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Abstract— Simultaneous Localization and Mapping (SLAM) is
a crucial task in various domains, including intelligent robotics,
computer vision, and indoor navigation. Accurate and robust
trajectory estimation is especially challenging in indoor environ-
ments due to the presence of feature-poor or repetitive scenes,
limited visibility, and dynamic objects. Obtaining highly accurate
machine platform odometry is also an important basis for solving
the “last mile” problem in intelligent transportation. This paper
proposes a novel algorithm that combines LiDAR-based SLAM,
total station measurements, and graph optimization to optimize
the robot’s trajectory in indoor environments. By integrating
highly accurate positional data from total station measurements
as additional constraints, the proposed method enhances the
performance of indoor LiDAR SLAM, effectively addressing the
challenges of drift and trajectory offsets. Moreover, the proposed
algorithm can provide trajectory optimization even in the absence
of loop closure detection, making it more robust and suitable for a
broader range of indoor environments. Experimental results vali-
dated the effectiveness of the proposed approach in reducing drift
and improving trajectory estimation for low-cost indoor LiDAR
devices, demonstrating its potential in various applications such
as autonomous navigation, facility management, and augmented
reality. It provides targeted ground truth for autonomous driving
of machine platforms in intelligent transportation scenarios.

Index Terms— Mobile laser scanning, indoor SLAM, graph
optimization, low-cost platform, trajectory optimization.

I. INTRODUCTION

S IMULTANEOUS Localization and Mapping (SLAM) has
been a critical research topic in the field of intelligent
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robotics, autonomous systems, and intelligent transportation
systems (ITS) for many years [1]. One of the most com-
mon applications of SLAM is in indoor environments, where
Global Navigation Satellite System (GNSS) signals are usually
unavailable or unreliable [2]. Corresponding methods are also
needed to solve the tasks of high-definition map generation
and environmental perception to complete the “last mile”
problem in the task of autonomous driving and intelligent
navigation. In such scenarios, alternative sensors, such as Light
Detection and Ranging (LiDAR) sensors, cameras, or iner-
tial measurement units (IMUs), are often used to estimate
the robot’s positions and build a map of this GNSS-denied
environment [3].

LiDAR-based SLAM has gained increasing popularity due
to its advantages over other sensing modalities, such as its
high accuracy, long range, and remarkable robustness to
various lighting conditions [4]. However, LiDAR SLAM in
indoor environments often suffers from drift and trajectory
offsets, which can lead to inaccurate localization and mapping
results [5]. To address these challenges, several approaches
have been proposed, including loop closure detection [6],
graph optimization [7], and the fusion of multiple sensors [8].
In particular, graph optimization techniques have shown great
potential in improving the accuracy and consistency of SLAM
results by minimizing the errors between the estimated poses
and the constraints from sensor measurements [9].

In this paper, we propose a LiDAR SLAM method, named
SLAM-TSM, which incorporates graph optimization and total
station measurements to improve the accuracy of the estimated
trajectory without relying on loop closure detection in indoor
environments. This is especially relevant for low-cost indoor
LiDAR devices, which may have limitations in terms of range,
resolution, or field-of-view (FoV), making loop closure detec-
tion challenging [10]. To be more specific, data preprocessing
was first conducted to decrease noise, outliers, and computa-
tional complexity in the raw point clouds. Second, the Iterative
Closest Point (ICP) algorithm [7] was employed to register
consecutive point cloud scans and estimate the relative motions
between different scans. Third, the total station measurements
were integrated into the proposed algorithm to improve the
accuracy of the estimated trajectory. Fourth, the key points
collected by the total station were utilized as landmarks,
which were incorporated into the SLAM system as additional
constraints. Then, graph optimization was performed to refine
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the robot’s trajectory by minimizing the errors between the
estimated poses and the constraints from scan registration and
total station measurements. Finally, an alternative optimization
approach without loop closure detection was carried out for
further error minimization.

The main contributions of this work are as follows:
1) We propose a novel algorithm for indoor LiDAR SLAM

that leverages total station measurements and graph
optimization to optimize the robot’s trajectory.

2) We demonstrate the effectiveness of the proposed
method in reducing drift and improving trajectory
estimations, even in challenging indoor GNSS-denied
environments.

3) We show that the proposed algorithm can provide tra-
jectory optimization without relying on loop closure
detection, making it more robust in feature-poor or
repetitive indoor scenes.

The remainder of this paper is organized as follows:
Section II provides an overview of related work in the field
of indoor SLAM, LiDAR-based SLAM, and total station
integration. Section III describes the proposed methodology,
including preprocessing, scan registration, total station mea-
surement integration, and graph optimization. Section IV
presents experimental results and evaluations of the proposed
method. Finally, Section V concludes the paper and discusses
future research directions.

