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 A B S T R A C T

The point-line feature-based vSLAM technology significantly enhances the accuracy and robustness of local-
ization and mapping in complex environments by comprehensively utilizing both point and line geometric 
information. This paper provides a comprehensive survey of methods and applications for point-line feature-
based Simultaneous Localization and Mapping (SLAM) systems. Firstly, it focuses on the core components 
of the visual frontend in SLAM systems, with a detailed analysis of line feature detection methods and 
their descriptors, covering both traditional algorithms and learning-based approaches, as well as further 
improvements to these methods. The paper also discusses several common line feature parameterization 
methods and different line feature matching strategies. In addition, the paper delves into the backend 
optimization and loop closure detection mechanisms of SLAM systems, which are critical factors in enhancing 
the system’s accuracy and robustness. By reviewing these methods and applications, this paper aims to provide 
a comprehensive understanding of integrated point-line SLAM systems, analyzing the strengths and weaknesses 
of different technologies, and exploring potential directions for future research. This work offers theoretical 
foundations and practical guidance from a global perspective for the subsequent design and optimization of 
SLAM systems.
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1. Introduction

Simultaneous Localization and Mapping (SLAM) technology enables 
robots to achieve self-localization and construct maps of their sur-
rounding environment using sensor data in unknown environments. 
The concept of SLAM, first introduced by Smith in 1986 (Smith & 
Cheeseman, 1986), was aimed at discussing the representation and esti-
mation of spatial uncertainty. With the rapid advancements in mobile 
robotics (Clemens, Kluth, & Reineking, 2019; Guan, Ristic, Wang, & 
Palmer, 2019; Yuan, Li, & Su, 2019), autonomous driving (Fern et al., 
2021; Henein, Zhang, Mahony, & Ila, 2020), and augmented reality 
(AR) (Moezzi, Krcmarik, Hlava, & Cỳrus, 2020; Rohacz, Weißenfels, 
& Strassburger, 2020) technologies, SLAM has be-come a core tech-
nology in these fields. Continuous research and improvements have 
led to significant progress in the accuracy, robustness, and real-time 
performance of SLAM, propelling its widespread application in various 
scenarios (Cadena et al., 2016).

From a technical development perspective, SLAM has undergone 
three major stages (Kazerouni, Fitzgerald, Dooly, & Toal, 2022). Ini-
tially, SLAM was based on traditional filtering methods, with repre-
sentatives such as the early EKF-SLAM (Leonard & Durrant-Whyte, 
1991) and FastSLAM (Montemerlo, 2002). As sensor technology, graph-
ics processing, and computational capabilities significantly advanced, 
SLAM entered a new era centered on algorithmic analysis. Vision-
based SLAM methods developed and gained widespread application, 
primarily using cameras as sensors to estimate robot trajectories and 
construct environmental maps by analyzing consecutive images. The 
low cost and the ability to capture rich environmental information have 
greatly accelerated the development of SLAM technology. The latest 
stage of SLAM’s development focuses on feature fusion. Current systems 
not only leverage point features but also integrate line, plane, and 
other features along with Inertial Measurement Unit (IMU) data. This 
comprehensive feature fusion enables SLAM systems to provide more 
accurate and stable localization and mapping capabilities in complex 
indoor and outdoor environments.

Visual SLAM Early SLAM systems primarily processed visual sensor 
data using feature-based methods, such as the Extended Kalman Filter 
(EKF) and Particle Filter (PF) techniques. Among them, the most repre-
sentative is the monocular vision-based MonoSLAM system (Davison, 
Reid, Molton, & Stasse, 2007), which was based on the EKF and 
performed well in small-scale environments. However, as the envi-
ronment’s scale increased, its performance and efficiency gradually 
decreased, making real-time processing challenging. To address this is-
sue, Klein and Murray innovatively proposed the Parallel Tracking and 
2 
Mapping (PTAM) system (Klein & Murray, 2007, 2008, 2009), which 
is based on keyframes to optimize SLAM performance. This system 
relies on FAST corner points (Rosten & Drummond, 2006) to separate 
tracking and mapping into two parallel threads and uses keyframes to 
estimate the map (Mouragnon, Lhuillier, Dhome, Dekeyser, & Sayd, 
2009), significantly improving processing speed and accuracy. Addi-
tionally, the system employs Bundle Adjustment (BA) optimization to 
achieve more accurate results than filtering techniques. As technology 
advanced, many real-time visual SLAM methods were subsequently 
proposed, further improving feature-based SLAM approaches. The ORB-
SLAM (Mur-Artal, Montiel, & Tardos, 2015) system was introduced, 
utilizing Oriented FAST and Rotated BRIEF (ORB) (Rublee, Rabaud, 
Konolige, & Bradski, 2011) features and Binary Robust Independent 
Elementary Features (BRIEF) descriptors (Calonder, Lepetit, Strecha, & 
Fua, 2010) for data association. It follows the framework of Klein and 
Murray (2007) and implements real-time pose estimation using three 
parallel threads for tracking, local mapping, and loop closure, achieving 
more robust camera tracking and map construction. Based on these 
advancements, direct visual SLAM systems have also emerged, omitting 
the feature extraction and computation process, thereby enhancing 
the real-time performance of visual SLAM algorithms. Direct methods 
rely on the assumption of photometric consistency and recover poses 
by minimizing photometric errors. Representative studies include the 
LSD-SLAM system and its optimizations (Caruso, Engel, & Cremers, 
2015; Engel, Schöps, & Cremers, 2014; Engel, Stückler, & Cremers, 
2015), the SVO system (Forster, Pizzoli, & Scaramuzza, 2014), and the 
DSO system (Engel, Koltun, & Cremers, 2017). To address the issue of 
cumulative error in direct visual SLAM systems, improvements were 
made in studies (Gao, Wang, Demmel, & Cremers, 2018; Lee & Civera, 
2018) to the DSO system by incorporating loop closure functionality. 
Furthermore, the DSM system (Zubizarreta, Aguinaga, & Montiel, 2020) 
introduced the concept of map reuse, further enhancing the mapping 
capabilities of direct SLAM.

