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PAPL-SLAM: Principal Axis-Anchored Monocular Point-Line SLAM
Guanghao Li1, Yu Cao2, Qi Chen2, Xin Gao1, Yifan Yang1, Jian Pu1,∗

Abstract—In point-line Simultaneous Localization and Map-
ping (SLAM) systems, the utilization of line structural informa-
tion and the optimization of lines are two significant problems.
The former is usually addressed through structural regularities,
while the latter typically involves using minimal parameter
representations of lines in optimization. However, separating
these two steps leads to the loss of constraint information to
each other. To solve both problems, we anchor lines with similar
directions to one principal axis. Precisely, our method models
the line-axis probabilistic data association using the Expectation
Maximization (EM) algorithm and provides the pipelines for
axis creation, updating, and optimization, enhancing the system’s
robustness and avoiding mismatch. Our system can optimize n co-
directional lines with only n+2 parameters, significantly reducing
the number of line parameters to be optimized and enabling rapid
mapping and tracking. Additionally, considering that most real-
world scenes conform to the Atlanta World (AW) hypothesis, we
provide an AW constraint by detecting structural lines based
on vertical priors and vanishing points. Experimental results
and ablation studies on various indoor and outdoor datasets
demonstrate the effectiveness of our system.

Index Terms—Line Features, Data Association, Bundle Ad-
justment (BA), Expectation Maximization (EM), Simultaneous
Localization and Mapping (SLAM).

I. INTRODUCTION

S IMULTANEOUS Localization and Mapping (SLAM), as
a classical problem, has seen significant development

over the past two decades. Among the numerous SLAM
systems [1]–[3], monocular Vision SLAM (VSLAM) stands
out as a classic system, widely adopted for its portability
and low cost [4]. However, most VSLAM systems [5]–[8]
depend on point features, which perform poorly in varying
lighting conditions and low-texture areas (typically artificial
environments). Consequently, recent years have seen a surge
in research on point-line VSLAM systems [9], [10], which are
useful [11] for the complex environment. In these systems,
the additional degree of freedom in line features compared to
point features provides extra structural information but also
introduces challenges in optimization. Therefore, utilizing the
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structural information provided by line features and efficiently
optimizing lines are two significant problems that are usually
seen as separate.

The structural information of lines is evident as many
line features exhibit the same (or similar) orientation, thus
giving rise to SLAM systems based on hypotheses like the
Manhattan World [12], Mixture of Manhattan World [13],
Atlanta World [14], and Hong Kong World assumptions [15].
These systems leverage specific patterns to impose constraints
on algorithm design, yielding effective results. However, these
systems do not integrate the structural information provided
by world assumptions with line optimization and, therefore, do
not fully utilize the structural information to constrain tracking
accuracy and global consistency.

The optimization of a line depends on its representation.
Different representations exhibit different characteristics in
VSLAM. The representation of a line has two categories:
over-parameterized and minimal parameter representations.
Over-parameterized representations, such as two endpoints,
Edgelets [16], and Plücker coordinates [17], [18], are intuitive
but require additional constraints during Bundle Adjustment
(BA). Furthermore, over-parameterized representation intro-
duces extra computational overhead, numerical instability,
and even unsuitability for nonlinear optimization. On the
other hand, minimal parameter representations like Orthogonal
Representation [19], Cayley Representation [20], and the No
Singularities and Special Cases [21] utilize four parameters to
describe a line, which is less intuitive compared with over-
parameterized representation. They do not require additional
constraints during optimization, but their capability for opti-
mizing line orientation is limited [22]. Besides, regardless of
the representation used, it needs at least four parameters for a
line and much time to reach a relatively good accuracy.

Integrating structural information and optimization in a
unified framework is a natural approach, as optimization can
leverage global structural regularities [23], while structural
constraints can further reduce the number of parameters in
optimization [24]. However, direct incorporation of structural
constraints into optimization remains challenging due to inher-
ent incompatibilities [22]. A promising strategy to bridge this
gap is to adopt an appropriate line representation that natu-
rally encodes structural priors while maintaining optimization
efficiency, which serves as the foundation of our work.

