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Abstract: Continuous and precise localization
constitutes a fundamental prerequisite for intelligent
vehicles and autonomous driving, particularly in
challenging environments, such as GNSS signal
blockage, laser degeneration and vision illumination
variations. In this paper, we propose a system that
integrates data from light detection and ranging
(LIDAR), inertial sensor, and ultrawideband (UWB) to
achieve global positioning through filtering and
smoothing techniques in diverse scenes. Firstly, we
leverage an Extended Kalman Filter (EKF) to handle
ranging measurements, while also online distinguishing and
removing None Line of Sight (NLOS) errors. Besides, a
quality control module is performed to obtain healthy
UWB absolute factor in the backend. Secondly, a precise
inertial navigation system (INS) mechanization algorithm
is employed to achieve state updates, which also
contributes to the LiDAR-inertial partly tight-coupled pro-
cess. Finally, we propose a lightweight factor graph to
optimally fuse marginalization factor, relative LiDAR
odometry factor, UWB absolute factor and preintegration
factor. We conducted extensive experiments in outdoor
and NLOS scenarios using a customized platform. The
results show that our integrated positioning approach
enhances the accuracy of existing state-of-the-art schemes,
while also enabling robust and realtime pose estimation
for unmanned ground vehicles.

Keywords: Multi-source integration positioning,
filter, factor graph optimization, vehicle localization

1 Introduction

Accurate and robust state estimation is a critical
cornerstone for the reliable operation of unmanned
ground vehicles (UGVs) in complex application
scenarios, ranging from industrial inspection and
disaster rescue to autonomous patrol and smart
agriculture [1]. Among the mainstream positioning
solutions, Global Navigation Satellite System (GNSS)-
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based technologies have been widely used, but their
applicability is greatly restricted in scenarios with severe
signal blockage, such as urban canyons, dense forests,
and underground facilities. To solve this problem,
researchers have turned to multi-sensor fusion
technologies, integrating inertial measurement units
(IMUs), visual sensors, light detection and ranging
(LIDAR), Bluetooth modules, and ultrawideband
(UWB) devices to compensate for the defects of single-
sensor positioning [2][3].

In environments where traditional GNSS systems
are unavailable, such as underground mines, using
LIiDAR, INS, and other relative navigation approaches
can result in error accumulation over time. In recent
decades, novel global positioning strategies represented
by Bluetooth, radio frequency identification devices
(RFID), WIFI and UWB are research hotspots [4]. An
online machine learning method is proposed, extracting
sound patterns and matching localization for Bluetooth
devices [5]. In another approach, RFID phase samples
can be integrated with odometer data, which improves
the capability of localization [6]. WIFI has also been
applied in various scenarios without deploying anchor
stations, with range information, angle-of-arrival and
Doppler shift being fused in the state estimator in [7].
Finally, ultrawideband technology offers high
transmission rate, low transmission power, and strong
penetration, making it a more robust option for GNSS-
denied positioning and navigation compared to other
wireless sensors [8].

The fusion of LIDAR and IMU has become a
mainstream solution for UGV positioning in GNSS-
denied environments, leveraging the complementary
advantages of the two sensors [9]. LIDAR provides
high-precision spatial measurements and dense 3D point
clouds, enabling effective environmental mapping,
while IMU offers high-frequency motion state
information  (including acceleration and angular
velocity) to maintain stable pose estimation during
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short-term LIiDAR data loss or featureless scenarios
[10][11]. However, LIDAR-IMU fusion systems still
suffer from inherent limitations: they rely on recursive
positioning principles, leading to gradual accumulation
and dispersion of drift errors over long-term operation,
especially in large-scale unstructured environments
where loop closure opportunities are scarce [12]. To
address this long-term drift problem and achieve
globally consistent positioning, the integration of an
absolute positioning sensor such as UWB is highly
necessary, as UWB can provide precise absolute
distance measurements to anchor points, which can
effectively correct the cumulative errors of LIiDAR-
IMU fusion systems.

