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ABSTRACT: Feature-based Simultaneous Localization and Mapping (SLAM) using 2D Light Detection and Ranging
(LiDAR) in structured indoor environments commonly relies on the extraction of straight segments and corners from
raw scan data. The quality of these landmarks depends not only on the fitting algorithm, but also on how uncertainty is
modeled and propagated from line estimates to derived corner features. Although the magnitude of LIDAR uncertainty
has been widely studied, the influence of line parameterization and geometric conditioning on uncertainty propagation
has received less attention. In particular, the scale ambiguity inherent to implicit line representations can degrade
numerical conditioning and affect the stability of the propagated covariance estimates. This paper proposes a novel
Weighted Conformal Total Least Squares (WCTLS) formulation for line extraction from 2D LiDAR data. Unlike
conventional approaches, the proposed method enforces a geometrical normalization that removes scale ambiguity and
improves the conditioning of the estimation problem. The method is compared with Unweighted Total Least Squares
(UTLS) and Weighted Total Least Squares (WTLS) using real indoor datasets and repeated scans acquired from fixed
sensor positions. The results show that all three formulations provide equivalent geometric corner locations, whereas
the proposed WCTLS method consistently reduces the propagated uncertainty of the estimated corner coordinates. In
addition, repeatability analysis over 100 scans per environment shows that WCTLS yields lower median corner ellipse
areas and reduced dispersion across scans, without increasing computational complexity.

KEYWORDS: Feature extraction; geometric primitives; light detection and ranging (LiDAR) mapping; total least
squares (TLS)

1 Introduction

Simultaneous Localization and Mapping (SLAM) techniques have become a fundamental research area
in autonomous robotics. They enable robots and vehicles to move autonomously in unknown environments,
while also building a detailed map of their surroundings in real time. Its field of application spans beyond
robotics. It is common to employ SLAM techniques in areas ranging from autonomous driving [1-3] and
augmented reality systems [4] to remote hostile environment exploration [5]. For these purposes, the system
must be equipped with appropriate sensors. The most common choices are GNSS (Global Navigation Satellite
System), inertial navigation systems, cameras, RADAR (Radio Detection and Ranging), and LiDAR (Light
Detection and Ranging). Sensors are selected according to the environmental characteristics to be mapped.
In GNSS-denied environments where the satellite signal is lost, LIDAR sensors are a suitable alternative.
They generate a two-dimensional representation of the environment from which to accurately estimate the
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position and orientation of the robotic element in real time. Inertial sensors, which accumulate drift, and
cameras, conditioned by visibility, are typically less efficient options [6].

The ability of these sensors to provide accurate and detailed data in real time has led to their use
in numerous robotic platforms [6-8]. The rangefinder that equips the LiDAR sensor emits infrared laser
signals that are reflected by the surroundings. Its receiver picks up these reflected waves, and its processor
estimates the distance of the target from the sensor [3] by measuring the time-of-flight (TOF) of the signal.
Additionally, an encoder provides angle measurement for each observed target. The sensor delivers a raw
modulus-phase polar representation of the environment profile, which is processed into a map. LiDAR
sensors capture information at high resolution. This contributes significantly to the quality of the generated
maps, which is essential in applications that demand a detailed representation of the explored spaces. Recent
research, such as [9], Zou et al. [10], and Kim et al. [11], has addressed issues related to the effective integration
of LiDAR sensors into SLAM algorithms in order to improve the robustness and accuracy of positioning.

Despite its advantages, processing and storing large volumes of LiDAR data present challenges, espe-
cially in terms of computational resources. There are two main approaches regarding the transformation of
raw data into usable maps: scan matching or feature extraction [12]. The first option revolves around the
comparison of point clouds to complete the profile of the environment, with ICP (Iterative Closest Point)
the most commonly used algorithm. These methods are typically overwhelmed by the computational strain
as point clouds become larger [13]. In contrast, feature extraction methods extract the geometric features
defining the environment, thus reducing the volume of data to be processed during subsequent stages.
Such approaches significantly mitigate processing burdens within structured environments, where feature
variability is reduced to straight segments, and their intersections [14].

