Journal of Intelligent & Robotic Systems (2024) 110:144
https://doi.org/10.1007/510846-024-02123-1

REGULAR PAPER q

Check for
updates

An Optimization on 2D-SLAM Map Construction Algorithm Based
on LiDAR

Zhuoran Li' - Kazem Chamran' - Mustafa Muwafak Alobaedy' - Muhammad Aman Sheikh? - Tahir Siddiqui? -
Abdul Ahad*®

Received: 27 December 2023 / Accepted: 28 May 2024
© The Author(s) 2024

Abstract

When a mobile robot moves in an unknown environment, the emergence of Simultaneous Localization and Mapping (SLAM)
technology becomes crucial for accurately perceiving its surroundings and determining its position in the environment.
SLAM technology successfully addresses the issues of low localization accuracy and inadequate real-time performance of
traditional mobile robots. In this paper, the Robot Operating System (ROS) robot system is used as a research platform for
the 2D laser SLAM problem based on the scan matching method. The study investigates the following aspects: enhancing
the scan matching process of laser SLAM through the utilization of the Levenberg—Marquardt (LM) method; improving the
optimization map by exploring the traditional Hector-SLAM algorithm and 2D-SDF-SLAM algorithm, and employing the
Weighted Signed Distance Function (WSDF) map for map enhancement and optimization; proposing a method for enhanced
relocation using the Cartographer algorithm; establishing the experimental environment and conducting experiments utiliz-
ing the ROS robot system. Comparing and analyzing the improved SLAM method with the traditional SLAM method, the
experiment proves that the improved SLAM method outperforms in terms of localization and mapping accuracy. The research
in this paper offers a robust solution to the challenge of localizing and mapping mobile robots in unfamiliar environments,
making a significant contribution to the advancement of intelligent mobile robot technology.
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In the study of mobile robots, the issues of localization
and map construction are crucial. If there are errors in the
positioning and map construction, the mobile robot will
encounter difficulties navigating autonomously using the
constructed map and may fail to complete the task accu-
rately. If the mobile robot is outdoors in an open area, it can
use GPS (Global Positioning System) to obtain its absolute
position. However, in indoor and covered outdoor environ-
ments, GPS will not work effectively. Therefore, in this
case, it is expected that the mobile robot will be able to
determine its own position based on the sensors it carries,
without relying on the external environment. The positioning
process of the mobile robot relies on the environment map,
and the establishment of the environment map is based on
the accurate positioning of the mobile robot. Therefore, the
two problems of positioning and map establishment are not
isolated; they are intrinsically linked. If these two problems
are combined into one, it is called SLAM.
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SLAM has been a popular research problem in the field
of mobile robotics since it was first proposed in the literature
by R. Smith, M. Self, and P. Cheeseman [1]. The SLAM
problem refers to a scenario where a subject is equipped
with specific sensors that construct a map of the environ-
ment and simultaneously determine its position in the map
while moving, without prior knowledge of the environment.
Solving the SLAM problem also truly enables the autonomy
of mobile robots; therefore, SLAM technology is the key
technology in mobile robots.

For instance, in the context of mobile robot navigation
and control, SLAM technology plays a crucial role. It pro-
vides crucial support for tasks such as path planning and
obstacle avoidance by utilizing sensor data for precise
positioning and environment mapping. Combining SLAM
technology with ILC (Iterative Learning Control) schemes
enables the system to maintain accurate positioning even in
dynamic environments or when dealing with uncertainties,
while generating maps for adaptive control strategy adjust-
ment [2]. SLAM algorithms can detect changes in the envi-
ronment and unexpected obstacles. When combined with
ILC's fault estimation and compensation techniques, these
algorithms enable the system to respond promptly to faults,
adapt to uncertainties and disturbances, and ensure continu-
ous operation and performance [3, 4]. Meanwhile, the rich
sensor data generated by SLAM technology can be utilized
for data-driven control strategies, such as reinforcement
learning-based methods or adaptive control techniques, to
enhance control performance and autonomy [5].

In this article, the SLAM problem itself will be investi-
gated with the aim of enhancing the performance and reli-
ability of mobile robotic systems in various applications.

1.1 Problem Statements

SLAM is an important technology for mobile robots, ena-
bling them to navigate and create accurate maps of their
environment in real time. Although SLAM algorithms have
made significant progress in recent years, there is still sig-
nificant scope for optimization to improve their accuracy
and efficiency. In this paper, potential areas for optimizing
SLAM algorithms, strategies to enhance performance, and
methods to evaluate their effectiveness will be explored.

(1) SLAM front-end issues

Occupying rasterized maps is one of the SLAM methods
for building maps, which will be utilized in this paper. The
raster size in this method is a key factor that influences the
accuracy of the map. Therefore, this paper focuses on opti-
mizing the accuracy of occupied rasterized maps in SLAM
front-end map building.
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(2) SLAM back-end problem

‘When the sensor scans the surface data, a certain amount
of error will appear. Over time, this error accumulation
increases. In response to the aforementioned issue, this
paper builds upon the Cartographer algorithm developed
by the Google team to further optimize and enhance its
performance.

The research questions of this paper are specified below:

(1) Which SLAM algorithms can be optimized?

(2) How can SLAM algorithms be optimized to improve
the accuracy of maps constructed by mobile robots?

(3) How can we test the optimized SLAM algorithm and
evaluate its performance?

Optimizing SLAM algorithms is an ongoing task because
it directly impacts the navigation and map-building capabili-
ties of mobile robots. Through relevant SLAM algorithm
optimization, map analysis, and real-world testing, improve-
ments are ensured to meet the requirements of a wide range
of applications. This is crucial for the success of various
technologies, such as self-driving vehicles and warehouse
robots, where SLAM plays a critical role.

1.2 Research Objectives

With the widespread use of mobile robots, the significance
of SLAM techniques is increasing. However, while SLAM
algorithms are constantly evolving, there is still much poten-
tial for improvement. This paper will focus on SLAM algo-
rithms and how they can be optimized to enhance the accu-
racy of constructed maps.

