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Abstract—Accurately generating ground truth (GT) tra-
jectories is essential for simultaneous localization and
mapping (SLAM) evaluation, particularly under varying
environmental conditions. This study presents PALoc, a
systematic approach that leverages a prior map-assisted
framework for the first-time generation of dense six-degree-
of-freedom GT poses, significantly enhancing the fidelity
of SLAM benchmarks across both indoor and outdoor en-
vironments. Our method excels in handling degenerate
and stationary conditions frequently encountered in SLAM
datasets, thereby increasing robustness and precision. A
critical feature of PALoc is the detailed derivation of co-
variance within the factor graph, enabling an in-depth anal-
ysis of pose uncertainty propagation. This analysis plays
a pivotal role in illustrating specific pose uncertainty and
in elevating trajectory reliability from both theoretical and
practical perspectives. In addition, we provide an open-
source toolbox for the criteria of map evaluation, facilitating
the indirect assessment of overall trajectory precision. Ex-
perimental results show at least a 30% improvement in map
accuracy and a 20% increase in direct trajectory accuracy
compared to the iterative closest point algorithm across
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diverse environments, with substantially enhanced robust-
ness Our publicly available solution, PALoc, extensively ap-
plied in the FusionPortable dataset, is geared toward SLAM
benchmark augmentation and represents a significant ad-
vancement in SLAM evaluation.

Index Terms—LiDAR Degeneracy, LiDAR Localization, si-
multaneous localization and mapping (SLAM) Benchmark-
ing, uncertainty estimation.

I. INTRODUCTION

A. Motivation and Challenges

GROUND truth (GT) trajectory generation is crucial for as-
sessing simultaneous localization and mapping (SLAM).

It requires sophisticated geometric computations to fully ex-
plore the capabilities of GT estimation methods. Its primary
goal is to establish a benchmark for thoroughly assessing the
fidelity of SLAM technologies. GT trajectories offer more than
just positional data; they provide a robust framework for the
critical analysis and enhancement of navigation and mapping
techniques. This is particularly vital in the fields of robotics and
autonomous systems, where slight errors in SLAM assessments
can result in significant real-world discrepancies. The devel-
opment of GT trajectory generation methods is, therefore, of
critical importance, reflecting its significant impact and the keen
interest it generates within the community [3], [4].

Despite their centrality in SLAM evaluation, the existing
GT trajectory generation methods face notable limitations.
Tracking-based approaches, relying on expensive instruments,
such as motion capture system (MOCAP), total station (TS),
global navigation satellite system (GNSS), and inertial nav-
igation system (INS), are hindered by limited environmental
coverage [5] and occlusion susceptibility [6], often resulting in
trajectories with unbounded error [3], [4], limited degrees of
freedom (DoFs) (e.g., three DoFs) [7], and sparse tracking (e.g.,
1 Hz) [8]. Scanning-based methods, while innovative in using
laser scanners for prior map construction and subsequent dense
six-DoF trajectory generation through point cloud localization,
grapple with poor local accuracy [9], localization failures [10]
during intense movements, and inability to handle degenerate
scenarios [8]. Most critically, these methods lack theoretical
analysis and quantitative results, leaving a gap in measuring
overall trajectory quality in practical applications.
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To address these challenges, our proposed factor-graph-based
methodology considers temporal sensor information to ensure
robustness, local accuracy, and consistency across various plat-
forms. We have integrated specialized modules for degeneracy
handling and zero-velocity potential update (ZUPT), refining
trajectory accuracy and ensuring robustness against environ-
mental dynamics. Our estimation of pose uncertainty for each
frame offers theoretical insights and practical implications for
trajectory generation tasks. In addition, by integrating a quanti-
tative evaluation module inspired by multiview stereo or other
reconstruction techniques [11], [12], [13], we offer a nuanced
assessment of the generated trajectories. This comprehensive ap-
proach not only resolves the existing challenges in GT trajectory
generation methods but also establishes a new benchmark in this
domain, demonstrating the practical feasibility and theoretical
robustness of our method.

B. Contribution

In this article, we present a comprehensive method for gener-
ating high-quality GT trajectories to augment SLAM benchmark
datasets. Our key contributions are as follows.

1) We introduce a prior-assisted localization system to gen-
erate dense six-DoF trajectories for SLAM benchmark-
ing, incorporating degeneracy-aware map factors and
ZUPT factors to boost robustness and precision.

2) We conduct a detailed analysis of uncertainty propagation
within our factor graph system, estimating the uncertainty
of each pose, which informs the quality and robustness
of the final trajectories, offering theoretical and practical
insights for trajectory generation tasks.

3) We offer an open-source toolbox1 for map evaluation
criteria, acting as indirect precision indicators of the
generated trajectories, emphasizing the practical utility
and adaptability of our method in diverse applications.