We present PAPL-SLAM, a monocular VSLAM point-line
system that uses a principal axis-anchored line representa-
tion to incorporate structural information into optimization.
Specifically, we restore the structural line features by uti-
lizing the orientation of its anchored principal axis and the
inverse depth of the midpoint of the observed line segment
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Fig. 1. The architecture of our system. Our system consists of tracking, local mapping, and loop closure threads. (a) shows the tracking thread workflow,
where we detect structural lines in the scene and perform pose optimization. (b) shows the local mapping thread, where we perform principal axis management
and local optimization. (c) show the loop closing process, using structural lines to optimize the essential graph. (d) shows our factor graph for BA, using a
three-parameter optimization method based on principal axes and traditional point and line feature optimization.

in the reference keyframe, which allows us to optimize n co-
directional lines using only n + 2 parameters. To handle the
mismatch problem, we use expectation maximization to model
the line-axis probabilistic data association. We also design
pipelines for axis creation, updating, and optimization to form
a complete line-axis optimization algorithm. Besides, to prove
that our line representation enables easy extension to different
world hypotheses, we add the Atlanta World hypothesis to
our VSLAM system, which achieves better accuracy with this
additional constraint. The main contributions of this paper are
summarized as follows:

• We present a monocular point-line VSLAM system with
well-designed modules. Extensive experiments on our
system demonstrate its robustness and precision.

• We incorporate the scene’s structural information into the
optimization process using our principal axis-anchored
line representation, enhancing the tracking accuracy and
presenting a more readable map representation.

• We provide a complete line-axis management pipeline
that includes creating, updating, probabilistically associ-
ating, and optimizing principal axes, enhancing the sys-
tem’s robustness while maintaining high running speed.

• We make an additional constraint for scenes commonly
encountered under the Atlanta World hypothesis, improv-
ing the tracking accuracy of artificial environments.

II. RELATED WORKS

Here, we briefly introduce representative SLAM systems.
For a more detailed review, please refer to SLAM surveys [25],
[26].

A. Point SLAM System
Most systems adopted point features due to their simplicity

and practicality. There were many methods to detect the char-

acteristics of the points, such as the Harris corner, Shi-Tomasi
corner, SIFT, FAST, SURF, Brief, and ORB. MonoSLAM [4],
as the first real-time monocular VSLAM algorithm, used Shi-
Tomasi corners for tracking in the frontend and employed an
Extended Kalman Filter (EKF) for optimization in the back-
end. PTAM [27] divided VSLAM into two threads: mapping
and tracking. The tracking thread used FAST corners for pose
estimation, while the mapping thread replaced the EKF with
a nonlinear optimization algorithm. LSD-SLAM [28] used a
direct method by optimizing pixel intensities and performed
loop closure with feature points. The ORB series [5], [6],
[8] adopted PTAM’s dual-thread approach and introduced a
loop closure detection thread. It used ORB features [29] for
tracking and DBoW [30] for loop closure detection, making
it one of the most influential SLAM systems today. Edge
SLAM [31] detected edge points from images and tracked
those using optical flow. However, point features cannot be
easily recognized and matched in areas with low textures
and lighting variations. In such regions, fully utilizing the
scene’s structural information can help improve localization
and mapping.

B. Point-Line SLAM System

Line features provide more structural information to adapt
to complex environments than point features. Some VSLAM
systems [32]–[37] used line features to add additional con-
straints to the scene, while others [24], [38], [39] went further
by using scene assumptions to enhance these constraints. For
the former, [40] used an EKF to jointly optimize point features
and line features represented by two endpoints. PL-SLAM [9]
represented a 3D line with its two 3D endpoints and introduced
a new reprojection error. EDPLVO [41] used the inverse depth
of two endpoints for optimization. However, these systems did
not utilize the directional information of the lines effectively.
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Fig. 2. Principal axis and line handling algorithms. (a) illustrates the definition
of our three-parameter line representation. (b) defines our principal axis
probabilistic association model. (c) shows the structural line and vanishing
point detection strategy based on the vertical prior. (d) demonstrates the tri-
angulation process of 3D lines and the reprojection error during optimization.