Feature extraction techniques eventually yield a limited number of representative points on the map,
which then serve as references for positioning. These points are necessarily obtained with associated esti-
mation uncertainty, which is typically represented through covariance matrices. These covariance matrices
are subsequently propagated during the estimation of successive robot poses along a trajectory and to new
references generated in successive remapping steps. The estimation of covariance matrices associated with
geometric features derived from LiDAR measurement standard deviations has been addressed by several
authors [15-18], and their propagation to segment intersections has been addressed in [17-19]. Methodologies
employed significantly condition the final results.

In this article, we propose a framework for estimating lines and corners as well as their uncertainties,
which we have called Weighted Conformal Total Least Squares (WCTLS), inspired by the formulation in [20],
but extended to explicitly incorporate measurement weighting and geometric normalization. The proposed
approach removes scale ambiguity and improves the conditioning of the estimation problem. A comparative
evaluation against the classic formulations of Unweighted Total Least Squares (UTLS) and Weighted Total
Least Squares (WTLS) demonstrates that WCTLS yields lower corner uncertainty. These results show that the
choice of geometric parameterization impacts the propagation of uncertainty and the reliability of landmarks
in LiDAR-based SLAM.

2 Related Work

Feature extraction methods perform two separate steps. In a first iteration, raw data is segmented into
separate geometric features. Afterwards, the parameters that define each of them are characterized.
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2.1 Feature Detection Algorithms

A geometric feature, also known as a geometric primitive, is a set of measured neighbouring points
with common properties, such as orientation or density, that identify regions such as walls or flat surfaces.
The most common criterion to define these sets is their belonging to the same straight section. This
refinement process performed on raw data is known as segmentation [14]. Nguyen et al. [21] collect the
classical straight section extraction algorithms: Split-and-Merge [22] based on the detection of new line
segments in those points whose distance to the straight line constituted by all of them exceeds a certain
threshold, Hough Transform [23], Line-Regression [15], Random Sample Consensus (RANSAC) [24] and
Expectation-Maximitation (EM) [25].

Other algorithms for line extraction have been described by Siadat et al. [20]. Iterative End Point Fit
(IEPF) [26], a variant of Split-and-Merge where the line is constructed from the first and the last point.
Successive Edge Following (SEF) [20] focuses on determining whether the difference between the distance
from one point and the distance to the next exceeds a certain threshold. Line Tracking (LT) [20] uses the
distance from the point to the segment constituted by the previous points as a segmentation parameter.

These algorithms have been widely used in the mapping process from 2D LiDAR data. The works of
Nguyen et al. [21], Borges and Aldon [27], Peter et al. [28], or Prieto-Fernandez et al. [17] are examples of
research conducted using them as a basis.

Recent advances in LiDAR perception have also explored semantic segmentation of point clouds to
identify structural elements of the environment. For example, Li et al. [29] use semantic segmentation to
isolate building surfaces for map-based localization, while Deng et al. [30] propose a semantic enhancement
network to improve object recognition in LiDAR data under challenging conditions. Although these
approaches focus on high-level semantic understanding, they further highlight the importance of reliable
feature detection and segmentation in LiDAR-based perception systems.

2.2 Feature Parameterization Algorithms

Once the environment has been segmented, the geometric features that define each segment are
extracted along with their associated covariance matrices. This way, a large volume of data is condensed into
a reduced number of parameters. The computational burden in subsequent processes is thus significantly
reduced [31].

One of the most common methods for feature extraction is line detection, which is considered to be one
of the simplest geometric primitives. Using line fitting algorithms, it is possible to identify linear segments in
the LiDAR point cloud. This approach is especially useful when linear features are predominant, as happens
in indoor environments. Pieces of research such as those conducted by Prieto-Fernandez etal. [17], Arras and
Siegwart [15], Siadat et al. [20] or Vandorpe et al. [16] contain effective methods for the characterization of
straight sections. Line extraction has been used in mapping processes such as those performed by Vandorpe
etal. [16], Anetal. [32], Pfister et al. [33], or Garulli et al. [34]. Other key points, such as curved sections, have
been in the research of Pedraza et al. [35] or Nunez et al. [36], among others. Curve fitting techniques allow
algorithms to recognize curvilinear patterns in the point cloud, thus identifying elements such as rounded
corners or curved edges.

In this paper, we are particularly concerned with corners. We define a corner as the intersection of line
segments. The uncertainty of these geometric features determines overall map quality. This is affected by the
accuracy of the data provided by the LiDAR sensor, as well as the effectiveness of the processing algorithms.
To tackle the latter, we propose a model for the evaluation of the uncertainty of the representative map points
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based on the uncertainty levels provided by the LIDAR sensor. For comparison purposes, we use a classical
model, presented in [20].

