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Abstract— Global navigation satellite system (GNSS), iner-
tial measurement unit (IMU), and light detection and ranging
(LiDAR), as common sensors in navigation systems, are widely
used in fusion simultaneous localization and mapping (SLAM) to
improve the performance. However, strong robustness and high
efficiency are not received much attention, posing challenges for
ubiquitous application of robotics systems. This article presents
a robust and fast fusion odometry with inertial navigation system
(INS)-centric multiple modalities. Specifically, our framework is
based on two subsystems: the GNSS-IMU subsystem estimates
coarse states and provides global constraints, the LiDAR-IMU
subsystem refines states and constructs the 3-D map. The state
estimation is performed by iterated error state Kalman filter
without interruption even if partial sensor fails. Moreover, a fast
and dynamic frame transformation method and distributed
backward propagation are designed for linking world-frame
states with global measurements and coping with asynchronism
data. Extensive qualitative and quantitative experiments are also
conducted on public datasets and in real-world scenarios. The
results show that our system exhibits competitive accuracy and
efficiency, with strong robustness against sensor degradation and
failure.

Index Terms—Iterated error state Kalman filter (IESKF),
multiple modalities, multisensor simultaneous localization and
mapping (SLAM), robust navigation system, sensor failure.

NOMENCLATURE

Inertial measurement unit (IMU),
light detection and ranging (LiDAR),
and global navigation satellite system
(GNSS) frame.

(), '(-), and £(-)

by and (") Body frame and the world frame.

E(yand V(") Earth-centered, Earth-fixed (ECEF)
frame and the East-North—up (ENU)
frame.

¢T,, ¢T;, and lTi Extrinsic between different sensors.

t Time k for measurements.

tp Time p for forward propagation.
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P Points sampled by LiDAR.

p, and p; Positions of GNSS and IMU.

X, X, and X  Ground-true, predicted, and updated states.

dx and X*  Error state and updated state for the
kth iteration.

I. INTRODUCTION

N RECENT years, simultaneous localization and mapping

(SLAM) has become a key technology for the navigation
of autonomous robots. It aims to achieve real-time self-
localization and map construction in unknown environments,
providing the essential information for autonomous explo-
ration [1], [2], path planning [3], [4], [5], and unmanned
driving [6], [7]. SLAM can be implemented relying on various
sensors, among which vision camera and LiDAR are two
distinct basic sensors. Visual SLAM is often camera-based,
offering a low-cost advantage but limited by the lighting
conditions. LiDAR is considered to be more reliable as it
can measure environmental information actively and is not
affected by illumination. However, LiDAR SLAM with a
single sensor at the core still suffers from many challenges
when it works with complex situations such as aggressive
motion, open scenes, and featureless tunnels.

To improve the performance of navigation systems, related
research has focused on the multisensor fusion approaches,
especially LiDAR and IMU [8], [9], [10], [11], [12]. IMU
compensates for point cloud distortion with high-frequency
measurements, while LIDAR can reduce the accumulated error
caused by IMU. Therefore, the integration is natural, effective,
and increasingly popular in the deployment of autonomous
robotic systems. However, it is difficult for LiDAR-inertial
SLAM or LiDAR-inertial odometry (LIO) to achieve stable
localization and mapping anytime and anywhere. For the
reason that the real environment is complex and unpredictable,
any sensor degradation or failure will cause the navigation
system to be inoperative. It is hazardous and unacceptable for
autonomous robots. Responding to unforeseen situations and
challenging environments, a solution is to combine additional
sensors or multiple modalities to improve robustness against
sensor degradation and failures [13], [14], [15], [16]. Most
related multimodal frameworks tend to the front-end/back-
end architecture based on optimizer, which optimizes multi-
source, multimoment states at the cost of huge computational
resources. In contrast, the filter-based framework for state
estimation is more lightweight and efficient. However, it has
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the typical limitation of inevitable error accumulation, which
reduces the system long-term performance and accuracy.

Motivated by the above issues, we concern with the fol-
lowing features of the navigation systems: 1) the strong
robustness that tolerates sensor degradation and failure; 2) high
computational efficiency for practical implementation; and
3) long-term performance and competitive accuracy. To deliver
these requirements, we pay attention to the GNSS and the
iterated error state Kalman filter JESKF). GNSS is a widely
equipped sensor in navigation systems and measures the abso-
lute position in space. In addition, GNSS/inertial navigation
system (INS), as the typical integrated navigation method, can
provide reliable and accurate position outdoors. Due to the
complementarity and consistency with LIO, which is relatively
localized and is also the common navigation system, the
fusion between the sensors is necessary to improve the system
robustness and accuracy. For IESKF in state estimation, the
error state and iterative processing can improve the lineariza-
tion [17], [18] and solving ability [19], respectively. Com-
pared to the optimizer, it is lightweight and efficient, reduc-
ing the computational resources occupied by the navigation
system.

Therefore, we contribute a fusion SLAM framework based
on integrating GNSS, IMU, and LiDAR by IESKF. Benefiting
from the designed architecture of GNSS-IMU subsystem and
LiDAR-IMU subsystem, the proposed system exhibits strong
robustness, thus fully utilizing multiple heterogeneous infor-
mation when the sensors are working and ensuring system
operation in the case of sensor degradation or failure. Mul-
tisource state estimation is entirely on IESKF, making the
system fast and lightweight for easy practical deployment. The
integration of GNSS in LIO enables the proposed system to
achieve competitive accuracy by improving long-term perfor-
mance. Moreover, we put forward the corresponding solutions
in this article to the problems of absolute/relative frame
transformation and asynchronous multisource measurements.
The main contributions are as follows.