II. RELATED WORK

Various SLAM techniques have been proposed and devel-
oped over the years, with a wide range of applications in
indoor environments. In this section, we review some of the
most relevant works related to LiDAR-SLAM, loop closure
detection, and graph optimization.

A. LiDAR-Based SLAM

LiDAR-based SLAM has been a prominent area of study
in the domain of robotics and autonomous vehicles. The
primary aim of such algorithms is to generate a map of
the environment and concurrently localize the sensor within
this map. This section aims to survey some key contribu-
tions and developments in this field. A seminal work in the
field of LiDAR-based SLAM was introduced by Levinson
and Thrun [11]. Their approach was primarily designed for
autonomous driving applications, leveraging 3D LiDAR to
perform real-time and large-scale SLAM. This algorithm com-
bined the scan alignment with a graph-based optimization
process to generate high-fidelity maps. This method was
fundamental in inspiring further research in the field. LOAM
(Lidar Odometry and Mapping) [4] represented another break-
through in the field of LiDAR-based SLAM, which exhibited
real-time performance, maintaining high precision over long
distances. By segregating the problem of motion estimation
and scene reconstruction, LOAM efficiently handled the com-
putational challenges of the SLAM problem. Qin et al. [12]
made several experimental comparisons of a large number
of SLAM algorithms in different scenarios and found that
LOAM could obtain good performance in both small and

large test fields. SegMatch [13] offered an alternative approach
to the LiDAR SLAM by segmenting the environment into
identifiable elements, matching these segments across scans,
and generating a pose graph for optimization. SegMatch
demonstrated superior performance in urban environments,
even with sparse LiDAR data.

More recently, advanced techniques like LeGO-LOAM [14],
SuMa [15] and SuMa++ [16] have greatly improved previ-
ous algorithms. LeGO-LOAM was designed specifically for
ground vehicles and achieved high accuracy while maintain-
ing a low computational load. SuMa, on the other hand,
employed a surfel-based representation, which was more effi-
cient for large-scale 3D environments. SuMa++ uses the same
Surfel-based Mapping (SuMa) pipeline to extend integrating
semantic information, which improves the robustness and
accuracy of the pose estimation by SuMa. Lastly, research
on incorporating machine learning into the LiDAR SLAM,
for example, Yang et al. [17] offered promising avenues for
further development in the field. Their method used a deep
learning network to identify salient features in the LiDAR
data, reducing the reliance on manual feature engineering
and potentially improving the robustness of SLAM algo-
rithms. As LiDAR sensors become more available due to their
decreasing costs, it’s expected that research in LiDAR-based
SLAM will continue to grow, providing even more robust and
efficient solutions for mapping and localization.

B. Loop Closure Detection

Loop closure detection, also known as place recognition,
is a critical component in SLAM systems. It is responsible for
identifying when a robot revisits a previously mapped location,
allowing for error correction in the map and trajectory over
time. Angeli et al. [18] introduced a method based on a bag-
of-words approach for visual loop closure detection. Their
work highlighted the importance of invariance to viewpoint
and lighting changes for effective loop closure identification
in visual SLAM systems. FAB-MAP, a popular probabilistic
technique for large-scale loop closure detection, was pre-
sented by Cummins and Newman [19]. They used a fast
appearance-based mapping approach that demonstrated a high
degree of robustness against perceptual aliasing and changes
in the environment’s appearance. Lu and Milios [20] pioneered
work in scan matching techniques for loop closure detection
in 2D SLAM, which was extended to 3D by Bosse and
Zlot [21]. They introduced an approach based on scan context
for loop closure detection in 3D LiDAR SLAM systems,
focusing on achieving robustness to various types of envi-
ronmental changes. Gálvez-López and Tardós [22] introduced
a variant of the bag-of-words approach known as DBoW2,
specifically optimized for large-scale loop closure detection,
which was able to work effectively in extensive environ-
ments and provided a balance between detection performance
and computational efficiency.In addition, Wang et al. [23]
developed a tightly coupled lidar inertial odometry method
for large-scale environments with tight loops. The framework
introduces a direct point cloud registration method that does
not require feature extraction. To ensure accuracy, the frame-
work employs strategies including inertial measurement unit
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(IMU) pre-integration, local-scale direct scan matching, and an
efficient fused loop closure detection method with conditional
detection.

A recent and exciting development in the field is the
use of deep learning techniques for loop closure detection.
Gao et al. [24] proposed a method based on Convolutional
Neural Networks (CNNs) to learn and match visual features
for loop closure detection, showing excellent performance in
challenging environments. Similarly, Zeng et al. [25] leveraged
Recurrent Neural Networks (RNNs) to capture temporal infor-
mation for loop closure detection. As SLAM systems continue
to evolve, advancements in loop closure detection will remain
essential for maintaining accurate and reliable mapping and
localization over time.