In recent years, the rapid development of deep learning has sig-
nificantly impacted visual SLAM research. Wang, Clark, Wen, and 
Trigoni (2017) proposed an end-to-end visual odometry system named 
DeepVO, which integrates Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs), substantially improving pose es-
timation accuracy. Furthermore, (Almalioglu, Saputra, De Gusmao, 
Markham, & Trigoni, 2019; Zhou, Zhang, Shen, & Jia, 2017) optimized 
the application of deep learning methods in visual SLAM, enhancing 
its reliability in dynamic scenes. Another approach is the CNN-SLAM 
system (Tateno, Tombari, Laina, & Navab, 2017), which utilizes CNNs 
for depth prediction, providing absolute scale information for monoc-
ular SLAM systems. The method presented in Bruno and Colombini 
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(2021), using the LIFT network (Yi, Trulls, Lepetit, & Fua, 2016) for fea-
ture extraction in conjunction with the traditional geometric approach 
of ORB-SLAM (Mur-Artal et al., 2015), achieves robust and accurate 
camera pose estimation. This study demonstrates that deep learning 
features can significantly enhance the performance of traditional visual 
SLAM systems without the need for IMU sensor assistance. Li, Gao, 
Chen and Zhang (2023) introduced a visual semantic SLAM system 
called USP-SLAM, which combines SuperPoint (DeTone, Malisiewicz, 
& Rabinovich, 2018) and an improved U-Net network (Ronneberger, 
Fischer, & Brox, 2015), aiming to address localization and mapping 
challenges in dynamic environments. Through efficient feature extrac-
tion and precise semantic segmentation, this system effectively removes 
dynamic feature points, thereby significantly improving the robustness 
and accuracy of the system.

Visual-Inertial SLAM (VI-SLAM) Although vision-based SLAM sys-
tems (Engel et al., 2017; Forster et al., 2014; Forster, Zhang, Gassner, 
Werlberger, & Scaramuzza, 2016; Mur-Artal & Tardós, 2017a) are 
popular due to their low hardware cost and robust localization per-
formance, they encounter difficulties in scenarios with rapid motion, 
dynamic lighting, viewpoint changes, and occlusions. Inertial nav-
igation is resilient to these visual challenges, but cumulative drift 
makes achieving long-term SLAM difficult. Visual-Inertial SLAM (VI-
SLAM) (Campos, Elvira, Rodríguez, Montiel, & Tardós, 2021; Cioffi 
& Scaramuzza, 2020; Leutenegger, Lynen, Bosse, Siegwart, & Furgale, 
2015; Mur-Artal & Tardós, 2017b; Qin, Li, & Shen, 2018; Von Stumberg, 
Usenko, & Cremers, 2018) overcomes the limitations of single-sensor 
systems by integrating high-frequency inertial measurements with di-
verse visual geometric information. This fusion strategy utilizes the 
spatial details of visual data to enhance map accuracy and depends 
on the temporal precision of IMU data to refine the continuity and 
stability of motion trajectories. In situations where visual information 
is limited, for instance, when the camera view is obstructed or image 
quality degrades, the IMU supplies essential motion data to maintain 
the system’s stability. Moreover, the camera can effectively calibrate 
the drift in IMU data by analyzing environmental features, thereby 
jointly enhancing the accuracy of long-term trajectory estimation.

The Visual-Inertial SLAM (VI-SLAM) systems can be classified into 
loosely-coupled and tightly-coupled types depending on the method 
of integrating visual and IMU data. In loosely coupled methods, the 
visual and IMU modules perform motion estimation independently, 
whereas in tightly coupled methods, raw data from the camera and 
IMU are jointly optimized, leading to a more globally consistent es-
timation. In the development of VI-SLAM, Mourikis and Roumeliotis 
(2007) first introduced the tightly-coupled approach in 2007 through 
the Multistate Constraint Kalman Filter (MSCKF). This method was 
further refined by the same team in 2013, resulting in MSCKF2.0 (Li & 
Mourikis, 2013), which featured improvements in the original filtering 
strategy. Additionally, the tightly-coupled SLAM technique has been 
adopted in other systems such as ROVIO (Bloesch, Omari, Hutter, & 
Siegwart, 2015), OKVIS (Leutenegger et al., 2015), VIORB (Mur-Artal & 
Tardós, 2017b), and VINS-Mono (Qin et al., 2018). OKVIS (Leutenegger 
et al., 2015) and S-MSCKF (Sun et al., 2018) are renowned stereo 
visual-inertial odometry systems. Based on ORB-SLAM (Mur-Artal et al., 
2015), VIORB (Mur-Artal & Tardós, 2017b) introduced IMU initial-
ization processes. VINS-Mono (Qin et al., 2018), a widely recognized 
monocular visual-inertial SLAM system that supports loop closure de-
tection and map reuse, achieving accuracy on par with ORB-SLAM
(Mur-Artal et al., 2015), making it one of the leading visual SLAM 
frameworks. In 2020, building on the 2017 release of ORB-SLAM2
(Mur-Artal & Tardós, 2017a), ORB-SLAM3 (Campos et al., 2021) was 
open-sourced, integrating IMU data and employing multi-map fusion 
technology, further enhancing system robustness and demonstrating 
outstanding performance across various public datasets. Recent sig-
nificant advancements have been made in visual-inertial odometry 
(VIO) and SLAM systems for wide-field-of-view cameras. In 2022, 
3 
LF-VIO (Wang et al., 2022) addressed the feature extraction prob-
lem of negative half-plane field-of-view cameras by introducing unit-
length feature point vectors, surpassing existing methods. In 2023, 
LF-VISLAM (Wang et al., 2023) proposed an improved loop closure 
detection method, enhancing the system’s robustness and accuracy 
in complex environments. In 2024, LF-PGVIO (Wang et al., 2024) 
introduced a wide-field VIO framework based on geodesic segments, 
further improving both positioning accuracy and robustness.

Fusion of Point-Line Features in vSLAM Feature point-based 
SLAM methods often encounter tracking drift and failures in visual 
pose estimation in low-texture environments. While the IMU can par-
tially compensate for pose estimation errors caused by the absence 
of point features, prolonged feature loss still leads to cumulative 
IMU errors. Consequently, some studies (Davison et al., 2007; Klein 
& Murray, 2007, 2008, 2009; Montemerlo, 2002; Mouragnon et al., 
2009; Mur-Artal et al., 2015; Rosten & Drummond, 2006) have begun 
incorporating line features into visual SLAM systems. These features 
are more prevalent in man-made environments and exhibit greater 
robustness against changes in lighting and viewpoint. Line features are 
not only widely present in artificial settings but also provide rich geo-
metric information, such as building edges, door frames, and windows, 
aiding in overcoming the limitations of SLAM systems that rely solely 
on point features. As a result, SLAM methods that integrate point and 
line features have increasingly drawn the attention of researchers.