Leveraging a loosely coupled fusion approach based on
the factor graph, our method swiftly adapts to state-of-the-art
(SOTA) LiDAR-centric SLAM systems, such as LiDAR Odom-
etry, LiDAR-Inertial Odometry (LIO), and LiDAR-Visual-
Inertial Odometry (LVIO), demonstrating versatility, scalability,
and compatibility. Applied extensively in the FusionPortable
dataset [2], our method successfully produced trajectories for
13 of 16 sequences, achieving at least a 30% improvement in
map accuracy and a 20% increase in direct trajectory accuracy
compared to the iterative closest point (ICP) [1] algorithm across
diverse campus environments. To our knowledge, this approach
represents the first open-source solution2 designed specifically
for crafting six-DoF GT trajectories in benchmarking, marking
a significant contribution to SLAM research.

II. RELATED WORK

Generating GT trajectory is a pivotal task in constructing
SLAM benchmark. This section briefly reviews GT trajectory
generation methods within SLAM datasets.

1[Online]. Available: https://github.com/JokerJohn/Cloud_Map_Evaluation
2[Online]. Available: https://github.com/JokerJohn/PALoc

A category of tracking-based GT trajectory generation meth-
ods heavily relies on tracking sensors, offering high accuracy
but fraught with several drawbacks. Datasets such as in [3], [14],
[15], [16], and [17] primarily employ GNSS/INS, facing chal-
lenges like limited satellite visibility and the multipath effect,
which significantly reduce accuracy in outdoor urban areas and
are not applicable for indoor dataset creation. In contrast, dataset
such as in [2], [5], and [18] employ MOCAP to generate six-DoF
GT trajectories. However, their dependence on MOCAP limits
data collection to its coverage area, limiting the diversity of
capturable scenarios. TSs [7], while precise, encounter low pose
frequency and are limited to positional tracking, struggling with
coverage and occlusions.

Scanning-based methods utilize sensor measurements and
prior maps [19], introducing LiDAR measurement noise and
map noise but enabling GT trajectory creation in any area
of a mapped scene. Innovations such as in [9] employ laser
scanners for map construction, typically using brute-force nor-
mal distributions transform (NDT) [20] or ICP [1] algorithms
for point cloud localization. While these methods have good
global accuracy, they often yield sparse GT poses and lack
robustness and local accuracy, particularly in LiDAR-degenerate
environments. Distributed algorithms [21], [22] also contribute
significantly to estimation and target localization. LIO/LVIO
methods [23], [24], [25], [26], [27], [28], [29], [30] estimate
poses using temporal sensor data, handling scene changes and
intense movements with high local accuracy but limited global
precision, and are rarely used for GT trajectory generation. In
large outdoor scenarios, the fusion of LIO/LVIO with GNSS/INS
has been employed for GT generation [2], overcoming conven-
tional GNSS/INS limitations.

Following the scanning-based method, our approach further
integrates LIO/LVIO within a unified factor-graph-based fusion
framework. This enables our method to achieve both excel-
lent local precision and global consistency, even in dynamic
movements. To enhance robustness and accuracy, we implement
degeneracy-aware map factors and ZUPT factors. We offer map
evaluation benchmarks for succinct trajectory precision indi-
cation, combined with theoretical analysis of pose uncertainty
propagation within our system. By estimating the uncertainty
of each pose, we provide clear insights into pose quality, thus
guiding trajectory generation tasks from both theoretical and
practical perspectives. This comprehensive method differenti-
ates our approach in the SLAM dataset landscape, marking a
significant departure from existing practices.

III. PROBLEM STATEMENT AND FORMULATION

In this section, we formulate the trajectory generation task
as a localization problem. Our method employs a factor graph
framework, accounting for various factors essential for accurate
trajectory estimation in complex environments.

A. Notations and Definitions

For clarity and precision in our problem formulation, we
adopt a consistent notation system. The inertial measurement
unit (IMU) is rigidly attached to the LiDAR sensor, defining
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the body frame B that serves as the reference frame for the
system. The world frame is denoted by W , and the LiDAR
frame is denoted by L. The robot pose at any discrete time
instance k is denoted by Xk, comprising its position, tk ∈ R3,
and orientation, Rk ∈ SO(3). Velocity, accelerator biases, and
gyroscope biases are denoted by vk, ba,k, and bω,k, respectively,
but are not included in the state variable as our focus is on pose
graph. The state vector X is, thus, defined in terms of the pose:
X = {X1, . . . , XP }, where P represents the total number of
time steps. The environmental context is provided by the prior
map M, with Mk referencing the relevant subset at the initial
pose xk. Observations at time k incorporate LiDAR Lk and
IMU measurements Ik = {ak, ωk}, collectively represented as
Zk = {Mk, Lk, Ik}.

B. Maximum a Posteriori Estimation

The cornerstone of our state estimation is the maximum a
posteriori (MAP) framework, which aims to identify the most
likely state variables X . Given the observations Z , this process
is described by

X̂ = arg max
X

[p(X |Z)] = arg max
X

[p(Z|X )p(X )]

where p(Z) is a constant.
Under the conditional independence assumption, the joint

likelihood decomposes into a product of individual probabilities
as follows:

X̂ = arg max
X

[
p(X )

P∏
k=1

M∏
i=1

p(zk
i |Xk, X )

]
(1)

where P and M denote the number of time steps and factors.
Equation (1) is equivalent to minimizing the sum of squared
residuals across all factors

X̂ = arg min
X

[
P

Σ
k=1

M

Σ
i=1

rk
i (X )�Σ−1

i rk
i (X )

]
.