1) A new GNSS-inertial-LiDAR fusion SLAM framework
with INS-centric multiple modalities by IESKF is pro-
posed that not only achieves fast state estimation under
multiple constraints with competitive accuracy, but also
has strong robustness to tolerate sensor degradation and
failure.

2) A fast and dynamic frame transformation method based
on double sliding window for our filter-based navigation
framework is developed that online aligns the global
measurements from GNSS and the local world states
of the robot.

3) A distributed backward propagation for motion compen-
sation is designed to avoid point cloud fragmentation and
underutilization, which makes full use of heterogeneous
sensor data at different frequencies to ensure the system
accuracy.

The remaining sections of this article are organized as fol-
lows. In Section II, related work is presented. Section III shows
the system overview of the proposed method. The multisensor
state estimation is given in Section IV. The solutions for
sensor degradation and failure are described in Section V. The
comprehensive experiments on public datasets and in the real
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world are conducted in Section VI, followed by the conclusion
in Section VII.

II. RELATED WORK
A. LiDAR-Inertial Odometry

LOAM [20] is a representative 3-D LiDAR SLAM proposed
in 2014, and it is divided into frontend (solving high-frequency
odometry by point cloud registration) and backend (optimizing
and mapping in low frequency), facilitating the development of
subsequent LiDAR (inertial) systems. LIO mapping [8] inher-
its the structure and couples IMU and LiDAR tightly in sliding
window optimizer. LINS [10] is also derived from LOAM but
achieving lightweight state estimator in the frontend by IESKF.
FAST-LIO [11] is entirely based on IESKF without refining
map points or states by optimizer. On this basis, FAST-LIO2
[21] registers points to the map without feature extraction,
in order to make full use of environmental information and
adapt to emerging LiDAR.

B. GNSS Fusion in LIO

GNSS with the global information is usually fused with LIO
to improve the navigation system performance. LIO-SAM [22]
is a LiDAR and IMU tightly coupled method based on factor
graph optimization (FGO), and the GPS factor and loop clo-
sure factor are also designed to improve the global consistency.
LIO-SAM has been widely applied and considered as the state-
of-the-art (SOTA) fusion system, facilitating many studies with
FGO as the core framework. In [23], LiDAR, IMU, wheel
encoder, and GNSS are fused by sliding window FGO, where
GNSS is also used to assist in refining accumulated mapping
errors. Based on the similar framework, Zhong et al. [24]
add outlier elimination for GNSS and LIO before fixed-time
sliding window optimization. Compared to the optimization
framework, filter-based fusion methods receive less attention
in relative research. In [25], INS and GNSS are integrated
with grid-based SLAM by Kalman filter and output 2-D pose,
reducing the system drift by refreshing map strategy and
increasing the reliability by cross validation of multisource
data. P3-LINS [26] designed three-phase filter-based estimator
and two initialization methods for frame transformation in
frontend to fuse GNSS, INS, and LiDAR, but the back-end
mapping is still based on optimization.

C. Multimodal SLAM

To be robust in complex real-world environments, the mul-
timodal framework for SLAM has been focused on related
research. Super Odometry [16] is an IMU-centric state estima-
tor that incorporates multimodal data from LiDAR and vision
to improve the system performance in perceptually degraded
environments. Shu and Luo [27] take full use of multiple
constraints from LiDAR and visual features, and introduce a
multimodal mapping with different features, proving its effec-
tiveness in the case of blurred images or LIDAR degradation.
Compared to utilizing multimodality constraints to improve
stability in harsh environments, the GPS-visual-inertial fusion
[28] takes into account GPS data interruptions and com-
pensates for cumulative drift by closed-loop-like manner.
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Fig. 1. System overview and the processing of each modality.

The failure or degradation of core sensors is also considered
in some studies. VMO [13] based on RGB, thermal, and
hyperspectral camera achieves motion estimation, and the
multimodal approach can work in the presence of partial
camera failures. MIMOSA [15] utilizes LiDAR points, visible-
light and thermal vision fusion odometry, and IMU module
to construct frontend, the versatile backend tracks the healthy
modalities against the failure of partial sensors. LVI-SAM [29]
and R2LIVE [30] design visual-inertial subsystem and LiDAR-
inertial subsystem in a tightly coupled manner based on the
FGO as the backend. Failure detection is developed in them to
decouple subsystems in the case of LiDAR or camera degra-
dation or failure. LIO-Fusion [31] utilizes GNSS, prior map,
and wheel odometry to reinforce LIO, with the health checking
module in FGO to evaluate potential failures of the sensors.
Similarly, the healthy monitor and priority queue are designed
in LiDAR odometry, which is integrated with multiple modal
odometry and raw IMU data, exhibiting high accuracy and
strong robust at the cost of huge computation [14]. The GNSS-
LiDAR fusion system [32] develops two modes based on
optimization for open scenes and GNSS-denied environment,
taking into account the degradation of GNSS but neglecting
LiDAR. Unlike the approaches of nonlinear optimization, Li
et al. [33] implement multimodal grid-based SLAM based on
extend Kalman filter (EKF), and GNSS/INS and LiDAR/INS
are switched outdoors and indoors, but the global constraint
from GNSS and sensor failure problems are not involved.