The methodology proposed in this paper extends the approach presented in [17] by reformulating the
line characterization in the inverse complex domain within a Weighted Conformal Total Least Squares
framework. In the Weighted Conformal LiDAR-Mapping (WCLM) approach [17], straight lines are rep-
resented through the coordinates of a generating point Q in the inverted plane obtained by conformal
inversion, and the estimation problem is formulated in terms of these coordinates. A related approach was
later proposed in [18], where line fitting is performed using a Conditional Weighted Linear Fitting (CWLF)
formulation. In that method, the regression model is conditioned on the accuracy of one coordinate axis,
leading to an asymmetric estimation framework. In contrast to classical TLS-based line parameterizations,
where the implicit model (a, b, ¢) is defined up to an arbitrary scale factor, the WCTLS formulation proposed
in this work directly estimates the parameters of the implicit line equation while exploiting the geometric
relationship with the characteristic point Q. By introducing a geometrically motivated normalization derived
from the conformal representation, the scale ambiguity of the implicit model is removed. As a result, the
estimation problem can be expressed within a total least squares framework with improved numerical
conditioning and more stable covariance propagation, particularly during corner estimation.

3 Methodology

This section describes the methodology adopted for extracting straight-line segments and corner
features from 2D LiDAR data, together with their associated covariance matrices. The proposed framework
operates on the implicit representation of lines, allowing for a compact geometric description and direct
propagation of covariance matrices. Starting from raw LiDAR points, straight segments are first estimated
using Total Least Squares-based formulations. These segments are represented in implicit form and sub-
sequently intersected to obtain corner features. The covariance matrix associated with line parameters is
propagated to the corner estimates, allowing the reliability of the extracted landmarks to be quantified.

Within this framework, three TLS-based estimation strategies are considered. The first corresponds to
the classical formulation by Siadat et al. [20]. The second extends this approach by incorporating range-
dependent weighting, as justified in [17]. The third method is the Weighted Conformal Total Least Squares
formulation proposed in this work, which introduces a geometric constraint to improve the conditioning of
the estimation problem.

For clarity, the overall processing pipeline of the proposed method is summarized in Algorithm 1:

Algorithm 1: WCTLS-based line extraction and corner uncertainty estimation

Require: Set of LIDAR points {(p;,6;)}
Ensure: Corner coordinates (x, y.) and associated covariance matrices

1: Convert LiDAR measurements from polar to Cartesian coordinates (x;, y;)
2: Segment the point cloud into line segments using IEPF segmentation
3: for each detected segment do

4:  Estimate line parameters using WCTLS formulation

5:  Compute covariance matrix of line parameters through covariance propagation
6: end for

7: for each pair of adjacent line segments do

8:  Compute corner coordinates from line intersection

9: Propagate line covariance matrices to obtain corner covariance matrix

(Continued)
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Algorithm 1 (continued)

10: end for
11: Compute corner uncertainty measures (standard deviations and ellipse areas)

return Estimated corners and associated uncertainty metrics

3.1 Unweighted Total Least Squares (UTLS)

As a baseline, we adopt the classical Unweighted Total Least Squares formulation for line fitting, as
described by Siadat et al. [20]. Given a set of 2D points (x;, y;) extracted from the mapped environment, a
straight segment is represented using the implicit line equation

ax+by+c=0 (1)

where the estimators of the parameters a, b and ¢ are

n

a:inZy?—Zinxiyi (2)

1
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Geometrically, the parameters a, b, and ¢ define the straight line containing the detected segment in
implicit form. The pair (a, b) determines the direction of the normal vector to the line, while the parameter
¢ specifies the perpendicular distance of the line from the origin when the normal vector is normalized.
Therefore, estimating these parameters corresponds to finding the straight line that best represents the set of
LiDAR points belonging to the segment.

Beyond parameter estimation, quantifying the covariance matrix of the fitted line is necessary to
assess the reliability of subsequent geometric features, such as corners. Assuming (o,, o) are the LIDAR

measurement standard deviations, the covariance matrix of the line parameters Cy can be obtained through
first-order uncertainty propagation

Va Cab Cac 0,2 C
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where the Jacobian matrix of line parameters w.r.t. (p;, 0;) is Jy and the covariance matrix C 6 is null.
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The expressions we have obtained for these terms are
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where N is the total number of points.

