
Review Not peer-reviewed version

A Review of Simultaneous Localization

and Mapping Algorithms Based on Lidar

Yong Li * , Jiexin An , Na He , Yanbo Li , Zhenyu Han , Zishan Chen , Yaping Qu

Posted Date: 28 November 2024

doi: 10.20944/preprints202411.2260.v1

Keywords: simultaneous localization and mapping; lidar; multi-sensor fusion; deep learning; development

tendency

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/305171
https://sciprofiles.com/profile/3462176


 

Review 

A Review of Simultaneous Localization and Mapping 
Algorithms Based on Lidar 
Yong Li 1,*, Jiexin An 1, Na He 2, Yanbo Li 3,4, Zhenyu Han 3, Zishan Chen 3 and Yaping Qu 5 

1 Automotive Engineering Research Institute, Jiangsu University, 301 Xuefu Road, Zhenjiang 212013, China 
2 Beijing Institute of Space Launch Technology, Beijing 100076, China 
3 Lingyun Industrial Co. Ltd, Shanghai, 201708, China 
4 Hebei Province Automotive Safety Parts Technology Innovation Center, Zhuozhou 072750, China 
5 School of Management, Jiangsu University, 301 Xuefu Road, Zhenjiang 212013, China 
* Correspondence: liyongthinkpad@outlook.com 

Abstract: Simultaneous localization and mapping (SLAM) is one of the key technologies for mobile robots to 
achieve autonomous driving, and the lidar SLAM algorithm is the mainstream research scheme. Firstly, this 
paper introduces the overall framework of lidar SLAM, elaborates on the functions of front-end scanning 
matching, closed-loop detection, back-end optimization, and map building module, and summarizes the 
algorithms used. Then, the classical representative SLAM algorithms are described and compared from three 
aspects: pure lidar SLAM algorithm, multi-sensor fusion SLAM algorithm, and deep learning lidar SLAM 
algorithm. Finally, the challenges faced by the lidar SLAM algorithm in practical use are discussed. The 
development trend of the lidar SLAM algorithm is prospected from five dimensions: lightweight, multi-sensor 
fusion, combination of new sensors, multi-robot collaboration, and deep learning. This paper can provide a 
brief guide for novices entering the field of SLAM, and provide a comprehensive reference for experienced 
researchers and engineers to explore new research directions. 

Keywords: simultaneous localization and mapping; lidar; multi-sensor fusion; deep learning; development 
tendency 
 

1. Introduction 
With the release of China's 2035 vision goal outline and the proposal of new quality productivity, 

mobile robot technology has also received extensive aĴention. Simultaneous localization and 
mapping technology is a mobile robot in an unfamiliar environment, using its various sensors to 
carry out environmental data acquisition, aĴitude estimation, and self-positioning, to build the 
surrounding environment map [1]. The term "SLAM" was initially proposed by Smith and 
Cheeseman at the IEEE Robotics and Automation Conference. The technology has been in 
development for over three decades. The current mainstream SLAM algorithms are mainly divided 
into three categories, depending on the type of sensors used: lidar SLAM, visual SLAM, and multi-
sensor fusion SLAM. 

Visual SLAM mainly uses the camera as the core sensor. The camera is favored by many 
researchers because of its rich texture information, simple operation, and low cost [2]. The camera is 
mainly divided into monocular camera, binocular camera, and depth camera. The monocular camera 
uses a single camera to obtain environmental information. Its advantages are simple structure and 
low cost. However, due to structural limitations, the depth information of the object cannot be 
obtained. The binocular camera can estimate the depth information of the object by calibration and 
matching, but the calibration process is complex and the calculation load is large [3]. The depth 
camera can obtain the depth information and color of the object, and the information collection speed 
is fast, but its cost is high [4]. Due to the limitation of field of view and resolution, the depth camera 
is mainly used in indoor scenes. 

Compared with visual sensors, lidar has the advantages of high-ranging accuracy, is not 
susceptible to external interference such as illumination and perspective changes, and stable and 
accurate map construction [5]. It is widely used in the construction of large-scale complex indoor and 
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outdoor scene maps. Lidar SLAM mainly uses 2D lidar or 3D lidar to collect information. 2D lidar 
can identify obstacles in the lidar scanning plane, with fast scanning speed and low cost. However, 
2D lidar can not obtain the height information of the object, so it is often used in indoor service robots 
[6]. The 3D lidar uses multiple laser beams to scan the environment to obtain three-dimensional 
structural information such as the distance and shape of the object, but the measurement distance is 
greatly affected by the weather and is expensive. 

Inertial measurement unit (IMU), millimeter wave radar, ultrasonic radar, and GPS are also used 
in multi-sensor fusion SLAM. IMU can measure the acceleration and aĴitude angle of the carrier and 
can provide the initial value for the prior pose estimation. However, as the running time increases, 
the cumulative error is large. Millimeter wave radar has a strong penetration ability to haze, rain, and 
other weather, but its accuracy is low [7]. Ultrasonic radar is easy to install and suitable for close-
range accurate detection, but the ultrasonic transmission speed is easily affected by the environment, 
and it is difficult to detect objects in non-linear directions. GPS can provide accurate positioning 
information for mobile robots, with fast update speed and high precision, but trees and buildings 
may block GPS signals [8]. The advantages and disadvantages of various sensors in the lidar SLAM 
algorithm are shown in Table 1. 

Table 1. Analysis table of advantages and disadvantages of each sensor. 

Sensor type
 

Advantages
 

Disadvantages
 

Camera 

Monocular camera Simple structure and low cost 
Depth information cannot be 

obtained 

Binocular camera
 Depth information can be 

measured 

The calibration process is 
complex and the calculation 

load is large 

Depth camera
 Depth information and the color of 

the object can be obtained 
High cost, limited by field 

angle and resolution 

Lidar 

2D lidar
 

Fast scanning speed and low cost 
The height information of an 
object cannot be measured 

3D lidar 
 

Three-dimensional structure 
information such as the distance 

and shape of an object can be 
obtained 

Affected by the weather, the 
price is high 

Inertial measurement unit 
The acceleration and attitude 

angle of the carrier can be 
measured 

Easy to produce cumulative 
errors 

Millimeter wave radar 
Strong penetration for rain, snow, 

and haze 
Low data accuracy 

Ultrasonic radar 
Easy to install, suitable for close-

range accurate detection 

Easy to be affected by the 
environment, it is difficult to 
detect objects in a non-linear 

direction 

GPS 
Can provide accurate positioning 
information, update speed, high 

precision 

GPS signals may be blocked 
by trees and buildings 

SLAM technology has been continuously developed and improved in recent years. Many 
scholars have summarized the related research of SLAM, described the basic problems, models, 
frameworks, and technical difficulties of SLAM, reviewed the progress of related improved 
algorithms, and discussed the development trend of the SLAM algorithm. Among them, most of the 
literature reviews mainly introduce the application of visual SLAM algorithms or SLAM algorithms 
in specific scenarios, and there are few reviews on lidar SLAM algorithms. Kazerouni et al [9] provide 
an overview of recent research advances in visual SLAM for mobile robots and introduce machine 
vision algorithms for feature extraction and matching. Zhu et al [10] summarize the formation of state 
estimators in SLAM algorithms and give the current state of research on multi-sensor fusion 
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algorithms, but do not expand on this in the context of specific SLAM algorithms. Yarovoi et al [11] 
discuss the background information of SLAM algorithms, and the challenges faced, and summarize 
the recent SLAM directions. However, they only discuss the application of SLAM algorithms in the 
construction industry. Saleem et al [12] analyze recent advances in neural network techniques for 
SLAM-based ground vehicle localization, but only summarize the localization module of the SLAM 
algorithmic framework. 