The research objectives of this paper address the SLAM
building problem as follows:

(1) To begin, it involves exploring SLAM algorithms that
can be improved and analyzed.

(2) To enhance the accuracy of the constructed maps, it is
imperative to optimize the SLAM algorithm.

(3) To assess the optimized algorithm, a comparative
analysis is conducted by comparing it with the pre-
optimized version.

By enhancing SLAM algorithms, more precise and
dependable map construction can be achieved. This improve-
ment aids in enhancing the performance of mobile robots
in a variety of applications, including autonomous driving,
UAYV (Unmanned Aerial Vehicle) navigation, and warehouse
automation. Therefore, this paper will explore how various
aspects of the SLAM algorithm can be optimized to enhance
the accuracy of map construction.
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To evaluate the optimized SLAM algorithm, this paper
will use a comparative analysis to contrast it with the unop-
timized version. This comparison will help the study quan-
tify the effect of optimization and determine the magnitude
of improvements and where the greatest gains have been
achieved. The quantitative comparison will offer a clear
understanding of the benefits of the optimized SLAM algo-
rithm in terms of accuracy, efficiency, and robustness. This
will serve as a solid reference for future SLAM research and
applications.

This series of studies aims to offer stronger and more
reliable support for SLAM technology for mobile robots and
autonomous systems, laying a solid foundation for achiev-
ing greater success in progressively complex environments.
Whether in the field of scientific research or in commercial
applications, the continuous improvement of SLAM technol-
ogy will propel mobile robots forward, fostering innovation
and enhancing convenience in people's lives and work.

2 Literature Review
2.1 Applications and Development

The growth of mobile robots has led to an increased demand
for SLAM knowledge; however, the SLAM problem has
been a challenge. To address this problem, some innova-
tive solutions have been proposed, such as the Enhanced
Localisation Solution (ELS) in SLAM localisation. This
solution combines standard localisation techniques with
machine learning techniques [6]. Mobile cloud computing
can upload SLAM data to the cloud for mobile services. A
request state-aware resource allocation technique has been
proposed to enhance the mobile user experience using intel-
ligent resource capacity prediction techniques [7]. Fog com-
puting is used to enhance the efficiency of cloud computing.
A population-based multi-objective meta-heuristic optimizer
is proposed to facilitate resource allocation and scheduling
in fog environments. This further enhances the cloud experi-
ence of SLAM technology for mobile users [§].

The semantic location prediction problem in SLAM
research focuses on semantic descriptions of locations.
Researchers utilize mobile phone data and machine learning
algorithms to identify user-visited locations and establish
relationships between locations and activities [9]. A new
approach based on a fuzzy logic system in SLAM research
was proposed to maximize the area coverage of tiling robots,
which offers new insights for the advancement of floor
cleaning robots [10].

Research that integrates SLAM techniques, machine
learning, and robotics aims to enhance agricultural produc-
tivity by improving autonomous spatial localization and
vision mapping techniques. This enables image processing

and data analysis in agricultural environments [11]. In the
military domain, path planning is a crucial procedure for
Unmanned Combat Aerial Vehicles (UAVs). The map build-
ing function of SLAM technology is a prerequisite for path
planning. Therefore, an enhanced symbiont search algorithm
has been proposed to plan UAV paths more efficiently [12].
SLAM algorithms are introduced for reinforcement learn-
ing hardware implementation, specifically an FPGA (Field
Programmable Gate Array) proximal policy optimization
algorithm for designing and implementing a novel hardware
architecture for control theory benchmarking [13].

To enhance road safety measures. Data mining and
machine learning techniques are used to determine acci-
dent severity and propose prediction rules based on SLAM
techniques [14]. In automated driving, SLAM techniques
combined with Internet of Things (IoT) technologies are
employed for accurate risk assessment and operational test-
ing protocols [15]. Meanwhile, SLAM technology can be
applied to edge computing and deep learning anomaly detec-
tion methods for intelligent motorway monitoring networks
[16]. In SLAM research, a security framework based on a
lightweight authentication scheme has been proposed for
securing vehicle-to-vehicle communications [17]. In addi-
tion, the development of a curved lane detection algorithm
based on a Bayesian framework in SLAM algorithms has
significantly enhanced the efficiency of road marking detec-
tion [18]. Finally, to enhance the efficiency of transport
infrastructure management, service-based cyberinfrastruc-
tures have been developed. These cyberinfrastructures can
integrate multiple data sources, such as SLAM, to achieve
the goal of ambient intelligence [19].

The research on these SLAM problems offers crucial
insights and methods for addressing challenges in user
localization, traffic safety, and environmental intelligence.

2.2 SLAM Classification

Depending on the sensors carried by the mobile robot,
SLAM can be categorized into laser SLAM and vision
SLAM [20, 21]. To better adapt to the environment, SLAM
with multi-sensor fusion and SLAM combined with deep
learning techniques are also now available [22, 23].

Laser SLAM systems typically incorporate either 2D or 3D
LiDAR, and the selection depends on the complexity of the
specific environment. In complex and variable environments,
3D LiDAR may be more appropriate, while in relatively sim-
ple environments, 2D LiDAR may be sufficient [24, 25].

The monocular camera has only one camera that records
the two-dimensional image information of the environment
and uses the principles of visual geometry to deduce the
pose changes of the robot [26]. Binocular cameras have two
cameras, similar to human eyes, and can provide more accu-
rate distance estimations [27]. Depth cameras use infrared
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sensor technology, similar to lidar, to measure distance by
emitting and receiving light [28].

Wang et al. proposed a SLAM algorithm for mobile
robots based on LiDAR and binocular vision [29]. The
algorithm enhances the RBPF-SLAM method by integrat-
ing binocular vision, LIDAR, and odometer data to accom-
plish robot localization and navigation through information
fusion. At the same time, researchers like Pan proposed a
SLAM algorithm that integrates a monocular camera and
an IMU, making full use of the accurate measurement of
angular velocity and acceleration by the IMU, while also
utilizing the image information collected by the camera [30].
Researchers like Yu have introduced magnetometer data
based on the fusion of monocular vision and IMU. This data
is integrated into the monocular vision SLAM algorithm
to address the trajectory drift issue under pure rotation and
enhance accuracy [31].