C. Graph Optimization

Graph optimization is also a critical technique utilized
in SLAM systems to correct accumulated drift errors and
improve the overall accuracy of mapping and trajectory esti-
mation. In the field of large-scale SLAM, Konolige et al. [26]
made significant contributions with their development of the
Sparse Pose Adjustment (SPA) algorithm, which is a scalable
approach that has demonstrated its effectiveness in manag-
ing large pose graphs while minimizing computational costs.
Olson et al. [27] proposed a stochastic gradient descent method
for the graph-based SLAM, demonstrating its practicality for
large-scale indoor and outdoor environments. Additionally, the
g2o framework, presented by Kümmerle et al. [9], is one of the
most notable contributions in this field. It provided a general
framework for graph optimization, offering flexibility to incor-
porate various kinds of nodes and constraints, hence making it
widely applicable across a broad range of SLAM applications.
Grisetti et al. [28] introduced the concept of hierarchical
optimization for pose graphs in their work on the Hierarchical
Optimization on Manifold (HOG-Man) algorithm. This work
showed how a hierarchy of coarser representations could
be used to accelerate the graph optimization process. Del-
laert and Kaess [29] introduced the concept of Square Root
SAM (Smoothing and Mapping), showing that solving the
SLAM problem can be achieved by finding a square root
of the data association problem. This work has significantly
influenced subsequent research in graph-based SLAM. Suen-
derhauf et al. [30] developed Switchable Constraints for robust
pose graph SLAM, which was an approach that handled erro-
neous loop closures in dynamic environments by introducing
switch variables. More recently, deep learning has also been
applied to graph optimization problems in SLAM. Li et al. [31]
presented a learning-based framework that leveraged graph
neural networks for the SLAM back-end optimization. Another
interesting development in the field of graph-based SLAM
optimization is the work developed by Carlone et al. [32] on
the Lagrangian Duality in 3D SLAM. They proposed a novel
approach for solving the SLAM problem in a decentralized
manner, based on dual decomposition, which led to significant
improvements in terms of computation time and scalability.
Yang et al. [17] devised a new state estimation factor graph that
integrates a feature-specific observation uncertainty model and

the intrinsic prior of the object being tracked, which is solved
by sliding window optimization. Rui et al. [33] introduced
a graph optimization framework for urban scenarios with
unstable GPS signals, featuring a direct point cloud registration
system for fine environmental structures and an improved
strong tracking extended Kalman filter (STEKF) to handle
anomalous GPS data, achieving high accuracy and efficiency
compared to existing methods. Chou and Chou [34] propose
a tightly-coupled visual-lidar SLAM (TVL-SLAM), where
independent visual and lidar frontends are integrated with
all visual and lidar measurements in backend optimizations,
featuring efficient lidar residual compression for large-scale
bundle adjustments.

In conclusion, graph optimization continues to be a vital
component in SLAM systems, with ongoing research contin-
ually improving the speed, scalability, and accuracy of these
methods. This paper aims to bridge the gap in the literature
by proposing a novel algorithm for indoor LiDAR SLAM that
integrates total station measurements and graph optimization.
The method is designed to address the challenges of drift and
trajectory offsets in indoor environments and is particularly
suited for low-cost indoor LiDAR devices.

III. METHOD

In advanced SLAM (Simultaneous Localization and Map-
ping) systems, integrating odometry and total station con-
straints enhances mapping accuracy and robustness. Odometry
constraints, derived from onboard sensors like LiDAR or
IMUs, ensure local consistency by providing continuous
updates on the robot’s movement, although they are prone
to cumulative errors or drift over time. Conversely, total
station constraints utilize precise measurements from a total
station instrument to provide exact coordinates of specific
points, serving as fixed references that help correct global
errors and maintain the true scale of the map. The fusion
of these data types within a graph optimization framework
allows for the strategic correction of drift from odometry
with pinpoint accuracy from total station measurements, bal-
ancing responsiveness with precision and achieving a robust,
accurate mapping and navigation system. This integration
ensures that SLAM systems maintain both local and global
consistency, effectively managing the trade-offs between rapid
sensor feedback and long-term measurement accuracy. The
proposed method integrates total station measurements and
graph optimization to optimize the robot’s trajectory in indoor
GNSS-denied environments. In this section, we describe the
main steps of these developed algorithms in detail, including
data preprocessing, scan registration, total station measurement
integration, key point integration, graph optimization, and
an alternative optimization approach without loop closure
detection.

A. Data Preprocessing

Data preprocessing is an essential step to reduce noise,
outliers, and computational complexity in the raw point cloud
data. The preprocessing step consists of two main components:
filtering and downsampling.
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1) Filtering: To remove noise and outliers, a statistical
outlier removal (SOR) filter is applied to the raw LiDAR
point cloud data. This filter computes the mean distance and
standard deviation of each point to its k nearest neighbors.
More specifically, if a point’s distance to the mean distance is
greater than a user-defined threshold (usually set to a multiple
of the standard deviation), it is considered an outlier and thus
removed from the point cloud.