This paper systematically introduces the system architecture of the lidar SLAM algorithm and 
the current mainstream lidar SLAM algorithm scheme and summarizes the challenges and future 
development trends of the lidar SLAM algorithm. The main contributions of this paper are as follows. 
(1) In this paper, the system architecture of the lidar SLAM algorithm is analyzed comprehensively. 

The article introduces in detail the four key modules of scanning matching, closed-loop detection, 
back-end optimization, and map construction in the SLAM algorithm framework. 

(2) The current mainstream lidar SLAM algorithm is summarized and described. The principles, 
advantages, and disadvantages of various SLAM algorithms are compared and analyzed from 
three aspects: pure lidar SLAM algorithm, multi-sensor fusion SLAM algorithm, and deep 
learning SLAM algorithm. 

(3) The challenges and future development trends of the lidar SLAM algorithm are discussed and 
summarized. In practical applications, the lidar SLAM algorithm faces the problems of difficult 
effective fusion of multiple sensor data, inherent measurement problems of lidar, and poor 
robustness. Five major trends in the future development of the lidar SLAM algorithm are 
summarized. 
The rest of this review is organized as follows. In Section 2, the overall framework of the lidar 

SLAM algorithm is described in detail. Section 3 describes and summarizes the latest representative 
lidar SLAM algorithms. Section 4 discusses the challenges faced by the lidar SLAM algorithm. Section 
5 summarizes the future development trend of lidar SLAM. Section 6 is the conclusion of this paper. 

2. Lidar SLAM System Architecture 
The SLAM system architecture can be roughly divided into four key parts: sensor data scanning 

and matching, closed-loop detection, back-end optimization, and map construction. The data 
collected by lidar and other types of sensors are processed and analyzed by the SLAM front-end to 
estimate the pose transformation between adjacent lidar data frames. At this time, the calculated pose 
contains cumulative errors. The back-end optimization is responsible for global trajectory 
optimization, obtaining accurate pose, and constructing a global consistency map. Throughout the 
process, the closed-loop detection has been performed. It is used to identify historically identical 
scenes, achieve closed loops, and eliminate cumulative errors [13]. The system architecture of SLAM 
is shown in Figure 1. 

 
Figure 1. System framework of SLAM. 
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2.1. Scan Matching 
The accuracy and computational efficiency of the scan matching algorithm directly affect the 

accuracy of trajectory estimation and map construction of the SLAM algorithm, which provides the 
initial value of the robot state and constraint relationship for the back-end optimization module. 
Scanning matching algorithms can be broadly categorized into iterative closest point (ICP) based 
algorithms, geometric feature-based algorithms, and mathematical feature-based algorithms. 

2.1.1. ICP-Based Matching Algorithm 
The ICP matching algorithm was originally proposed by Best [14] and Chen et al [15]. The 

algorithm's principle is to find the best pose transformation relationship between two scanning points 
of adjacent frames using continuous iteration with the minimum distance error as the objective 
function. The algorithm is simple and easy to implement, but it is easy to fall into local optimization, 
and the computational cost is too high when the number of scanning points increases. 

To solve the problem that the traditional ICP algorithm is easy to fall into local optimization and 
improve the accuracy and efficiency of registration, many researchers have proposed an improved 
ICP algorithm. The improved algorithm optimizes the ICP algorithm steps utilizing point selection, 
matching, weighting, eliminating false associations, and minimizing cost functions. The ICP 
matching algorithms suitable for lidar SLAM include PL-ICP (point-to-line ICP) [16], PP-ICP (point-
to-plane ICP) [17], GICP (generalized ICP) [18], NICP (normal ICP) [19], etc. The PL-ICP algorithm 
takes the distance from the point to the line as the error value, while the PP-ICP algorithm takes the 
distance from the point to the surface as the error cost. The GICP algorithm combines the ICP 
algorithm and the PL-ICP algorithm to perform point cloud registration on the probabilistic 
framework model, which improves the accuracy of matching. The NICP algorithm applies the normal 
vector and curvature information of the point cloud surface to the ICP algorithm, which improves 
the robustness of the registration. 

The Go-ICP algorithm [20] introduces global 3D Euclidean point cloud matching based on the 
branch and bound algorithm, which solves the problem that the ICP algorithm is sensitive to initial 
values. The GP-ICP algorithm [21] introduces ground plane constraints for ICP scan matching of 
ground vehicle point clouds. The algorithm is based on the boundary of height information to find 
the corresponding relationship between two frames of point clouds, which overcomes the problem 
of ground slope change. The Faster-GICP algorithm [22] filters the lidar points through a two-step 
point filter. First, the lidar points are filtered, only the points with higher flatness are retained, and 
then further filtered according to the contribution to the optimized objective function. With the help 
of a two-step point filter, the Faster-GICP algorithm improves the efficiency and accuracy of point 
cloud matching. A large number of iterations, requirements for initial values, and sensitivity to noise 
limit the ICP and its variant algorithms, and the computational cost of directly using the original 
point cloud matching is usually high. 

2.1.2. Geometric Feature-Based Matching Algorithm 
The geometric feature-based scan matching algorithm speeds up the efficiency of point cloud 

matching by extracting object edge features and planar features from the scanned point cloud and 
matching the corresponding features. Scanning matching based on geometric features is shown in 
Figure 2. 

  
(a) (b) 

Figure 2. (a) Point cloud data obtained by lidar; (b)The extracted edge and plane features. 
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LOAM [23] extracts the corner points and plane points of the current frame and the matching 
frame based on the local curvature of the point cloud constructs the constraints through point-line 
and point-surface, takes the point-line distance and point-surface distance as the error function, and 
performs point cloud matching and pose optimization based on the nonlinear least squares method. 
R-LOAM [24] combines the point features in the LOAM algorithm and the grid features in the 
reference object to achieve fast matching of the corresponding point cloud features. However, the 
algorithm has higher requirements for the positioning accuracy of the reference object and the three-
dimensional grid. E-LOAM [25] extends the pre-extracted geometric feature information to the local 
point cloud information around the geometric feature points for matching, which improves the 
registration accuracy of the algorithm. To solve the problem of sparse geometric features in 
unstructured environments, the E-LOAM algorithm uses the intensity information of the point cloud 
to extract points with large intensity changes as additional feature points for matching. Surfel is a 
point cloud-based representation method that uses point clouds rather than polygonal meshes to 
represent three-dimensional shapes but requires GPU processing. SuIn-LIO [26] combines the 
invariant extended Kalman filter state estimator with the map based on the facet feature, which can 
not only achieve the accuracy of state estimation and map construction but also realize the real-time 
registration of lidar scanning frames. 