The optimization of X is achieved using nonlinear least squares
techniques, such as Gauss–Newton methods, accommodating
the inherent uncertainties in sensor data.

C. Factor Graph Formulation

In our system, we represent the factor graph as G = (X , F , E),
forming the backbone of our pose estimation framework. Here,
X comprises the set of state variables related to robot poses,
F embeds constraints between these variables, and E indicates
the connections between factors and variables. A graphical
illustration of our factor graph, integrating five distinct factor
types, is shown in Fig. 3. Detailed explanations of these factors
are provided as follows.

1) Lidar-Based Odometry Factor (LO): This factor imposes
constraints on consecutive robot poses Xk and Xk−1, aligning
them based on odometry measurements. The intricate details of
this factor are elaborated in Section VII-A.

2) Loop Closure Factor (LC): The loop closure factor aims
to enforce congruence between two robot poses, Xi and Xj ,

Fig. 1. (a) Sensor configuration with corresponding coordinate frames
for the SLAM benchmarking. (b) Quadruped robot equipped with sensor
suite in Motion Capture Room. (c) Prior RGB point cloud map with the
estimated trajectory (red line) and map (blue point cloud) by PALoc on
garden_day.

which, despite being temporally distant, should be spatially
proximal due to a loop closure event.

3) No Motion Factor (NM): Designed to cater to stationary
periods, the no motion factor [31] ensures that the relative pose
remains constant during such intervals. Further insights into this
factor are provided in Section V-C.

4) Gravity Factor (GF): This factor critically influences the
estimation process under ZUPT conditions by constraining the
magnitude of the gravity vector. A detailed formulation of this
factor can be found in Section V.

5) Degeneracy-Aware Map Factor (DM): The degeneracy-
aware map factor constrains the robot pose with a prior map,
thus ensuring robustness in degenerate scenarios. Detailed dis-
cussions on this factor are presented in Section VI.

IV. SYSTEM OVERVIEW

We develop our system under a set of simplifying assumptions
to streamline the design process.

1) The LiDAR and IMU are hardware time synchronized
and well calibrated, ensuring precise data alignment.

2) Our research utilizes pose SLAM [32], where only poses
are included in the graph, ensuring efficiency and optimal
map construction.

Fig. 2 presents an overview of our system’s architecture, with
the caption detailing its components and workflow.

V. ZUPT FACTORS

Inspired by previous gravity and ZUPT work [26], [31], [33],
[34], we implement the gravity factor and no motion factor to
handle these frequently occurred static scenes.
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Fig. 2. System pipeline overview. This figure illustrates the architecture of our system, starting with initialization on a prior map and LiDAR
odometry. Degeneracy analysis and point-to-plane registration are employed to create a degeneracy-aware map factor. The system also processes
odometry and IMU data for stationary detection, forming no motion factors, and integrating gravity factors. Following the optimization of the factor
graph on a framewise basis, loop closure detection is carried out, contributing to the loop factor. This sequential pipeline results in the generation
of estimated poses and maps, which assists in the indirect evaluation of trajectory accuracy.

Fig. 3. Factor graph of our proposed system. Gray circles represent
different system states at specific times, and colored rectangles symbol-
ize various factors. The purple rectangle signifies the gravity factor, con-
nected to states outlined in purple, illustrating gravity constraints during
stationary periods. States with green outlines are indicative of LiDAR
degenerate scenarios, and those with red outlines mark instances of
successful loop closure detection. An in-depth discussion on uncertainty
propagation is detailed in Section VII-B.

A. Stationary Detection

The system needs to pass a two-stage evaluation to be seen
as static by analyzing the IMU data and LIO poses. Given a
set of recent accelerometer measurements at time i, {ai, ωi},
we initially compute the mean values and variations of these
measurements as a = 1

N ΣN
i=1ai and ω = 1

N ΣN
i=1ωi. First, we

establish thresholds εa and εω for the variations of acceleration
and angular velocity. If Δa < εa and Δω < εω , the system is
tentatively classified as static as follows:

Δa = max
i

‖ai − a‖ , Δω = max
i

‖ωi − ω‖ . (2)

Next, we examine the LIO pose, characterized by the relative
translation ti,i−1 and rotation Ri,i−1. We set thresholds εt and
εR for the variations in translation and rotation, respectively. If
both |ti,i−1| < εt and |�(Ri,i−1)| < εR, we further confirm the
static state. Our refined two-stage approach offers a consistent
method for detecting ZUPT conditions.

B. Gravity Factor

We aim to estimate the pose p ∈ SE(3), given that the gravity
vector g ∈ R3 is a normalized constant. The measured accelera-
tion in the body frame, ab

m, when stationary, is an approximation
of the negative gravity vector. This acceleration is transformed
into the world frame aw by the rotation matrix R encapsulated
in the pose p, aw = Rab

m. The error rgf is then defined as
the deviation of the normalized world frame acceleration from
the fixed gravity direction rgf = aw/‖aw‖ − g. The Jacobian
matrix Jgf with respect to the pose is given as

Jgf =
[
03×3

R[ab
m]×

‖aw‖

]
3×6

(3)

where [ab
m]× denotes the skew-symmetric matrix of the vector

ab
m. The covariance matrix Σ is then derived from the inverse

of the Fisher information matrix H and is obtained as follows:

H = J�
gfW gfJgf, Σgf ≈ H−1 (4)

where W gf is the weight matrix associated with IMU noise.