Let P = {p1, p2, . . . , pn} be a set of points in the raw point
cloud, and ki be a set of k-nearest neighbors of point pi . The
mean distance µi and standard deviation σi of point pi to its
k-nearest neighbors are computed as follows:

µi =
1
k

k∑
j=1

dist
(

pi , pki , j
)

(1)

σi =

∣∣∣∣∣∣1
k

k∑
j=1

dist
(

pi , pki , j
)
− µi

∣∣∣∣∣∣ (2)

where dist
(

pi , pki , j
)

is the distance between points pi and
pki , j .

If the distance from pi to the mean distance µi is greater
than a user-defined threshold T , which is determined as
follows:

T = α ∗ σi (3)

where α is a constant factor, the point pi is thus considered
an outlier and accordingly removed from the raw point cloud.

2) Downsampling: To reduce the computational complexity
of the proposed method, the filtered point cloud is downsam-
pled using a voxel grid filter. The voxel grid filter divides the
point cloud into a regular grid of 3D voxels, and all points
in each voxel are replaced by the centroid point. This process
results in a lower-resolution point cloud that retains the overall
structure of the environment, while reducing the amount of
data to be processed.

Let V = {v1, v2, . . . , vm} be a set of non-empty voxels in
the grid, and Q = {q1, q2, . . . , qm} be a set of downsampled
points. The centroid qi of each non-empty voxel vi is com-
puted as follows:

qi =
1

|vi |

∑
p∈vi

p (4)

where |vi | is the number of points in voxel vi , and p is a point
in voxel vi . The resulting downsampled point cloud Q is used
as the input for the subsequent processing steps.

By applying the filtering and downsampling operations in
the data preprocessing step, the proposed method effectively
reduces noise, outliers, and computational complexity, allow-
ing for more efficient and accurate scan registration and graph
optimization.

B. Scan Registration

Scan registration is the process of aligning consecutive
LiDAR scans to estimate the relative motions between them.
In this paper, we employ the ICP algorithm [7] to register
consecutive point cloud scans. The ICP algorithm iteratively

refines the alignment by minimizing the point-to-point distance
between the adjacent two scans.

To be more specific, given two point clouds P = {p1,
p2, . . . , pn} and Q = {q1, q2, . . . , qm}, the objective of the
ICP algorithm is to find the optimal transformation matrix T
(composed of a rotation matrix R and a translation vector t)
that minimizes the mean squared error between these two point
clouds using the following equation:

E(T ) =
1
n

n∑
i=1

T (pi ) − q ′

i (5)

where E(T ) is the error function to be minimized. The variable
T represents the transformation applied to the source point
cloud. T (pi ) represents the transformed point pi and qi

′ is
the corresponding point in the point cloud Q.

C. Total Station Measurements

Total station measurements provide highly accurate posi-
tional data of key points during data acquisition. These
measurements are integrated into the proposed method to
improve the accuracy of the estimated trajectory. The key
points measured by the total station are used as landmarks,
and their positions are incorporated into the SLAM system as
additional constraints.

Let K = {k1, k2, . . . , kl} be a set of key points measured by
the total station, with l being the total number of key points.
The total station provides the highly accurate 3D coordinates
(x, y, z) of each key point ki in a fixed reference frame
(usually a global or local coordinate system). The goal is
to integrate these measurements into the SLAM algorithm to
refine the robot’s trajectory. To this end, we first need to find
the corresponding LiDAR points for each key point ki . Let
L = {l1, l2, . . . , ln} be a set of LiDAR points, with n being
the total number of these LiDAR points. The task is to find
the LiDAR point li that corresponds to each key point ki . For
each key point ki , we search for the nearest LiDAR point l j
using a nearest-neighbor search algorithm as follows:

l j = arg min
l∈L

∥ki − l∥ (6)

where ∥ki − l∥ is the distance between the key point ki and
the LiDAR point l.

Once the corresponding LiDAR points are identified, the
total station measurements are incorporated into the SLAM
system as additional constraints. These constraints are for-
mulated as the error between the key point ki and its
corresponding LiDAR point l j , given the current estimated
robot pose ei as follows:

ei = ki − T (pi ) ∗ l j (7)

where T (pi ) is the transformation matrix representing the
robot pose at the time when the LiDAR point l j was observed,
and ∗ denotes the transformation operation.

D. Key Point Integration

To integrate the key points measured by the total station,
we identify the corresponding points in the LiDAR point
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cloud data. This is achieved by using a nearest-neighbor
search algorithm, which finds the LiDAR points closest to the
total station measurements. Once the corresponding points are
identified, these key points are incorporated into the SLAM
system as additional nodes in the proposed graph structures.

