outliers. The proposed method is tuned to
run with a consistent output rate of 10 Hz and by leveraging
multi-threading it is able to run real-time on an Intel i7-
11800H CPU.

Furthermore, in the fog environment, in order to boost
the performance a feature heuristic was included to prefer
plane features found on the ground. The logic here is that
flying low in man-made structures it is more likely that good
features can be found on the floor. This is particularly helpful
given that the forward-facing radar has the most difficulty
with vertical drift. The features on the ground are added
following the point-to-plane factor in Section III-B.2.

IV. EVALUATION STUDIES

The presented multi-modal fusion solution was evaluated
on a series of experiments involving an aerial robot flown in
a motion capture arena and perceptually degraded environ-
ments with geometric self-similarity and dense fog.

A. System Overview

The proposed method was tested on a variation of the
RMF-Owl platform [54] using a VectorNav VN100 IMU
(200 Hz), Ouster OS0-128 LiDAR (10 Hz), and a forward-
facing Texas Instruments IWR6843AOP-EVM radar (10 Hz)
with chirp configured as seen in Table 1. The sensors here
are synchronized using a custom-designed, microcontroller-
based sensor synchronization tool which triggers the IMU
and radar while providing a 10 Hz synchronization signal,
originating from a 1 ppm real-time clock, to the LiDAR.

TABLE I
CONFIGURATION PARAMETERS FOR IWR6843 AOP-EVM CHIRP
Parameter Value
Start frequency 60 GHz
Bandwidth 1911.273 MHz
Maximum range 15.999 m
Maximum doppler 3.995m/s
Range resolution 0.0785m
Doppler velocity resolution 0.133m/s

Azimuth/Elevation resolution ~ 29°

B. Experiment 1: Motion Capture Arena

Flight datasets were captured in the motion capture arena
at NTNU. This is used here as evidence for claims regard-
ing the validity of the least-squares estimation of 3-vector
velocity from a radar point cloud measurement. The motion
capture velocity estimate was used to calculate the radar

—— Motion Capture
FAST-LIO2
RIO

3 — uo

x Proposed Method

-1.0 ~——

100 200 300 400 500
Time [s) +1.694188e9

Fig. 3.  Motion capture results comparing FAST-LIO2, the proposed
method, and its versions without LiDAR (RIO) or radar (LIO).

velocity measurement error. Based off of the error statistics
in Table II, we conclude that the measurement quality is
sufficient given the low error and standard deviation.

Furthermore, position estimates of the proposed method
are compared against FAST-LIO2 [17], a state-of-the-art
open-source LiDAR-inertial solution, as well as versions of
our method with the LiDAR or radar disabled denoted as RIO
and LIO respectively. The resulting trajectories are shown in
Fig. 3 and the Absolute Pose Error (APE) in Table III. From
this one can see the inevitable drift and reduced accuracy
of the radar compared with the LiDAR-based methods, as
well as the ability of the proposed method to incorporate
information from the LiDAR to reduce error and produce
results comparable to FAST-LIO2. Note, although LIO has
a slightly lower APE than DR-LRIO, the difference is small
enough that it is considered to be negligible. Note also,
the RIO performance in motion capture is indicative of the
expected performance: drift in yaw (resulting here in y-drift)
and drift in z, where the latter tends to be greater.

TABLE II
STATISTICS OF RADAR VELOCITY ESTIMATE ERROR

Error: mean (standard deviation) [m/s]

RVz RVy RV
0.005 (0.048)  0.002 (0.039)  0.010 (0.059)
TABLE III
APE FOR DIFFERENT METHODS ON MOTION CAPTURE DATASET
FAST-LIO2 RIO LIO DR-LRIO
APE [m] 0.268 0.865  0.239 0.242

C. Experiment 2: Geometrically Self-similar Tunnel

As a second experiment we collect a dataset of the robot
being manually piloted in an 8 m-wide, 500 m-long straight
section of the Fyllingsdalen bicycle tunnel in Bergen, Nor-
way. The robot takes off near a rest area in the tunnel which is
non self-similar, flies through a self-similar section and lands
in the next non-self-similar rest area. The reconstructed point
cloud by the proposed method and the estimated trajectories
are shown in Fig. 4.

Both FAST-LIO2 and LIO can be seen to diverge almost
immediately after entering the self-similar section due to
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SRR T N i

Fast-LIO2

Fig. 4. Trajectories of the proposed method, the proposed method without LiDAR (RIO), the proposed method without radar (LIO), and FAST-LIO2 in
the geometrically self-similar section of the Fyllingsdalen bicycle tunnel. Note FAST-LIO2 diverges backward after entering the self-similar region.

Start/End

Proposed LIO N[@)

3rd Person View

Orthographic View (Top)

-

Isometric View

Fast-LIO2

Fig. 5. Left: Trajectories of the proposed method, the proposed method without radar (LIO), the proposed method without LiDAR (RIO), and FAST-LIO2
in the NTNU fog environment. Note FAST-LIO2 almost immediately diverges due to fog. Right: Third person camera view and views of the raw pointcloud

of the LiDAR at Point A in the fog-filled hallway

the degeneracy in the point cloud data. Both RIO and
DR-LRIO successfully complete the tunnel, however, due
to the factors incorporated from the LiDAR that constrain
the yaw of the estimation, the result of DR-LRIO is seen to
have less drift in its yaw. Note that, although minimal and
not easily distinguishable in the maps, there remains some
z-drift present in both the RIO and DR-LRIO solutions due
to the fact that there were not many valid LiDAR features
on the ceiling or floor in this environment, resulting in little
information in this direction.

D. Experiment 3: Fog-filled hallway

Finally, we collect a dataset of the robot flying in a
loop (approx 100 m) in a building at NTNU in Trondheim,
Norway. The first portion of this trajectory involves a narrow
hallway before moving out to a more open area. The narrow
hallway is intentionally filled with dense theatrical fog to
provide a degenerate environment for the LiDAR. Afterwards
the robot exits the narrow hallway, proceeds though the
open area where LiDAR has no difficulties, and returns to
the starting position. The point cloud, reconstructed by the
proposed method, as well as the trajectory can be seen in
Fig. 5. Particularly, the fog severely reduces the effective
range of the sensor so that there are only a few valid points
on the walls and the floor within 2m. FAST-LIO2 can be
seen to break immediately after entering the fog due to the
large amount of noise in and extremely short range of the

point cloud. LIO fares a little better, but underestimates the
length of the hallway significantly as the features it detects
do not constrain it along the direction of the hallway. RIO
is unaffected by the fog, but drifts in its altitude and yaw.
Due to the fusion of information only along informative
directions, DR-LRIO progresses through the hallway with
minimal yaw or altitude drift while also providing a better
estimate of the length of the hallway as evaluated by the
return of the estimate to within 1 m of the starting position.

V. CONCLUSIONS

This paper presented DR-LRIO, a tightly-integrated
LiDAR-Radar-IMU fusion odometry method. The proposed
method combines the advantages of LiDAR and radar odom-
etry methods in a tightly-coupled fashion using windowed
optimization in a factor graph architecture with novel factor
formulations tailored to the sensing modalities. Doing so
enables odometry to be robust to typical LIDAR degenerate
conditions as well as maintaining the expected performance
of LiDAR-inertial methods when in decent conditions. Real
world tests conducted onboard flying robots demonstrate
the ability to operate in both geometrically self-similar and
visual-obscurant filled environments.
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