III. SYSTEM OVERVIEW

The pipeline of the proposed system is shown in Fig. 1.
The sensor measurements from GNSS, IMU, and LiDAR are
simultaneously input to the system at respective frequencies.
After corresponding preprocessing and necessary checking,
we take IMU as the core sensor and divide the overall frame-
work into two subsystems for coarse-to-fine state estimation
based on IESKF: GNSS-IMU subsystem and LiDAR-IMU
subsystem. When the sensors are healthy, GNSS-IMU sub-
system achieves coarse state estimation at GNSS frequency,
improving the stability by adding global constraints. The
results of the coarse estimation are not directly available as the
system output but are temporarily cached. The updated states
of GNSS are taken as the input of LiDAR-IMU subsystem,
which further refines the system states. Finally, the system

states with GNSS constraints are output at the frequency of
LiDAR, and the 3-D map with dense points is constructed.

Benefiting from the framework of alternative state update
by the two subsystems, our system is featured with strong
robustness. In the case of sensor failure or degradation,
whether LiDAR or GNSS, the system can continue to operate
as different modalities, ensuring that state estimation is not
interrupted.

IV. MULTISENSOR STATE ESTIMATION

A. Definitions

The sensor frame, the ECEF frame, and the ENU frame are
involved in this article. The sensor frame is used to describe
the spatial location of the equipped sensors, including IMU
frame ?(-), LiDAR frame ‘(-), and GNSS frame $(-). The first
IMU frame is considered as the world frame “(-), which is
fixed after system operation, and the odometry and mapping
output are also represented in the world frame. In contrast, the
IMU frame is constantly changing as the system body moves
in the world frame, also can be called the body frame °(.).
The ECEF frame £(-) is a Cartesian coordinate system and
fixed with the Earth, which is used to host the measurements
of GNSS. The point of origin is located at the center of the
Earth mass, the x-axis is aligned with the prime meridian, the
z-axis is perpendicular to the Earth’s equatorial plane toward
the geographic North pole, and the y-axis follows the right-
hand rule. In this article, we use the representation of WGS-
84 in the ECEF frame. In addition, the ENU frame M (-) is
introduced to convert measurements from the ECEF frame to
the world frame, in which the origin is based on the body and
x-axis, y-axis, and z-axis are pointing to the East, North, and
up directions, respectively.

For convenience, we assume the IMU is coincided with the
system body and attached to other sensors rigidly with known
extrinsic. The state vector x, input u, and noise n in this article
are defined as

M = SO(3) x RP
X = [wRiTpr“’vinZ)wagT]T eM

l
u=[a0)]

T, T.T T

n= [nwnanhwnba]T

)
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where “R, is the rotation matrix on SO(3), *p, and v, are the
position and velocity, respectively, b,, and b, are the bias from
the gyroscope and accelerometer of the IMU, respectively,
“g is the gravity vector in the world frame that needs to be
estimated [34], a,, and @,, are the input from the acceleration
and angular velocity of IMU, respectively, and n, n, and n,,
n,, are the Gaussian white noise, affecting the measurements
and bias, respectively.

In addition, we use the encapsulation operators HH and H
defined in [35] to parameterize the state error, which is on
a compound manifold M = SO(3) x R” with the following
expression:

BNEBRRe e
- [L"i(fgbkl)} @)

where r € R3, a,b € R”, Exp(r) is the exponential map in
[35], and Log(-) is its inverse map.

B. Forward Propagation

When the measurements from GNSS or LiDAR are
received, the accumulated IMU data are propagated forward
until it is synchronized with the measurements. The forward
propagation of IMU can be represented by its discrete-time
kinematic model, in which the noise is set to zero

B wRi,pExp[(wm,p — bw,p)At] ]
1
wpi,p + wVi,pAt + E[le\Pa;n,p + wg]AtZ
Vi o+ “’Ri,pa;n,pAt + “gAt 3)
b, ,
b,

L vg, _

Xp+] =

where X, is the predicted state at 7,,; between the updated
states, “R; , “p; ,, and "v; = are the rotation, position, and
velocity of the body at #, in the world frame, a;, , is the a,,
without b, , and n,, and A7 is the time between 7, and 7,1.

We implement our fusion SLAM framework entirely based
on IESKF; thus,Athe kinematic model of the error state X,
and covariance P, are used to drive the process of state
estimation and can be described as

ip+] = Xp+1 H ip-‘rl
= Fﬁip + Fwnp
P, = F;P,F, +F,Q,F) 4)

where F; and F,, are the transition matrices of error state and
noise, the readers can refer to [11] for more details.

C. GNSS-Inertial Subsystem

1) Online Frame Transformation: The measurements of
GNSS are sampled in the ECEF frame while the states are esti-
mated in the world frame; thus, online frame transformation
needs to be performed before updating states. We dynamically
maintain the transformation during system operation at a low
time cost, rather than fixing it after initialization. The ENU
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<> Coarse rotation
<> selected rotation
<> Refine rotation
() Weighting factor

4= Rotation

time

Fig. 2. Rotation refinement based on double sliding window.

frame is introduced to bridge the ECEF frame and the world
frame [22], [36]. The ENU station center is set according to
the predicted state, and the rotation (yaw offset) between the
world frame and the ENU frame is calculated coarsely by
subsequent GNSS measurements and predicted states

w _w _WH
PN,k+1 = PN,k = Pig

"R i = I+ [P [Pes], + (1 — pd,k)[Pc,k]zA

__ wan N n
Pek = "Pikproj X Py k proj
_wan N n
Pikx = pi,k,proj : pg,k,proj (5)

where “Py ., and R}, are the position and coarse rotation
from the ENU frame to the world frame, respectively, *p;, 2 18
the predicted position at the time of first GNSS measurement
in the world frame, [p. ] is the skew-symmetric matrix of
Pc.x» and “’f)ﬁ .proj and ¥ P k,proj A€ the predicted position and
GNSS measurements in the world frame after projection and
normalization, respectively.