Deep learning was first proposed in 2006. It simulates
the human learning process by constructing complex neural
network models to replicate the structure of the human brain.
These models are trained with large-scale data.

2.3 SLAM Framework

The 2D laser SLAM framework mainly includes front-end
scan matching, back-end optimization, and map construc-
tion [1]. The front-end includes sensor data acquisition and
scan matching, while the back-end includes optimization
and loopback detection. Front-end scan matching utilizes the
relationship between two consecutive frames of laser sensor
scan data to estimate localization. Back-end optimization is
utilized to minimize the cumulative error that occurs after
scan matching. Loopback detection is employed to eliminate
the cumulative error and reduce the map drift phenomenon
by verifying if the estimated value of the current position
matches the estimated value of the historical position. The
map building module is used to generate environmental map
information. The 2D laser SLAM framework is shown in
Fig. 1.

2.4 Front-end Scanning Matching

The Iterative Closest Point (ICP) algorithm is one of the
most widely used algorithms today [32]. This algorithm uti-
lizes the minimization of the Euclidean distance between
two frames of matching point clouds to retrieve the trans-
formation information regarding the relative position. This
algorithm also has a variant called PLICP (Point-To-Line
ICP). Compared with the ICP algorithm, PLICP improves
accuracy and speeds up the search for closed solutions [33].

Feature-based scan matching extracts implicit func-
tions as features from scan data and works well on a closed
graphical background [25]. Zhao et al. proposed a match-
ing method based on quadratic curve characteristics. This
method provides ample corner point features [34].

Scan matching algorithms based on mathematical proper-
ties are one of the most common approaches in SLAM. It
utilizes mathematical models and optimization algorithms
to analyze and align laser scanning data for estimating the
robot's position and creating environment maps [35].

Correlation-based scan matching is a method in laser
SLAM. This method involves searching the specified space
in the established model and then calculating the position of
the points to determine the variance [36].

2.5 Back-end Optimization

Filter-based two-dimensional laser SLAM method uses a
recursive Bayesian estimation approach to construct incre-
mental maps and achieve accurate positioning [37].

Graph optimization-based approach is a high-precision navi-
gation and map-building technique widely used in the field of
mobile robotics [38]. The method utilizes all the observed infor-
mation to evaluate the current state of the robot and create a map.

2.6 Loopback Detection

Frame-to-frame loopback detection utilizes correlation scan-
ning matching to compare the similarity between two frames

Fig.1 2D laser SLAM frame- |
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of LiDAR data to determine whether they form a loopback
or not [36].

A representative algorithm for loopback detection of frames
and subgraphs is the Cartographer algorithm. This algorithm
reduces the redundant data generated during the detection
process as it is a frame-to-subgraph detection method, thus
improving the efficiency of loopback detection [39].

Olson proposed a multi-resolution scan matching method,
which can reduce the accumulation of local errors but
increases the amount of calculation [40]. Himetedt proposed
a histogram-based matching method [41]. Nieto extracts fea-
ture points from scanned data and combines them with deep
learning methods for matching [42]. Yin proposed a learning
method based on twin neural networks for semi-automatic
representation of LiDAR point clouds. KD (K-Dimensional)
trees are then established to accelerate loopback testing [43].

2.7 Mainstream 2D Laser SLAM Algorithms

In 2002, Montebello and other researchers proposed the
Fast-SLAM 1.0 algorithm. Fast-SLAM 1.0 incorporates
the features of Kalman filtering for roadmap position esti-
mation and particle filtering for system position estimation
[44]. Fast-SLAM 1.0 utilizes the posterior probability of
the robot's position and waypoints to predict the complete
robot path's posterior probability through particle filtering.
The traditional Extended Kalman Filter (EKF)-based SLAM
suffers from two classical problems:

(1) Complexity increases dramatically as the number of
waymarked points increases.

(2) The entire algorithm fails when incorrect observations
occur.

In contrast, Fast-SLLAM can effectively solve these prob-
lems. Therefore, the new Fast-SLAM 2.0 algorithm proposes
an important method for function calculation to address this
problem [45]. In 2007, Grisette proposed the Gmapping
method to further optimize Fast-SLAM. Gmapping is cur-
rently one of the most widely used algorithms in the field of
indoor robot two-dimensional laser SLAM. The algorithm
uses RBPF (Rao-Blackwellized Particle Filters) to solve
the SLAM problem, i.e., it locates first and builds the map
later. In 2007, Grisette proposed the Gmapping method to
further optimize Fast-SLAM. Gmapping is currently one
of the most widely used algorithms in the field of indoor
robot two-dimensional laser SLAM [46]. The algorithm
uses RBPF (Rao-Blackwellised Particle Filters) to solve the
SLAM problem, i.e., locate first and build the map later.
Introduced in 2010, Core-SLAM is a lightweight SLAM
method consisting of only 200 lines of code, which results
in a small performance overhead [47].

In 1999, Gutmann et al. proposed a similar graph opti-
mization framework, but ignored the sparsity of the matrix
[48]. In 2010, Konolige et al. proposed the Karto-SLAM
algorithm, which is the first open-source graph optimiza-
tion-based algorithm that utilizes a highly optimized and
non-iterative square root method decomposition to achieve
a sparse decoupling solution [49]. General graph optimi-
zation methods typically necessitate an initial guess, lead-
ing to multiple iterations to determine the minimum of the
local cost function. In 2011, Carlone et al. proposed an
approximate linearized graph optimization method called
Lago-SLAM, which does not require [50]. In 2016, Google
introduced Cartographer, a laser SLAM algorithm based
on graph optimization [39]. The algorithm is optimized for
front-end data extraction and data processing in local SLAM
to obtain more accurate sub-maps. In 2020, Li and other
researchers proposed a novel map representation based on
a regionalized Gaussian Processes (GP) map reconstruction
algorithm using GP regression [51]. This approach allows
for the use of concise mathematical techniques for position
estimation and map updating.