E. Graph Optimization

Graph optimization is used to refine the robot’s trajectory
by minimizing the errors between the estimated poses and
the constraints from scan registration and total station mea-
surements. The graph optimization problem is formulated as
a pose graph, where nodes represent robot poses and edges
depict constraints between two poses.

Let G = (V, E) be a pose graph, where V = {v1,
v2, . . . , vn} is a set of nodes representing the robot poses,
and E = {e1, e2, . . . , em} is a set of edges representing the
constraints between these poses. Each edge ei j is associated
with a transformation matrix Ti j and an information matrix
�i j , which represents the inverse of the covariance matrix of
the constraint.

In this paper, we employ two types of constraints in the
pose graph: odometry constraints and total station constraints.
Odometry constraints are derived from the relative pose trans-
formations Ti obtained from the scan registration process (see
Section III-B), which connect consecutive poses and enforce
the consistency between the estimated poses and the relative
motion estimated from the scan registration. Total station
constraints are derived from the total station measurements
(see Section III-C), which connect the robot poses to the
key points and enforce the consistency between the estimated
poses and the absolute positions of these key points.

The objective of the graph optimization is to find the optimal
robot poses that minimize the total error in the pose graph
using the following equation:

E(V ) =

∑
i, j∈E

eT
i j ∗ �i j ∗ ei j (8)

where ei j is the error between the connected poses vi and
v j , given the transformation matrix Ti j and the information
matrix �i j .

We employ the Gauss-Newton algorithm to solve the graph
optimization problem, which iteratively refines the robot poses
by minimizing the total error in the pose graph. Algorithm 1
describes the Gauss-Newton algorithm in detail.

The output of the graph optimization process is a refined
set of robot poses that minimize the total error in the pose
graph, effectively correcting the drift and trajectory offsets in
the SLAM system.

F. Alternative Optimization Without Loop Closure Detection

In SLAM, loop closure detection identifies whether the
robot has returned to a location where it has previously visited.
If a loop closure is detected, a constraint is added to the pose
graph that connects the current robot pose with the previous
pose at the same location, helping correct the accumulated
drift in the robot’s trajectory over time. In the absence of
loop closure detection, the method of optimization becomes

Algorithm 1 Gauss-Newton Optimization
Input: initial robot poses V, pose graph constraints C
Output: refined robot poses V
Parameters: maximum iterations MAX_ITER,
convergence threshold THRESHOLD
1. Set V = initial robot poses
2. for iter = 1 to MAX_ITER do
3. e = compute_errors (V, C)
4. if sum(e) < THRESHOLD then
5. break
6. end if
7. J = compute_jacobian (V, C)
8. r = transpose(e)
9. 1V = solve_linear_system (J, r)
10. V = V+ 1 V
11. end for
12. return V

more reliant on accurate relative pose estimations. As such,
alternative techniques need to be employed to minimize the
drift in the trajectory. We detail the workflow to carry out
the graph-based SLAM optimization without relying on loop
closure detection as follows:

Initial Pose Estimation: As always, the process begins with
an initial pose estimation. This is done through initial scan-
matching methods. These initial pose estimates will serve as
the nodes in the pose graph.

Edge Creation: For every consecutive pair of poses, an edge
is created in the graph. The transformation between the
poses, along with the measure of uncertainty (captured by the
covariance matrix), is stored in the edge.

Graph Optimization: Without loop closures, the graph
remains a chain. Each edge in this chain graph represents
a spatial constraint between two robot poses. The objective
of the graph optimization step is to adjust these poses to
minimize the error introduced by these constraints. The set of
equations formed to represent the constraints is solved using
Gauss-Newton.

Iterative Refinement: Due to the absence of loop closure
detection, it becomes critical to frequently run the optimization
process to reduce the accumulation of drift.

Error Propagation: In this method, after each graph opti-
mization, the errors (or adjustments) are back-propagated
through the graph to adjust previous pose estimates. This
operation helps reduce the drift and keeps the trajectory
estimation accurate.

By iteratively refining pose estimations and backpropagating
these refinements back through the graph, the system can
still maintain a reasonable estimate of the robot’s trajectory,
even without loop closure detection. However, it’s important to
note that the lack of loop closure detection makes the system
more prone to long-term drift, especially in large or complex
environments.

IV. EXPERIMENTAL RESULTS

In order to evaluate the performance of the proposed LiDAR
SLAM method in indoor GNSS-denied environments, a series
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of experiments were conducted in different indoor scenarios.
These experiments aim to test the accuracy, consistency, and
robustness of the proposed method under various conditions,
such as long corridors, complex underground parking lots, and
indoor environments lacking 3D textures. As a criterion to
check the integrity of the generated trajectory and the stitched
3D point cloud, two parts of data were used. The first was
predefined movement trajectory checkpoints, which were on
the trajectory of the moving platform. For each point passed,
the moving platform stopped for a few seconds to record the
position of that point. Secondly, two markers were set near
the trajectory every 3 meters. These two parts of the marker
points were recorded by both the point cloud data and the total
station data for the calculation of the relative position of the
meridian for comparison.