Then, we construct a double sliding window based on the
coarse rotation for further refinement. As shown in Fig. 2,
sliding windows are organized into two types: stable window
and time window. The stable window holds the n; rotations
solved from the most stable measurements, and the time
window holds the recent n, rotations (n; < 3 and n, < 5 in
this article). The stability of measurements is determined by
the covariance and the angle offsets

1

So = ——MM8————
(ex +ey+e)/3
s, acos Ve M acos TV Ve
4= -
Ny x Nvp_y Yy X YV
N

N N A A
Vi = "Pok — " Pok—1, Vi ="Pr — “Pr-1 (6)

where s. is the confidence of the coarse rotation, e, is the
eigenvalue of the GNSS covariance on x-axis, s; is the
angle offsets between vector differences, and Vp, ;, and “py
are the positions at time f; in the ENU frame from GNSS
measurements and in the world frame from the predicted
states.

Based on s, and s;, we compute the weight factor w; of each
rotation in double sliding window. The refined rotation R, ,,
which is computed by "R, ; and the respective w;, is used to
transform the sequent GNSS measurements in the ENU frame.
Notice that "R}, ; will be fixed until the difference between
the world-frame GNSS and the predicted state is beyond a
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threshold. Then, we can get the GNSS measurements “p; in
the world frame. This process can be summarized as

N Sc,i 4 Sd.,i
- n n
2Zj:15<-,j 22,‘:1&1,]

ng n;
wpr wRC wpRC
Ry, = E w; RN,i+§ w; "Ry ;
el =1

w;

"prs1 = "Ry VPt + P )

2) Iterated Update by GNSS: After converting the mea-
surements to the world frame, we perform the state update of
GNSS by IESKFE. The GNSS-IMU residual is calculated by
the position of predicted state and GNSS measurements in the
world frame. The measurement model 7, is represented as

0 = hg(xe, mg)
hg (X5, 0) + HEXE + v,
=T, (wTN,quTE,kEPg,k) = "Pie T HeXp + v (8)

[

where Hg is the Jacobian matrix of the measurement model for
the error state, Hg for short, v, € N(0, R,) is the measurement
noise from GNSS, ‘T, is the extrinsic matrix from GNSS to
IMU, “T, and "Tg are the transformation from the ENU
frame to the world frame and from the ECEF frame to the
ENU frame, and £p, ; and P, are the measurement position
from GNSS in the ECEF frame and the predicted position of
the «th iteration in the world frame, respectively.

Then, the system states are updated iteratively by the
following formulas:

K, = P,H (H,P,H! +R,)
2 = A
= R K (—he (%)) — (1= KH) (R BK). 9

When the state converges or the maximum iterations are
reached, the updated state and the posterior covariance at time
t; can be calculated

Skt

X =%t P = (- KHy)P,. (10)

D. LiDAR-Inertial Subsystem

1) Distributed Backward Propagation: Backward propa-
gation and motion compensation can cope with the point
distortion to improve the accuracy. In the fusion system,
GNSS measurements trigger the predicted state to propagate
forward from #,_; to #, as shown in Fig. 3. When the LiDAR
measurement at time #;y; arrives, the predicted states are
propagated from #; to ;4. However, the scanned points are
spread over the time #;_; to ;. The absence of the predicted
states leads to the partial distortion points not being corrected,
reducing the system accuracy. For dedistortion of all the points,
we cache the previous predicted states and perform distributed
backward propagation.

The process of distributed backward propagation is shown in
Fig. 3. After GNSS updating, a temporary state buffer will be
constructed to save all the predicted states of GNSS from #;_;
to fz. When performing LiDAR update, the state with GNSS
constraints will be taken out from the state buffer and used as

8501312
Y WV GNSS frame
' [l LiDAR frame
,' > =» IMU-GNSS
] - IMU-LIDAR
(with GNSS constraints)
GNSS \ 4
NN NN N RN NN
IMU T T>>>>>>>> | H
LiDAR B Bi: Bk Bz B
LiDAR
Update
Fig. 3. Process of distributed backward propagation.

the initial state for the forward propagation of LiDAR. When
this process is backward propagated, the predicted states used
for GNSS from #_; to #; are placed before the initial state.
Then, all the predicted states from #;_; to f#;o; are used for
motion compensation. For the points p;, at ¢, between f;_;
and t;4, the compensated points p; 4+ can be represented as

Pri+1 = iTl_l(wT,-_lkHTwai)iTlXpl,y (1D
where iTZ is the extrinsic from the LiDAR frame to the IMU
frame, T, is the transformation from the IMU frame to the
world frame, and k+'Ty is the relative transformation from
t, to tx41, obtained by the IMU-GNSS predicted states when
y € (tr—1, ty) and by the IMU-LiDAR predicted states when
v € (e, try1).