In 2011, researchers such as Kohlbrecher proposed the
Hector-SLAM algorithm, which is unique in that it requires
no back-end optimization part and no additional sensor sup-
port, making it suitable for LIDAR systems that require a
high update frequency and low measurement noise [52].

3 Methodology
3.1 SLAM front-end Optimization

In SLAM methods that rely on occupancy rasterized maps,
the raster size not only constrains the map's accuracy but
also affects the algorithm's memory usage and the accuracy
of robot localization. To address this issue, this chapter
offers a comprehensive study of Hector-SLAM and SDF
(Signed Distance Field) maps, and suggests an enhanced
WSDF map derived from them. The WSDF map combines a
more detailed raster representation with weight information
to enhance map accuracy and reduce memory consumption,
thereby optimizing the performance of the SLAM system.
Finally, the LM method is utilized to solve the scan matching
problem. The positioning accuracy is enhanced by optimiz-
ing the robot's pose estimation.

3.1.1 Hector-SLAM Algorithm
The Hector-SLAM algorithm is a method that does not rely
on odometer data but instead heavily depends on high-res-

olution and high-frequency LiDAR [52]. The map model
utilized in this algorithm is based on a raster map and is
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3.1.2 SDF Maps

In SDF maps, regression lines are used to describe the con-
tours of detected objects, which are subsequently used to
update the surrounding raster [53]. As shown in Fig. 3. SDF
map principle as shown in, the robot is located at point P
in the figure, and three of the LiDAR's scanning points are
located in the grid M,,, which is d,, d,, d;. The outline of the
obstacle is approximated by fitting a straight line f(x) based
on the three scan points described above. The rasters within
aradius of K centred on the raster M,, are updated and when
the distance from the robot position P to the raster is greater
than its distance to the straight line f(x), the raster update
is negative, and vice versa the raster update is positive. The
contours of the obstacles are then described in terms of sub-
grid size accuracy using the SDF and always averaged over
all measurements. When there are not enough available scan
points in a raster, scan points located in neighbouring rasters
are used for regression. Also, to resolve the errors on the x
and y axes, a Deming regression was used to fit a straight

line f(x).
3.1.3 WSDF

In this paper, SDF maps are improved and introduced into
raster maps, which use the average of all time measurements
when updating object contours using the signed distance
function. This method reduces the error caused by Gauss-
ian sensor noise. However, at each scan update, not only the
raster where the scanning point is located is updated, but
also other rasters within a radius of the scanning point, so
averaging over all raster updates introduces noise into the
map. In this paper, we introduce the idea of using weighted
distances in TSDF (Truncated Signed Distance Function)
maps in 3D reconstruction, and weight each update to make
the update values smoother and more efficient [54].

Assume that the updated value of a raster is d and the
current weight of this raster is w. For the weight, the com-
putation rule is shown in Eq. (1) below:

1 1

P

W= T 1 | Wmax (H
dz' B dgmx

where d,,;, and d,,,, are the upper and lower limits of the

distance d, and W, is the maximum value of the weights.
The size of the currently calculated weights determines
whether to update or not, and the decision rule is as follows: if
W 2> 1% * Wiae max then update; otherwise, no update. Where
Wiast max 18 the weight value of the most recent maximum
update. The above rule integrates the value of the distance close
to the maximum weight of the last update affected by noise.
The rule for updating at each time is shown in Eq. (2).

D - WrDr+Wr+ld1+l
o+ WAy, 2)
Wi =W +wy,

In order to prevent W from reaching W,
usually made to.

o quickly, w, is

3.1.4 LM Methodology

Using the Gauss—Newton method can suffer from the issue
of inaccurately approximating local values and potential
non-convergence. Therefore, in this paper, we use the LM
method to solve the scan matching problem.

The LM method utilizes the concept of a trust region. Assume
a reliable maximum displacement range (trust domain) centered
on the solution. Find the optimal value of the approximation func-
tion of the objective function within the trust domain and solve for
the optimal step size based on this optimal value. If the step results
in a decrease in the objective function, then the step is considered
desirable. Proceed with obtaining the step to continue to the next
iteration. Otherwise, if the step does not lead to a decrease in the
objective function, it is considered undesirable. In this case, the
results of this iteration will be discarded, the range of the trust
domain will be reduced, and the optimal value will be recalculated
based on the new trust domain [55].

For SDF maps, scan matching is expressed as solving
for the bitmap increment that minimizes the map value, the
expression of which changes to Eq. (3). For the LM method,
the solution to Eq. (3) is Eq. (4).

q = argmqinz:;l [M(S,-(q))]2 3)

Ag=H+uh'g “

where H = J7J, g = JTf(x), and H are Hessian matrices
[56], J is the Jacobi matrix [57], I is the unit matrix, and u
is the penalty factor. The penalty factor u is used to control
the step size of each iteration. The value of u has the fol-
lowing meaning:

When u > 0, H + ul is a positive definite matrix, ensur-
ing that Ax is the descent direction.

(1) If the value of pis large, then Ag approaches the direc-
tion of gradient descent.

This is shown in Eq. (5).

Ag~ —— 5
q ﬂg (5)

(2) If the value of y is small, then Agq is close to the direc-
tion of the Gauss—Newton method. shown in Eq. (6).
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Ag ~ -H! -8 (6)

Thus, the penalty factor affects both the direction of
descent and the size of the descent step.

The quality of the step is determined by the ratio g of the
actual decline AF of the objective function this time and its
predicted decline AL this time.

(1) This iteration is valid when g > 0 and the penalty factor
is reduced. shown in Eq. (7).

M:ﬂmax{%,l—(zq_lf} (7)
v=2

(2) When g <0, this iteration is invalid, and the penalty
factor needs to be increased. shown in Eq. (8).

H=p-v
{ v=2-v ®)
v in Eq. is the parameter vector.