C. No Motion Factor

The no motion factor can be defined as rnm =
Log(X−1

t Xt−1), where Xt and Xt−1 denote the consecutive
poses, and Log translates SE(3) into its Lie algebra. The
covariance matrix Σnm is depicted as a diagonal matrix with
small entries, indicating minimal uncertainty in both rotation
and translation.

VI. DEGENERATION-AWARE MAP FACTOR

Inspired by [23], [35], [36], [37], [38], and [39], our pro-
posed DM approach augments the traditional point-to-plane ICP
algorithm by integrating degeneracy detection and uncertainty
estimation modules.
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A. Point-to-Plane ICP

The point-to-plane ICP residual is expressed as

ri = (Rpi + t − qi) · ni (5)

where pi and qi represent the matched point pairs from the
current LiDAR sweep and the prior map, respectively, and ni

denotes the associated plane normal. The optimization objective
is to determine the rotation R and translation t that minimize
the sum of squared residuals

(R∗, t∗) = arg min
R,t

ΣN
i=1‖ri‖2. (6)

Utilizing the Hessian matrix H , pose updates are computed
as

H
[
Δθ� Δt�

]�
= −J�

dmrdm (7)

where Jdm denotes the Jacobian of residuals and rdm is the
residual vector. The solution to this system provides incremental
updates Δθ and Δt. We then compute the covariance matrix
Σdm as

Σdm ≈ H−1, H = J�
dmW dmJdm. (8)

This approximation assumes Gaussian noise and a local
quadratic cost function through the inverse Hessian matrix H .
Here, W dm is the weighting matrix related to LiDAR measure-
ment noise.

B. Degeneracy Detection

The ICP covariance derived from the Hessian matrix is often
inadequate for comprehensively identifying degenerate condi-
tions, which are particularly prevalent in environments with
repetitive or sparse features [37]. The objective in addressing de-
generation is to reliably identify degenerate directions and then
mitigate their effects through optimization strategies or sensor
weight adjustments. Following the methodology proposed by
Tagliabue et al. [36], we employ singular value decomposition
(SVD) on the Hessian matrix to analyze the condition numbers
continually to ascertain the principal directions of degeneracy

HX = UΣV � (9)

where HX is the Hessian submatrix for rotation or translation,
and SVD is indeed used to discern the singular values Σ with
orthogonal matrices U and V . Due to different scales of transla-
tion and rotation part, the separate condition number κ(HX) is
then given as κ(HX) = σmax/σmin, with σmax and σmin being
the largest and smallest singular values, respectively. A high
condition number signifies potential degeneration, indicating a
need for adaptive constraints.

Next, the directional contributions of each correspondence
pair to the pose update are then determined by C = −J�r,
which yields a vector C representing the influence on the
six pose parameters. We compute the relative contributions
in translation and rotation by calculating the ratio of corre-
spondences that maximally contribute to each pose parameter:
CRdim = Ndim/Ntotal. The contribution ratio CRdim for a specific
dimension is defined by the number of correspondences, Ndim,
with the maximal contribution in that dimension, relative to the

total correspondences, Ntotal. A dimension with a higher CRdim

demonstrates a predominant influence, directing the adjustment
of constraints to effectively counteract degeneracy. This mech-
anism ensures precise detection and management of significant
degeneracy, thus preserving the system’s accuracy. In line with
LOAM’s [23], [39] efficiency-first approach, degeneracy detec-
tion is conducted only in the first iteration, which is an effective
strategy in practical scenarios.

VII. UNCERTAINTY ESTIMATION IN FACTOR GRAPH

In contrast to the majority of graph-based SLAM systems,
such as LOAM and its enhancements [40], [41], which rely
exclusively on a fixed diagonal noise model, there is a notable
limitation in their ability to assess the uncertainty associated
with the final pose estimation. This section will introduce a
method for estimating the uncertainty of the odom factor and
then analyze how each factor in the entire factor graph affects
the pose uncertainty propagation.

A. Odom Factor

Given two poses X1 and X2 with their respective covariance
matrices Σ1 and Σ2 from the front-end odometry, and their cross
covariance Σ12, the joint covariance matrix is

Σjoint =

[
Σ1 Σ12

ΣT
12 Σ2

]
. (10)

Our goal is to estimate the covariance of the relative pose
X12 = X−1

1 X2, which can be computed by transforming the
joint distribution of X1 and X2. The Schur complement [42] of
Σ2 in the joint covariance matrix is calculated as

Σschur = Σ1 − Σ12Σ−1
2 ΣT

12. (11)

Due to the computational challenges associated with the inver-
sion of Σ2 in practical applications, we adopt a Jacobian-based
approach to approximate the covariance. The full covariance
propagation is computed as