2) Iterated Update by LiDAR:  After distributed back-
ward propagation, all the sampled points of the LiDAR are
compensated. We follow [21] to perform direct scan-to-map
registration without feature extraction and update states by
LiDAR. The measurement model is

0=h;(xx,m)
~ hj(f(Z,O) +Hlj)~(2 +V[’j
="G;("Ti'Tipjus1 — "q;) + HEX + v,

w

(12)

where p; x4 is the jth point at time #;41, *q; is the centroid
of the small patch, which is fit by the closest points, ¥ G is the
normal vector of the corresponding patch, H; is the Jacobian
matrix of the measurement model for the error state, and let
H = [H“T, . ..,H,’j:] , YT; and ‘T, are the transformation
from the IMU frame to the world frame and the precalibrated
parameters from LiDAR frame to the IMU frame, and v; ;
€ N(0, R)) is the measurement noise of p; x41.
Then, calculate the Kalman gain K|
update [21]
K = (H'R;'H, + ') 'HR;'
ii“ = Xx; Bx;
=X BK (—h (X)) — - KH) (X B%)). (13)

and perform

The refined states with the covariance will be taken as
the output of the fusion odometry after convergence or the
maximum iterations reached

% =%t P =1 — KH)P;. (14)
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V. SOLUTIONS FOR DEGRADATION AND FAILURE
A. Sensor Degradation Scenarios

GNSS measurements usually fluctuate significantly in
occluded or indoor areas, resulting in the poor accuracy. To
avoid unhealthy data, the measurement covariance and its
difference from predicted states in the world frame are used
to check GNSS degradation. We discard the data with low
confidence before preprocessing. For the inaccuracy GNSS
data that differs significantly from predicted states, they are not
used for state update. The conditions for degradation checking
are described as

I Z el < cn. %i,k < Zth

I'Te"Pek — “Pix| > Pun (15)

where X, ; and Ggi  are the covariance matrix and the variance
on the z-axis of GNSS measurements, respectively, cg and
zm are the thresholds (¢y, = 45 and zy = 50 in this article),
“pg.x and “P, , are the GNSS measurement and the position of
the predicted state, respectively, and py, is the corresponding
threshold (2.5 m in this article).

In outdoor environments, one reason for LIDAR degradation
is due to the openness of the scene, while it usually contributes
to the health of GNSS measurements. Therefore, we leverage
LiDAR degradation detection to skip degraded frames. Refer-
ring to [29] and [37], the smallest eigenvalue of HZTHZ in the
first iteration is set as the condition of LiDAR degradation.
Due to the multimodal pipeline and healthy GNSS data in
open scenarios, the system can maintain localization even in
the presence of continuous LiDAR degradation.

B. GNSS Failure Scenarios

When GNSS measurements are lost, the system will cross
GNSS processing (including frame transformation and GNSS
update) and rely directly on the LIDAR-IMU subsystem. In
this modality (LIO), the forward propagation is performed
directly between the LiDAR scans and backward propagation
is not performed in the distributed form. The system states
and point cloud maps are output at LiDAR frequency but
lack the global constraints of GNSS. In addition, the station
center of ENU frame and the transformation to the world frame
are temporarily retained. If the GNSS signal is restored, this
information will be used again for the GNSS-IMU subsystem
without reinitialization.

C. LiDAR Failure Scenarios

To check whether LiDAR is failing, abnormal data detection
and the time f., between the current GNSS and last LiDAR
are developed in our system. When anomalous points are
sampled or 7. is above a certain threshold (setting according
to the frequency of LiDAR, 0.2 s in our system for 10-Hz
LiDAR), that means LiDAR measurements are lost

fehkk = fgk — tend < O (16)

where f, 1 is the sampling time of the current GNSS, and #; ¢ng
is the time of the last point in the recent LIDAR measurement.

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 73, 2024

TABLE I
PUBLIC DATASET SPECIFICATIONS

Sensors
Velodyne VLP-32C LiDAR
(200 m range, 360°x40° FoV, 10 Hz)
u-blox M8T (GPS/Beidou, 4 Hz)
Handsfree IMU (150 Hz)
GT: GNSS/RTK (within 2 cm accuracy)
Velodyne HDL-32E LiDAR
(80 m range, 360°x40° FoV, 10 Hz)
u-blox EVK-MST (1 Hz)
Xsens Mtil0 IMU (100 Hz)
GT: GNSS/RTK (within 5 cm accuracy)
Velodyne VLP-16 LiDAR
(100 m range, 360°%30° FoV, 10 Hz)
MircroStrain 3DM-GX5-25 IMU
Reach M GPS

Datasets Environments

Campus/

M2DGR Streets

UrbanNav Urban

LIO-SAM Park

When facing LiDAR failure, the states are only propagated
forward to the GNSS measurement, and the distributed back-
ward propagation will also be paused to perform the state
update of GNSS separately. The system is operating as a
GNSS-inertial odometry. In this modality, the estimated states
will be output directly after GNSS coarse update instead of
caching. In addition, the frame transformation between the
ECEF and the world is fixed due to the instability of GNSS
measurements. Notice that the map constructed by points will
not be updated because of the failure of LiDAR.

VI. EXPERIMENTS
A. Datasets and Implementation

To verify the effectiveness of the proposed system, compre-
hensive experiments are conducted on the latest public datasets
and tested in the real world. We perform qualitative and
quantitative analysis on accuracy, efficiency, and robustness,
respectively.