After using the LM method to solve the scanning match-
ing to get the position increment at the current moment, the

position ¢, = q,,; + Aq of the robot at the current moment
t in the world coordinate system of the environment map
can be obtained, and then the data z; can be scanned by the
LiDAR at the moment ¢ and then be used to build the map.

3.1.5 Improving the SLAM Algorithm

This section describes the final improved laser SLAM
method based on the previously proposed WSDF maps by
integrating the LM method into the WSDF maps during the
scan matching phase. The algorithm is presented in Table 1.

The improved SLAM method's overall flow is briefly
described below:

(1) Initialize the robot's position and the environment map,
and set the relevant parameters.

(2) Acquire the laser data at the moment and convert it to
the world coordinate system based on the robot's posi-
tion in the previous moment.

(3) Scanning and matching involve matching the converted
laser data to the existing map. The Levenberg—Mar-
quardt (LM) method is used to solve the position incre-
ment of the robot through optimal matching, ultimately
determining the robot's current position.

Table 1 Improved SLAM

Algorithm Improved SLAM Algorithm
1. Initialize robot pose g, and map M
2. Initializing various parameters
3. t=1
4.  while true do
5. for all 1 moment of lidar scanning data z, do
6. Convert z, to the world coordinate system S.(q, ;)
7. end for
8. Compute the scan matching objective function

f= ZM (S.(g,.))) and its Jacobian matrix J

i=1

9. Using the LM method to update the position g, .= LM(q, ,, f,J)
10.  forall # moment of LIDAR data S, do

11. Update WSDF value WSDF (M (S,(q,)))

12. Updated maps

13.  end of
14. t=t+1
15. end while

@ Springer
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(4) After obtaining the robot's position at the current
moment, update the value of the WSDF map and con-
sequently the environment map.

(5) Return to step (2) for the next localization moment and
map update until reaching the final moment, then the
method concludes.

3.2 SLAM Back-end Optimization
3.2.1 Cartographer Algorithm

The Cartographer algorithm utilizes a graph optimization
approach [39]. The fundamental concept of the method is to
create a precise estimation of the robot's trajectory and map
by analyzing the stored sensor data and the relationships
among them. Subsequently, the algorithm operates based on
the established constraints. In this method, the robot's poses
are represented by nodes, and the spatial constraints between
poses are represented by edges between nodes, resulting in a
graph called a bitmap. Once the bit-posture map is completely
constructed, the robot's trajectory and the constructed map are
looped back and optimized by adjusting the robot's bit-posture

For example, & = (£,,&,,&,) is used to denote the robot
position, &, and & are used to denote translations in directions
x and y, and &, is used to denote rotations [58].

The LiDAR data are shown in Eq. (9).

H={h}or. i € R ©)

The initial point of the laser is 0 € R?.

The laser data is mapped to the submap with the atti-
tude transformation 7, and the coordinate system shown
in Eq. (10).

[ cos&y —sing, g
I.p= < sinéy cosé&, >P+ <§y> (10)
Subgraphs are generated from successive scanned laser
data frames. When a new scanned data frame is inserted
into the raster, the state of the raster is calculated. The
raster is then categorized into two states: hit and miss.
Observed rasters are updated with probabilities accord-

ing to Eq. (11), while unobserved rasters are assigned a
probability according to Eq. (12).

. . . . p
to best satisfy the constraint relationships represented by the ~ odds(p) = T—p (11)
edges. The Cartographer algorithm framework is shown in
Fig. 4.
- N “Pose estimation | / 1 Local N\
! ! SLAM
! Fusion of IMU : Scan Matching
IMU data and pose » (Base & CERES
information | | Library)
i
N //‘
Sensor data
Update subgraphs
Voxel filteri Adanti (based on linear, Discard
Laser data Oli( ¢ dl tﬁermg alp;llve angular or
[ (fixed size) voxel filter temporal motion)
\_ ) /’ )
> N [’/ Subgraphs ¢ \\\i
/" Global N\ 3 ‘
SL(;Mz\i/l Computational Constraints : Update the :
(Inserting Subgraphs, < i voxel grid ‘
Loopback Detection) \ :
¢ \, \\\ T ,// /
Sparse pose
adjustment v
v Insert results
The pose (time, pose, scan
added after data, subplots)
inference
\ /
. /

Fig.4 Cartographer algorithm framework
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Fig.5 Optimizing the Cartographer Algorithm

M, (x)= clamp(odds_l(odds(Mold(x)) ~odds(Py;,)))  (12)

The Ceres Solver optimization is performed before the
laser data frame is inserted into the submap. As shown in
Eq. (14).

. k 2
arggnlnzkzl (1= My (Tehy)) (13)

Since the LiDAR scanning frame only matches the cur-
rent sub-map, it will generate cumulative errors. Therefore,
it needs to be optimized for the sub-map position and LiDAR
data frame. As shown in Eq. (14).

. 1 m S g
argmin= 3 p(E*(E'.&. 3 i1 &) (14)

[,

The following Eqs. (15) and (16) refer to the submap bit-
map and laser frame bitmap under specific constraints.

5)

(16)

The relative position &; is given to the scanning frame j
of the LiDAR to obtain the position in subgraph i, which
is then optimally constrained together with the covariance

@ Springer

matrix Zii. The cost function is expressed through the resid-
uals E This is shown in Egs. (17) and (18).

R (ton — 1)
eE, 8.8 =& - < gy > (18)
;0 750

The branch delimitation algorithm in Cartographer sys-
tem will accelerate loopback detection by primarily utilizing
a lookup method for loopbacks. As shown in Eq. (19).

* . k
5 = arfenv:ln klenearext(T‘g‘hk) (19)
In Eq. (3.37), w is the search window and M,,,,., is the

extension of the M function. Determining the window near
the new raster modifies the angle of the growth value &,
and the maximum detection range d,,,. obtained by using
LiDAR. As shown in Egs. (20) and (21).

d

max = max Lh (20)

r2
)

Oy = arcc0s<1 - ¥2))
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Laser Radar ———
b 4 Visual Interface

Central Control Unit

Fig.6 Mobile robot

Table 2 Mobile robot parameters

Structural parameters Numerical value

1608 mm
800 mm

overall length
overall width

tread size front wheel
686 mm; rear
wheel 692 mm
wheelbases 900 mm
weight 90 kg
minimum turning radius 2.54m

Adjusted the size to fit the search window and cover it.
As shown in Egs. (22), (23), and (24).