Σfull ≈ J1Σ1JT
1 + J1Σ12JT

2 + J2ΣT
12JT

1 + J2Σ2JT
2 .
(12)

Under the assumption [42], [43], [44], [45] of independence
between X1 and X2, we simplify this by taking Σ12 = 0.
Hence, we can use a more straightforward Jacobian-based prop-
agation

Σlo ≈ J1Σ1JT
1 + J2Σ2JT

2 . (13)

The computation of pose Jacobians in our highly linear sys-
tems is complex and challenging. We directly employ the adjoint
representation for approximation. Let AdX12 represent the ad-
joint of the relative pose X12; then, the covariance propagation
can be approximated as

Σlo ≈ AdX12 Σ1AdT
X12

+ Σ2. (14)

B. Uncertainty Propagation in Factor Graph

We represent the uncertainty of different factors through their
covariance matrices, which are inverted to form the correspond-
ing information matrices. Then, the global information matrix
Λ is synthesized from these individual matrices and is related to
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the global Jacobian matrix J . For clarity, we consider a minimal
case with just three poses X = {X1, X2, X3}. Incorporating
various factors between these poses, as shown in Fig. 3, we
construct the total Jacobians and residual vectors as

J =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

J1,2
lo −J1,2

lo 06×6

06×6 J2,3
lo −J2,3

lo

J1
dm 06×6 06×6

06×6 J2
dm 06×6

06×6 06×6 J3
dm

03×6 J2
gf 03×6

03×6 03×6 J3
gf

J1,3
lc 06×6 J3,1

lc

06×6 J2,3
nm −J2,3

nm

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

48×18

, r =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

r1,2
lo

r2,3
lo

r1
dm

r2
dm

r3
dm

r2
gf

r3
gf

r1,3
lc

r2,3
nm

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (15)

The optimization process seeks to minimize the squared norm
of the linearized residual vector

δx∗ = arg min
δx

‖r + Jδx‖2 . (16)

A common approach to update the state vector involves using
the inverse [46]

δx∗ = −(J�J)−1J�r, X ← X ⊕ δx∗. (17)

The accurate covariance matrix W , a block-diagonal matrix
of individual covariance matrices, can be defined as

W =

⎡
⎢⎢⎢⎢⎢⎢⎣

Ω1,2
lo 06×6 06×6 · · · 06×6

06×6 Ω2,3
lo 06×6 · · · 06×6

...
...

. . .
...

...

06×6 06×6 · · · Ω1,3
lc 06×6

06×6 06×6 · · · 06×6 Ω2,3
nm

⎤
⎥⎥⎥⎥⎥⎥⎦

48×48

(18)

where the zero blocks signify the independent contributions of
each factor. Then, the global information matrix Λ is formulated
as

Λ = J�W J . (19)

Applying the Cholesky decomposition [47] to Λ yields the
covariance matrix Σ, as follows:

Λ = LL�, Σ = L−�L−1. (20)

In the covariance matrix Σ, the diagonal elements denote
variances and the off-diagonal elements represent covariances,
highlighting the interdependence of state variables. Incremental
algorithms such as iSAM2 [48] efficiently update graphs by
exploiting the sparsity in J and Λ, showcasing the evolving
nature of uncertainty propagation in factor graphs.

VIII. EXPERIMENTAL RESULTS

We conducted a comprehensive series of real-world experi-
ments in various indoor and outdoor environments to rigorously
assess the accuracy and robustness of our proposed system.

A. Experimental Setup

1) Hardware and Software Setups: In addition to utilizing
the FusionPortable dataset [2], our experiments were conducted
using three distinct sensor combinations:

1) Ouster-128 OS1 LiDAR with measurement noise of 3 cm,
with a 200-Hz time-synchronized STIM300 IMU; shown
in Fig. 1(a)

2) Pandar XT32 LiDAR with measurement noise of 1 cm,
combined with a 100-Hz time-synchronized SBG IMU
(redbird_01 and parkinglot_01);

3) Pandar XT32 LiDAR with 1-cm measurement noise, cou-
pled with a 700-Hz 3DM-GQ7 IMU (redbird_02).

We utilized two types of GT trajectories for validation:
1) an indoor MOCAP system providing 120-Hz six-DoF

data with 1-cm accuracy; shown in Fig. 1(b)
2) an outdoor 50-Hz 3DM-GQ7 INS system, achieving a

best case accuracy of 1.4 cm.
Prior maps were obtained using Leica MS60, BLK360, or

RTC360 scanners. Fig. 1(c) showed a dense prior map collected
with BLK360 in the garden_day sequence, along with the GT
localization trajectory generated by the PALoc.Computational
experiments were conducted on a desktop with an Intel i7 CPU,
96-GB DDR4 RAM, and 1-TB SSD. Point cloud processing
was done using the Point Cloud Library and Open3D [49], while
GTSAM [50] addressed the optimization challenges. Voxel filter
sizes were set to 0.1 m for LiDAR frames and 0.5 m for prior
maps.