The latest public datasets are challenging and contain
accurate ground truth, which contributes to evaluate with
other navigation systems quantitatively. The public challenging
datasets we selected are from the work of M2DGR [38],
UrbanNav [39], and LIO-SAM [22], which contain multisen-
sor data and different scenarios. The dataset specifications
are shown in Table I. We also set up an unmanned ground
vehicle (UGV) equipped with the sensor suite for the real-
world experiments, as shown in Fig. 4. The sensors include a
Velodyne VLP-16 LiDAR (360° x 30° field of view (FoV),
100-m detectable range, 10 Hz), a JY901 IMU with 200 Hz,
and a u-blox M8T GNSS receiver (SPP Solution, Qingdao,
China, GPS and Beidou model, 4 Hz) with a low-cost antenna.
For spatial-temporal synchronization, the extrinsic is fixed by
the mechanical module equipped with multiple sensors, and
the temporal interpolation is conducted in our system without
hardware-triggered alignment.

The implementation of our system is based on C++ and
under the framework of robot operating system (ROS). The
experiments both on the datasets and in the real world are
carried out on a laptop (Intel' i7-7700HQ CPU and 8-GB

IRegistered trademark.
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Fig. 4. Equipment configuration used in our real-world testing. (a) UGV for
testing. (b) LiDAR and GNSS antenna. (c) GNSS receiver and IMU.

RAM) with Ubuntu 18.04. In addition, we compare our system
with FAST-LIO2 [21], LIO-SAM (without closed-loop correc-
tion) [22], and LINS [10], which are the open-source SOTA
fusion methods. For the sake of fairness, the experimental
parameters follow the recommended configuration for each
method. For our system, we set 1000-m local map, 0.5-m voxel
filter, three-point skip operation, three-LiDAR max iteration,
and ten-GNSS max iteration, which are also the same as the
other tested system (except for GNSS iterations).

B. Accuracy Evaluation

A total of 11 sequences from the above public datasets are
used for evaluating the system accuracy. We use the root-
mean-square error (RMSE) and standard deviation (STD) of
absolute pose error (APE), which contribute to evaluating
the system overall accuracy and error fluctuations. All the
estimated trajectories are output in the world frame while
the ground truth is in the ECEF frame; thus, the trajectory
alignment needs to be further performed before evaluating.

The experimental results of accuracy evaluation are shown
in Table II. According to the results, it can be seen that on
five of 11 sequences, the proposed method achieves the best
accuracy in terms of the RMSE of APE. On the remaining of
six sequences, FAST-LIO2 and GPS-enabled LIO-SAM each
achieve better performance on three sequences, but our results
are still competitive on these sequences. As for the STD of
errors, our system achieves the same or lower error fluctuations
with other methods in the six of 11 sequences, showing the
satisfying stability. The results of trajectory comparison for
partial sequences can be seen visually in Fig. 5. When all
the sensors work well, multiple constraints are utilized in the
fusion odometry to achieve competitive accuracy and stability.

Furthermore, we perform ablation experiments to test the
effectiveness of distributed backward propagation. The meth-
ods applied by backward propagation and distributed backward
propagation are compared, the results are shown in Fig. 6,
and Fig. 7 presents more details on sequences gateOl and
gate02. In most of the sequences, the experimental results
reflect the positive effect of distributed backward propagation
on accuracy. Due to the asynchronism between GNSS and
LiDAR, the method without distributed backward propagation
fails to fully utilize the predicted states to compensate for
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TABLE I
APE (RMSE AND STD, m)

FAST- LIO- LIO-

Seq ID LINS LIO2 SAM gam*  Froposed
gate01 (gi(l)z) (8})2) (g:ié) (8:(1)2) (gj‘s‘)
gate02 (gig) (3;i§) (gjfé) (8:?3) (g:i;)
sweedl o o1m (%) ©020) O
street02 343 2381 39 o e
(3.07) (1.68) (2.44) (0.70) (1.55)
street03 (8:(1]2) (g:(l)Z) (g:(l)g) (8:(1)‘6‘) (g::)g)
street04 (?:?g) (g::g) (gﬁg) (i;g) (gé‘l‘)
WS (3 ol ol 0 e
street06 ((l)ﬁ) (g:??) (g:Tg) (ggg) (8:41?)
street08 (géé) (ggg) (822) (gég) (g:;g)
hko314 ((1):22) ((1):2% ((I):Z;) (ll):i;) ((1):2(3))
o8 N 1% 079 d0d R

* LIO-SAM with the GPS factor enabled.
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Fig. 5.  Trajectories of tested methods on partial sequences: (a) gateOl

sequence; (b) street03 sequence; (c) street06 sequence; and (d) ulhk0314
sequence.

motion distortion. This further makes only partial points can
be compensated, rather than all of them. In streetO4 and
street06, we think the reason for the loss of accuracy caused
by distributed backward propagation is the quality of points.
Unstructured features and dynamic objects in the environments
increase the incorrect points, so in this case, reducing the
points will instead improve the accuracy.

C. Efficiency Analysis

In this section, the same configurations are implemented
to analyze the overall efficiency and the performance of fast
and dynamic frame transformation. A total of 13 sequences are
selected in this testing. For the SOTA methods involved in this
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Fig. 6. Accuracy comparison of distributed backward propagation.