W, = [—] (22)

Fig.7 Scanning Matching
Room Diagram

a. Hector-SLAM

W
w, = [—r ] (23)
_[We
Wy = [—50 ] 24

A finite set W of windows will be searched based on the bit-
wise estimate &, as the position, as shown in Egs. (25) and (26).

WA=

W = {£0 + (1), 7, Bgig) © Gioyrdo) € W) (26)

Since the search window limits the loopback speed, the
calculation of 6 -value is carried out by the branch bounding
method for loopback optimization of the branch bounding
algorithm based on depth-first search.

3.3 Optimizing the Cartographer Algorithm

The speed of loopback detection is accelerated with the
introduction of branch partitioning in the back-end of
SLAM. However, loopback detection still requires travers-
ing all subgraphs, leading to a significant amount of com-
putation. To address the issues of low relocation accuracy
and lengthy loopback detection, we introduce an enhanced
Cartographer algorithm.

As shown in Fig. 5 below, the black box represents the
original framework of the Cartographer algorithm, while
the blue box indicates the optimized and improved section.

The process of building an enhanced diagram is as
follows:

(1) Initialize the robot's position and the environment
map, and set the relevant parameters.

b. The optimization algorithm in this paper

@ Springer



144

Page 12 of 23

Journal of Intelligent & Robotic Systems ~ (2024) 110:144

Fig.8 Scanning Matching
Outdoor Diagram :

a. Hector-SLAM

Fig.9 Scanning Matching Gal-
lery Diagram

@)

3

“)
&)
(6)

a. Hector-SLAM

Acquire the laser data at the current moment and con-
vert it to the world coordinate system based on the
robot's position in the previous moment.

Scanning and matching involve matching the con-
verted laser data with the existing map. The LM
method is then used to calculate the robot's position
increment based on the optimal matching, determin-
ing the robot's current position.

After determining the robot's current position, update
the WSDF map, and then update the environment map.
Return to step (2) for the next moment of positioning
and map update.

Receive the WSDF map input information from the
previous step, and then extract the feature points in
the map in chunks. After chunking the feature points,
utilize the quadtree to allocate the feature points and
extract the maximum feature points to achieve a uni-
form distribution of feature points.

@ Springer
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b. The optimization algorithm in this paper

hat= — 1] . -."I"- .‘M ‘
‘ i——&(\. L ‘M.u. jr{'

4 | = 3
T r o~ i o ~
" 4 b R 3
oo~ 1 —y
Gy ' \ - -
= \ ,\-: s ’zr 1‘:

b. The optimization algorithm in this paper

(7) Calculate the feature descriptor and compute the bag-
of-words (BoW) vector of the frame.

(8) Transmit the feature data to the backend. The feature
data includes a bag-of-words vector and a map index.

(9) In the backend, first bind the map index with the cur-
rent node_id to node_to_map.

(10) Secondly, the bound information is updated in the
database, which now stores the map_index of the
nodes' locations.

(11) Finally, according to the map node obtained at the
current moment, go to the database to find the histori-
cal map with the same node. After finding the map,
the map_index corresponds to the node_index, and
finally, the current laser data is applied to the node's
bit position and matched with the map at that loca-
tion.

(12) Save the map.
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Fig. 10 Diagram of the indoor
back-end optimization algo-
rithm

b.Hector-SLAM

In this study, firstly, the raster maps were optimized, and
the SDF maps were improved and integrated into the raster
maps. Subsequently, the WSDF maps were constructed by
incorporating the concept of weighted distances from the
TSDF maps. Weighting was applied to each update, resulting
in smoother and more effective update values. Secondly, the
Cartographer algorithm process is optimized. After incor-
porating the WSDF map into the framework, the received
map information is chunked to extract feature points. The
feature points are then assigned, and the maximum feature
point is extracted. Feature descriptors are then calculated,
and BoW vectors of the frame are computed. The feature
data is transferred to the back-end, which includes the BoW
ctor and the map index.

The optimized relocation process only requires loading
the dictionary and the database, extracting features from the
map, querying all historical images of the same node in the
database, identifying features in the image, and then determin-
ing the corresponding node_index based on the image index.
Subsequently, the current laser data is utilized to compare

c. Cartographer d. This paper algorithm

with the map of the node's position, eliminating the need to
traverse sub-maps.

4 Results and Discussion
4.1 Experimental Platforms

The hardware platform of the experimental setup in this
paper is a mobile robot that utilizes Ackermann steering.
It comprises a Robosense-16 line lidar, IMU, wheel odom-
eter, visual interface, and central control unit. The LiDAR
sensor is mounted on the top of the mobile robot, while
the IMU is fixed on the front axle of the mobile robot. The
wheel odometer is set in the center of the wheel hub, the
visual interface is fixed above the rear axle of the mobile
robot, and the central controller is fixed in the center of
the front axle of the mobile robot, as shown in Fig. 6. The
main components of the mobile robot used in this paper are
marked in the figure.
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Fig. 11 Outdoor back-end opti-
mization algorithm diagram

b. Hector-SLAM

The processor model used in the mobile robot is Intel
i5-10210U 1.60 GHz with 8 GB of memory. The system
employed in the device is the ROS (Robot Operating System)
system running on the Linux operating system, and the visu-
alization platform is Rviz (Robot Visualization). The operat-
ing system utilized in the central control machine is Ubuntu
18.04.6 LTS. The software framework for acquisition and
algorithm development is ROS, and the primary program-
ming language employed is C + +. In this paper, the software
framework for data acquisition and algorithm development is
ROS and the C + + programming language. Table 2 presents
the parameters of the autonomous mobile robot.

4.2 Experimental Results
In this section, the Hector-SLAM algorithm is experimen-

tally compared with the optimized algorithm proposed in
this paper to validate its effectiveness. The black area in the

@ Springer

c. Cartographer

d. This paper algorithm

figure represents the actual wall, while the red area indicates
the point cloud matching.