In 2017, Pumarola et al. integrated line features into ORB-SLAM
(Mur-Artal et al., 2015) to propose the classic PL-SLAM system
(Pumarola, Vakhitov, Agudo, Sanfeliu, & Moreno-Noguer, 2017). By 
fusing point and line features, this system demonstrated significant 
advantages in handling challenging texture conditions. In 2018, He 
et al. developed PL-SVO (Gomez-Ojeda, Briales, & Gonzalez-Jimenez, 
2016), a dual-thread semi-direct visual odometry system, based on 
SVO (Forster et al., 2014). This system utilizes sparse pixels and line 
features for motion tracking and local mapping, enhancing system 
accuracy. Following this, PL-VIO (He, Zhao, Guo, He, & Yuan, 2018) 
further integrated point and line features, based on (Qin et al., 2018), 
to achieve effective fusion of these features. In 2020, Fu et al. (2020) 
optimized PL-VIO by adjusting the implicit parameters of the LSD 
algorithm, thereby significantly improving the system’s operational 
efficiency. Thereafter, DPLVO (Zhou, Wang, & Kaess, 2021) and ED-
PLVO (Zhou, Huang, Mao, Wang, & Kaess, 2022) utilized line feature 
constraints to improve the accuracy of camera pose estimation. DPLVO 
predicts camera poses using depth sampling on detected lines and the 
DSO algorithm but may introduce depth errors due to its dependence 
on line point depth and keyframe poses. To address this, EDPLVO 
employs a point tracking method along epipolar lines, reducing the 
need for precise depth accuracy. In 2022, Alamanos et al. proposed 
the ORB-LINE-SLAM system (Alamanos & Tzafestas, 2023) based on 
ORB-SLAM3 (Campos et al., 2021), which was the first open-source 
SLAM system to operate solely on line features, successfully addressing 
challenges in complex environments. In 2024, DynPL-SLAM (Zhang, 
Dong, Zhao, & Qi, 2024) significantly improved positioning accuracy 
and real-time performance in dynamic environments by employing 
dynamic feature detection and dynamic object removal. In 2025, PLE-
SLAM (He, Li, Wang, & Wang, 2025) accelerated IMU bias estimation 
optimization through deep learning techniques, while improving dy-
namic feature removal and loop closure detection modules, effectively 
solving IMU drift issues in low-texture environments and under fast 
rotations. AirSLAM (Xu, Hao, Yuan, Wang, & Xie, 2025), on the 
other hand, uses a unified convolutional neural network (PLNet) to 
simultaneously detect keypoints and structural lines, combining both 
for tracking, mapping, and relocalization, effectively addressing both 
short-term and long-term challenges posed by lighting changes.

The integration of point and line features into vSLAM not only 
enhances system robustness and accuracy but also extends its applica-
bility in complex environments (Yuan, Xu, & Zhou, 2023; Zhou, Zhang, 
Deng, & Fan, 2021). With the advancement of deep learning techniques 
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Fig. 1. Main research framework of the paper.
and increased computational capabilities, SLAM systems are advancing 
towards real-time processing and more sophisticated applications, such 
as dynamic environment understanding, semantic SLAM, and the inte-
gration of surface and structural line features (He, Li, Wang, & Wang, 
2024; Yan et al., 2024; Yu et al., 2023). Table  1 provides a comparison 
of typical point-line feature-based SLAM systems, covering their sensor 
configurations, algorithm frameworks, feature types, and adaptability 
to different environments. Fig.  1 illustrates the main research frame-
work of this study, highlighting the three core modules of point-line 
feature-based SLAM systems: the frontend module, backend module, 
and loop closure detection module. This framework offers an in-depth 
analysis of the key technological pathways and future development 
trends of SLAM systems that integrate point and line features.

The key contributions of this paper are as follows:

• First Comprehensive Survey: This paper presents the first com-
prehensive survey on the integration of point and line features in 
visual Simultaneous Localization and Mapping (vSLAM) systems. 
It systematically summarizes the current research status and de-
velopment trends in this field. Through an in-depth analysis of 
the application of point-line features in vSLAM, this paper fills 
the gap in existing literature regarding line feature research and 
provides a clear theoretical framework and research directions, 
laying a solid foundation for future exploration.

• Core Technologies and Latest Advancements: This paper thor-
oughly explores the core technologies and latest research ad-
vancements in vSLAM systems that integrate point and line fea-
tures. By analyzing various vSLAM algorithms, this paper focuses 
on key technical modules such as feature detection, matching, 
backend optimization, and loop closure. Particularly, the paper 
introduces several line feature detectors based on both tradi-
tional algorithms and deep learning, accompanied by perfor-
mance evaluations, high-lighting the latest progress and practical 
applications in this domain.

• Integration of Expert Systems and SLAM: This paper is the first 
to explore the integration of SLAM systems with expert systems, 
illustrating the novelty of incorporating point-line vSLAM into 
expert systems.

• Future Research Directions: This paper discusses the future re-
search directions for point-line feature-based vSLAM systems. 
Future research will focus on lightweight models, end-to-end 
frameworks, and multimodal data fusion, driving the further ap-
plication of this technology in fields such as autonomous driving 
and robotic navigation.
4 
2. Front-end modules

This section delves into the front-end modules of vSLAM systems 
that integrate point and line features. As the core component of vS-
LAM, the front-end modules are responsible for extracting stable and 
reliable visual features from complex environments, and ensure system 
accuracy and robustness through effective feature description, param-
eterization, and matching strategies. First, we introduce line feature 
extraction methods, covering both traditional techniques and recent 
advances based on deep learning. Subsequently, we will discuss the 
description methods of line features, focusing on commonly used local 
binary descriptors, and examine their application in feature matching 
and strategies to improve matching accuracy. Next, we will elaborate 
on the parameterization methods for line features, as these techniques 
are essential for enhancing the overall performance of vSLAM systems. 
Finally, we will explore line feature matching strategies and examine 
their pivotal role in improving feature matching accuracy and the 
overall performance of SLAM systems.