2) Experimental Design: Our research entailed a compre-
hensive set of experiments to evaluate our method, covering
trajectory evaluation, map evaluation, degeneracy analysis, ab-
lation study, and run-time analysis. We conducted trajectory as-
sessment experiments to measure the accuracy of our algorithm
against real trajectories in both indoor and outdoor settings,
including degenerate scenarios. These experiments are compat-
ible with various LIO front ends. Recognizing the challenge of
acquiring GT trajectories in practice, we also conducted map
evaluation experiments to estimate the overall trajectory error.
This baseline included:

1) LIO: FAST-LIO2 (FL2)3, LIO-SAM (LS)4, and LIO-
Mapping (LM)5;

2) map-based localization: HDL-Localization (HDL)6 and
ICP;

3) prior-assisted localization: FAST-LIO-Localization
(FL2L).7

In our experiments, we utilized FL2 and LS as front-end
odometries, termed PFL2 and PLS, respectively. To assess the
effectiveness of the core modules of our algorithm, particularly
DM and ZUPT factors, an ablation study and in-depth analyses
of degenerate scenarios faced by ground robots were performed.

3[Online]. Available: https://github.com/hku-mars/FAST_LIO
4[Online]. Available: https://github.com/JokerJohn/LIO_SAM_6AXIS
5[Online]. Available: https://github.com/hyye/lio-mapping
6[Online]. Available: https://github.com/koide3/hdl_localization
7[Online]. Available: https://github.com/HViktorTsoi/FAST_LIO_LOCALI

ZATION
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TABLE I
QUANTITATIVE COMPARISON OF ATE [CM] AND RPE [CM] ACROSS DIVERSE

ENVIRONMENTS AND PLATFORMS USING DIFFERENT FRONT-END
ODOMETRY METHODS (PLS AND PFL2)

We also conducted comprehensive comparisons to evaluate the
performance of these core modules.

3) Evaluation Metrics: We employed widely used metrics
such as absolute trajectory error (ATE) and relative pose error
(RPE) for trajectory evaluation [51]. For map evaluation, we
utilized metrics like accuracy (AC) [11], [12], and Chamfer
distance (CD) [52]. We set the maximum distance for corre-
sponding point pairs to 0.2 m, aligned the maps to exclude
unrelated points, and used an error threshold of τ = 0.1 m for
computing these evaluation metrics. Let P represent the point
cloud sampled from the estimated map and the GT point cloud
map M. For a point p ∈ P , we define its distance to the GT map
as

d(p, M) = min
m∈M

‖p − m‖. (21)

Accuracy is defined as the average Euclidean distance be-
tween estimated points and their corresponding matches in
the GT map, calculated as AC = 1

N ΣN
i=1[dis(p̂i, pi) < τ ]. The

Chamfer distance calculates the average of the squared distances
between each point in one set and its closest point in the other
set

CDP,M =
1

2‖P‖
∑
p∈P

d(p, M)2 +
1

2‖M‖
∑

m∈M
d(m, P)2.

(22)

B. Trajectory Evaluation

Table I showcases the ATE and RPE of our PLS and PFL2
algorithms, tested on various platforms, including handheld and
quadruped robots. These data span both indoor and outdoor
settings, underscoring the precision of our algorithm in tra-
jectory generation. We directly obtain the trajectory ATE and
RPE results of HDL for motion capture room (MCR)-related
data from [2]. Compared to our proposed PFL2 and PLS, HDL

frequently experiences localization failures in these quadruped
robot scenarios. In the scenarios where HDL successfully runs,
our PFL2 and PLS exhibit at least a 20% improvement in
both ATE and RPE accuracy compared to it. This demonstrates
the robustness and high precision of our algorithm. In indoor
scenarios, particularly in the MCR-related datasets confined to
approximately 8 m × 5 m rooms, the PFL2 algorithm exhibits
overall trajectory accuracy below 5 cm for the quadruped plat-
form, despite the presence of significant near-field measurement
noise from the LiDAR. On handheld platforms, the accuracy
is notably lower compared to that of the quadruped platform.
Conversely, the PLS, utilizing a different front-end odometry,
shows superior precision in these feature-rich confined spaces,
highlighting the flexibility of our approach to adapt to SOTA
odometry methods. Benefiting from our factor graph frame-
work and the loosely coupled integration of pose fusion, our
system exhibits remarkable adaptability to SOTA LiDAR-based
odometry methods. This versatility and practicality underline
the robustness and applicability of our approach in real-world
scenarios.

Outdoor experiments with PFL2 were conducted in larger,
approximately 1000 m, tracks, including both common campus
pathways and areas with severe degeneration. In regular outdoor
settings, PFL2 achieved an ATE of around 10 cm and an RPE of
1.5 cm. However, in degenerate scenarios, ATE accuracy signif-
icantly decreased to approximately 30 cm, while RPE remained
relatively stable. These findings underscore the accuracy and
robustness of our algorithm in diverse environments and its ca-
pacity to handle challenging scenarios, including degeneration.

C. Map Evaluation

In practical applications without available GT trajectories,
evaluating the generated trajectory presents a challenge. There-
fore, we assess the accuracy of the estimated maps, using them
as an indirect measure of trajectory precision. Table II highlights
the robustness and accuracy of our algorithm in various campus
environments and across different platforms.