Similarly, the fusion of UWB and IMU has
emerged as a promising approach for high-precision
positioning in GNSS-denied scenarios, combining the
absolute positioning capability of UWB with the high-
frequency motion sensing of IMU. IMU can
compensate for the intermittent UWB signal and low
update rate, providing continuous motion estimation to
ensure positioning continuity when UWB signals are
blocked or interrupted [13]. Tightly coupled UWB-IMU
fusion frameworks based on Extended Kalman Filter
(EKF) or factor graph optimization have been proposed
to improve positioning accuracy, with None-Line-of-
Sight (NLOS) mitigation modules further enhancing
system robustness [14, 15]. Nevertheless, UWB-IMU
fusion systems have obvious shortcomings: UWB
ranging accuracy is easily affected by multipath effects
and anchor station layout, especially in environments
with dense obstacles. Therefore, integrating LIDAR into
the UWB-IMU fusion system is essential, as LIDAR
can provide detailed environmental spatial information
and map construction, while its high-precision relative
positioning capability can compensate the limitations of
UWB in dynamic and complex scenarios [16, 17]. To
address the above issues, the innovation of our method
lies in:

(@) We propose a filtering and smoothing framework to
fuse LIDAR, IMU and UWB, which balances both
efficiency and accuracy.

(b) NLOS removal and quality control modules are
employed for ranging measurement processing.
Besides, precise INS mechanization is introduced
for state update. And the prior information is
applied in partly tight-coupled LIiDAR inertial
odometry.

(c) We conduct extensive experiments based on an
unmanned ground wvehicle in diverse scenes to
demonstrate the robustness and accuracy of our
system. In addition, globally consistent point cloud
maps can be obtained.

2 Method

The pipeline of our method is shown in Fig. 1. We
employ the extended Kalman filter and factor graph
optimization, which incorporate modules for NLOS
mitigation and quality control.
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Fig. 1 The pipeline of the proposed system.
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2.1 INS Mechanization

In our work, high-precision INS mechanization is
deployed for pose estimation. And IMU
measurements include instantaneous angular velocity

@, and line acceleration & , which contain some
error terms. The mathematical models are expressed
as follows:

@, =, +b, +n,

&, =R!(a ~g")+b, +n,

(1)

wherein b, ,b, denote the slowly changing bias
vectors, n,,n, represent the white noise vectors, and
the subscript g and arepresent the gyroscopes and

accelerometers, respectively, and R, denotes the

rotation matrix of the pose. And the dynamic
position, velocity and attitude model in global frame
can be expressed as [18]:

. 1 0

qwb = Eqwb ®|: w:| (2)
(28 N

" =Ryay +g" 3)

p =" (4)

wherein g" is the gravity vector in global frame.

° . . .
[ ]X means vectors map to an antisymmetric matrix.

2.2 LiDAR-Inertial Partly Tight-Coupled
Process

Prior information of INS is employed to register
between the current frame and the local map. High-
frequency information of INS is utilized to de-skew

for LIDAR scan. Assuming that point p, in the
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current scan is at timestamp t and the timestamp of
the scan-end is t,, INS system can obtain the relative
pose change between t and t,, and &,,d, represent
the IMU measurement in the interval [t.t] .
Therefore, T* iscomputed as:

t

5
T - B[] e(@, &)t ©
Wherein exp() is the exponential mapping on s&(3)°
J':k dt represents the propagation process between the

current point from the last point over the time interval
At=t -t in this process. And the LIDAR points in

the scan are all projected to the scan-end frame by
P =RYp + P+ (6)

where T =[R7.p/]

transform matrix.

Meanwhile, inspired by LOAM [10], the
measurement model can be formulated as follow:

(P = py)'n, =0 ()

where P! is the point in the world frame, Mrand

represents the  extrinsic

P» are the normal vector and point lying on the
related plane, respectively. And equation of LIDAR
observation is:

7=2"+3,6x+Jn, (8)

where n, represents the observation noise vector.
The superscript a represents the true value without
noise. X and n, denote the estimation error and
LiDAR point measurement error vectors, while J, is
the Jacobian matrix of the current state vector and J,

is the Jacobian matrix of the noise vector. The
formula (8) is composed of three terms. It should be
noted that the first term is equivalent to zero, the

second term is about the state (i.e. J,0X), and the

third term implies J,n,. Partly tight-coupled LiDAR-

inertial odometry takes advantage of the prior
information of inertial navigation and LIiDAR point
cloud measurements. The iterative equation is as
follow:

ox=-(333,)"3}2 )
2.3 UWB Measurement Model and Quality
Control

We adopt an EKF solution to deal with the range
information. In this part, the UWB state is written as