3.2 Weighted Total Least Squares (WTLS)

The UTLS formulation assumes homoscedastic measurements, which is not consistent with the noise
characteristics of 2D LiDAR sensors. In actual measurements, LIDAR uncertainty is range-dependent and
anisotropic, with variance increasing as a function of the measured distance. This heteroscedastic behaviour
is reflected in a weighted formulation following [17].

Each observation is assigned a weighting factor

1

- (UpPiUO)z’

8)

which corresponds to the inverse of the measurement variance derived from the probabilistic model of
LiDAR measurements in polar coordinates. Assuming independent Gaussian uncertainties in range p
(measured by the LiDAR sensor) and angle 6 (provided by the internal encoder), the resulting measurement
distribution can be modeled as a bivariate Gaussian distribution with a diagonal covariance matrix. The
weighting factor corresponds to the inverse of the determinant of this covariance matrix, which represents
the dispersion of the measurement distribution [17]. This formulation is equivalent to the first-order prop-
agation of polar measurement uncertainty through the polar-to-Cartesian coordinate transformation. This
weighting gives lower influence to distant or noisier measurements and improves the statistical consistency
of the estimation.

The weighted implicit line model becomes
ayx +by,y+c, =0, )

where the parameters (a,, b,, ¢, ) are obtained by solving a Weighted Total Least Squares problem

n n n n
Ay = D WiXi Y Wiy — D Wiy Y WiX;yi (10)
i i i i
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n 2 n ) n )
Cy = ( wixiyi) - Z WiX; zwiyi (12)
i i i
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As in the UTLS case, the covariance matrix is propagated to quantify the reliability of the estimated line
parameters. The covariance matrix of the weighted parameters Cyy is obtained as

ng Cawbw Cawcw 02 C
Cw=| Cap. Vo, Co, =Iw-[ o ]-1& (13)
Cawcw wacw Vcw pé 0

where Jyy is the Jacobian matrix of line parameters C(a,,, by, ¢,y ) w.r.t. (p;, 6;).
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For these terms, we have obtained the following expressions, where the average values are weighted.

T - “”# (2,2 + 9,X7) (15a)
T2 = wifwi . (—yiﬁ"r xiﬁ) (ISb)
T3=0 (15¢)
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Note that, since w; o< 1/p? and x;, y; o< p;, the products w;x7, w;y?, and w;x;y; become independent
of p;. Therefore, dc,,/dp; = 0, which explains why T3 = 0 in Eq. (15¢).

Compared to UTLS, the weighted formulation better reflects the statistical properties of LiDAR
measurements. However, the implicit parameterization still retains a scale ambiguity that can affect the
conditioning of the estimation problem, as discussed in the following subsection.

3.3 Weighted Conformal Total Least Squares (WCTLS)

The implicit line parameterization used in UTLS and WTLS exhibits an inherent scale ambiguity, since
multiplying (a, b, ¢) by any non-zero scalar represents the same geometric line. This ambiguity can degrade
the numerical conditioning of the estimation and affect uncertainty propagation. To address this limitation,
the proposed Weighted Conformal Total Least Squares formulation introduces a geometric normalization
derived from the inverse complex representation of the line.

The WCTLS formulation builds upon the inverse complex representation of a line derived from the
characteristic point Q(xq, yq), as introduced in [17]. In this representation, the line passing through the
segment can be expressed as

-k-xqg-x+k-yq-y+k=0 (16)
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where k is an arbitrary scale factor. Instead of leaving this factor undetermined, we impose as a restriction that
the orthogonal vector to the straight line containing the segment is unitary. This removes the scale ambiguity
and leads to a well-defined geometric parameterization. The normalization factor is therefore chosen as

1
K= ——— 17)
xQ* +yq?
Considering k as positive, the normalized line equation becomes
dx+l;y+c“=0 (18)

where d and b represent the versors (cosine and sine, respectively) of the orthonormal vector, i.e., cosine and
sine of the angle that the line segment forms with respect to the OX axis, and ¢ corresponds to the distance
between the straight line containing the segment and the origin of coordinates.

g = _ %o (19)
VX 4
h= 22 (20)

2 2
V¥ tVa

P (1)

2 L2
V¥t
This parameterization decouples orientation and distance, leading to improved conditioning of the
estimation problem and more stable uncertainty propagation.