The matching algorithm based on geometric features does not need the prior information on 
point cloud transformation relationship and only uses the geometric features of the point cloud for 
iterative solution. It has good real-time performance and is widely used. In structured scenes, the 
feature-based scan matching method can achieve beĴer scan matching, but there are also some 
problems. For sparse scanning point clouds or unstructured environments, it is difficult to extract 
reliable features, which can easily lead to mismatches [27]. Compared with the ICP algorithm, the 
registration accuracy of the matching algorithm based on geometric features is poor, and the 
extraction of robust features requires a higher computational cost [28]. Given the above problems, 
adopting a coarse-to-fine hybrid scanning matching method has gradually become a trend. Firstly, 
the initial pose estimation is obtained by using the feature-based method, and then the ICP algorithm 
is run to further correct the pose, to obtain an accurate pose finally. He et al [29] propose an ICP 
registration algorithm based on point cloud local features. The algorithm combines the density, 
curvature, and normal information of the point cloud to design an efficient and robust three-
dimensional local feature descriptor. Then, according to the feature descriptor, the initial registration 
result of the point cloud is found. Finally, the result is used as the initial value of the ICP algorithm 
to achieve accurate point cloud registration. 

2.1.3. Mathematical Feature-Based Matching Algorithm 
Mathematical feature-based matching algorithms are scanning matching methods that use 

mathematical properties to describe the point cloud data and the pose changes between frames, and 
the most famous one is the matching algorithm based on the normal distribution transform (NDT). 
The NDT algorithm [30] divides the point cloud into grids calculates the normal distribution of each 
grid to represent point cloud features, and then calculates the relative positional relationship between 
point clouds, which has the advantages of fast matching speed and good stability. 

SRG-NDT [31] is a segmented region-growing NDT algorithm. The algorithm first removes the 
ground points in the scanned point cloud to speed up the point cloud registration and then performs 
Gaussian clustering on the remaining point clouds to ensure the matching accuracy of the algorithm. 
In MI-NDT [32], the reference scan voxel is transformed into a multi-scale voxel based on the optimal 
plane ratio criterion. The pose obtained from the coarse voxel is used as the input of the fine voxel, 
and it is refined to the finest voxel level. The final pose parameter is the best transformation. The MI-
NDT algorithm has greatly improved the registration accuracy and robustness. NDT-6D [33] is a 
color-based normal distribution transformation point cloud registration method. The algorithm uses 
geometric and color information to calculate the correspondence between point clouds and uses 
three-dimensional geometric dimensions to minimize the distance of these correspondences, which 
improves the robustness of the algorithm to noise. NDT-LOAM [34] proposes a method combining 
weighted NDT and local feature (LFA) to match point clouds and estimate the motion of the lidar. 
The algorithm has the characteristics of low drift, high precision, and strong real-time performance. 
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The ICP algorithm has higher accuracy when registering between adjacent frame point clouds, 
but the initial pose has higher requirements. The matching algorithm based on geometric features 
can balance computational efficiency and matching accuracy, but it is not suitable for sparse point 
clouds and unstructured scenes. The calculation efficiency of the NDT algorithm is relatively high, 
but the matching accuracy is not as good as the ICP algorithm. The characteristics of the typical lidar 
scanning matching algorithm are summarized as shown in Table 2. 

Table 2. Features of typical scan matching methods. 

Features
 

ICP-type methods Feature-based methods
 

NDT-type methods
 

Iteration Need Optional Need 
Initial value

 
Need No need Need 

Domain of 
convergence

 Small / Large 

Operating speed
 

Slow Fast Medium 
Robustness

 
Poor Medium Good 

Precision 
High, Affected by 
outliers and noise 

Low, Related to feature 
extraction accuracy 

Medium, Related to voxel 
size 

Scope of application Wide Structured scene Wide 
Based on the characteristics of different matching algorithms, some scholars have proposed a 

combined scan-matching algorithm. Wang et al [35] use the NDT point cloud registration algorithm 
to roughly estimate the pose of the unmanned vehicle and then use the ICP point cloud registration 
algorithm to correct the registered point cloud to achieve an accurate estimation of the pose of the 
unmanned vehicle. Yang et al [36] propose a point cloud registration algorithm based on 3D NDT-
ICP, which uses a 3D NDT algorithm to solve the coordinate transformation of the point cloud in the 
roadway, and optimizes the unit resolution of the algorithm according to the environmental 
characteristics of the roadway, introduces kd-tree in the ICP algorithm for the search of point pairs, 
and optimizes the nonlinear objective function of the algorithm by using the Gaussian-Newton 
method to complete the point cloud of the roadway with Accurate alignment. 

2.2. Closed Loop Detection 
Both scan matching at the front end and map building at the back end of the SLAM algorithm 

generate computational errors due to deviations in sensor information, which accumulate over 
runtime. Closed-loop detection is a key module that can avoid error accumulation, which is very 
important for SLAM systems running in large environments, many loops, and a long time. The main 
goal of closed-loop detection is to detect whether the robot has visited the same position or not, thus 
correcting localization errors due to drift or environmental changes [37]. If the closed loop is correctly 
identified, the global pose and map information errors can be corrected. If the two frames of point 
clouds that are far apart are mistakenly identified as closed loops, it may cause a large deviation in 
pose estimation and even lead to map construction failure. The process of closed-loop detection is 
shown in Figure 3. 

 
Figure 3. Closed loop detection (The green is the current frame point cloud, and the red is the historical loop-
closure frame point cloud). 
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Tomono [38] uses coarse-to-fine point cloud registration to detect the closed-loop constraints of 
the robot. The coarse estimation used geometric constraints such as planes and lines to shorten the 
time of closed-loop detection and then used the iterative closest point algorithm for fine estimation. 
Meng et al [39] developed a closed-loop detection algorithm based on a point cloud histogram in 
multi-resolution mode. This algorithm can accurately detect the closed-loop in the process of vehicle 
driving, and obtain accurate aĴitude information and map through global optimization. However, 
the recognition accuracy is poor in scenes with large vertical changes. 

In addition to the direct matching of two sets of point cloud frames, another approach is to 
construct descriptors with geometric information, intensity information, or others, and then compare 
the descriptors to measure the similarity of the closed-loop detection, which is based on both artificial 
design and deep learning. The former can directly process the 3D point cloud, including local-based 
descriptors, global-based descriptors, and hybrid-based descriptors, while the laĴer requires 
representing the 3D point cloud into a format that can be processed by deep learning, such as 
preprocessing it into a structured, fixed-size representation. Effectively extracting feature descriptors 
with discriminative ability and robustness is also one of the issues that scholars focus on and study 
[40]. 

The local descriptor is extracted from the position of each feature point and matched based on 
the historical scene, which improves the efficiency of closed-loop detection. Some key point detection 
methods and local descriptors are proposed, such as 3DSift, 3DHarris, 3D-SURF, ISHOT, and FPFH. 
MF-LIO [41] uses the fast point feature histogram feature descriptor to perform closed-loop detection, 
which improves the positioning and mapping accuracy of the SLAM algorithm. FELC-SLAM [42] 
introduces a variety of feature descriptors at the back end of the SLAM algorithm for closed-loop 
detection, which effectively solves the problem of sparse point clouds at the remote end. 