Compared to the FL2 and other LIO methods, our PFL2
achieves a substantial improvement in map AC, with at least a
50% enhancement. The CD is reduced by at least 30%. Further-
more, in contrast to map-based localization algorithms, PFL2
successfully generates trajectories across all data sequences,
consistently achieving near-optimal accuracy. Although it did
not attain the best results in the MCR_normal sequence, this
is likely due to the higher noise levels in LiDAR measurements
at close range. This underscores the ability of PFL2 in diverse
scenarios and its superiority in leveraging map information
for enhanced trajectory estimation. Our approach consistently
achieves top-tier results in AC and CD metrics, outperforming
SOTA techniques in demanding scenarios. Notably, the algo-
rithm exhibits remarkable map accuracy and resilience in long-
range degeneration situations, such as in the corridor_day
and escalator_day datasets, marked by significant varia-
tions in Z-axis height [see Fig. 5(e)].

Fig. 4 displays the error area distribution between the esti-
mated maps and the GT map for several sequences, applying a
threshold of less than 0.2 m. Considering minor variations in the
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TABLE II
MAPAC [CM] AND CD COMPARISON FOR 20-CM THRESHOLD IN DIVERSE ENVIRONMENTS

Fig. 4. Error map of diverse campus scenes. The degree of color
transition from blue to red indicates an increasing error in the mapped
area. (a) garden_day (259.5 m). (b) canteen_day (253.1 m).
(c) XZ view of escalator_day (600.1 m). (d) XY view of escala-
tor_day (600.1 m) with ceiling removal. (e) corridor_day (656.4 m).
(f) building_day (717.8 m).

map and differences in scanning patterns between the LiDAR
and GT Laser scanner, most areas estimated by our algorithm
maintain an accuracy of nearly 3 cm. This level of precision,
comparable to LiDAR measurement noise, indirectly verifies
the accuracy and effectiveness of our trajectory estimation,
supporting its use as a GT trajectory alternative.

Fig. 5. Translation degeneracy analysis in corridor. (a) and (d) rep-
resent real-world corridor scenes. The black point cloud represents
the prior map, and the red sphere with coordinate axes represents the
relative constraint strength in the XY Z dimensions but is unrelated
to the overall size of the ellipsoid. The flatter the ellipsoid, the more
severe the degeneration in a specific dimension. The blue and light
blue trajectories and the red points on the trajectories represent the
FL2 odometry trajectory, our algorithm trajectory, and the pose with DM
constraints. Our algorithm eliminates Z-axis drift error while ensuring
robustness in a U-turn intersection (c). The point clouds of different
colors in (f) indicate the corresponding number of constraints in XY Z
dimensions (see Section VI-B).

D. Degeneracy Analysis

In many ground robot scenarios, a majority of the point cloud
data is constituted by ground points, effectively constraining the
roll, pitch, and Z dimensions during pose estimation. This often
leads to degeneracy in translation along the XY -axis or rotation
in the yaw direction. We thoroughly analyze this degeneracy
in two distinct environments: the corridor_day (X-axis
degeneracy) and parkinglot_01 (yaw-axis degeneracy).

Fig. 5 presents a detailed analysis of degeneracy in the
corridor_day scenario, especially in narrow passages [see
Fig. 5(d)], where degeneracy is identified and high-precision
pose estimation is maintained. The red ellipses in the figures
indicate the condition number in translation dimensions at
different corridor sections. At feature-rich intersections [see
Fig. 5(a)], the constraints are well balanced, as shown by the
uniform ellipses in Fig. 5(b). However, in the narrow corridors
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Fig. 6. Degeneracy scenario analysis. The figure provides a detailed analysis of the DM factor in PALoc, applied to the parkinglot_01 dataset
with yaw degeneracy. It includes a time-variant depiction of ATE, ICP accuracy, ICP iteration count, ICP overlap rate, and the condition numbers
for translation and rotation. A specific threshold for the condition number, marked by the gray area, is set to identify degeneracy. It is observed that
during rotational degeneracy in the scene, there is a notable decline in ICP accuracy, and ICP overlap rate, along with a significant increase in ICP
iteration counts. These observations align well with the actual scenarios encountered in the parking lot setting.

[see Fig. 5(e)], the elongated ellipses along the X-axis signify
severe X-axis degeneracy, aligning with our theoretical anal-
ysis in Section VI. Fig. 5(f) investigates degeneration due to
limited LiDAR points constraining the X- and Z-axes, leading
to Z-axis error accumulation in narrow corridors, showcasing
an improvement over the original FL2 LiDAR odometry. The
blue and light blue trajectories in Fig. 5(c) represent the LIO
and PFL2 algorithms. The effectiveness of our DM module in
mitigating drift, especially in the Z-axis for LIO, is evident,
corroborating the map evaluation results in Table II.

Fig. 7 demonstrates the robustness of our PFL2 algo-
rithm compared to FL2L using the parkinglot_01 dataset.
Specifically, Fig. 7(c) highlights the XY uncertainty visual-
ization in a targeted dataset region, where the relative size
of spheres indicates their uncertainty levels. This visualiza-
tion guides us in determining the reliability of different di-
mensions in each pose estimate, underscoring the robustness
of our algorithm and how uncertainty aids in assessing pose
reliability.