For the latter, many systems assumed the Manhattan World
hypothesis [42]–[47], often optimizing the rotation matrix first
and then the translation vector, but most were suited for indoor
environments. Some systems were also based on the Atlanta
World [11], [23], [48] or Hong Kong World [15] hypothe-
ses, providing a more general representation of structured
scenes. UV-SLAM [22] used structural regularities (vanishing
point factor) without any constraints, making it more broadly
applicable. However, the systems above do not effectively
represent a 3D line with directional information in BA. Our
system achieves this representation while also providing fast
and accurate pose estimation.

III. METHOD

Given the known camera intrinsic matrix K ∈ R3×3,
the input to our system is a sequence of image frames
{It}NI

t=1, and the output consists of estimated poses T cw

and a map with point features P n and line features Ln

in three dimension space. The pose T cw is an element of
SE(3) (the special Euclidean group), comprising a rotational
componentRcw ∈ SO(3) (the special orthogonal group) and a
translational component tcw ∈ R3. We propose PAPL-SLAM
to solve this state estimation problem.

Fig. 1 illustrates the framework of PAPL-SLAM. We de-
velop our system based on VPL-SLAM [23] and ORB-
SLAM2 [6], which consist of three main components: track-
ing, local mapping, and loop closing. The tracking thread
estimates the relative pose between the frame and its recent
keyframe. Local mapping initializes new features and performs
global BA between keyframes, while loop closing tries to
detect a loop in the feature map and perform global loop BA.
Feature is an essential element that transfers between these
components, which plays a vital role in the system pipeline.
Unlike ORB-SLAM2 [6], which creates and optimizes point
features in the three components above, we add structural

lines with multiple directions as a new feature. Therefore,
we will first introduce the line representation (Sec. III-A) and
line-axis management pipeline (Sec. III-B). To prove that our
system can easily extend to different world hypotheses, we
add one more constraint under the Atlanta World hypothesis in
Sec. III-C. Finally, Sec. III-D introduces the objective function
in the BA optimization of our whole system.

A. Point-Line System Model

In our system, we focus on the representation of lines and
take the representation of points from ORB-SLAM2 [6]. We
use a three-parameter representation to depict structural lines
and an orthogonal representation for temporary non-structural
lines during optimization. For their intuitive representation,
we use end-point representation and Plücker coordinates in
the non-optimization parts.

1) Over-parameterized Representation: Two distinct points
P 1,P 2 in three-dimensional space can determine a 3D line
L, which is useful for visualization. We can also represent a
3D line L by its plücker representation, which is defined by
two points on the line or by the direction vector v and one
point P 3 on the line:

L =

[
n
v

]
=

[
P 1 × P 2

P 2 − P 1

]
=

[
P 3 × v
v

]
, (1)

where n ∈ R3 is the normal vector of the plane determined
by the line and the origin.

2) Orthogonal Representation: We adopt a three-
dimensional rotation matrix U ∈ SO(3) (Eq. 2) to represent
the transformation from the original coordinate system to a
local coordinate system defined by the Plücker representation
of a line. This local frame is constructed from the normalized
normal vector n, the normalized direction vector v, and
their normalized cross product. This matrix U captures the
orientation of the line:

U =

[
n

∥n∥
,
v

∥v∥
,
n× v
∥n× v∥

]
. (2)

To represent the magnitude ratio between the normal vector
and the direction vector—which determines the line’s distance
from the origin—we introduce a second rotation matrix W ∈
SO(2) (Eq. 3). This matrix is constructed using the norms of
n and v:

W = R(ϕ) =
1√

∥n∥2 + ∥v∥2

[
∥n∥ −∥v∥
∥v∥ ∥n∥

]
. (3)

Together, U and W form the orthogonal representation [19]
of the line, denoted as (U ,W ) = (R(ψo),R(ϕo)) ∈
SO(3) × SO(2), where ψo ∈ R3 is a 3D rotation vector
representing the line’s orientation, and ϕo ∈ R is a 2D
rotation angle reflecting the line’s distance from the origin.
This representation has a total of four degrees of freedom.