Predicted State Num

Predicted State Num

oints

& oo
12000 2000

000

Compensated Points

Compensate

Time

(a) (b)

Fig. 7. Number of predicted states involved in backward propagation and the
number of compensated points: (a) gateO1 sequence and (b) gate02 sequence.
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Fig. 8. Time consumption of different subsystems on sequences: (a) on the
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Fig. 9. Transformation of GNSS measurements between the ENU frame and
the world frame.

testing, LIO-SAM (optimizer), LINS (filter-based frontend and
optimizer-based backend), and FAST-LIO2 (filter-based) are
based on different architectures. This allows the comparison
with the proposed method in a visual way.
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.

less scenario

i \7,
! - Open and structure-

Fig. 10. Illustration of the real-world test sites. The areas covered by the
yellow indicate the degraded scenes of LiDAR or GNSS. The red, green, and
blue indicate the sensor failure situations.

Fig. 11. Environments of the real-world test site. (a) Center of the grass
(open and structure-less). (b) Edge of the grass. (c) Test site of GNSS failure.
(d) Test site of GNSS degradation.

The average time cost of the above methods is calculated
for efficiency analysis, including data preprocessing, pose
computation, and mapping. The results are shown in Table III,
LIO-SAM (about 226 ms with GPS enabled and about 203 ms
without GPS) has the largest processing time cost, and LINS
is slightly more efficient (about 112 ms) because of the
filter-based frontend. Although the best efficiency is achieved
by FAST-LIO2 (about 46 ms), the proposed method is still
competitive. We achieve an average time cost of 56 ms, which
demonstrates a significant advantage over the optimizer-based
methods. Further, we analyze the time consumption of dif-
ferent subsystems, as shown in Fig. 8. Affected by processing
large amounts of points, the LIDAR-IMU subsystem consumes
the majority of the computational resources, while the GNSS-
IMU subsystem is faster due to the sparseness of data.

To verify the performance of frame transformation, the
time usage for each step of the frame transformation on the
sequence gate01 (duration 172 s) is calculated in Table IV.
The maintenance of the sliding windows takes up most of
the computational resources for frame transformation. How-
ever, the total time consumption is still small, with the total
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Fig. 12. Estimated trajectories and mapping results in LIDAR degraded scenario. (a) Results of the proposed method. (b) Mapping details at the start position.
(c) Mapping details at the midway position. (d) Results of FAST-LIO2. (e) Results of LIO-SAM* (GPS factor enabled). (f) Results of LIO-SAM. (g) Results

of LINS.
TABLE III
AVERAGE TIME COST PER PROCESSING (ms)
FAST- LIO- LIO-
Seq ID LINS LIO2 SAM SAM* Proposed
gate01 103.13 53.08 192.48 246.49 62.49
gate02 95.89 48.51 231.17 240.92 57.42
streetO1 111.14 47.19 243.69 265.26 59.59
street02 92.04 44.34 144.90 196.39 50.66
street03 113.74 50.95 272.12 313.60 66.05
street04 88.49 45.46 210.96 198.56 53.76
street05 93.62 41.37 124.80 167.92 48.84
street06 94.00 46.11 111.02 180.52 51.80
street07 116.69 49.56 312.99 304.14 62.99
street08 116.13 51.35 326.41 336.85 66.31
hk0314 132.88 44.29 158.96 162.33 52.06
hk0428 138.10 49.18 182.34 186.31 59.13
park01 169.37 29.85 130.61 134.64 37.26

* LIO-SAM with the GPS factor enabled.

TABLE IV
TIME USAGE FOR EACH STEP OF FRAME TRANSFORMATION (ms)

Stage (s) Setting Sliding Weighting Number of
Position Windows Computation  Adjustment
0~50 0.0014 0.2023 0.0587 34
50~100 0 0.0970 0.0403 17
100~150 0 0.1973 0.0547 41
150~172 0 0.0424 0.0153 11
Total 0.0014 0.539 0.1691 103

maintenance cost of less than 1 ms on 172-s sequence. Fig. 9
provides the results of GNSS measurement transformation
between ENU frame and the world frame, demonstrating that
the accuracy frame transformation is achieved at a low time

cost.

D. Robustness Test in Real World

Most public datasets cannot reflect the complexity of real
environments due to the lack of sensor degradation and failure
situations. Therefore, real-world experiments are performed
to test the strong robustness of the proposed system. The
experimental sites are chosen in the urban areas, which include
degraded scenarios and failure situations of each sensor,
as shown in Fig. 10. We perform the degradation testing in

Satellite Num

PDOP

0 A

-
Time (s)

Fig. 13. Experiment in GNSS degraded scene (the bottom right panel is
the corresponding status of available satellites). (a) Estimated trajectory and
mapping results. (b) Utilization of GNSS measurements in the world frame.

open and structure-less scenario and occlusion scenario for
LiDAR and GNSS, respectively. In addition, the failure testing
of LiDAR and GNSS is also performed in this section, where
the failure of sensors is happened during the system operation.
The specific environments of the tests can be shown in Fig. 11.

1) Degraded Scenarios: We test our system in degraded
scenarios of LiDAR and GNSS, which contain open and
structure-less grass, and the occlusion area by buildings. In the
LiDAR degraded scenario, we drive the UGV to the center of
the grass and return to the start position along the sidewalk,
passing the typical degraded scenario. In addition, FAST-
LIO2, LIO-SAM, and LINS, which are the SOTA methods,
are also compared with the proposed method. The estimated
trajectories and mapping results can be seen in Fig. 12. It
shows that our system exhibits more accurate localization
and mapping performance than other systems when LiDAR
faces degradation. The estimated trajectory is closed-loop and
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Experiment in the situation of data anomaly and recovery. (a) Estimated trajectory and mapping results in the experiment. (b) Real-world testing

site. (c) Details of GNSS data failure and recovery. (d) Details of LiDAR data failure and recovery. (e) 10-s LiDAR failure case. (f) Top view of mapping

and trajectory.

corresponds to the real driving trajectory. When the UGV
returns to the start position after passing through the grass, the
right wall [see Fig. 12(b)] is rebuilt again, and the global map
remains consistent. In contrast, FAST-LIO2 also completes
this degradation testing, but the mapping deformation and
unclosed-loop trajectory caused by accumulated drift can be
inspected visually at the white arrows in Fig. 12(d). In addi-
tion, LIO-SAM (GPS enabled and without GPS) and LINS fail
the degradation testing, which are the feature-based methods.
The features of points are difficult to extract when the UGV
is traveled to the center of grass. Enabling the GPS factor
contributes to the long-term performance of LIO, but is not
sufficient to cope with the sever degradation of LiDAR.