X, =[py vyl (10)

where Pi' Ve denote the UWB position and velocity
in the global frame. %) and %K =1) genote two
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consecutive  measurements. The state forward
propagation equation is modeled as
X, (k| k=1)=Fx,(k-1) (20)
with the propagation covariance as follow:
Pu(k|k—1)=FPu(k—1)FT+Q (1)

The updated estimation and covariance are acquired
by fusing last ranging measurements, which is asso-

ciated with process noise Q. And P is the covariance.
In this process, the assumption of constant velocity is
applied for the EKF, so we can derive the matrix F :

I ATI
F — |: 3x3 3><3:| (12)
03><3 |3><3

where AT and I, , represent the sampling interval and
identity matrix with three rows and three columns.

d; =l py = pa I+, (13)
where || py - py'; Il represents the true value of distance.
n, is the gaussian white noise. The observation vector

is denoted as z, =[d,.d,,...,d,]' , where m is the

number of UWB ranging measurements. Therefore, we
can get the measurement model

z, =h(x,)+n, (14)
And the Jacobian matrix is:
H = %) (15)
op,

Before update process, the propagated state x,(k | k —1)

and observation vector % may include the NLOS or

multipath error. We employ two tactics as below.
2.3.1 NLOS Judgment and Removal

In our work, we aim to explore the EKF potential
and the criteria is introduced by EKF residual, which is
defined as:

r=z,—h(x,(k|k-1)) (16)
The UWB propagation and ranging measurement must
have small differences nearly in line-of-sight

environment. Thus, we adjust the Kalman gain K’
accordingto theresidual value as:

K {K’ |7l <7,
0,

Irll= 7.
where thethreshold 71 is empirical value (set to 0.35).

Combining the predicted state and
measurements, we obtain the update state for x,:

(17)

%,(k) =%, (k| k-1)+K'r (18)
with the update covariance:
P.(k)=(1-K'H)P,(k |k -1) (19)

2.3.2 Quality Control

Dilution of precision (DOP) is originally used
in the field of satellite navigation, which reflect the
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influence of satellite distribution on positioning.
Inspired by this, the calculation of UWB DOP is:

DOP = jtr ((HTH) ™) (20)

where Jtr(e) represents the trace operation.

When the DOP value is the smallest, the
geometric  layout of the anchor station
corresponding to the tag node is optimal
Therefore, when the layout of UWB anchor nodes
is poor, it can be discarded according to the value
of DOP (the value is set to 3.0). Additionally, the
number of anchor station and the average residual
are also important metrics. If there are less than 4
anchor stations, the UWB positioning results are
not accurate enough. Moreover, after the NLOS
error is removed, it can be concluded that the
UWB positioning is effective when average
residual is less than the threshold value (set to
0.15).

2.4 Global Optimization Model

In order to reduce the cumulative error, we
construct a lightweight factor graph model shown in
Fig. 2, which integrates LIDAR odometry constraint,
UWB absolute observation and IMU pre-integration
as follows:

1) The LIDAR odometry factor is composed of the
relative transformation so as to reduce computational
cost. And the residual is defined as:

(21)

- Xj x-0 a
rLo(lxj): iiJT@(X_JLOT)

2) IMU pre-integration is widespread in navigation
due to its function and efficiency. In our work, we
also add it in the factor graph. The residual of pre-
integration factor can be expressed as:

q;v} ®q,; ®q;
Mo (i, 1) = v, —v, —g"At, —R, (22)
1 w i
P =P —Vidty = g Atf =R,
where Al represents the time interval between two

scans. % PiVi and it PioVi are the key-frame

estimated rotation, translation and velocity. i By ¥
represent position, velocity and attitude between two
relative frames. Therefore, the joint equation is:

Fo = 2 Ko 1)+ 2 s (0 D+ Y B (K) + oy (23)

the optimal states can be optimized according to (24).