2.1. Line feature extraction

Line feature extraction is a fundamental step in point-line feature-
based vSLAM systems, significantly influencing the subsequent feature 
matching and overall robustness of the system. This subsection provides 
a comprehensive review of the evolution of line feature extraction 
techniques, including traditional algorithms such as the Hough Trans-
form (Hough, 1962), as well as more advanced methods such as the 
Line Segment Detector (LSD) (Von Gioi, Jakubowicz, Morel, & Ran-
dall, 2008), the Edge Drawing Line Detector (EDLines) (Akinlar & 
Topal, 2011), and recent deep learning-based extraction schemes. We 
focus on analyzing the underlying principles, recent advancements, 
strengths and limitations of these methods, and summarize their typical 
applications within vSLAM frameworks.

2.1.1. Hough transform
The Hough Transform (HT), proposed by Paul Hough in 1962, is 

a parameter space method used for detecting straight lines in im-
ages (Canny, 1986). It works by mapping points from the image space 
into a parameter space and identifying collinear point sets to detect 
lines. While the Hough Transform is robust against noise and suitable 
for initial line detection, its high computational complexity limits its 
real-time application in SLAM systems (Furukawa & Shinagawa, 2003; 
Vakhitov, Funke, & Moreno-Noguer, 2016; Xu, Shin, & Klette, 2015).

The core of the Hough Transform lies in the mapping relationship 
between the image space and the parameter space, where collinear 
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Table 1
Point-line feature-integrated vSLAM systems.
 Methods Year Sensors Framework Feature type Env IMU Op 
 Mo St RG Fil Opt PL PLP In Out  
 PLVO (Lu & Song, 2015) 2015 ✓ ✓ ✓ ✓ ✓  
 Pop-up slam (Yang, Song, Kaess, & Scherer, 2016) 2016 ✓ ✓ ✓ ✓ ✓ ✓  
 PL-StVO (Gomez-Ojeda & Gonzalez-Jimenez, 2016) 2016 ✓ ✓ ✓ ✓ ✓ ✓  
 PL-SVO (Gomez-Ojeda et al., 2016) 2016 ✓ ✓ ✓ ✓ ✓ ✓  
 PL-SLAM (Pumarola et al., 2017) 2017 ✓ ✓ ✓ ✓ ✓ ✓  
 Trifo-VIO (Zheng et al., 2018) 2018 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 PL-VIO (He et al., 2018) 2018 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 PL-SLAM (Gomez-Ojeda, Moreno, Zuniga-Noël, Scaramuzza, & Gonzalez-Jimenez, 2019) 2019 ✓ ✓ ✓ ✓ ✓ ✓  
 StructVIO (Zou, Wu, Pei, Ling, & Yu, 2019) 2019 ✓ ✓ ✓ ✓ ✓ ✓  
 PLP-VIO (Li, He, Lin, & Liu, 2020) 2020 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 PL-VINS (Fu et al., 2020) 2021 ✓ ✓ ✓ ✓ ✓ ✓  
 PELI-SLAM (Rong et al., 2021) 2021 ✓ ✓ ✓ ✓ ✓  
 DPLVO (Zhou, Wang et al., 2021) 2021 ✓ ✓ ✓ ✓ ✓ ✓  
 IF-SLAM (Wang et al., 2021) 2021 ✓ ✓ ✓ ✓ ✓ ✓  
 PLF-VINS (Lee & Park, 2021) 2021 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 PLD-VINS (Zhu, Jin, Lou, & Zhao, 2021) 2021 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 EDPLVO (Zhou et al., 2022) 2022 ✓ ✓ ✓ ✓ ✓ ✓  
 UV-SLAM (Lim, Jeon, & Myung, 2022) 2022 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 PLS-VIO (Xu et al., 2022) 2022 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 Struct-MDC (Jeon, Lim, Seo, & Myung, 2022) 2022 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 PLI-SLAM (Wang, Guan, Yu, & Zhang, 2022) 2022 ✓ ✓ ✓ ✓ ✓ ✓  
 DPL-SLAM (Yu et al., 2023) 2023 ✓ ✓ ✓ ✓ ✓  
 PLV-IEKF (Hua et al., 2023) 2023 ✓ ✓ ✓ ✓ ✓ ✓  
 EPLF-VINS (Xu, Yin, Shi, Jiang, & Huang, 2022) 2023 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 AirVO (Xu, Hao, Yuan, Wang, & Xie, 2023) 2023 ✓ ✓ ✓ ✓ ✓ ✓  
 PLP-SLAM (Shu, Wang, Pagani, & Stricker, 2023) 2023 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 PLPF-vSLAM (Yan et al., 2024) 2024 ✓ ✓ ✓ ✓ ✓  
 PLE-SLAM (He et al., 2024) 2024 ✓ ✓ ✓ ✓ ✓ ✓  
 PLVS (Freda, 2023) 2024 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 EPL-VINS (Zeng, Liu, Huang, & Liu, 2024) 2024 ✓ ✓ ✓ ✓ ✓ ✓  
 FLM PL-VIO (Lin et al., 2024) 2024 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 DynPL-SLAM (Zhang et al., 2024) 2024 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓  
 Air-SLAM (Xu et al., 2025) 2025 ✓ ✓ ✓ ✓ ✓ ✓ ✓  
Note: Mo means Monocular; St means Stereo; RG means RGBD; Fi means Filter-based; Opt means Optimization-based; PL means Point and Line; PLP means Point, Line, and Plane; 
Env means Environment; In means Indoor; Out means Outdoor; OP means Open Source.
point sets are identified by counting the intersection points in the 
parameter space. Duda and Hart optimized the original method (Duda 
& Hart, 1972), while Ballard extended it to detect arbitrary shapes such 
as circles and ellipses (Ballard, 1981). To improve the accuracy and 
robustness of line segment extraction, researchers have continuously 
refined the Hough Transform, including analyzing the peak distribution 
in the parameter space and applying closed-form Hough Transforms to 
accelerate pose estimation (Maire, Arbelaez, Fowlkes, & Malik, 2008).

Although the Hough Transform is simple and robust against noise, 
it still faces challenges in terms of accuracy and efficiency in practical 
applications. With advancements in computer vision, ongoing improve-
ments and optimizations to the Hough Transform aim to enhance its 
performance for real-time systems while maintaining its robustness.