Following the formulation in WCLM [17], the covariance matrix Cy ¢ of the normalized line parameters
is obtained from the covariance matrix Cq of point Q through first-order uncertainty propagation

Cwe = Jwe - Cq - Tive (22)

where [y is defined by

EREE

aXQ a)/Q 2
; ob b 1 xyi xizy‘i’ 3
we = = —XQ)Q 0

oxq 9 X2+ y3 )P

| dxq  dyq |

3.4 Corner Estimation

Once straight segments have been estimated, corner features are obtained from the intersection of
adjacent lines. Corners constitute salient geometric landmarks in structured environments. The previous
three methods define the line containing each segment implicitly from three parameters, obtained by variants
of Total Least Squares. The corners of the profile are extracted from these parameters by intersecting adjacent
line segments. The procedure followed is the one suggested by [17], using [20] as the basis for straight
section characterization.
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The corner coordinates (x., y.) are defined as

xo = becgrn — bence (24)
agbgg —agabe
_ GenCe— dsen (25)
agbgy — ag b
where the &-th terms correspond to the line parameters containing the first segment, while the & + 1-th terms
refer to the line parameters containing the second segment that forms the corner. Consequently, corner
covariance matrices are obtained by propagating the covariance matrices of the parameters corresponding
to the involved segments, collected in matrices Cy, Cyw and Cy ¢ as per the described methodology. The
covariance propagation, therefore, quantifies how the uncertainty of the line estimates is transferred to the
corner coordinates, providing a measure of the reliability of the detected feature.

4 Results and Discussion

Analysis and comparison of the Total Least Squares methods discussed in the previous section was
performed on data captured by SLAMTEC’s RPLIDAR SI sensor. It is a two-dimensional sensor with a
range of 40 m and a Field-of-View of 360°. According to the manufacturer, its depth accuracy is 5 cm while
its angular resolution is 0.391° [37]. This information has been used in the uncertainty as input for the
uncertainty propagation algorithms.

The sensor was operated in a stationary configuration and placed on existing furniture within the
environment. In environment A, the sensor was positioned at an approximate height of 1 m above the floor,
while in environment B, the height was approximately 1.5 m. In both cases, the sensor remained fixed during
the acquisition process. For each environment, 100 consecutive LiDAR scans were acquired from the same
position using the standard configuration of the RPLIDAR S1 sensor, operating at a scan frequency of 10 Hz.

The experimental evaluation of the UTLS, WTLS, and WCTLS methods has been conducted in two
structured environments, which we have identified as environment A and environment B, as shown in Fig. 1.
Environment A, characterized by small dimensions, is approximately 4.5 m long and 2.5 m wide. On
the contrary, environment B presents larger dimensions, about 18 m long by 9 m wide. Environment A
corresponds to a structured indoor domestic space (room-like scenario) where the dominant geometric
elements are walls, columns, and a wardrobe. These elements generate several planar surfaces and orthogonal
intersections that produce the line segments and corner features used in the experiments. Environment B
corresponds to a laboratory mainly composed of cabinets, columns, and partition panels. This configuration
creates multiple parallel walls and partial occlusions typical of indoor workspaces, leading to the set of
detectable line segments and corner intersections.

The segmentation of raw data has been performed using the Iterative End Point Fit methodology. A
threshold distance of 40 mm has been set for the IEPF algorithm. This value corresponds to an intermediate
operating point that yields a sufficient number of geometric features to represent the environment while
avoiding over-segmentation of the LiDAR scan. A sensitivity analysis over multiple LIDAR scans showed
that increasing the threshold reduces the number of detected corners as expected, while the propagated
corner uncertainty and the relative performance of UTLS, WTLS, and WCTLS remain consistent across the
tested range.



10 Comput Model Eng Sci. 2026;147(2):35

8000 -

3000 S .
"-«,\ ’
2500 N 6000 [ . ~

2000 F 4000 -

1500 + / 2000
1000 | / or ° ~
500 -2000 \ /
.,
\\ N\ -
-4000
-500 6000 - /\
-1000 .

-8000 -

y [mm]
y [mm]

o
T
[ J

L L L L L ! I L L

-3000 -2000 -1000 0 1000 2000 -10000 -5000 0 5000
X [mm] x [mm]

(a) (b)

Figure 1: The datasets used in the experiments have been acquired from the RPLiDAR sensor. The mapped profile
points are shown in black while the origin of coordinates corresponds to the position of the sensor (red dot) within the
mapped environment. (a) Environment A. (b) Environment B.