Then, we test our system in the semioccluded environment
to verify the robustness to GNSS degradation. The UGV starts
in an open square and crosses an occlusion area where the
GNSS measurements are instability. The number of available
satellites, the corresponding position dilution of precision
(PDOP), and the average signal-to-noise ratio (SNR) are
shown in the bottom right of Fig. 13. When being traveled
into the occlusion area, PDOP fluctuates dramatically with
the maximum value of 5.2, and SNR declines continuously
from above 30 dB. It can be seen from Fig. 13(a) that the
proposed system provides accuracy localization and mapping
results when GNSS degraded. We not only check the health
of raw GNSS measurements, also use the correlation between
system states and the world-frame GNSS. The utilization of
GNSS can be seen in Fig. 13(b), the stable measurements at
the square are involved in state estimation, and those unstable
data will be rejected. Therefore, the degradation of GNSS does
not affect the overall performance of our system.

2) Failure Situation: Here, we show the strong robustness
of the proposed system when facing sensor failure. For the
comprehensiveness of experiments, the sensor failures are cat-
egorized into two situations: data recovery after anomaly and
data cut off completely. We manually modified the data in our
test to achieve data anomaly and recovery. The sensor data are
set to the blank value for a fixed length of time (5 s for GNSS

and LiDAR), as shown in Fig. 14. The system first suffers from
the abnormal GNSS data [Fig. 14(c)], the abnormal GNSS
data are rejected, and the system operates as LiDAR-IMU
subsystem. The mapping and state estimation will not cease,
and the global constraints will be added again when GNSS
recovers. Then, LiDAR data failure is implemented as the
similar way. The invalid point clouds will also be checked
and rejected by our system [Fig. 14(d)]. Therefore, GNSS-
IMU subsystem operates separately, and the map will not be
constructed during LiDAR failure. After data recovery, state
estimation and mapping continue to be performed in the same
scenario based on the fusion odometry. We further increase the
challenges by extending LiDAR failure time, from 5 to 10 s.
The results are shown in Fig. 14(e) where the white arrows
indicate the failure length. Although minor errors (in the red
square) are existed after data recovery, it is acceptable given
the global consistent map and strong robustness.

To simulate the worst failure case, experiments are also per-
formed by cutting off sensor data completely when the system
is operating. All the sensors are valid in the initial phase,
while the GNSS or LiDAR is then physically disconnected (at
the hardware level) from the UGV. The corresponding data
will not be measured by the system and cannot be recovered
subsequently. In the testing of LiDAR failure, the failure
segment begins at 1 min 46 s and lasts 45 s. The data sequence
and testing results can be seen in Fig. 15, and our system
operates as the fusion odometry (GNSS, LiDAR, and IMU) at
the initial stage, which builds the map and estimates states at
LiDAR frequency. When LiDAR fails, the system seamlessly
switches to GNSS-inertial odometry, maintaining localization
in the current world frame. The frequency of system output
is based on GNSS measurements. The 3-D map constructed
by points will not be updated due to the failure of LiDAR
while the preexisting global maps are still available. From the
results, our system helps the robot to complete the localization
function of the whole travel despite the LiDAR failure. For
GNSS failure testing, GNSS data will be cut off during the
system operation instead of LiDAR. The failure segment is
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Fig. 15. Experimental results in the situation of LiDAR failure.
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Fig. 16. Experimental results in the situation of GNSS failure.

from 40 s to the end (55 s), as shown in Fig. 16. The system
will switch from fusion odometry to LIO when lacking the
GNSS measurements. The system in this modality only loses
the global constraints from GNSS, and the core functionality
on localization is not affected. The result of mapping and
localization is output at LiDAR frequency. Thanks to the
design of multiple modalities, the proposed system is robust
enough to tolerate the failure from GNSS or LiDAR.

VII. CONCLUSION

This article focuses on the performance of navigation sys-
tems in common extreme situations for practical implementa-
tion. A robust and fast SLAM framework with multiple modal-
ities is proposed by integrating GNSS, IMU, and LiDAR.
Benefiting from the multiple modalities based on subsystems
and IESKF-based deployment, our system effectively achieves
coarse-to-fine state estimation while handling sensor degrada-
tion and failures. Additionally, toward the problems caused
by inconsistent frames and asynchronous data, we develop a
fast and dynamic frame transformation method and distributed
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backward propagation. Through extensive experiments, it can
be demonstrated that our system achieves a high level of
accuracy and efficiency, with strong robustness against partial
sensor degradation and even failure.

There are also some limitations in the proposed system,
which are expected to be addressed in the future work, such
as coupling GNSS with LIO more tightly, and trajectory
smoothing during multimodal switching.
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