Local descriptors ignore the relationship between local features and lack robustness when facing 
scenes with sparse lidar point clouds and insufficient features. The global descriptor can make full 
use of point cloud data and improve the accuracy of closed-loop detection. Inspired by Mercator 
projection and depth map, Wang et a [43] propose a new global Mercator descriptor to improve the 
accuracy and recall rate of closed-loop detection. Kim et al [44] propose a method based on scanning 
context, Scan Context, which is a non-histogram global descriptor. It divides each frame of the point 
cloud into several regions, selects representative points, and saves them to a two-dimensional array. 
The kd-tree is used to find the historical Scan Context descriptor for similarity calculation and detect 
whether to loop back. The Scan Context algorithm is not affected by the change of lidar viewpoint, 
and can still achieve efficient loop closure detection in real environments such as large scenes, noise, 
and partial occlusion. 

In recent years, many scholars have integrated the intensity features, semantic information, and 
deep learning of lidar into the closed-loop detection module to achieve robust and efficient results. 
Zhang et al [45] propose a new Intensity Cylindrical Projection Shape Context (ICPSC) descriptor and 
ICPSC-based row-column similarity estimation and use a double-valued ring candidate verification 
strategy to achieve accurate closed-loop detection in sparse scenes. Li et al [46] propose a semantic 
scanning context location recognition method, which uses semantic descriptors to encode scene 
information and uses two-step global ICP to eliminate the influence of rotation and translation on 
descriptor matching. CaĴaneo et al [47] introduce a closed-loop detection network (LCDNet). The 
deep learning network consists of a shared encoder, a position recognition head that extracts the 
global descriptor, and a relative pose head that estimates the conversion between two point clouds. 
It can identify the closed-loop and estimate the 6-DOF pose transformation. 

2.3. Back-End Optimization 
In the lidar SLAM algorithm, the back-end optimization is a process of integrating the lidar pose 

and inter-frame motion constraints of each frame to achieve overall optimization and generate an 
environment map based on the scanning data provided by the front end. According to different key 
algorithm theories, lidar SLAM can be divided into filter-based lidar SLAM and graph-based lidar 
SLAM. The filter method mainly uses the Kalman filter or extended Kalman filter to obtain the 
optimal state estimation. There are problems such as slow update efficiency, poor environmental 
adaptability, and lack of closed-loop detection modules. It is difficult to apply in large-scale long-
distance and multi-loop scenarios. The method based on graph optimization will consider all the 
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sensing data for global optimization. Although the calculation amount is large, it can make full use 
of the data collected by the sensor, and the fusion accuracy is high. 

2.3.1. Algorithm Based on Filtering 
The filter-based back-end optimization algorithm is mainly based on Bayesian estimation, and 

the posterior probability is calculated by prior probability, sensor measurement, and state transition 
model. In the state estimation, the commonly used filtering algorithms are the Kalman filter (KF) [48], 
extended Kalman filter (EKF), unscented Kalman filter (UKF), error state Kalman filter (ESKF), and 
particle filter (PF) [49]. Table 3 summarizes several filtering algorithms. 

Table 3. Filtering algorithm in back-end optimization. 

Filtering algorithm
 

Description
 

Limitation
 

Kalman filter (KF) 
Recursive optimal estimation of 

linear Gaussian system 
Only applicable to linear systems 

Extended Kalman filter 
(EKF)

 

The first-order Taylor is used to 
linearize the nonlinear system to 
solve the nonlinear problem to a 

certain extent. 

When it is far away from the 
working point, the degree of 

linearization is not enough, which 
will have a greater impact. 

Unscented Kalman filter 
(UKF)

 
The Sigma sampling points are used 

to approximate the nonlinear 
Gaussian transform. 

Depending on the number of 
sampling points, it can deal with 
nonlinear problems but has high 

computational complexity. 

Error state Kalman filter 
(ESKF)

 

The error state variable is used 
instead of the original variable for 
iterative update, which has small 
dimension and high linearization 

degree. 

It is sensitive to initial estimates 
and has accumulated errors. 

Particle filter (PF) 

Based on the Monte Carlo method, a 
set of particles is constructed to 

approximate the target state 
distribution and update the particles.

There is a particle dissipation 
problem, and the computational 
complexity is proportional to the 

number of particles. 
To balance efficiency and accuracy, Gao et al [50] propose a GNSS-LiDAR-inertial state estimator 

based on the iterative error state Kalman filter algorithm, which fuses GNSS, LiDAR, and IMU data 
to achieve coarse-to-fine state estimation and improves the accuracy and stability of the SLAM 
system. EKF-LOAM [51] uses the extended Kalman filter algorithm to fuse the wheel odometer and 
IMU data into the LeGO-LOAM algorithm, which improves the positioning ability of the mobile 
robot in the absence of GPS data. FAST-LIO [52] uses a tightly coupled iterative extended Kalman 
filter to fuse lidar feature points with IMU data to achieve navigation in fast motion or noisy 
environments. This algorithm proposes a new Kalman gain calculation formula, which makes the 
calculation amount depend on the state dimension rather than the measurement dimension, which 
greatly improves the operation efficiency of the algorithm. Compared with the traditional Kalman 
filter algorithm, researchers are more inclined to use the variants of the EKF algorithm to improve 
efficiency and state estimation accuracy. 

2.3.2. Algorithm Based on Graph Optimization 
The disadvantage of the filtering algorithm is that it cannot correct the cumulative error, and it 

will produce serious error drift when running for a long time in the scene with large noise and many 
loops. Graph optimization uses the method of graph theory to model and solve the system. It is an 
optimization scheme adopted by most SLAM algorithms at present and is deeply loved by the 
majority of researchers. Factor graph optimization is a special graph optimization method. It 
represents the pose state of the robot with nodes and represents the constraint relationship between 
nodes with edges. The nonlinear least squares method is used to iteratively optimize the cumulative 
error in the mapping process. 
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The core idea of the graph optimization algorithm is to use the graph optimization framework 
to estimate the pose and construct the map in real time. The SLAM algorithm is divided into front-
end and back-end. The front end is responsible for scanning matching, feature extraction, and data 
association. The back end is responsible for pose graph optimization and closed-loop detection is 
added to correct the cumulative error. It can be applied to outdoor and indoor large-scale 
environments with good robustness, but the amount of calculation is too large. Lang et al [53] design 
a dynamic weight estimation algorithm based on sensor and closed-loop detection information. The 
algorithm uses the different accuracy of LiDAR, IMU, and closed-loop detection in different scenarios 
to calculate the dynamic weight of the graph optimization edge, which improves the accuracy of the 
back-end state optimization. Du et al [54] use the nonlinear least squares method to optimize the 
factor graph composed of the INS factor, camera factor, lidar odometer factor, and motion model 
factor to improve the aĴitude estimation accuracy of the algorithm in the sparse feature outdoor 
environment. 