To facilitate the geometric interpretation of the results, a representative scan from each environment
is first analyzed in detail. This representative-scan analysis is used to illustrate the extracted line segments,
corner locations, and associated propagated covariance ellipses. Subsequently, the statistical consistency of
the three methods is assessed over the full set of 100 repeated scans acquired in each environment.

The scans yielded by the sensor show a section of both environments in polar coordinates. The origin of
coordinates is defined by the sensor position. Environment A is defined by 935 points, which are condensed
to 21 segments and 18 corners. Environment B is defined by 36 straight segments and 23 corners, extracted
from the 887 points provided by the laser rangefinder. In Fig. 2, both locations are shown with the corners
numbered clockwise, since this is the rotational direction of the laser rangefinder.
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Figure 2: The black triangles represent the corners extracted from the intersection of the environments’ straight
sections. Environment A has 18 corners while environment B is characterized by 23 corners. (a) Environment A.
(b) Environment B.
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Tables 1 and 2 show the standard deviations of the estimated corner coordinates obtained by UTLS,
WTLS, and the proposed WCTLS formulation for a representative scan in environments A and B, respec-
tively. For both environments, UTLS and WTLS yield nearly identical standard deviation values for all
corners. Differences between both methods remain below a few percent and do not alter the overall
magnitude of the uncertainty, confirming that the introduction of measurement weighting alone does not
significantly improve the reliability of the extracted corner features.

Table 1: Corner uncertainties of environment A in mm.

UTLS WTLS WCTLS
Corner
0Oy, oy, Oy, oy, oy, oy,
1 42.02 35.08 42.98 3728 13.43 10.43
2 38.75 46.31 38.38 45.70 8.86 7.18
3 3745 35.28 37.48 35.27 11.04 12.96
4 38.74 35.15 38.77 35.14 11.76 12.56
5 44.09 29.29 43.97 29.36 13.89 10.21
6 42.52 29.67 42.41 29.71 13.59 11.50
7 40.39 33.50 40.35 33.48 14.14 12.12
8 108.08 102.57 110.27 104.08 41.75 3757
9 27.27 35.27 2733 35.31 10.51 13.83
10 37.83 43.36 37.67 43.40 21.46 26.95
1 187.04 97.18 187.14 97.10 84.10 40.56
12 38.77 74.93 39.51 75.36 25.53 32.23
13 42.22 85.81 42.97 85.75 13.33 14.08
14 56.23 51.97 56.20 51.97 33.67 29.03
15 3757 95.53 37.59 95.84 17.56 40.37
16 78.55 58.15 78.11 57.53 29.05 25.87
17 86.91 62.53 86.53 61.90 35.16 34.73
18 156.12 174.29 156.13 174.26 59.12 66.36

Note: Uncertainties are reported in mm. oy, and o, denote the standard deviations of the corner coordinates along
the x and y axes, respectively.

Table 2: Corner uncertainties of environment B in mm.

UTLS WTLS WCTLS
Corner
Oy, oy, oy, oy, Oy, oy,
1 46.59 57.20 46.63 5721 37.36 51.30
2 88.80 36.59 88.79 36.59 65.74 30.47
3 232.04 124.88 231.13 124.58 127.36 61.92
4 36.28 58.61 36.41 58.66 18.95 42.12
5 40.86 68.15 41.03 68.23 16.55 22.29
6 54.22 67.46 54.26 67.50 43.38 51.52
7 54.52 66.33 54.56 66.35 37.89 41.68
8 49.08 54.08 49.08 53.82 53.34 32.23

(Continued)



12 Comput Model Eng Sci. 2026;147(2):35

Table 2 (continued)

UTLS WTLS WCTLS
Corner
Oy, Oy, oy, oy, oy, oy,

9 53.57 142.46 53.57 142.51 35.97 69.75
10 171.83 42.70 171.66 42.66 136.69 3741
1 136.30 89.89 136.22 89.89 87.59 69.42
12 41.29 123.92 41.00 123.30 47.36 100.55
13 34.07 38.74 34.03 38.77 28.50 24.47
14 97.49 100.88 97.28 100.36 45.03 27.95
15 100.19 104.79 100.12 104.35 45.32 28.25
16 62.86 63.33 62.90 63.46 48.09 42.58
17 36.76 89.71 36.76 89.69 33.58 82.10
18 112.84 131.71 112.86 131.72 50.22 82.49
19 90.89 41.36 90.90 41.36 69.83 31.80
20 73.03 36.45 73.15 36.47 47.24 26.80
21 55.88 67.45 55.67 67.33 42.24 46.54
22 56.72 69.15 56.57 69.13 43.90 54.87
23 31.48 43.63 31.48 43.63 32.11 36.14

Note: Uncertainties are reported in mm. o, and o, denote the standard deviations of the corner coordinates along
the x and y axes, respectively.