Firstly, the indoor environment scanning matching results
are compared. As shown in Fig. 7.

Then, a comparison of the outdoor environment scanning
matching results is presented. As shown in Fig. 8.

Finally, a comparison of the results of the environmental
scanning and matching of the promenade-type linear road.
As shown in Fig. 9.

As depicted in the figure, there is a clear discrepancy
between the matching results of the red dot cloud and the
actual wall surface in the indoor, outdoor, and corridor lin-
ear road environments of the Hector-SLAM algorithm. In
contrast, the algorithm proposed in this paper minimizes
misalignment, resulting in a nearly flat wall that signifi-
cantly improves map construction. The experimental results
demonstrate that the proposed algorithm can effectively
construct the scan matching map in real-world scenarios.
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Fig. 12 Diagram of the optimi-
zation algorithm for the back-
end of the promenade

a. Hector-SLAM

4.3 Back-End Optimization Algorithm Validation

Firstly, an indoor environment was chosen for this experi-
ment to validate the algorithm, and the experimental results
are shown in Fig. 10 below. From the figure, it can be seen
that in the Hector-SLLAM algorithm and Cartographer algo-
rithm, there are relatively more grey areas, indicating that
there are many unidentified areas. However, in contrast, the
algorithm proposed in this paper yields more comprehensive
results in the mapping process, with no apparent unidenti-
fied grey areas.

The second experimental scenario involves an outdoor
environment with a large building footprint and uneven
structures like manhole covers and slopes on the surround-
ing road surface. This setting offers a better opportunity
to test the performance of the back-end optimization algo-
rithm. The test scenario and experimental results are shown
in Fig. 11 below.

The third experimental scenario involves a straight road
designed as a promenade. The scenario map and map con-
struction effect are shown in.

c. Cartographer d. This paper algorithm

Figure 12 below. On one side of the straight promenade-
style road, there was a lawn. Since similar information is
often repeated in this area and there is no solid boundary wall,
certain scenes may not be accurately recognized or may be
ignored during the map construction process. Therefore, exper-
iments in such a complex environment can more comprehen-
sively evaluate the performance of the optimization algorithm
proposed in this paper in terms of recognition capability and
stability.

4.4 Discussion
4.4.1 Indoor Test Scenarios

Ten locations were randomly selected in the indoor scene,
and each location was individually numbered from 1 to 10.
Subsequently, experiments were conducted by applying Hec-
tor-SLAM, Cartographer, and the optimization algorithm
proposed in this paper, respectively, to evaluate their per-
formances at these 10 labeled locations. Calculate its MAE
(Mean Absolute Error).
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The MAE is calculated as the average of the absolute differ-
ences between the predicted and true values. It is calculated by
adding up the absolute value of the error for each sample and
dividing by the number of samples. It is one of the common
measures of the error in a predictive model. It is the average
absolute difference between the predicted value and the actual
observed value. Since the mean absolute error is the average
of the absolute value of each error, it does not cancel out the
positive and negative errors, thus better reflecting the actual

magnitude of the prediction error. The MAE is capable of han-
dling outliers in a relatively robust manner, thus preventing
adverse effects on performance evaluation. The MAE treats all
observations equally.

The recorded data is shown in Table 3 below.

In the indoor experimental scenario. By comparing
the absolute errors of the three algorithms, as shown in
Fig. 13, it can be concluded that the algorithm proposed
in this paper maintains an overall lower error level than

Table 3 Indoor data table
a. Hector-SLAM

Position number
8.836
4.549
5.886
1.156
3.443
1.863
2.376
1.863
2.771
10 10.335
b. Cartographer

O 00 N N L AW N =

Position number
8.869
4.550
5.813
1.025
3.442
1.836
2.328
1.699
2.614
10 10.326

O 00 1 N L A W N =

c. This paper optimises the algorithm

Position number

8.884
4.552
5.840
1.025
3.439
1.969
2.328
1.846
2.727
10.338

O 00 N N L AW N =

—_
(=]

d. MAE
Hector-SLAM

MAE 0.0588

Measured distance on the graph/m

Measured distance on the graph/m

Measured distance on the graph/m

Actual measuring distance/m  Absolute error/m

8.876 0.040
4.554 0.005
5.854 0.032
1.054 0.102
3.342 0.101
1.916 0.053
2.273 0.103
1.801 0.062
2.687 0.084
10.341 0.006

Actual measuring distance/m  Absolute error/m

8.876 0.007
4.554 0.004
5.854 0.041
1.054 0.029
3.342 0.100
1.916 0.080
2.273 0.055
1.801 0.102
2.687 0.073
10.341 0.015
Actual measuring distance/m  Absolute
error/m
8.876 0.008
4.554 0.002
5.854 0.014
1.054 0.029
3.342 0.097
1.916 0.053
2.273 0.055
1.801 0.045
2.687 0.040
10.341 0.003
Cartographer This paper
optimises the
algorithm
0.0506 0.0346
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Fig. 13 Indoor Absolute Error

Diagram 0.12

Absolute error/m
I o
o = o
153 & —

o
o
¢

o
(=]
3]

—&—Hector-SLAM

the other two algorithms. The specific percentage of error
improvement is shown in Fig. 14, indicating that the
SLAM algorithm proposed in this paper reduces the error
in the map construction process by 41.16% compared to
the Hector-SLAM algorithm and by 31.62% compared to
the Cartographer algorithm.

4.5 Outdoor Test Scenarios

In this outdoor scenario experiment, the performance of the
algorithm proposed in this paper was evaluated on complex
and uneven road surfaces. The experiment was conducted
around an outdoor building to simulate real-world con-
ditions. In order to conduct error analysis, 10 test points
were selected this time, and the corresponding data were
recorded. The specific data is shown in Table 4 below.