A. Data Collection Platform Setup

Given the unique characteristics and financial affordability
of various sensors and devices, we believe that it is more
reasonable to use commercial-grade LiDARs (e.g., Livox
and Velodyne) compared with survey-grade sensors (e.g.,
RIEGL and Trimble) in indoor environments, especially the
non-repetitive scanning LiDAR (i.e., Livox Horizon). Because
of the variety and complexity of indoor scenarios, a single
form of mobile device (e.g., LiDAR carts or backpacks) is not
suitable for all scenarios. For example, a single LiDAR-based
backpack will not work in relatively narrow scenes, such as
underground walkways or office corridors lacking 3D textures,
which should be replaced with a combination of LiDAR,
camera, and IMU sensors mounted on a cart to collect the
desired data smoothly. Thus, a modular, low-cost, and mobile
platform that can integrate multiple sensors is more suitable
for indoor scenarios than the commercial indoor/outdoor col-
lection devices on the market today. The problems of sparse
point cloud densities and small viewing angles of LiDARs
like Livox Horizon can be solved by using multiple sensors
and repeatedly scanning the same areas. Simultaneously, data
upsampling and artificial intelligence algorithms can also be
employed to increase the point cloud density for extensive
applications.

On this basis, we propose a modular indoor scanning system
with a multi-sensor combination, called Wat-MMP. Fig. 2
shows the modular multi-sensor system platform designed
for collecting indoor data in this paper. This platform can
add or remove sensors according to the changes of the
carrier (e.g., cart, backpack, and handheld). This Wat-MMP
system includes a non-repetitive scanning 32-line equivalent
3D LiDAR with a horizontal FoV of 81.7◦ and a vertical
FoV of 25.1◦. The point cloud P(x, y, z) coordinate system
acquired by the LiDAR is the same as the local coordinate
system of the LiDAR itself.

For different scenarios in indoor environments, this
Wat-MMP modular platform is extended in four different
forms. Fig. 1(a) shows the structural design of the mobile plat-
form, on which different modules can be switched as needed.
Fig. 1(b) shows that in the backpack form, the LiDAR can be
replaced from a nonrepetitive scanning 3D LiDAR to a 360◦

mechanically scanning 16-line LiDAR, and a 360◦ camera is

Fig. 1. Different Wat-MMP data collection platforms. (a) The architecture
of the modular mobile platform, (b) Wat-MMP on a backpack device,
(c) Wat-MMP on a handheld device, (d) Wat-MMP on a cart device, and
(e) Wat-MMP on a robot dog device.

Fig. 2. Waterloo modular mobile platform (Wat-MMP) used in this paper
for multi-sensor integration and data collection.

selected to replace the fisheye camera for environmental data
collection in buildings, corridors, underground walkways, etc.
Fig. 1(c) presents a handheld platform integrating a fisheye
camera and a 360◦ mechanically scanning 16-line LiDAR.
As shown in Fig. 1(d), a larger size battery is added and placed
on a cart for data collection in large-scale indoor scenarios
including airport parking lots, underground parking lots, and
other large-scale indoor environments. Moreover, as shown in
Fig. 1(e), adding a mechanical motion structure to place the
module on a robot dog for data collection.

In this paper, we collected data from several scenarios,
including a small building parking lot, a large complex under-
ground parking lot, and a long building flyover, which can
usually be used for the validation of indoor 3D reconstruction
algorithms. The frame of signal data that had been synchro-
nized was provided for each scene in the dataset. We used
the LOAM algorithm [4] to generate large-scale 3D point
cloud data as a comparison for 3D reconstruction. Moreover,
three types of data were compared separately, which were
raw point cloud data, trajectory data, and reference point
data, respectively. As shown in Fig. 3, three parts of data
samples show (a) the reduction of the complete point cloud
by the LOAM algorithm, (b) the optimization of the generated
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Fig. 3. (a) The dataset of the complete point cloud after large-scale stitching
of an underground parking lot, (b) platform trajectory generated by SLAM
algorithm, (c) the location of the manually set reference points on the frame
extraction point cloud, (d) and (e) more diverse display of the collected point
clouds in the scene.