In contrast, the proposed WCTLS formulation reduces the standard deviations of the corner coordi-
nates. In environment A (Table 1), the standard deviations oy, and o0, obtained with WCTLS are typically
reduced by factors ranging from approximately 3 to 6 with respect to UTLS and WTLS. For instance, corner
1 exhibits a reduction from (42.02, 35.08) mm with UTLS to (13.43, 10.43) mm with WCTLS, while corner
18 decreases from (156.12, 174.29) mm to (59.12, 66.36) mm. Similar reductions are observed across the
remaining corners, including those associated with comparatively large coordinate standard deviations.

A comparable trend is observed in environment B (Table 2), which presents a more challenging
geometric configuration with larger distances and several partial occlusions. While UTLS and WTLS again
yield virtually identical results, WCTLS achieves a systematic reduction in the standard deviations of the
corner coordinates. Typical reductions range between factors of 2 and 4, depending on the local corner
geometry. These results indicate that the improvement introduced by WCTLS is consistent across different
indoor environments and not restricted to a particular spatial configuration.

To provide an intuitive visualization of the uncertainty associated with the corner estimates, Fig. 3 shows
the covariance ellipses obtained for a scan in both experimental environments. The ellipses represent the
propagated covariance of the estimated corner coordinates and are displayed with an expansion factor of
10 to improve visual interpretation. As observed in the figure, the uncertainty ellipses obtained with UTLS
and WTLS are nearly identical in most cases, confirming that both formulations lead to similar uncertainty
estimates when applied to the considered datasets. A small discrepancy can be observed in corner 1 of
Environment A, where the two methods produce slightly different ellipse sizes. However, these differences
remain minor compared to the overall uncertainty scale. In contrast, the proposed WCTLS formulation
consistently produces smaller uncertainty ellipses for all detected corners in both environments. This
reduction indicates that the proposed normalization strategy improves the conditioning of the estimation
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problem and leads to more stable covariance propagation in the corner estimation process. Consequently,
although all methods provide equivalent geometric corner locations, WCTLS achieves a consistent reduction
in the estimated positional uncertainty of the extracted features. This visual result is fully consistent with the
numerical values reported in Tables 1 and 2.
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Figure 3: Corner uncertainty ellipses obtained from a LiDAR scan in the two experimental environments:
(a) Environment A and (b) Environment B. Ellipses correspond to UTLS (blue), WTLS (green), and WCTLS (red) and
are shown with a scaling factor of 10 for visualization.

Although the representative-scan analysis is useful to visualize the geometric behavior of the three
methods, it does not by itself characterize scan-to-scan variability. For this reason, an additional repeata-
bility analysis was conducted using 100 consecutive scans acquired from a fixed sensor position in each
environment. For each scan, the median area of the uncertainty ellipses corresponding to the detected
corners was computed. This per-scan median ellipse area provides a compact scalar measure of the typical
propagated corner uncertainty while ensuring that each scan contributes equally to the statistical analysis,
independently of the number of corners detected in that scan. Fig. 4 shows the statistical distribution of these
per-scan median ellipse areas for the three estimation methods. Each box represents the interquartile range,
corresponding to the interval between the first and third quartiles and therefore containing the central 50%
of the scans. The horizontal line inside each box denotes the median value, while the whiskers extend to 1.5
times the interquartile range. Outliers, corresponding to scans with unusually large uncertainty values, are
represented by circles. A logarithmic scale is used in the vertical axis to facilitate the visualization of relative
differences in uncertainty magnitude.