The orthogonal representation can be converted back to the
Plücker representation via:

L =

[
cos(ϕo)U

T
:,1

sin(ϕo)U
T
:,2

]
, (4)

where U :,i denotes the i-th column of the matrix U .
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3) Three-parameter Representation: If a line associates
with an axis, it is called a structural line and can be represented
by three parameters. For structural line, L, the inverse depth r
of the midpoint of the line segment in its reference keyframe
and the direction v of its anchored principal axis can determine
its Plücker representation (Fig. 2 (a)):

L =

[
Pw × v
v

]
, P̃

w
= TwcP̃

c
, P c =K−1p̃/r. (5)

Pw and P c represent the midpoint in the world coordinate
system and the camera coordinate system, respectively, while
p represents the coordinates in the pixel coordinate system.
The tilde symbol (̃·) above a letter indicates the corresponding
homogeneous coordinates. Additionally, in order to avoid
additional constraints during optimization, we use the latitude
and longitude (ϕp, θp) to represent the direction vector of the
principal axis v = [vx, vy, vz]

T :{
ϕp = arccos (vz/

√
v2x + v2y + v2z)

θp = arctan (vx, vy) + π
. (6)

B. Line-Axis Management

Designing a management pipeline for the line-axis represen-
tation is necessary to provide a more robust system and handle
the mismatch problem. In the following, we will introduce the
creation, probabilistically associating and updating of lines and
axes.

1) Creation: When the number of unclassified structural
lines in the scene reaches a certain threshold τn, we identify
potential principal axes among them. We model the process
of finding principal axes to maximize a density function of
direction. Specifically, we use the mean shift [49] algorithm
to cluster the direction vectors v of all unclassified lines and
identify the centers m(v) among them:

m(v) =
∑

vi∈Dv
F(∠(vi,v))vi∑

vi∈Dv
F(∠(vi,v))

,

F (∠(vi,v)) = e−c∥∠(vi,v)∥2

,
(7)

where Dv represents the set of other direction vectors within
a certain angle τv of direction vector v, c is the parameter to
control the influence range of the kernel function, and ∠(vi,v)
is the function used to calculate the angle between two vectors.
F(·) is the Gaussian kernel function used to compute the
weights based on different angles. We iteratively optimize
Eq. 7 until the angle difference between the updated line and
the previous line is smaller than a threshold τm, or the number
of iterations exceeds 10.

For potential new principal axes, we first compare them
with existing axes. The new axis is discarded if the angle
difference is smaller than 10◦. We then calculate the average
angle difference between the related unclassified structural
lines of the potential axis and the potential axis to identify the
optimal principal axis. Additionally, we calculate the ratio of
the number of non-structural lines to the number of structural
lines in the current local map scene, and only if this ratio
exceeds 0.6 will a new principal axis be created.

2) Data Association: The increase in principal axes and the
drift in estimated poses can lead to incorrect line–principal
axis association. To mitigate the impact of such incorrect
associations and inspired by the approach to data association
in semantic SLAM [50], we develop a probabilistic model for
the principal axis–structural line association.

Given the estimated pose set T ≜ {Twc,t}NI
t=1, principal

axis set A ≜ {Ai}NA
m=1, and the set of structural lines

L ≜ {Lk}NL

k=1 to be associated, the data association D ≜
{αk}NL

k=1, which indicates the association of structural line Lk

with principal axis Aαk
, is estimated. Specifically, with states

T i and Ai on step i, unlike previous hard associations, we
calculate an optimal estimate T i+1, Ai+1 by maximizing the
expected measurement likelihood using EM algorithm, which
considers the density distribution of all possible D:

argmax
T ,A

ED
[
log p(L | T ,A,D) | T i,Ai,L

]
= argmax

T ,A

∑
D∈D

pv
(
D | T i,Ai,L

)
log p(L | T ,A,D)

= argmax
T ,A

∑
D∈D

NL∑
k=1

pv
(
D | T i,Ai,L

)
log p (Lk | T ,Aαk

)

= argmax
T ,A

NL∑
k=1

NA∑
j=1

wi
kj log p (Lk | T , Aj) ,

wi
kj =

∑
D∈D(k,j)

pv
(
L | T i,Ai,D

)∑
D∈D pv (L | T i,Ai,D)

,

(8)
where D is the space of all possible values of D, and wi

kj

represents the combined possibility of the set D(k, j), which
contains all possible associations where structural line Lk is
associated with principal axis Aj .