It is noted that "erior is the prior factor, which is the

I

marginalized state beyond the sliding window. ‘uws

is the UWB odometry estimation residual. When the
motion translation is greater than 1m, or the change
posture is greater than 0.5 degrees, the factor graph
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optimization is performed.
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Fig. 2. The structure of the factor graph.
3 Experiments

3.1 Sensor Setup

As shown in Fig. 3, the experimental mobile
platform is equipped with a MEMS-based nertal
navigation system (ADIS16497), a UWB module,
and a Velodyne 16-channel LDAR. The detailed
parameters are shown in Table 1. The dedicated
satellite antenna is adopted to receive and capture
satellite navigation signals. For trajectory validation,
the ground truth is obtained through post-m ission
forward and backward solution calculations using
Inertial Explorer software. We implement the
algorithm in Ubuntu with the ROS platform.

Fig. 3 The UGV platform with sensors.

Table 1 Key Parameters of Sensors

Model Characteristics

IMU ADIS16497  6-axis MEMS
output frequency: 100 Hz
UWB Nooploop ranging accuracy:5cm

EinkTrack P- output frequency: 50 Hz

maximum
communication distance:
over150 m

LiDAR  Velodyne 16-line LiDAR, ranging
accuracy: 2 cm,
maximum detection
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range: 100 m

3.2 Accuracy Evaluation

Exhaustive evaluations are conducted in
this section. We use LIO-SAM [12], FAST-
LIO2 [9], and LiLi-OM [19] as comparative
methods. Meanwhile, we also adopt the loop
closure in LIO-SAM for benchmark
comparison. We implement Root Mean
Square Error (RMSE) and Maximum (MAX)
evaluation for absolute translational error.
These are important indicators for subsequent

Scene 2 is introduced for experimental
verification. It should be noted that our
system shows better performance than LIO-
SAM with loop closure and other
benchmarks. Finally, the dynamic objects in
Scene 3 bring fewer stable features, leading
to incorrect matching.

Due to the UWB involvement, the
accuracy of all sequences has been promoted,
showing the improvements of (26.2%, 16.3%,
44.2%) compared to LIDAR/IMU integration
in three scenes respectively. Scene 3 is chosen

Table 2 PERFORMANCE COMPARISON

planning and control towards UGVs. We

. IN THREE SCENES
conduct experiments across three campus

scenarios, namely Scene 1, Scene 2 and Scene RMSE(m) s 1 s ’ s 3
3. Scene 1 involves a trajectory with frequent IMAX(m) cene cene cene
sharp turns. Scene 2 is captured in an open
space crowded with abundant dynamic objects LIO-SAM 0.434 0.586 1.521
that cause localization interference. Scene 3 (w/o loop) /0.768  /1.828 13.281
consists of a smooth straight path on flat LIO-SAM 0.220 0.365 0.582
terrain under simple environmental conditions. (W loop) /0.520 /0.867 /1.893
The results are shown in Table 2. As can . 2.473 0.788 4.220
be seen, our LIDAR/IMU odometry has the LIiLI-OM 14.779 /1 558 114,528
best performance compared with other ) ) '
LiDAR-inertial SLAM benchmarks, including FAST-L1O2 0.271 1.027 1.258
LIO-SAM (without loop closure module), /0.617 12.312 /2.220
LiLi-OM and FAST-LIO2. This is because the ) 0.279 0.264 0.491
INS mechanization and tightly-coupled LiDAR/IMU 10.602 10,720 12,101
LiDAR-inertial process can improve the ' ' '
accuracy of inertial navigation solution and L 1U-fusion 0.206 0.221 0.274
promote the efficiency of scan-to-map /0.585 /0.660 /0.693

module. In Scene 1, the moving trajectory is
easy for loop closure detection, which is
conducive to suppressing error. From Table 1,
when the loop closure algorithm is applied,
the precision of the LIO-SAM algorithm is
comparable to that of our integration scheme.
And the maximum error is slightly lower than
that of our system in Scene 1. In practical
application, loop closure is not always
happening, hence the straight-line motion in

for our analysis. The trajectory is presented in
Fig. 4. The blue rectangle includes the dynamic
objects and sharp turn motion, bringing certain
error in the comparison. Apart from that, the rest
of the trajectory is consistent with the ground
truth. Moreover, the three-dimensional position
error in ECEF is shown in Fig. 5.
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Fig. 4 Trajectory in scene 3. Blue rectangle represents the trajectory in the beginning.