2.1.2. LSD
LSD and Its Development The LSD algorithm, proposed by Von Gioi 

et al. (2008), is a gradient-based line segment detection method widely 
employed in SLAM frameworks. The algorithm begins by computing 
the gradient magnitude and direction for each pixel, using the pixel 
with the highest gradient as a starting point for region growing to 
form line-support regions. Subsequently, line segment parameters are 
extracted through rectangular approximation, and detection accuracy is 
further improved by calculating false positives and applying refinement 
procedures. The advantages of LSD lie in its parameter-free nature, sub-
pixel precision, and linear time complexity, allowing it to effectively 
control false detection rates.

Building on the LSD algorithm, several improvements have been 
proposed. The Multiscale Line Segment Detector (MLSD) (Salaün, Mar-
let, & Monasse, 2016) employs a multi-scale technique to reduce over-
segmentation and enhance robustness in low-contrast regions, making 
it particularly suitable for feature-sparse scenarios. It significantly im-
proves the robustness and accuracy of line-based Structure from Motion 
5 
(SfM) reconstruction. The Point-Line Segment Detector (PLSD) (Yu, Xu, 
Cheng, & Zhu, 2020) addresses over-segmentation through intelligent 
grouping and a multi-scale framework, improving the detection of long 
line segments while incorporating geometric and gradient constraints 
to prevent incorrect merging. The MPG-LSD (Wang, Zhong, Chen, & 
Zheng, 2024) further enhances the continuity, direction, and posi-
tion accuracy of line segments by performing perceptual grouping in 
multi-scale space, achieving higher quality line segment detection in 
high-resolution and noisy images.

Although traditional LSD methods have made progress in detection 
performance, computational time and generalization capability remain 
bottlenecks in complex scenes. To address these issues, deep learning-
based LSD improvement methods have gradually emerged (Huang 
et al., 2020). DeepLSD (Pautrat and Barath and Larsson and Oswald, 
& Pollefeys, 2023) combines deep learning with traditional detection 
techniques, utilizing line attraction fields generated by deep networks 
to improve detection accuracy under varying lighting conditions and 
noise interference. However, deep learning methods typically require 
GPU support, which limits their real-time applicability. To overcome 
this challenge, M-LSD (Gu et al., 2022) optimizes the network structure, 
significantly increasing inference speed and compressing model size, 
thus achieving a balance between performance and efficiency. Nev-
ertheless, these methods still face significant computational resource 
demands. Future research could focus on improving computational 
efficiency to better suit low-resource environments. A summary of the 
progress of other related improvements is presented in Fig.  2.

The application of LSD in vSALM The application of deep learning-
based line feature detection in point-line integrated vSLAM remains 
relatively limited, where-as traditional line feature extraction methods 
have reached a more mature stage. Among these, the LSD algorithm 
is widely used due to its strong performance. Nonetheless, it still faces 
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Fig. 2. Timeline of LSD and Its Major Improvements (Cho, Yuille, & Lee, 2017; Gu et al., 2022; Huang et al., 2020; Lin, Zhou, Liu, & Zhu, 2023b; Pătrăucean, Gurdjos, & von 
Gioi, 2016; Pătrăucean, Gurdjos, & Von Gioi, 2012; Pautrat and Barath et al., 2023; Salaün et al., 2016; Suárez, Buenaposada, & Baumela, 2022; Suárez, Muñoz, Buenaposada, & 
Baumela, 2018; Von Gioi et al., 2008; Von Gioi, Jakubowicz, Morel, & Randall, 2012; Wang, Zhong et al., 2024, 2024; Xia, Meng, Zhang, Zhang, & Hu, 2022; Yu, Li, Yang, Yu, 
& Xia, 2023; Yu et al., 2020).
Fig. 3. Distances between two line segments (Zuo et al., 2017).

Fig. 4. Merging short line segments to form stable longer lines, showing a comparison 
of the original (left) and improved LSD detection results (right) (Xu et al., 2023).

challenges in practical applications, such as instability in line feature 
detection, difficulties in feature matching, and constraints on real-time 
performance.

In most point-line integrated vSLAM systems, line features are often 
processed using strategies such as merging or filtering short line seg-
ments (Lim, Kim, Jung, Hu, & Myung, 2021). Compared to short line 
segments, long segments exhibit higher repeatability and lower sensi-
tivity to noise, thus providing more stable and accurate constraints. 
For instance, Zuo, Xie, Liu, and Huang (2017) proposed enhancing 
the robustness of the LSD algorithm by merging line segments with 
directional and distance differences below a predefined threshold, as 
shown in Fig.  3. Similarly, Xu et al. (2023) combined short line seg-
ments detected by LSD and filtered out those still below the threshold 
after merging, retaining only the long segments to ensure stability 
and accuracy, as illustrated in Fig.  4. Another common approach is to 
map image points into Hough space and merge line segments with the 
same start and end points to achieve more robust and accurate data 
association (Zhi, 2022).

The LSD algorithm was initially designed for contour description. To 
adapt it for spatial line segment localization, Zhang, Liu, Li, Pang, and 
Wang (2022) modified the LSD algorithm by introducing adaptive line 
segment constraints, significantly improving the speed and efficiency 
of line feature extraction and matching. With the integration of multi-
scale processing, the LSD algorithm can detect line segments across 
different image resolutions, enhancing both accuracy and robustness (Li 
et al., 2023). This method effectively addresses the challenges of match-
ing line features across varying perspectives and scales and improves 
the adaptability of SLAM systems to environmental changes (Von Gioi 
et al., 2008). However, in highly dynamic environments, the LSD 
algorithm still faces issues, such as the fragmentation of long straight 
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lines into multiple segments due to occlusion and local blurring, which 
negatively impacts the stability and real-time performance of inter-
frame line feature matching (Yang, Geneva, Eckenhoff, & Huang, 2019; 
Zhang, Li, Zong, Zhu, & Wang, 2017). To address this, researchers 
have optimized the LSD algorithm by adjusting parameters and setting 
a minimum length threshold to speed up detection and improve the 
real-time performance and accuracy of line feature matching (Fu et al., 
2020; Liu, Wen, & Zhang, 2023; Shu et al., 2023). Additionally, to 
address the issue of short, overlapping, or coincident line segments 
commonly encountered in structured scenes, an adaptive threshold line 
segment extraction algorithm was proposed, which significantly en-
hanced the robustness and accuracy of the algorithm, further improving 
line segment detection capabilities in complex environments for visual 
SLAM systems (Zhao, Song, Xing, Lei, & Wang, 2022).