Fig. 2 (b) shows the data association process. To reduce
computational load, we first calculate the angle between the
direction vector of each structural line Lk and the direction
of the principal axis Am. A relatively loose threshold filters
out lines with large angles, whose weight wk,m are 0. We
assume the probability pv (Lk | T ,Aj) that a line belongs to
an axis follows a normal distribution with a mean of 0◦. The
input to pv (Lk | T ,Aj) is the angle difference between the
average vanishing point direction across all frames where the
structural line Lk is observed and the principal axis. Besides,
pv

(
L | T i,Ai,D

)
is different from p (L | T ,A,D) because

the former only considers the directional information for line-
axis association. In contrast, the latter considers projection,
which includes direction and position, to optimize the pose
and direction of the axis properly.

3) Update: We calculate the angle difference between the
principal axis Am before and after the BA. If the angle
difference exceeds τdiff , the direction of the principal axis
after the BA is adopted.

C. Atlanta Wold (AW) Constraint

We use EDLines [51] to detect line segments, as it can
detect more structural lines [23] with lower noise compared
to LSD [52]. After detecting the line segments, we follow
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the approach outlined in [23] for line segment fusion and
matching. Finally, we extract vanishing points and structural
lines from the images similar to the method described in [53].
Given that most structured scenes in everyday life conform
to the AW hypothesis, we additionally provide a structural
line and vanishing point detection algorithm based on vertical
priors (Fig. 2 (c)).

We modify the vanishing point detection algorithm proposed
in [53]. In the early stages of system operation, we extract
vertical lines from the images at the frontend following the
method outlined in [23]. The system begins extracting hori-
zontal structural lines once the vertical principal axis va is
initialized.

To improve robustness, we extract two dominant horizontal
vanishing point directions in each frame based the known ver-
tical principal axis va. We first generate all the possible pro-
posals for the two horizontal directions and then select the best
proposal. The two directions lie on the plane πa perpendicular
to va. Assuming va = [sin a sin b, sin a cos b, cos a]⊤ (a, b are
angles that represents the direction in 3D space), we can derive
a direction vector vh = [cos b,− sin b, 0]⊤ perpendicular to
va. The third direction can be calculated by their cross prod-
uct. In this way, we obtain a proposal hi = {va,vh,va × vh}.
To get all the proposals, we can rotate vh around va at
different angles θi with step 1◦, which generate vh,θi and
all proposals hi = {va,vh,θi ,va × vh,θi}360i=1. Subsequently,
the proposals {hi}Ni=1 are scored, and the optimal proposal
is selected. Through the vertical axis prior, the number of
proposals is significantly reduced from the original 37,800
proposals [53] down to 360 proposals.

Further refinement is necessary because the number of
samples limits the accuracy of the initial proposal. We use
the distance from the lines to the two optimal vanishing
points to find the corresponding line sets C0,C1. For each
set C, we construct the matrix M , where M i = s̃i × ẽi
represents the parametric equation of the line segment in the
row i, with s̃i and ẽi being the homogeneous coordinates
of the observed line segment endpoints. The solution to the
matrix equation Mx = 0 represents the intersection point of
the line segments in the set. By performing Singular Value
Decomposition (SVD) on the matrix M , we obtain the final
vanishing point vpfine. After optimization, the refined vanishing
point reclassifies the structural line segments.

D. Optimization
We focus on optimizing lines in the map, while optimization

of points can be referenced from ORB-SLAM2 [6]. For lines
that are not yet associated with a principal axis, we initially
treat their vanishing point direction in the corresponding
keyframe as a temporary principal axis. In their first opti-
mization, we optimize the lines using our three-parameter
representation. After their first optimization, we switch to
using the orthogonal representation to conduct the subsequent
optimizations. This is done until the line is associated with
at least one true principal axis. Once the line has been
successfully associated with a principal axis, we revert back to
the three-parameter optimization in the final stage. This three-
stage optimization approach is particularly beneficial in the

Fig. 3. Qualitative comparison between our representation and the orthogonal
representation before and after optimization on the toy dataset, under given
pose and observation perturbations.