In the outdoor experimental scenario, the absolute error
results are shown in Fig. 15, which clearly demonstrate that
the algorithm proposed in this paper is more accurate than
the other two algorithms. The specific error improvement
percentage is shown in Fig. 16, which demonstrates that the
SLAM algorithm proposed in this paper reduces the error
by 24.02% compared to the Hector-SLAM algorithm and by
10.19% compared to the Cartographer algorithm.

In this paper, the absolute error values and average absolute
error values are calculated by comparing the detailed feature point
analysis data of the Hector-SLAM algorithm, the Cartographer
algorithm, and the algorithm proposed in this study. In the indoor
test scenario, the SLAM algorithm proposed in this paper reduces
the error in the map construction process by 41.16% compared with
the Hector-SLLAM algorithm and by 31.62% compared with the

—&— Cartographer

3 4 5 6 7 8 9 10
Number of feature points

The optimisation algorithm in this paper

Cartographer algorithm. In the outdoor test scenario, the error of
the proposed SLAM algorithm is reduced by 24.02% compared
to the Hector-SLAM algorithm and by 10.19% compared to the
Cartographer algorithm. The error analysis of the experimental data
clearly shows that the proposed algorithm has less error compared
to the other two algorithms.

5 Conclusion and Future

In this paper, the challenges faced by indoor and outdoor
mobile robots during map construction are effectively
addressed through a comprehensive study of the SLAM
algorithm. The starting point of this paper is that the cur-
rent hardware technology of mobile robots has become
relatively mature, and the issue of power consumption has
gradually decreased. This reduction in power consump-
tion has lessened the constraints on the development of
indoor and outdoor mobile robots. Therefore, the use of
sensor technology and optimization algorithms to cre-
ate high-precision maps is the key breakthrough in this
research. By optimizing the map construction algorithm
and enhancing the existing SLAM algorithm, this paper
successfully achieves the creation of high-precision maps,
reduces data errors, and optimizes the repositioning effect.
The advancement of this technology not only offers a
dependable foundation for the navigation of mobile robots
and enhances their operational efficiency but also creates
additional room for enhancing their performance in vari-
ous work settings, enabling them to adapt more flexibly
to changing environments. Against the backdrop of the
current advancements in mobile robot technology, the
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Fig. 14 Comparison of indoor

0.07
algorithms

Average absolute error/m
o I o I S
8 8 ® 2 ¥

(=]
(=3
—

Arithmetic

m Hector-SLAM  m Cartographer = The optimisation algorithm in this paper

m Lower than Hector-SLAM

a. Comparative plot of mean absolute error

Algorithm Comparison

m Lower than Cartographer

b. Comparison plot of algorithmic enhancements (Optimized algorithms in this pa-
per compared to Hector-SLAM and Cartographer error degradation plots)

research findings of this paper will positively contribute
to the ongoing development of the mobile robot field.

The future research directions of 2D laser SLAM are as
follows.

1. Algorithm optimization

Enhance the real-time performance and robustness of
SLAM, minimize computational load, and decrease the
performance demands on the SLAM processing plat-
form. Eliminate the motion aberration of LiDAR through
the speed estimation compensation method and odometer
interpolation model to enhance the accuracy of front-end
scan matching. A novel sequence data processing flow is

@ Springer

proposed to effectively reduce the phenomenon of map
building drift and improve the system's robustness. Extract
special edge or corner point features by segmenting the
laser scanning data. An adaptive algorithm framework
is designed to automatically adjust the parameters and
strategies under varying environmental conditions. This
enhances the robustness and adaptability of the system.
Fusing semantic information with laser data to enhance
the semantic representation and depth of understanding of
the map. By combining semantic information, higher-level
scene understanding, and robot behavior planning, we can
achieve improved intelligence in the system.

2. Multi-sensor fusion
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Table 4 1
able 4 Outdoor data table o Hector-SLAM

Position number
25.352
8.013
4.929
2.906
1.767
5.724
2.940
8.911
2.315
10 3418
b. Cartographer

O 00 9 N L AW N =

Position number
25.349
7.996
4919
2.896
1.765
5.707
2.933
8.911
2.314
10 3.371

O 00 N N L AW N =

c. This paper optimises the algorithm

Position number
25.347
7.996
4910
2.883
1.757
5.698
2.920
8.910
2.304

0 3.370

d. MAE

— O 0 N O L B W N —

Hector-SLAM

MAE 0.0762

Measured distance on the graph/m

Measured distance on the graph/m

Measured distance on the graph/m  Actual measuring distance/m  Absolute error/m

25.342 0.010
7.988 0.025
4.876 0.053
2.785 0.121
1.657 0.110
5.635 0.089
2.812 0.128
8.834 0.077
2216 0.099
3.368 0.050

Actual measuring distance/m  Absolute error/m

25.342 0.007
7.988 0.008
4.876 0.043
2.785 0.111
1.657 0.108
5.635 0.072
2.812 0.121
8.834 0.077
2.216 0.098
3.368 0.003

Actual measuring distance/m  Absolute error/m

25.342 0.005
7.988 0.008
4.876 0.034
2.785 0.098
1.657 0.100
5.635 0.063
2.812 0.108
8.834 0.076
2.216 0.088
3.368 0.002
Cartographer This paper
optimises the
algorithm
0.0648 0.0582

Fusion of multiple sensor data in the data acquisi-
tion stage can provide richer information for SLAM and
improve the quality of map construction. Multi-sensor
fusion is an inevitable trend. The 2D LiDAR is integrated
with the depth camera to enhance the sensor's resistance
to interference, expand detection range, and improve map
construction accuracy. Aiming to address the issue of the

invisible light distance effect in ultra-wideband (UWB)
technology and the error accumulation in indoor position-
ing with LIDAR, a fusion of UWB absolute positioning
technology and LIDAR relative positioning technology is
employed to enhance the accuracy of positioning. Using
wireless communication technology, data from multiple
mobile robots or sensor nodes is centrally processed and
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Fig. 15 Outdoor absolute error
diagram 0.14
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fused. Through wireless communication, sensor fusion
enables multi-robot cooperative positioning and map con-
struction, expanding the application range and coverage
of the SLAM system.
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