The blue rectangle denotes the larger error in
the beginning. The ranging constraints from
anchor stations further enhance the accuracy
and reliability, which is beneficial for
correcting drift and obtain globally consistent

x/m

trajectory and map in Fig. 6. The point cloud
map of Scene 3 corresponds to the real-world
scenario. From the photo labeled with letters,
we can clearly see the objects such as cars,
bus and traffic cones.
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Fig. 5 The three-dimensional position error in ECEF
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Fig. 6 Mapping result of Scene 3. And the point cIoud is colred by height.

3.3 UWB Multipath and NLOS Scene

We deploy four anchor stations in the
experiment Most UWB signals are blocked by
thick trees shown in Fig. 7. A large number of
tree trunks, dense branches and leaves form
complex occlusion barriers, which severely
block and attenuate most transmitted UWB
signals. Unlike open and unobstructed scenarios,
the dense forest environment causes non-line-of-
sight propagation of UWB signals in most
detection areas. The widespread signal occlusion
not only weakens the received signal strength
but also easily induces multipath interference
and signal delay errors, which brings great
challenges to high-precision UWB localization
and fully simulates the complex and variable
actual working conditions of outdoor positioning

- 2.956

Occlusion Area
30

L] Anchor Station

20

10

-1514

y (m)

-10

-20

-30

-40

-0.072
-60 -50 -40 -30 -20 -10 0
x (m)

Fig. 7 Trajectory with error color-bar in NLOS
scene. The white parallelogram is the occlusion area
with thick trees.
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systems. We implement the experiment where
the vehicle runs in the occlusion area for 90
seconds, during which it only receives direct
signal from two anchor stations. We would like
to clarify that UWB-only and UWB/INS-only
solutions diverge in our test scenarios due to
prolonged NLOS occlusion, and therefore cannot
yield stable quantitative results for comparison.
Results are listed in Table 3. The uneven road
in this test leads to the failure of LiLi-OM
system, and other benchmarks have the similar
influence. INS mechanization prior information
and the partially tight-coupled method contribute
to the lower RMSE in LIiDAR/IMU integration
compared with LIO-SAM (w/o loop) and FAST-
LIO2. Owing to the quality control module, several
outliers are excluded. Meanwhile, effective UWB
ranging information is beneficial to state
estimation, which ensure reliable and low-drift
positioning. We can conclude from the Table 3
that our system is more robust and has the
highest accuracy. Compared with LiDAR/IMU
integration, our system shows the improvements of
57.1% and 19.1% in RMSE and MAX,

respectively.
Table 3 RMSE IN NLOS SCENE
RMSE(m)
IMAX(m)
L'O'ﬁ)ﬁ'r\)’)' W1 693/4.431
LIO-SAM (W/ loop) ~ 1.19/3.009
LiLi-LOAM Fail
FAST-L10O2 2.056/3.237
LiDAR/IMU 1.556/3.656
LIU-fusion 0.668/2.956

Journal of Global Positioning Systems



3.4 Runtime Analysis

The evaluation of runtime is performed on an
eight-core Intel i7-9700 processor. The aver-age
processing time of all sequences is calculated as
shown in Table 4. The scan-to-map module
dominates the total latency

Table 4 AVERAGE TIME OF EACH MODULE
Time consuming(ms)

NLOS 0.067
Quality control 0.074
UWB EKF 0.034
Scan-to-map 23.770
INS mechanization 1.080
Factor optimization 1.510
Map management 2.303

at 23.770 ms, acting as the primary bottleneck for
real-time performance. Other modules, such as
UWB EKF (0.034 ms), NLOS (0.067 ms), and
quality control (0.074 ms), are computationally
lightweight, while INS mechanization, factor
optimization, and map management contribute
moderate overheads. Our algorithm can meet the
real-time requirements.

4 Conclusion

In this paper, we propose a sensor fusion state
estimation framework, including NLOS removal,
quality control, INS mechanization and LIDAR
odometry. Filtering and smoothing optimization
solutions have also been applied. Our system is
resilient and real-time for complex environments.
Experiments demonstrate the robustness, precision
and efficiency. Our system can achieve decimeter-
level positioning, with improvements of (26.2%,
16.3%, 44.2%) compared with LIiDAR/IMU
integration in three scenes. And in the NLOS
environment, it performs exceptionally well to
endure in these challenging environments. In
future work, we plan to integrate 3D Gaussian
representations  [20][21] with our existing
framework, aiming to further improve the
reliability and precision of localization and
mapping, especially under challenging sensing
conditions.
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