2.1.3. EDLines
EDLines and Its Development EDLines EDLines (Akinlar & Topal, 

2011) is an efficient line segment detection algorithm introduced by 
Cihan Topal and Cuneyt Akinlar in 2012, designed for real-time com-
puter vision and image processing applications. This algorithm gen-
erates clear chains of edge pixels based on the Edge Drawing (ED) 
technique and validates line segments using Helmholtz’s principle (Des-
olneux, Moisan, & Morel, 2007), effectively reducing false detections 
without the need for manual parameter adjustment. Compared to the 
LSD (Von Gioi et al., 2008) algorithm, EDLines demonstrates significant 
advantages in speed, accuracy, and robustness, capable of handling 
both geometric and non-geometric structures. Improved versions of 
EDLines, such as GEDRLSD (Lin et al., 2023b), incorporate iso-line 
information, enhancing the robustness and precision of line segment 
detection. The E2LSD (Lin, Zhou, Liu, & Zhu, 2023a) algorithm fur-
ther improves detection efficiency by introducing dual consistency 
constraints and decoupled fitting methods.

The application of EDLines in vSALM EDLines, due to its higher 
processing speed compared to LSD, is widely used in point-line vSLAM. 
However, it often produces line segments that include irrelevant parts, 
limiting detection accuracy (Ma, Wang, He, Mei, & Zhao, 2019). By 
incorporating outlier elimination methods, EDLines can achieve per-
formance similar to LSD without sacrificing accuracy (Ma & Ning, 
2020). As a result, EDLines is more suitable for real-time SLAM ap-
plications. The improved EDLines algorithm (Xu, Yin et al., 2022) 
enhances the quality of line features through short-line merging and 
adaptive threshold strategies, ensuring a well-distributed spatial layout 
of the features, which provides stable constraints for SLAM systems. 
Additionally, in RGB-D visual-inertial SLAM, the modified EDLines 
algorithm introduces length suppression and short-line merging strate-
gies (Zhu et al., 2021), significantly improving detection accuracy and 
stability while maintaining the original algorithm’s speed advantage. 
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Fig. 5. The extracted lines of LSD and EDlines in the EuRoC dataset (Tateno et al., 
2017). (a) The original images. (b) The green lines in the left column are the line 
features detected by LSD. (c) The red lines in the right column are the line features 
detected by EDlines.

Fig. 6. The comparison of line feature detection methods: Performance of traditional 
methods and deep learning methods on the YorkUrban dataset.(Akinlar & Topal, 2011; 
Huang et al., 2020; Pautrat and Barath et al., 2023; Pautrat, Lin, Larsson, Oswald, & 
Pollefeys, 2021; Von Gioi et al., 2008; Xue et al., 2023)

As shown in Fig.  5, the improved EDLines performs better than LSD 
in complex environments. Furthermore, EDLines has been further opti-
mized by incorporating curvature detection and an improved minimum 
line segment length criterion to reduce false positives (Teng et al., 
2023), further enhancing line segment matching accuracy. The ELSED 
(Enhanced Line Segment Detector) algorithm (Suárez et al., 2022) 
improves robustness against complex backgrounds and high-noise im-
ages through edge enhancement, noise suppression, and multi-scale 
analysis. It maintains high accuracy and low computational complexity 
in dynamic environments. The advantages of this algorithm have led to 
its application in line-based SLAM, significantly boosting the robustness 
of the system (Seo, Lim, Lee, Lim, & Myung, 2023).

2.1.4. Learning-based methods
Although traditional line feature detection methods are widely used 

in point-line fusion SLAM, they exhibit significant limitations under 
variations in lighting, scale, and camera viewpoints. With the de-
velopment of deep learning, learning-based methods have gradually 
become an effective solution to these issues. By automatically learning 
7 
Fig. 7. Architecture of the VLSE Network (Gao et al., 2022).

feature representations, deep learning-based line feature detection has 
demonstrated significant advantages in complex environments. Recent 
research (Huang et al., 2018) introduced large public datasets and 
heuristic line-frame fusion algorithms, making deep learning-based line 
segment detection feasible. For example, L-CNN (Zhou, Qi, & Ma, 2019) 
uses an end-to-end neural network to directly generate vectorized line 
frames from images, avoiding the intermediate steps of traditional 
methods and significantly improving detection accuracy. Meanwhile, 
the Holistically-Attracted Wireframe Parser (HAWP) (Xue et al., 2023) 
achieves unified detection of line segments and junctions through 
an Attraction Field Map (AFM), and optimizes the inference process 
based on (Xue et al., 2019), improving both real-time performance and 
detection accuracy.

Compared to traditional methods, deep learning-based models of-
fer more robust line detection, particularly in handling environmen-
tal changes. Kannapiran et al. (2023) employed the SOLD2 (Self-
supervised Occlusion-aware Line Detection and Description) algorithm 
for line feature detection and description. The CARLA driving simula-
tor (Dosovitskiy, Ros, Codevilla, Lopez, & Koltun, 2017) enhanced the 
performance of SOLD2 under low-light and adverse weather conditions. 
Additionally, VLSE (Gao et al., 2022) uses a new line segment represen-
tation and hybrid convolution modules to directly predict the endpoints 
of line segments(see Fig.  7), simplifying the post-processing steps while 
significantly improving detection efficiency and accuracy. Liu, Cao 
et al. (2024), based on the method in Pautrat, Suárez, Yu, Pollefeys, 
and Larsson (2023), extracts line segment features from images using 
a deep learning model and unifies key points, 2D line segments, and 
their descriptors into a bounding box structure, thereby improving the 
accuracy and robustness of visual localization. Fig.  6 compares the 
performance of several traditional and deep learning-based methods 
for line feature extraction. Table  2 contrasts these two categories 
of methods, highlighting their examples, advantages, disadvantages, 
suitable applications, and challenges. Table  3 further evaluates the per-
formance of various line feature detection methods on the Wireframe 
and YorkUrban datasets.

Although these deep learning methods significantly improve the 
accuracy and robustness of visual localization in SLAM tasks, they 
typically require high computational resources, which may become 
a bottleneck in practical applications. Future research may focus on 
reducing computational complexity through lightweight network archi-
tectures and multi-feature strategies, thus enhancing their potential for 
real-time SLAM applications.