TABLE I
RESULTS ON SYNTHETIC DATA

Metric Fix Pose Small Pose Noise Large Pose Noise
2-p 4-p 3-p 2-p 4-p 3-p 2-p 4-p 3-p

Time (S) 0.956 1.097 0.251 5.977 7.359 4.686 6.934 8.767 5.100
Errorl (CM) 0.014 0.006 0.009 0.596 0.942 0.314 6.577 5.144 3.643
Trans. (CM) 0 0 0 0.107 0.109 0.072 0.787 0.775 0.747

Rot. (Degree) 0 0 0 0.251 0.194 0.173 1.093 1.125 0.885
Errorl represents the residual norm in the Plücker representation. "Trans."
and "Rot." refer to the ATE RMSE metrics for the translation and rotation
components of the pose, respectively.

first stage. It helps mitigate the challenges associated with
optimizing line directions using the orthogonal representa-
tion [22]. Furthermore, the approach lays a solid foundation
for ensuring correct associations in later stages, making the
overall optimization process more robust and accurate.

1) Reprojection Error: Fig.2 (d) shows the process of 3D
line triangulation and its reprojection error in the image. For
a 3D line Lw, we first translate it from the world coordinate
to the current frame coordinate:

Lc = T cwLw =

[
Rcw [tcw]×Rcw

0 Rcw

]
Lw =

[
nc

vc

]
, (9)

where [·]× is the symbol for the antisymmetric matrix trans-
formation for a vector. Then, we project the line Lc onto the
pixel plane and calculate the reprojection error as the distance
from the endpoints p1,p2 of the line segment to the projected
line:

l
′
=KLnc =

 fy 0 0
0 fx 0

−fycx −fxcy fxfy

nc =

l1l2
l3

∈ R3,

(10)

el =

[
p1

T l
′√

l1
2 + l2

2
,

p2
T l

′√
l1

2 + l2
2

]T

. (11)

2) Optimization Function: The following are four different
types of optimization errors (Fig.1(d)) in our factor graph:

T i+1,Ai+1 =argmin
T ,A

K∑
k=1

M∑
j=1

wi
kje

T
slΩslesl +

∑
eTp Ωpep

+
∑

eTolΩoleol +
∑

eTaΩaea,
(12)

where esl is the three-parameter line optimization error con-
sidering data association or temporary vanishing points, eol
is the orthogonal representation error for structural lines not
bound to a principal axis, ea is the axis error that prevents
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Fig. 4. Qualitative mapping results on the garage dataset. Lines in different
colors represent different principal axes. Our system visually and intuitively
illustrates the corresponding scene using structural line features and various
colors.

excessive changes in the direction of the principal axis, and
ep is the point reprojection error. It is worth to notice that
esl corresponds to the probability log p (Lk | T ,Aj) with
similar form in [50], which means the reprojection error that
projecting 3D line Lk associated with axis Aj onto the frame
that observed line Lk.

3) Jacobian: We briefly show the chain rule of the repro-
jection error el concerning the three-parameter line [ϕ, θ]

⊤
, r.

The computation results for pose variables follow the approach
described in [32].

∂el

∂ [ϕ, θ]
⊤ =

∂el
∂v

∂v

∂[ϕ, θ]⊤
,
∂el
∂r

=
∂el
∂Lw

∂Lw

∂r
,

∂v

∂[ϕ, θ]⊤
=

 cosϕ sin θ sinϕ cos θ
cosϕ cos θ − sinϕ sin θ
− sinϕ 0


3×2

,

∂Lw

∂r
=

[
[v]×RwsP s

r
03×1

]
6×1

.

(13)

IV. EXPERIMENTS

A. Implementation Details

We run our system on a desktop PC with an Intel Core
i7-12700 CPU. To evaluate the robustness of our system,
we test it in complex outdoor datasets KITTI [54], [55] and
Campus [23] and the challenging underground parking dataset
(with glare and blur) BeVIS [56] and Garage [23]. Moreover,
we generated a toy dataset to compare the performance of
principal axis-anchored optimization with other line feature
optimization methods.