At present, the open-source optimization algorithm libraries based on graph optimization 
include iSAM (incremental smoothing and mapping), GTSAM (georgia tech smoothing and 
mapping), G2O (general graph optimization), Ceres, BA (bundle adjustment), etc. With the help of 
these optimization libraries, the time of back-end iteration to solve the optimization value can be 
saved. Using these open-source algorithm libraries, developers can focus on the construction of 
system graph models rather than specific mathematical calculations to achieve the purpose of simple 
and efficient development. 

2.4. Map Construction 
The map constructed by the lidar SLAM algorithm is a model of the surrounding environment 

of the mobile robot and a prerequisite for positioning and autonomous navigation [55]. In the field of 
SLAM, the constructed map is mainly divided into point cloud map, octree map, semantic map, and 
so on. The 2D lidar SLAM generally uses a grid map to represent the surrounding obstacle 
information. The algorithm divides the real environment into grids and uses the probability 0~1 to 
represent the probability that the grid is occupied by obstacles. The 3D lidar SLAM algorithm 
intuitively describes the surrounding environment information through the point cloud map, as 
shown in Figure 4a. The point cloud map has a large amount of data, which generally needs to be 
downsampled by voxel filtering to display normally. A simple point cloud map cannot distinguish 
obstacle information and cannot be used for path planning and obstacle avoidance, but it can be used 
for point cloud registration research. Mesh maps represent a 3D model of the environment by 
capturing key points and features in the environment and generating a mesh consisting of triangular 
facets, as shown in Figure 4b. The Mesh map can be used for path planning, but it needs to filter out 
sensor noise. OctoMap is a three-dimensional spatial map representation method based on an octree 
data structure, which efficiently processes and stores large-scale environmental information by 
recursively decomposing three-dimensional space into eight equal sub-units, as shown in Figure 4c. 
The octree map is a special occupied grid map. In this structure, the grids with the same occupancy 
probability can be merged to reduce the storage space of the map, which is suitable for obstacle 
avoidance and path planning. The semantic map uses semantic segmentation to classify objects in the 
environment. It not only contains spatial information but also integrates a semantic understanding 
of various elements in the environment, as shown in Figure 4d. Semantic maps combine geometric 
and semantic information to improve the ability of mobile robots to perceive the environment, which 
is conducive to the efficient execution of tasks in complex environments. 

  
(a) (b) 
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(c) (d) 

Figure 4. The representation of a map. 

Tsai et al [56] use point cloud data preprocessing and feature extraction methods such as ground 
segmentation to improve the recognition accuracy of vertical objects, reduce rotation and translation 
errors, and construct an accurate global point cloud map. Rueĵ et al [57] propose a local three-
dimensional environment representation method for unmanned ground vehicle navigation, visible 
point cloud mesh (OVPC Mesh). This method uses local point cloud data to generate 3D meshes to 
represent the free space around the robot, which balances the representation accuracy and 
computational efficiency. Cai et al [58] propose an efficient occupancy grid map D-Map based on an 
octree map. The algorithm uses a depth image to determine the area occupancy state, and deletes the 
known state of the grid when updating the state, ensuring low memory consumption and high 
operating efficiency. Hu et al [59] designed a neural network architecture RandLA-Net, using random 
sampling and local feature clustering methods to achieve semantic segmentation of large-scale 3D 
point clouds. 

3. SLAM Algorithm Scheme Based on Lidar 
3.1. SLAM Algorithm Based on Pure Lidar 

The pure lidar SLAM algorithm can be divided into 2D lidar SLAM algorithm and 3D lidar 
SLAM algorithm according to the type of lidar used. 

In the 2D lidar SLAM algorithm, Montemerlo et al [60] propose the Fast SLAM algorithm, which 
is a SLAM algorithm based on a particle filter. The algorithm decomposes the SLAM problem into 
two independent problems: robot pose estimation and map coordinate point posterior probability 
distribution estimation. The robot pose estimation is realized by particle filter, and the map 
coordinates posterior probability distribution is estimated by an extended Kalman filter. Fast-SLAM 
can deal with nonlinear systems due to the use of particle filtering technology. However, in a large 
environment or when the odometer error is large, more particles are needed to obtain beĴer 
estimation, and the resampling of particles will also lead to particle dissipation. GMapping [61] 
improves based on particle filter and alleviates the risk of memory explosion by reducing the number 
of particles. The selective resampling method is used to rank the importance weights of particles, and 
the particles with low weights are resampled to solve the problem of particle dissipation in the RBPF 
algorithm. The Gmapping algorithm has good real-time performance and high mapping accuracy in 
the indoor environment. It is one of the most commonly used SLAM algorithms, but it lacks closed-
loop detection, and there is a large cumulative error in long-term operation in outdoor large scenes. 

Karto [62] is the first open-source algorithm based on graph optimization, which makes full use 
of the sparsity of the system. In the front end, correlation scan matching is used to match the data 
frame with the local map to calculate the pose. In the back end, the graph-based optimization method 
is used for global optimization. The closed-loop detection uses the candidate data frame to construct 
the local map and uses the scan-to-map method to match and detect the closed-loop. Hector [63] does 
not require odometer data and uses the Gauss-Newton method to directly perform scan-to-map 
matching to construct a 2D grid map. Due to the lack of closed-loop detection in Hector, once the 
map is wrong, it will affect the subsequent mapping effect, and the scan-to-map method has a large 
amount of calculation, the robot must move at a lower speed. In 2016, the Google team open-sourced 
the Cartographer [64] algorithm, adding sensor time synchronization and laser data preprocessing, 
introducing the concept of submap, using a combination of CSM and gradient optimization to match 
frames with submaps, using branch-and-bound to accelerate loopback detection, and combining with 
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lazy decision making to reduce the likelihood of loopback errors. Cartographer is one of the open-
source algorithms with the highest accuracy, the best robustness, and the most convenient secondary 
development. Table 4 is a summary of the 2D lidar SLAM algorithm. 

Table 4. 2D lidar SLAM algorithm. 

Algorithm name
 Algorithm 

framework 
Loop closure 

detection
 Merits and demerits

 

Fast-SLAM Particle filter No 

Pose estimation and mapping are optimized 
separately; it can deal with nonlinear 

problems; but there is a problem of particle 
degradation. 

Gmapping
 

Particle filter No 
Improve particle degradation; it relies 

heavily on odometers and cannot build 
large-scale maps. 

Karto
 Graph 

optimization 
Yes 

The first open-source SLAM based on graph 
optimization, with loopback detection 
function; poor real-time performance 

Hector
 

Gauss-Newton No 
No odometer information is required; 

without a closed-loop detection function, it 
is easy to drift when rotating too fast. 