2.2. Line feature description

Line feature description is a key step in inter-frame feature match-
ing for point-line SLAM, aimed at generating stable and distinctive 
descriptors for line segments in images to achieve accurate match-
ing. Traditional descriptors perform well in simple scenes but exhibit 
lower accuracy in environments with weak texture and fragmented 
line segments. In contrast, deep learning-based methods enhance ro-
bustness and adaptability in complex and dynamic environments by 
automatically learning feature representations.



H. Qu et al. Expert Systems With Applications 289 (2025) 127574 
Table 2
Comparison of traditional and deep learning-based line feature extraction methods.
 Method Traditional methods Deep learning-based methods  
 Examples Hough Transform (Hough, 1962), LSD 

(Von Gioi et al., 2008), EDLines (Akinlar & 
Topal, 2011)

DeepLSD (Pautrat and Barath et al., 2023), 
SOLD2(Kannapiran et al., 2023), VLSE (Gao 
et al., 2022), HAWP (Xue et al., 2023)

 

 Advantages Simple to implement
Real-time performance
Low computational cost
Robust against noise

Automatic feature learning
Robust in dynamic and
complex environments
Handle varying lighting conditions
End-to-end optimization

 

 Disadvantages Sensitive to noise in
complex scenes
Requires manual tuning
Struggles with dynamic
environments and occlusion

High computational cost
Requires GPU support
Data-intensive
May struggle with real-time
constraints in low-power systems

 

 Best Suited For Simple, static environments
Resource-limited systems
Low-complexity applications

Dynamic environments
Varying illumination
Complex and large-scale scenes
Systems with high computational resources

 

 Challenges Limited accuracy in
complex scenarios
Inability to handle
large-scale variation

High computational
overhead
Requires large training datasets
Real-time limitations in
certain systems

 

Table 3
Performance comparison of line feature detection methods.
 Methods Wireframe dataset YorkUrban dataset FPS  
 sAP5 sAP10 sAP15 sAP5 sAP10 sAP15 FPS  
 AFM (Xue et al., 2019) 18.5 24.4 27.5 7.3 9.4 11.1 10.4a 
 L-CNN (Zhou et al., 2019) 27.7 32.4 34.8 9.5 11.6 13.2 8.0a  
 LETR (Denis, Elder, & Estrada, 2008) 59.2 65.2 67.7 23.9 27.6 29.7 2.0  
 TP-LSD (Huang et al., 2020) 56.4 59.7 59.7 24.8 26.8 31.2 78.2  
 F-Clip (Xue et al., 2019) 64.3 68.3 69.1 28.6 31.0 32.4 82.3  
 ELSD (Xue et al., 2019) 64.3 68.9 70.9 27.6 30.2 31.8 42.6a 
 HAWPv2(Xue et al., 2023) 65.7 69.7 71.3 28.9 31.2 32.6 85.6  
 PLNet (Xu et al., 2025) 65.2 69.2 70.9 29.3 32.0 33.5 79.4a 
a These numbers are cited from the original paper.
2.2.1. Traditional descriptors
Line Band Descriptor (LBD) (Zhang & Koch, 2013) is a commonly 

used line feature descriptor in point-line SLAM, which constructs the 
descriptor by extracting gradient information around line segments and 
incorporating geometric properties. LBD demonstrates good robustness 
to image transformations such as rotation and lighting changes. MSLD 
(Multiscale Line Segment Descriptor) (Wang, Wu, & Hu, 2009) is an 
improvement of LBD, which enhances the adaptability to images at dif-
ferent scales through multiscale techniques, while maintaining strong 
robustness under various image transformations.

2.2.2. Learning-based descriptor methods
In recent years, the advancement of deep learning technology has 

significantly propelled the progress of line segment detection meth-
ods. Traditional line feature detection techniques primarily rely on 
local information, such as pixel gradients, which limits their ability 
to fully exploit global structural information. In contrast, convolu-
tional neural network (CNN)-based approaches (Xue et al., 2019; Zhou 
et al., 2019) are more capable of understanding the line structures 
within an environment and generating semantically meaningful line 
segments, such as object boundary lines or junction lines in specific 
scenes, which is crucial for achieving robust SLAM in complex en-
vironments. For instance, the DLD method (Lange, Schweinfurth, & 
Schilling, 2019) generates high-performance line segment descriptors 
by inputting the region surrounding line segments into a ResNet net-
work. Moreover, the learnable line segment detector and descriptor 
(L2D2) method (Abdellali, Frohlich, Vilagos, & Kato, 2021) enables 
efficient extraction and matching of 2D line segments based on the 
angular distance of 128-dimensional unit descriptor vectors. The graph 
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convolutional network-based line segment matching technique (Ma, 
Jiang, & Lai, 2020) introduces a new perspective for line feature 
matching by learning local line segment descriptors through end-to-end 
training. Additionally, SOLD2, introduced in Pautrat et al. (2021), is 
a self-supervised line detector similar to SuperPoint, which does not 
rely on any annotated information, thereby enhancing the system’s 
adaptability to diverse and variable scenes.

In the field of point-line vSLAM, deep learning-driven line feature 
description methods have also been introduced and developed. For 
instance, LLD-Net (Vakhitov & Lempitsky, 2019) utilizes a deep convo-
lutional architecture to generate learnable line segment descriptors,as 
shown in Fig.  8. This method processes the input images and detected 
line segments through a fully convolutional neural network, signifi-
cantly improving processing efficiency, and enhances the processing 
speed of multiple line segments by sharing computational results. Su-
perline (Qiao, Bai, Xiang, Qian, & Bi, 2021) proposes an end-to-end 
model for detecting semantic line features in images and generating 
robust descriptors. The model aggregates multiscale information using 
a line selection mechanism and spatial pyramid pooling module, im-
proving matching stability. Experimental results show that Superline 
performs excellently on the Wireframe (Huang et al., 2018) and York 
Urban (Denis et al., 2008) datasets, validating its efficiency and reli-
ability in SLAM tasks. Furthermore, SOLD2 (Kannapiran et al., 2023; 
Matsumoto, Nakano, & Ogura, 2024) further enhances line feature 
description performance through self-supervised learning, providing 
improved robustness, especially in occlusion and complex environ-
ments. This method enhances the stability of line feature matching 
in dynamic scenes by considering the occlusion relationships between 
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Table 4
Comparison of traditional and deep learning-based line feature description methods.
 Category Method Advantages Disadvantages Best suited for  
 Traditional-based LBD (Zhang & 