To assess the tracking and mapping capabilities of our
system, we compared it with open-sourced point-based SLAM
systems ORB-SLAM3 [8], LDSO [57], and open-sourced
point-line(-plane) based SLAM systems Structure-SLAM [46]
(For outdoor environment, we use its point-line mode without
the indoor structural constraint), Structure PLP-SLAM [39],
and VPL-SLAM [23]. Considering that line features provide
strong structural constraints, we also reduced the number of
point features detected per frame of our system accordingly.

We used the Absolute Trajectory Error Root Mean Square
Error (ATE RMSE) as the metric for tracking evaluation. We
evaluated all metrics using the average of 10 test runs for
fairness.

B. Results

1) Results on Toy dataset: We generated multiple sets of
lines with approximate directions and continuous poses and
added perturbations to the initial values of the poses and
line observations involved in the optimization. As shown in
Tab.I, we compare the optimization time, the poses error,
and the lines error with different representations (2-p [24], 4-
p [19]) of the line under three scenarios. In the scenario where
the poses are fixed as ground truth and do not participate
in the optimization, the line error in our method is slightly
larger than the orthogonal representation, as the orthogonal
representation fully utilizes an independent line. Nevertheless,
the optimization time of the 4-parameter representation is 4
times slower than our system.

When perturbations are added to the poses and included
in the optimization, our method’s pose and line errors are
smaller than those of the other two representations because our
method integrates the structural regularities into BA. Fig. 3
shows the qualitative convergence behavior of our method
compared to the orthogonal representation [19] under given
perturbations. Furthermore, in all scenarios, our optimization
speed is the fastest. The results on the toy dataset demonstrate
that our method achieves a better trade-off between accuracy
and speed1.

2) Results on Indoor Datasets: In structured indoor scenes
characterized by low-texture regions and lighting variations,
point-based SLAM systems perform poorly (especially meth-
ods based on optical flow), while line-feature systems provide
structural information. Tab.II shows the tracking results for
the indoor BeVIS [56] and Garage [23] datasets. Our system
achieved state-of-the-art tracking results in low-texture and
lighting-variable scenes. In these scenes, the AW constraint
works well to make the line features in the same direction
locally and globally (vertical lines are neat globally). Addition-
ally, we qualitatively visualized the generated point-line maps
(Fig. 4), where lines of different colors represent structural
line features anchored to different principal axes. Our maps
offer a clearer and more readable representation compared to
other systems.

3) Results on Outdoor Datasets: We tested the tracking
performance (Tab.II and Tab.III) of our system on outdoor
datasets KITTI [54], [55] and Campus [23]. The outdoor
scenes are complex, with dynamic objects and large loops.
Following the classification in [23], we divided KITTI’s 11
sequences into structured scenes with structured buildings and
semi-structured scenes with trees, poles, and other objects
with less geometric information and constraints than buildings.
In structured scenes (part of KITTI and Campus [23]), our
system effectively leveraged the scene’s information, achieving
good tracking metrics. In semi-structured scenes of KITTI,

1We modified the code at github.com/HeY ijia/vio_data_simulation
and the comparison code from [24].
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TABLE II
ATE RMSE (UNIT: M) RESULTS IN BEVIS, GARAGE AND CAMPUS DAATSETS

Method BeVIS Garage Campus
00 01 02 03 Avg. 00 01 02 Avg. 00 01 02 03 Avg.

LDSO [57] 0.53∗ 1.49∗ 0.47∗ 0.18 0.67 1.43 1.20 1.02 1.22 0.67 1.74 2.21 5.10 2.43
ORB-SLAM3 [8] 0.41 0.04 0.29 0.26 0.25 1.75 2.08 1.14 1.66 1.18 1.61 2.56 4.37 2.43

Structure-SLAM [46] 0.33 - 12.64 0.13 - - - - - 1.32 1.88 3.84 - -
Structure PLP-SLAM [39] 1.89∗ 0.03 - 0.18 - 3.19 6.73 1.13 3.68 2.40 5.67 6.37 20.77 8.80

VPL-SLAM [23] 0.37 0.16 0.41 0.16 0.28 0.85 1.05 1.01 0.97 0.65 0.87 2.12 3.62 1.82
Ours 0.09 0.04 0.21 0.09 0.11 0.69 0.75 0.91 0.78 0.61 0.77 1.78 3.02 1.54

*: The system crashed during operation, but some pose information was recorded before the crash.
-: The systems get lost during tracking because of visual degradation.