Fig. 4. Position schematic in our field survey. (a) The mobile platform moves
along predetermined track marks in the underground parking lot. (b) In the
point cloud data, the location of the predefined markers and the trajectory are
obtained by SLAM-TSM.

trajectories, and (c) the drift degree and error of the reference
points. Accordingly, multiple cones were placed in each
indoor environment where data were collected to increase the
number of observable reference points. Based on the collected
data, the relative distances between all cones were checked
using a total station for error analysis. Note that the labeled
reference point in Fig. 3(c) is only a schematic representation
of the reference point positions in the algorithm synthesis,
and these positions cannot be used as the ground truth values
of the relative positions of the reference points. Such ground
truth points were manually obtained by the Leica MS50 total
station in the field environment, with a relative measurement
accuracy of 2 mm + 2ppm. Fig. 4 shows the 3D positions
of the reference points and their relative position acquisition
operations. Considering that this dataset can be added by

the modular platform with new point cloud data, the local
coordinate system of the dataset will be changed accordingly.
Therefore, for the reference points on this basis, the relative
distances between the point cloud points were chosen to
replace the point positions in the local coordinate system as
the criterion for judging the point cloud stitching. It should be
noted that in order to better distinguish the parts to which the
point clouds belong, the point clouds of different parts such
as the ceiling, floor, columns, vehicles, and walls have been
marked with different colors in Fig. 3 and Fig. 4. The color
of the background in these figures is the color of the wall and
ceiling as the background in different perspectives.

B. Performance in Small Building Parking Lot

In this experiment, the mobile platform was navigated in
a small building parking lot, presenting unique challenges
for SLAM algorithms due to the presence of multiple levels,
ramps, occlusions, and poor lighting conditions. This data
collection environment also includes numerous similar-looking
parked cars, which can make feature extraction and scan
registration more difficult. The proposed method was able
to accurately estimate the platform’s trajectory, even in the
presence of occlusions, ramps, and repetitive structures. The
integration of total station measurements allowed the proposed
method to maintain accurate positional estimates despite the
aforementioned challenging conditions. The graph optimiza-
tion process helped to correct the trajectory offset and drift,
ensuring a consistent and accurate trajectory estimate through-
out the parking facility.

In the evaluation experiments, n points of interest for
reference (Q =

[
q1, q2, . . . , qn

]
) were selected from the point

clouds obtained by the proposed method and the LOAM
algorithm, respectively. Also, the same position reference
points obtained based on the total station measurements were
P =

[
p1, p2, . . . pn

]
. We adopted the manual alignment of

point pairs and calculated their distances between correspond-
ing points. Based on the assumption of rigid invariance of
trajectory and corresponding point clouds, this paper takes
the distances of interest points on the point cloud data and
the distances of reference points as the trajectory error. The
specific calculation formula is as follows:

et (pi , qi ) =

∑n
i=0, j=0,i< j

∥∥pi − p j
∥∥2∑n

i=0, j=0,i< j

∥∥qi − q j
∥∥2 (9)

Fig. 5 shows the interest point selection and reference point
selection of the static reference data, and the compared exper-
imental results between the proposed method and LOAM.
The distances between the interest points and the reference
points are also closer. Table I shows the results of error
calculation (i.e.,errcp) between the developed method (i.e.,
front-end odometer and back-end closed-loop optimization of
the SLAM-TSM) and the LOAM method for map building
using control points and measurement points. According to the
error data analysis, it can be seen that the proposed method in
this paper is more accurate than the LOAM method, especially
for the parking lot scenes with high occlusion and obvious
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Fig. 5. Point cloud quality evaluation and analysis: error point selection
and calculation on three different sets of algorithm results. (a) LOAM
algorithm, (b) front-end results of our algorithm, (c) closed-loop detection
and optimization results of our method, and (d) optimization results of total
station using reference points, which are used here as comparison data for the
real reference standard.

TABLE I
ERROR ANALYSIS OF THE SMALL PARKING LOT RESULTS OF OUR

ALGORITHM AND LOAM ALGORITHM

Fig. 6. Trajectory optimization of a mobile platform in a small building
parking lot.

features. Meanwhile, Fig. 6 shows the trajectory comparison
in the parking lot environment. It can be seen that the trajectory
optimized by our proposed method nearly coincides with
the feature points measured by the total station, while the
optimization of the motion trajectory is more obvious. The key
difference between SLAM trajectory points and the SLAM
trajectory is the scope: one refers to individual poses, and
the other to the entire path. The distinction between total
station feature points and total station trajectory points lies
in the application of total stations for static versus dynamic
measurements, with the latter being less common. Finally, the
difference between a SLAM trajectory point and an optimized
trajectory point lies in the accuracy and refinement of the
position data, with optimization processes enhancing trajectory
accuracy by reducing errors.

TABLE II
ERROR ANALYSIS OF THE BUILDING FLYOVER RESULTS OF OUR

ALGORITHM AND LOAM ALGORITHM

C. Performance in Long Building Flyover

The mobile platform traversed a long building overpass,
which is a challenging environment for SLAM due to the lack
of distinguishable features and potential drift accumulation.
Fig. 7 shows the SLAM results obtained using different algo-
rithms. The results show that the proposed method effectively
corrects the drift and trajectory offsets by combining total
station measurements with a graph optimization process.