Cartographer 
Graph 

optimization 
Yes 

High precision and strong real-time, 
accelerate closed-loop detection; high 
requirements for computing resources 

LOAM is a classic and representative 3D lidar SLAM algorithm, and many other algorithms are 
improved based on it. The framework of the LOAM algorithm is shown in Figure 5. The algorithm 
divides the feature points into edge feature points and plane feature points according to the curvature 
of the lidar points in the local range. LOAM divides the SLAM problem into high-frequency, low-
precision motion estimation and low-frequency, high-precision map construction. Then it fuses the 
two data to obtain an accurate point cloud map. The shortcoming of the LOAM algorithm is the lack 
of back-end optimization and closed-loop detection, which will cause drift in large-scale and multi-
loop scenarios. LeGO-LOAM [65] is a lightweight SLAM algorithm that projects three-dimensional 
point clouds onto two-dimensional images to separate ground points and non-ground points to 
remove noise. The algorithm divides the ground point cloud before feature extraction, which speeds 
up the operation efficiency and enables it to work on low-power embedded systems. 

 
Figure 5. Algorithm framework for LOAM. 

With the emergence of new sensors, Lin of the University of Hong Kong proposes the Loam-
livox algorithm for the new solid-state lidar scanning characteristics [66]. The algorithm is optimized 
in terms of effective point screening and iterative pose optimization, which is of great significance for 
the subsequent research of other solid-state lidar SLAM algorithms. The traditional SLAM algorithm 
based on lidar mainly focuses on geometric features and time information, while ignoring the 
intensity information of lidar reflection. Wang et al. propose the Intensity-SLAM algorithm using 
geometric and intensity features [67]. The algorithm uses intensity information to construct an 
intensity map to assist feature point extraction and pose estimation. In the closed-loop module, a Scan 
Context descriptor based on intensity information is used to be robust to rotation. 
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3.2. Lidar SLAM Algorithm Based on Multi-Sensor Fusion 
A single sensor cannot independently complete the global map construction in all scenarios, and 

the fusion of multiple sensors can solve the limitations of a single sensor and obtain a more accurate, 
efficient, and adaptable SLAM effect [68]. 

The fusion of lidar and IMU can overcome the problems of low update frequency and motion 
distortion of lidar in the lidar SLAM algorithm. According to the data fusion method, the fusion of 
lidar and IMU can be divided into loose coupling and tight coupling. Loose coupling is to process 
the lidar and IMU data separately, and then combine the parameters estimated by both for fusion. 
Compared with loose coupling, tight coupling uses lidar data and IMU data to jointly construct 
parameter vectors in the data processing process, and then estimates and optimizes them, showing 
beĴer robustness and accuracy. Tight coupling is also one of the research hotspots of the multi-sensor 
fusion SLAM algorithm. 

LIO-mapping [69] is a tightly coupled fusion algorithm of lidar and IMU proposed for the first 
time. By jointly optimizing the measurement data of IMU and lidar, there is no obvious drift even in 
the case of Lidar degradation. The mapping accuracy of the algorithm is improved, but the 
complexity of the tightly coupled algorithm is high. Pan et al [70] use the lidar inertial odometry of 
the iterative extended Kalman filter to fuse lidar keyframes and IMU information. In closed-loop 
detection, the global descriptor of the scanning context is constructed by using the de-distortion 
feature points of the front-end IMU to improve the accuracy of the closed-loop detection. In the back 
end, GTSAM is used for global optimization and GPS constraints are introduced to obtain globally 
consistent trajectories and maps. LIO-SAM [71] follows the idea of the LOAM algorithm to extract 
feature points, using IMU data to correct point cloud distortion and provide the initial value of pose 
transformation. The back end uses a factor graph-optimized architecture, as shown in Figure 6. The 
algorithm uses the factor graph framework to fuse the IMU pre-integration factor, the lidar odometer 
factor, the GPS factor, and the closed-loop detection factor, which can obtain beĴer accuracy and real-
time performance. However, in unstructured scenes, there will be a lack of effective feature points 
and failure. FAST-LIO2 [72] inherits the tightly coupled architecture of FAST-LIO. It makes full use 
of the subtle features in the environment by updating the map directly using the original lidar points 
and reduces the computational complexity significantly by using the ikd-tree data structure. In 
summary, the study of lidar inertial tight coupling mainly improves the accuracy, efficiency, and 
robustness of mapping through the tight coupling of lidar and IMU. However, the joint calibration 
method for lidar and IMU is not yet mature. 

 
Figure 6. The system architecture of factor graph optimization. 

Lidar cannot work normally in degraded scenes and has poor global positioning ability, while 
the camera has good global positioning ability and can obtain rich image texture information. The 
fusion of the two can improve the accuracy and application scenarios of the SLAM system [73]. V-
LOAM [74] is a general architecture combining a lidar odometer and a visual odometer. The block 
diagram of the algorithm system is shown in Figure 7. The algorithm uses a visual odometer to 
process fast motion, while the lidar odometer guarantees low drift and robustness under poor 
lighting conditions. V-LOAM ranks first in the average translation and rotation error benchmark test 
of the KITTI dataset but lacks a closed-loop detection module. LVI-SAM [75] is a SLAM framework 
for tightly coupled lidar-vision-inertial odometry, which consists of a lidar-inertial system (LIS) and 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2024 doi:10.20944/preprints202411.2260.v1

https://doi.org/10.20944/preprints202411.2260.v1


 13 

 

a visual-inertial system (VIS). The architecture of the tightly coupled lidar-visual-inertial system is 
shown in Figure 8. LIS provides accurate depth information for VIS and improves the accuracy of 
VIS. In turn, LIS uses the initial pose estimation of VIS to perform point cloud scanning matching. 
The advantage of the algorithm is that one of the VIS or LIS fails, and the LVI-SAM can also work 
normally, which makes the algorithm have beĴer robustness in the environment with less texture 
and lack of features. R2LIVE [76] uses the error state iterative Kalman filter to fuse the measurement 
data of lidar, vision, and inertial sensors for state estimation and further improves the overall 
accuracy through factor graph optimization. However, the visual system in the algorithm adopts the 
feature point method, which is easy to fail in an unstructured environment. To improve the accuracy 
and robustness of the algorithm, R3LIVE is proposed. R3LIVE [77] improves the visual system by 
using the optical flow method instead of the original feature point method. It effectively fuses the 
visual data by minimizing the photometric error from the frame to the map and renders the RGB 
color for the map. Experiments show that R3LIVE has stronger robustness and accuracy in state 
estimation than existing systems. 

 
Figure 7. Block diagram of V-LOAM algorithm system. 

 
Figure 8. Lidar-visual-inertial tightly coupled system architecture. 

To cope with fast motion, noise, and complex application scenarios, many researchers have 
begun to integrate different types of sensors into the SLAM system [78]. RadarSLAM [79] is a SLAM 
system suitable for frequency-modulated continuous wave radar. The algorithm uses radar to track 
the geometric structure reliably and compensates for the motion distortion through joint 
optimization. It can also work stably under extreme weather conditions such as heavy snow and fog. 
GR-LOAM [80] fuses the measurement data of wheel encoder, lidar, and IMU in a tightly coupled 
way, and estimates the pose change of the robot through IMU and wheel encoder. The algorithm 
detects abnormal data by adjusting the optimal weight of each sensor, and eliminates the moving 
point cloud of dynamic objects, but does not integrate camera data. Liu et al [81] propose a multi-
sensor SLAM fusion framework integrating GPS, IMU, lidar, and camera. Different sensor data are 
fused in a tightly coupled manner and then optimized by a factor graph. The algorithm reduces the 
error of the sensor due to accidental changes through the visual-lidar automatic calibration method 
and uses the target detection module to establish a semantic map, which provides rich map 
information for navigation and obstacle avoidance. 
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3.3. Lidar SLAM Algorithm Based on Deep Learning 
The combination of deep learning and lidar SLAM algorithm is mainly applied to several 

modules in SLAM architecture, such as feature extraction and registration of point clouds, closed-
loop detection, and construction of semantic maps. The method based on deep learning uses data-
driven learning to obtain more accurate results than manual design [82]. The application of deep 
learning in feature extraction and closed-loop detection improves the efficiency, accuracy, and 
robustness of the SLAM algorithm. Constructing semantic maps through deep learning methods can 
improve the ability of mobile robots to perceive the surrounding environment and adapt to different 
environments. 