In environment A, the box plots in Fig. 4a show that UTLS and WTLS yield very similar uncertainty
levels across the repeated scans. The median ellipse area per scan is approximately 4.5 x 10> mm? for both
methods, with values of 4498.5 + 330.3 mm? and 4594.7 + 355.0 mm?, respectively. In contrast, the proposed
WCTLS formulation produces a substantial reduction in the typical uncertainty, yielding a median ellipse
area per scan of 626.2 + 178.7 mm?. This corresponds to an approximate sevenfold reduction in the typical
per-scan median ellipse area with respect to the classical TLS formulations. The box plot also reveals a
noticeably smaller dispersion of the uncertainty values for WCTLS, indicating a more stable behavior across
repeated scans.

A similar trend is observed in environment B, as shown in Fig. 4b. In this case, UTLS and WTLS

again exhibit nearly identical behavior, with median ellipse areas per scan of 8125.3 + 914.1lmm?* and
8123.6 + 911.1 mm?, respectively. The WCTLS method consistently produces lower uncertainty values, with
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a median ellipse area per scan of 3468.5 + 640.9 mm?. Although the improvement is less pronounced than
in environment A, WCTLS still reduces the typical uncertainty by a factor of approximately 2.3. The box
plot distributions further show that this reduction is systematic across the repeated scans, rather than being
driven by a small number of favorable cases.
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Figure 4: Distribution of the median corner uncertainty ellipse area per scan obtained from 100 repeated scans in two
indoor environments: (a) Environment A and (b) Environment B. Each value corresponds to one scan and represents
the median ellipse area of the corners detected in that scan. The vertical axis is displayed in logarithmic scale.

The experimental results show that this improvement in WCTLS does not come from the weighting
of measurements, which is already present in WTLS, but from the elimination of the scale ambiguity
inherent in the implicit line representation used in classical TLS formulations. In UTLS and WTLS, the
parameters (a, b, ¢) are not uniquely defined, which negatively affects numerical conditioning and amplifies
the propagated covariance associated with the corner estimates. By enforcing a geometrical normalization,
the WCTLS formulation decouples orientation and distance parameters and yields better-conditioned
covariance matrices. This results in smaller and less anisotropic error ellipses, as evidenced both by the
per-corner uncertainty values and by the global ellipse area distributions.

5 Conclusions

Simplifying the 2D LiDAR SLAM process by extracting geometric primitives from the mapped envi-
ronment is becoming increasingly common. In this paper we have analyzed different variants of the Total
Least Squares method for obtaining geometric features in the mapping process, proposing a method that
improves the conditioning of the estimation problem and the reliability of the extracted geometric features.

Experimental results obtained from two real indoor environments show that all analyzed TLS variants
(UTLS, WTLS, and WCTLS) yield equivalent geometric positions for the extracted corners. This confirms
that the proposed method does not alter the underlying geometric structure of the map. However, significant
differences arise in the associated covariance-based uncertainty estimates. While UTLS and WTLS provide
nearly identical uncertainty values, the proposed WCTLS formulation consistently achieves a reduction
in the standard deviations of the estimated corner coordinates. The standard deviations of the corner
coordinates obtained with WCTLS are reduced by factors ranging from approximately 3 to 6 in environment
A and between 2 and 4 in environment B when compared to UTLS and WTLS. This improvement is
further supported by the analysis of the propagated error ellipse areas computed over 100 repeated scans
acquired from fixed sensor positions. In this repeatability analysis, WCTLS significantly reduces the typical
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ellipse area and exhibits lower dispersion across scans, indicating a more stable behavior of the propagated
uncertainty estimates.

These results demonstrate that the improvement achieved by WCTLS is not driven by measurement
weighting alone, but by the elimination of the scale ambiguity inherent to the implicit line representation used
in conventional TLS approaches. By enforcing a geometric normalization, WCTLS yields better-conditioned
covariance matrices and more compact uncertainty estimates for derived corner features.

Despite these promising results, the proposed formulation has been validated in structured indoor envi-
ronments, where geometric primitives such as lines and corners are clearly observable. Further investigation
will be necessary to assess whether the approach can be generalized to more complex or less structured
scenarios. It should be noted that no external ground-truth measurements of the true corner positions were
available in the considered environments. Consequently, the experimental results demonstrate a consistent
reduction in the propagated uncertainty associated with the extracted corners, but they do not directly
establish an improvement in absolute geometric accuracy with respect to an external reference.

Future work will focus on exploiting the improved corner uncertainty provided by WCTLS in down-
stream SLAM tasks, such as data association, map optimization, and robot localization, assessing its potential
impact on overall navigation accuracy and robustness.
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