Table II shows the error analysis of building flyover results,
where the proposed method outperforms the LOAM algorithm.
In particular, the proposed method achieved 0.09% localization
accuracy (236 m travel distance and 0.17 m cumulative error)
in the data of Building flyover #2. Fig. 7 shows the different
3D point cloud results of our method and the LOAM algorithm
on the scanned data of the building flyover. It is obvious
that the results of the LOAM algorithm are more blurred
in the window structure reduction of type A. Moreover, the
SLAM-TSM algorithm optimized by closed-loop detection
outperforms the LOAM algorithm in the type B environment
that has air conditioner chassis shading and is symmetric from
left to right.

D. Performance in Large Underground Parking Lot

The mobile platform was navigated in a large underground
parking lot, characterized by an extensive area with multiple
levels, ramps, and a larger number of parked vehicles. Large-
scale underground parking environments can be particularly
challenging for SLAM algorithms due to the increased like-
lihood of drift accumulation and the presence of vast and
repetitive structures that make feature extraction and scan
registration more challenging. The experimental setup was
similar to the previous experiments, with the robot following
predefined trajectories throughout the parking facility. The
LiDAR data and total station measurements were collected and
processed in real time by the proposed SLAM-STM method.
The estimated trajectories were compared to ground truth data
obtained from an external motion capture system. The capture
system consists of a white blob fixed above the mobile robot
dog, a ground motion trajectory marker point, two markers set
every three meters, and a total station for dynamic capture.
During the movement of the Wat-MMP platform, the total
station continuously captures the 3D spatial position of the
top-placed ball as the robot dog passes each ground trajectory
marker point. The data was recorded into the local coordinate
system that has all marker points and ground track points.
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Fig. 7. Experimental results comparison from the building layover scan.
(a) Images of the building flyover. (b) 3D point cloud obtained using LOAM
algorithm. (c) Point cloud data using our algorithm front-end. (d) Point cloud
data after optimization using our algorithm.

Fig. 8 shows that the proposed method can effectively
address the challenges that occur in the largescale underground
parking environments. By incorporating total station mea-
surements and graph optimization techniques, the developed
method was able to maintain accurate and consistent trajectory
estimates. Even in areas with repetitive structures, such as
rows of parked cars, our method can successfully correct the
trajectory offset and drift, ensuring precise trajectory estimates.
Table III shows the results of the error calculation. It is worth
noting that since the underground parking lot environment is
extremely challenging for the LOAM algorithm, the LOAM
data used in the testing has drifted severely to the point
where the markers and path trajectories cannot be discerned.
Therefore, only the points that can be manually identified
were compared in the experiment, so the actual LOAM
results should be even worse than the results in Table III.

Fig. 8. Point cloud quality evaluation and analysis: error point selection and
calculation on three different sets of algorithm results (a) LOAM algorithm,
(b) front-end results of our algorithm in this paper, (c) closed-loop detection
and optimization results of our algorithm in this paper.

TABLE III
ERROR ANALYSIS OF THE LARGE PARKING LOT RESULTS OF OUR

ALGORITHM AND LOAM ALGORITHM

In comparison to other SLAM methods, the proposed method
demonstrated its superior performance in terms of accuracy
and consistency, particularly in environments with largescale
underground parking facilities. The ability to provide accurate
trajectory estimates without relying on loop closure detection
further highlights the suitability of the proposed method for
environments where loop closures are scarce or difficult to
detect.

V. CONCLUSION

In this paper, we present a LiDAR SLAM method for
complex indoor environments, which incorporates graph opti-
mization and total station measurements to improve the
accuracy of the estimated trajectory without relying on loop
closure detection. The model performance was demonstrated
through a series of experiments in various indoor environ-
ments. In small compact parking lots, the proposed method has
an error rate as low as 0.49% without loop closure detection
and 0.19% with loop closure detection, respectively. These
values are 0.34% and 0.09% in building flyover scenarios,
and 0.74% and 0.12% in large parking lots, respectively.
The results showed that the proposed method was capa-
ble of producing accurate and consistent trajectories, even
in challenging conditions, such as long corridors, complex
rooms, and environments with dynamic objects, making the
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proposed method more suitable for data environments where
loop closures are scarce or difficult to detect. Future work will
focus on improving the scalability of the proposed method for
large-scale environments, as well as exploring the integration
of other sensors, such as cameras or inertial measurement
units, to further enhance the accuracy and robustness of the
SLAM system. Additionally, the development of efficient
techniques for map representation and online map updating
will be investigated to enable real-time applications in various
domains, such as autonomous navigation, robotic exploration,
and augmented reality.
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