Traditional point cloud matching methods have achieved good matching results in some scenes, 
but they have the problems of high requirements on initial values, poor matching accuracy, and 
inability to adapt to the whole scene. With the rapid development of deep learning technology, 
researchers apply deep learning to point cloud feature extraction and point cloud matching to solve 
the drawbacks of traditional point cloud matching [83]. Sun et al [84] innovatively propose an 
MLP_GCN module that combines multi-layer perceptron and graph convolutional network. The 
MLP_GCN module is integrated into the point cloud registration detector and descriptor. The 
detector is used to extract key points, and the descriptor is used to describe the depth features of each 
key point, which improves the accuracy of point cloud registration. Based on deep learning, Poiesi et 
al [85] propose a GeDi descriptor for point cloud registration. The deep learning network uses a 
quaternion conversion module to ensure that the 3D descriptor can cope with different scaling and 
rotation and has strong robustness. Zheng et al [86] designed a PBNet that combines a point cloud 
network with global optimization. The network first uses the feature information of the target for 
coarse registration, then searches the entire three-dimensional motion space, and performs branch 
and bound method and iterative closest point method. PBNet reduces the influence of initial values 
on point cloud registration, but there is a local optimal problem. Deep learning brings certain 
convenience to SLAM and improves the accuracy and robustness of point cloud matching and feature 
extraction. However, deep learning models require data for training and also consume GPU 
resources. 

Accurate closed-loop detection can eliminate the cumulative error of the SLAM algorithm and 
improve the accuracy of the algorithm. The traditional closed-loop detection is mostly detected by 
manually seĴing closed-loop features, which has the problems of low recognition accuracy and large 
amounts of calculation. Compared with the method of manually designing closed-loop detection 
features, deep learning can extract features with high discrimination and improve the accuracy of 
closed-loop through a large amount of data training and a reasonable network model [87]. 

In recent years, closed-loop detection algorithms based on deep learning have been continuously 
developed. DeLightLCD [88] is a deep and lightweight closed-loop detection neural network. The 
network includes a Siamese feature extraction module and a dual aĴention difference module. Based 
on the dual aĴention feature difference network, a feature difference map is generated to identify the 
difference between the two frame point clouds. A fast selection method of closed-loop candidate 
points is used to extract closed-loop candidate points from a large number of lidar scanning 
sequences. The DeLightLCD can perform efficient closed-loop detection without pre-pose, but the 
input of the network must be a two-dimensional depth image after point cloud conversion. Wang et 
al [89] propose a closed-loop detection method based on a multi-scale point cloud feature 
transformer. This method uses voxel sparse convolution to obtain the features of original point clouds 
with different resolutions and uses a transformer network to establish the relationship between 
different resolution features, to realize multi-scale feature fusion, and to obtain global descriptors. 
This method uses the Euclidean distance between point cloud descriptors to measure the similarity 
between point clouds and does not need to manually create descriptors, which improves the detection 
efficiency. Overlap-Transformer [90] is a lightweight Transformer network, which uses the distance 
image of 3D point cloud projection and Transformer aĴention mechanism to generate yaw angle 
invariant descriptors for closed-loop detection. 

Semantic SLAM can accurately identify and classify target objects, and deep learning is precisely 
the most advantageous object recognition method at present. Therefore, the combination of deep 
learning and semantic SLAM has received extensive aĴention [91]. SuMa++ [92] uses the fully 
convolutional neural network to extract the semantic information in the point cloud and combines 
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the geometric information of the lidar point cloud to improve the accuracy of pose estimation. The 
algorithm filters the point cloud of moving objects through semantic segmentation and improves the 
accuracy of point cloud matching. Wen et al [93] study a semantic segmentation neural network 
architecture Hybrid CNN-LSTM, which combines the advantages of the CNN network and LSTM 
network. The LSTM network is used to segment the point cloud image obtained by PointNet, and the 
image block is input into the LSTM network according to the Hilbert curve sequence, which improves 
the segmentation accuracy of the neural network for smaller targets, but the real-time performance 
of the algorithm is poor. Li et al [94] propose the neural radiation field convolution (NeRFConv) 
method for large-scale point cloud semantic segmentation. The algorithm clusters the features by 
learning the density distribution and adaptive weights of the point cloud and preserves the spatial 
information and semantic features as much as possible. Luo et al [95] propose a multi-scale region 
relation feature segmentation network MS-RRFSegNet for urban scenes. The original point cloud is 
reorganized by uniform super voxels, which effectively reduces the computational complexity. The 
region relation feature inference module based on super voxels is used to extract the local region 
context information, and then the semantic segmentation point cloud map of the scene is obtained. 

4. Challenges of the Lidar SLAM Algorithm 
Through the combing and analysis of different lidar SLAM algorithms, it can be seen that the 

system framework and related theories of lidar SLAM have developed more maturely, but in 
practical applications, the process of realizing lidar SLAM technology from theory to practice still 
faces many challenges. 

(1) Difficulty in fusing data from different sensors 
Relying on a single sensor to perceive the surrounding environment has certain limitations, 

which can not meet the SLAM mapping algorithm in different scenarios. Reasonable fusion of multi-
sensor measurement data can improve the performance of the mapping algorithm, but it is necessary 
to calibrate the relative pose transformation and timestamp between different sensors before fusion. 
Due to the different measurement frequencies of different sensors, there is a problem that the data 
sampling time is not synchronized [96]. In the actual use process, the external parameters of different 
sensors will affect the relative pose matrix due to mechanical deformation and changes in the external 
environment, which makes it difficult to effectively synchronize the data of different sensors. Li et al 
[97] propose a method to calibrate the parameters between lidar and IMU in time and space. By 
querying the accurate transformation on the continuous time trajectory, the deformation point and 
the time displacement point are modeled to realize the effective fusion of sensor data. 

(2) Inherent problems of lidar measurement 
When lidar is used to scan the surrounding environment and output a 3D point cloud, a huge 

amount of data is often generated. Although a large amount of point cloud data provides rich 
environmental information, it seriously affects the real-time performance of the algorithm and brings 
challenges to the lidar SLAM algorithm. Lidar will distort the scanning point cloud due to the rapid 
movement of the carrier, which will affect the matching effect of the point cloud. Yang et al [98] design 
a point cloud distortion correction method that combines lidar and a camera. The camera is used to 
provide dense angular resolution for the lidar, and the probabilistic Kalman filter method is used to 
match the real-time speed of the moving object with the correct point cloud to complete the point 
cloud distortion correction. In an environment with sparse or repetitive features, due to the limitation 
of the detection distance of the lidar, the point cloud scanning matching is mismatched, which in turn 
affects the accuracy of the algorithm pose estimation. 