TABLE III
ATE RMSE (UNIT: M) RESULTS IN KITTI ODOMETRY DATASET

Method Structured Semi-structured
00 05 06 07 08 01 02 03 04 09 10

LDSO [57] 9.32 5.10 13.55 2.96 129.02 11.68 31.98 2.85 1.22 21.64 17.36
ORB3 [8] 8.07 6.71 15.19 2.89 55.97 - 25.38 1.05 1.25 8.04 8.76

Struct. [46] 6.62 12.62 23.67 3.36 104.92 - 23.62 2.68 1.22 13.78 7.52
PLP [39] 7.16 9.67 20.42 4.91 66.99 - 34.23 7.21 0.47 24.98 11.31
VPL [23] 6.04 4.64 11.01 1.64 66.05 - 23.23 0.81 0.75 8.22 8.49

Ours 5.62 4.51 12.47 1.52 50.87 - 21.36 0.77 0.72 7.91 8.75

TABLE IV
TIME ANALYSIS (UNIT: MS)

Method Component
F. E. Optim. Track.

LDSO [57] - - 20
ORB3 [8] 11 126 19

Struct. [46] 38 55 42
PLP [39] 48 227 55
VPL [23] 21 114 32

Ours 21 127 33

our system can also effectively use the limited structural
information, achieving relatively good results. It is worth
noting that, apart from the direct method LDSO [57], other
feature-based methods failed in KITTI 01. However, as shown
in the indoor dataset, LDSO [57] performs poorly in areas with
lighting changes.

C. Runtime Analysis

Except for LDSO [57], a direct method, all other methods
are improvements on the ORB-SLAM [6] series. Therefore,
we tested these methods in terms of feature extraction (F.E.),
local mapping thread optimization (Optim.), and the time
required to track (Track.) a single frame (Tab.IV). For LDSO,
we only tested the time to track a single frame, as other
modules cannot be fairly compared with ORB-SLAM [6]
series. Additionally, Structure-SLAM [46] is mainly suitable
for indoor datasets, which reduces some optimized parameters
during local optimization. The results show that our method
consumes less time than line-based systems, primarily due to
our principal axis anchoring optimization approach and the
deliberate reduction in point features.

D. Ablation Study

As shown in Table V, we conducted ablation experiments to
evaluate the effectiveness of different strategies. For the hard
association ablation, we replaced our proposed soft association
algorithm with a hard association approach, where each line
is anchored to only one principal axis. For the axis update
ablation, we examined the impact of using or omitting the
update strategies for the principal axes. For the vertical prior
ablation, we assessed the effect of including or excluding
the vertical prior. In the absence of vertical prior, all 37,800
proposals mentioned in Sec. III-C were tested. Lastly, for the
vanishing point refinement ablation, we evaluated the effec-
tiveness of applying or skipping the refinement for the two

TABLE V
ATE RMSE (UNIT: M) ABLATION OF DIFFERENT STRATEGIES

Method Garage KiTTi
s1 s2 s3 04 07

Hard Association 0.73 0.84 1.01 0.86 1.68
w/o. Axis Update 0.87 0.99 1.03 1.14 2.01
w/o. Vertical Prior 1.13 1.07 1.01 0.98 2.31

w/o. Vp Refinement 0.69 0.81 0.96 0.73 1.73
Our Full Model 0.69 0.75 0.91 0.72 1.52

horizontal vanishing point directions. The results demonstrate
the effectiveness of our strategies, particularly the vertical prior
and axis update. The soft association strategy also improved
accuracy, mainly by reducing the influence of mismatched
lines.

V. CONCLUSION

We propose a SLAM system that optimizes line features
with scene structural information. We improve efficiency and
accuracy by anchoring co-directional lines to a principal axis
and reducing parameters. Our principal axis management,
combined with vertical priors and vanishing points, enhances
robustness and minimizes mismatches. Experiments on multi-
ple datasets confirm the system’s reliability. We plan to extend
our system to work with stereo, RGB-D, and IMU sensors in
the future, building a more robust and versatile SLAM system.
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