Fig. 6 presents the performance analysis of the DM module
in the parkinglot_01 sequence using the PFL2, tracking
various error metrics over time. Initially, the ATE exhibits higher
values due to inaccuracies in initialization. Throughout the
process, the translation condition number maintains a very low
level, whereas the rotation condition number indicates severe
degeneracy in the parking area, leading to similar trends in both
ATE and RPE. However, degeneracy is relative, and we set a
threshold of 30 for condition number detection only in the first
step. This means that the periods when degeneracy is detected
do not necessarily coincide with reduced point cloud matching
accuracy—this would only be the case if the initial values were
near perfect. Our approach is to discard the DM constraints when

TABLE III
ABLATION STUDY OF ATE [CM], RPE [CM], AND AC [CM] ON

MCR_NORMAL_00

extreme values in the condition number are observed or when
point cloud matching fails. Hence, this explains why the trends
in ATE and RPE do not always align perfectly with the changes
in the condition number. The data reveal how our PFL2, with
its nuanced degeneracy handling, effectively manages various
challenges in diverse environments.

E. Ablation Evaluation

To systematically assess the contributions of different factors
within our proposed system, we conducted an ablation study on
the MCR_normal_00. This evaluation focused on the impact
of the LO, LC, NM, GF, and DM on the overall accuracy
of our system. Table III presents a comparative analysis of
the ATE, RPE, and map AC of our proposed method when
excluding these factors. Our findings reveal that the DM, GF,
and NM are critical components, contributing significantly to
the enhancement of trajectory accuracy. The exclusion of either
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Fig. 7. Trajectory comparison and uncertainty visualization in rotation
degenerate parking lot. (a) Robust performance of the PFL2 under
conditions of rotational degeneracy, operating smoothly. Red spheres
indicate the uncertainty in the translation part; larger spheres denote
greater uncertainty, with reduced uncertainty along the Z-axis. Occa-
sional large covariance spheres represent severe degeneracy caus-
ing matching errors, leading to the exclusion of these map factors.
(b) Trajectory of FL2L in blue, with coordinate axes representing the
poses, clearly showing direct localization failure in scenarios with rota-
tional degeneracy. (c) Pose uncertainty in the X and Y dimensions at
a 95% confidence; due to the scale of the visualization, the uncertainty
in Y is almost comparable to X, aligning with the observed real-world
scenario.

TABLE IV
PER-FRAME AVERAGE EXECUTION TIME [MS] COMPARISON OF KEY

MODULES ON TWO DATASETS

factor results in a notable increase in ATE, AC, and RPE. This
ablation evaluation highlights the coherent and complementary
nature of the components of our proposed method, ultimately
resulting in a robust and accurate system.

F. Run-Time Analysis

We rigorously evaluate the performance of our proposed algo-
rithm within extensive outdoor scenes, with a particular empha-
sis on the core modules that predominantly influence computa-
tional time: the DM and graph optimization (GO). Our DM mod-
ule has been benchmarked against the point-to-plane ICP imple-
mentation from Open3D [49], under a strict parameter alignment
such as K-nearest neighbors (KNN) radius and maximum iter-
ations, ensuring a fair assessment of our algorithm’s efficiency.
Table IV elucidates our findings, revealing that our DM module
reduces the per-frame processing duration by approximately
30% compared to the traditional ICP baseline, contributing to
an overall minimization of at least 20% in the average per-frame

Fig. 8. Performance analysis and comparison on redbird_02.

execution time. Despite this significant enhancement, the perfor-
mance gains in the GO module were marginal. We attribute this
to the meticulous computation of covariance for each system
factor, which slightly tempered the convergence pace during
optimization. Fig. 8 graphically contrasts the execution times
on the redbird_02 dataset, underscoring the enhanced per-
formance of our algorithm over the ICP method and affirming
the robustness of our approach in large-scale outdoor robotic
applications.

G. Discussion

Our proposed trajectory generation method exhibits com-
petitive performance across diverse scenarios and platforms.
Nonetheless, several known issues warrant future research. First,
the factor graph size expands as the scene enlarges, resulting in
reduced system efficiency. Second, the flexibility to arbitrarily
replace the front-end odometry complicates the isolated analysis
of odometry degeneration. In the degeneration detection aspect,
adjusting certain thresholds for various degenerate scenes is
necessary. Finally, while we have estimated the uncertainty of
the poses, a quantitative assessment has not been conducted,
leaving the results of uncertainty lacking experimental support.

IX. CONCLUSION

This article introduced a novel approach for generating dense
six-DoF GT trajectories, enhancing SLAM evaluation. We em-
ployed a factor GO technique, overcoming the limitations of
tracking-based methods and effectively handling degenerate and
stationary scenarios. The significant advancement of our method
lies in the derivation of covariance for each factor, improving our
understanding of pose uncertainty. In addition, we integrated
map evaluation criteria into this system, contributing to the
precision of trajectory generation. Despite the reliance on prior
maps, our open-source solution marks a notable step forward in
SLAM benchmark augmentation. Future efforts will focus on
expanding the applicability of our methods in diverse scenarios
in robotics research.
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