(3) Robustness in complex scenes 
Real-time localization is a very important problem in lidar SLAM algorithm. In the process of 

switching between indoor scenes and outdoor scenes, how to ensure accurate positioning is a huge 
challenge for the algorithm. There are a large number of dynamic objects in some scenes, such as 
vehicles, electric bicycles, pedestrians, and other traffic participants [99]. The lidar SLAM algorithm 
needs to realize real-time detection and tracking of these dynamic objects and separate them from 
static obstacles during the construction of the map to ensure the accuracy and stability of the map 
[100]. DL-SLOT [101] is a tightly coupled dynamic lidar SLAM method. The algorithm uses object 
detection to identify point clouds of all potential dynamic objects and uses point clouds that filter out 
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dynamic objects for map construction. The state of the vehicle, stationary object, and dynamic object 
is jointly estimated by the sliding window graph optimization method. 

5. The Development Trend of Lidar SLAM Algorithm 
In recent years, with the development of robot technology and the progress of sensor technology, 

robot technology has been integrated into people's daily lives. As a technical support in the field of 
robotics, the development of SLAM technology is crucial to many fields. This section summarizes the 
future development of lidar SLAM technology. 

(1) Lightweight and miniaturization 
At present, sensors such as multi-beam lidar, high-precision IMU and differential GPS 

positioning module used in lidar SLAM algorithm are expensive, which limits the popular 
application of SLAM technology. Therefore, it is a development trend for the lidar SLAM algorithm 
in the future to realize the stable operation of the lidar SLAM algorithm embedded or on small 
equipment and improve the popularization of its applicable objects. The purpose of the lidar SLAM 
algorithm is to realize the application of the underlying motion module, such as navigation, teaching, 
and service. At the same time, the SLAM algorithm also provides positioning and mapping functions 
for the upper module, which does not consume a lot of computing resources [102]. The pursuit of 
lightweight and miniaturization of lidar SLAM algorithm application is a direction in its future 
development process. 

(2) Multi-source sensor information fusion 
In the face of a complex surrounding environment, multi-source information fusion of different 

sensors is an inevitable trend of the lidar SLAM algorithm. Single-sensor information has certain 
limitations and cannot meet the mapping needs of complex environments [103]. To make up for the 
shortcomings of a single sensor, domestic and foreign scholars have designed a variety of multi-
sensor fusion algorithms to build high-precision and high-robust maps. MSF-SLAM [104] is a multi-
sensor fusion SLAM algorithm for complex dynamic scenes. At the front end of the system, the lidar 
point cloud provides three-dimensional information for the camera's image feature points. Image-
based moving object detection can remove the moving point cloud in the lidar. At the system's back 
end, a multi-constraint factor graph of different sensors is constructed, and nonlinear optimization is 
performed to obtain the system's optimal state estimation. Many SLAM algorithms based on multi-
sensor fusion have been proposed, but related research is still one of the research hotspots and 
development trends of the lidar SLAM algorithm. 

(3) SLAM algorithm combined with the new sensor 
With the continuous development of sensor technology, more functional and efficient sensors 

continue to appear. The appearance of new sensors can inject new vitality into the further 
development of SLAM technology. The data acquired by new sensors occupies liĴle memory, is of 
high quality, and does not require much processing, which can improve the operational efficiency of 
SLAM algorithms. For example, the Event Camera is beginning to be used in the SLAM field with the 
advantages of low power consumption and high frame rate [105]. The use of new sensors provides 
more possibilities for the development of lidar SLAM algorithms. 

(4) Multi-robot collaborative SLAM algorithm 
Multi-robot collaborative SLAM algorithm is the current research hotspot and development 

direction. Multi-robot collaborative SLAM is a collaborative operation of multiple agents in an 
unknown environment. It exchanges information such as maps and self-positioning obtained by each 
other through communication protocols to achieve rapid perception of the environment, precise 
positioning, and map construction. However, multi-robot collaborative SLAM technology has the 
problems of communication bandwidth limitation and data sharing delay, which affects the real-time 
and accuracy of collaborative mapping. The distributed multi-robot cooperative SLAM system 
should have strong robustness and fault tolerance and can deal with the problem of single-robot 
failure and network communication interruption. Therefore, designing a SLAM algorithm with 
multi-sensor data fusion, distributed function, and coordinated allocation of robot resources is one 
of the future development directions. At present, the multi-robot cooperative SLAM algorithms with 
beĴer performance include DiSCo-SLAM [106], Swarm-SLAM [107] and LAMP 2.0 [108]. 

(5) SLAM algorithm combined with deep learning 
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Combining deep learning with the lidar SLAM algorithm can improve the efficiency and 
robustness of the system. Deep learning can be applied to feature extraction and matching, semantic 
SLAM, and closed-loop detection modules in lidar SLAM algorithms. Deep learning improves the 
efficiency and matching accuracy of feature point recognition in the front-end matching of lidar point 
clouds [109]. The addition of semantic information realizes the classification and labeling of point 
cloud objects and enriches map information [110]. The closed-loop detection combined with deep 
learning has significantly improved accuracy, robustness, and intelligence. At present, there are still 
some shortcomings in the SLAM algorithm based on deep learning. Deep learning requires a lot of 
training data and GPU resources, and it is difficult to run in real-time on embedded platforms. In the 
future, the lidar SLAM algorithm based on deep learning is still a research hotspot for many scholars. 

6. Conclusions 
The SLAM algorithm is an effective means for mobile robots to construct an unknown 

environment map and obtain its pose information to achieve autonomous driving. It can assist robots 
in performing tasks such as path planning, autonomous exploration, and navigation. Starting from 
the system framework of lidar SLAM, this paper systematically introduces each module of the lidar 
SLAM system, then expounds and summarizes the mainstream lidar SLAM algorithm scheme, and 
finally discusses and summarizes the challenges and future development directions of lidar SLAM. 
The conclusions of this paper are as follows. 

(1) Based on the lidar SLAM algorithm, the overall system architecture of SLAM is introduced. 
The functions of front-end matching, closed-loop detection, back-end optimization, and map 
construction modules are described in detail, and the algorithms used are summarized. 

(2) With the development of lidar technology, lidar SLAM algorithms have also achieved rich 
research results. The classical SLAM algorithm schemes are sorted out from pure lidar SLAM 
algorithm, multi-sensor fusion SLAM, and deep learning SLAM. 

(3) The algorithm scheme of lidar SLAM has been developed maturely, but there are still some 
defects in practical use, such as the difficulty of fusion of different sensor data, the inherent defects 
of lidar measurement, and the lack of robustness in complex scenes. Lightweight, multi-sensor data 
fusion, in combination with new sensors, multi-robot collaboration, and deep learning will be the 
main directions for the future development of lidar SLAM algorithms. 
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