Koch, 2013) 
MSLD (Wang 
et al., 2009)

5cmRobust to image variance 
Mathematically explainable 
Relatively insensitive to low texture

5cmSensitive to low texture 
Fewer global features

5cmVisual SLAM 
Structure-from-Motion 
Robotics

 

 Learning-based DLD (Lange 
et al., 2019) 
L2D2(Abdellali 
et al., 2021) 
SOLD2(Pautrat 
et al., 2021) 
LLD-Net 
(Vakhitov & 
Lempitsky, 
2019)

Learns local and global features 
Robust in complex environments 
Efficient for real-time applications

Deeply reliant on training 
datasets 
High computational cost

Dynamic SLAM 
Autonomous driving 
Scene recognition

 

Fig. 8. The architecture of the line feature descriptor (Vakhitov & Lempitsky, 2019).

line segments. Table  4 summarizes a comparison of major line feature 
descriptor methods.

In summary, deep learning-based line feature descriptor methods 
have achieved significant improvements in terms of accuracy and ro-
bustness. Through the application of convolutional neural networks, 
self-supervised learning, and graph convolutional networks, it is now 
possible to efficiently extract line segment descriptors and achieve more 
reliable line feature matching in dynamic and complex environments.

2.3. Line feature parameterization

To effectively utilize line features, To effectively utilize line fea-
tures, it is necessary to convert them from image space into a three-
dimensional geometric representation. In vSLAM systems, the parame-
terization of line features directly affects feature extraction, matching 
efficiency, and ultimately, localization accuracy. Common parameter-
ization methods include the endpoint method (Yang et al., 2019), 
Plücker coordinates (Joswig & Theobald, 2013), and orthogonal rep-
resentation (Montiel, Tardós, & Montano, 2000). The endpoint method 
represents line features using the coordinates of two endpoints, which 
is intuitive and easy to implement. Plücker coordinates represent a 
line in 3D space with six parameters and are widely used in trans-
formations and projection calculations. The orthogonal representation, 
on the other hand, uses four parameters and provides a more precise 
optimization effect with better convergence. These methods can ef-
fectively enhance the performance of visual SLAM systems, ensuring 
accurate perception and navigation capabilities of robots in complex 
environments. In Table  5, we summarize several typical point-line 
vSLAM systems that employ different line feature parameterization 
methods.
9 
Fig. 9. Line segment representation (Gao et al., 2022).

2.3.1. Endpoint representation method
The endpoint method represents a three-dimensional line using two 

endpoint coordinates, simplifying the derivation of the line equation. 
Initially, this method was applied in small-scale scenarios within the 
EKF framework (Montemerlo & Thrun, 2003; Zhao, Sun, Zhang, & 
Xiong, 2023), and later evolved to accommodate environments with 
slow motion and small viewpoint changes (Castellanos & Tardos, 2012; 
Gee & Mayol-Cuevas, 2006; Wan & Van Der Merwe, 2000). Today, the 
endpoint method, combined with nonlinear optimization and keyframe 
strategies, is widely used in Visual Odometry (VO) (Gomez-Ojeda & 
Gonzalez-Jimenez, 2016; Lu & Song, 2015) and vSLAM (Quan & Lan, 
1999; Sturm, Engelhard, Endres, Burgard, & Cremers, 2012; Vakhitov 
et al., 2016). It has notably improved system accuracy and efficiency, 
particularly in complex and low-texture environments.  Shu et al. 
(2023) was the first to combine the endpoint method, Plücker co-
ordinates, and orthonormal representation. The endpoint method is 
used to simplify the projection and matching of line segments, while 
Plücker coordinates are employed for optimization tasks, using a six-
dimensional vector to represent 3D line segments for easier transfor-
mation. During the BA optimization process, Plücker coordinates are 
converted into a four-degree-of-freedom orthonormal representation, 
enhancing computational efficiency. Inspired by Dai, Gong, Wu, Yuan, 
and Ma (2022), Zhang, Luo, Qin, He, and Liu (2021), Gao et al. (2022) 
introduced an innovative endpoint method, as shown in Fig.  9. This 
method parameterizes the line segment by predicting the horizon-
tal and vertical distances of the two endpoints relative to the mid-
point, effectively reducing memory and time consumption. Compared 
to traditional methods, this endpoint-based representation significantly 
improves the detection accuracy and stability of long line segments, 
demonstrating superior performance, especially in large-scale datasets.

However, the endpoint-based method has certain limitations, in-
cluding issues with precision and stability, as well as an inability to 
effectively describe infinitely extending lines. These drawbacks limit its 
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Table 5
Line feature parameterization methods in typical point-line vSLAM systems.
 Paper Year Parameterization LSEM Env Ac Ro  
 EP Plücker Orth Oth LSD EDL DL In Out  
 PL-SVO (Gomez-Ojeda et al., 2016) 2016 ✓ ✓ ✓ ✓ Med Med  
 PL-SLAM (Pumarola et al., 2017) 2017 ✓ ✓ ✓ High High 
 graph-based SLAM (Zuo et al., 2017) 2017 ✓ ✓ ✓ ✓ ✓ High High 
 PL-VIO (He et al., 2018) 2018 ✓ ✓ ✓ ✓ ✓ Med High 
 PL-SLAM (Gomez-Ojeda et al., 2019) 2019 ✓ ✓ ✓ ✓ High High 
 LLD (Vakhitov & Lempitsky, 2019) 2019 ✓ ✓ ✓ ✓ High High 
 PLP-VIO (Li, He et al., 2020) 2020 ✓ ✓ ✓ ✓ High High 
 S-SLAM (Li, Brasch, Wang, Navab, & Tombari, 2020) 2020 ✓ ✓ ✓ Med High 
 PLR-SLAM (Ma & Liang, 2021) 2021 ✓ ✓ ✓ High High 
 DPLVO (Zhou, Wang et al., 2021) 2021 ✓ ✓ ✓ High High 
 EDLVO (Zhou et al., 2022) 2022 ✓ ✓ ✓ ✓ ✓ Med Med  
 ORB-LINE-SLAM (Alamanos & Tzafestas, 2023) 2022 ✓ ✓ ✓ ✓ ✓ Med Med  
 Airvo (Xu et al., 2023) 2023 ✓ ✓ ✓ ✓ High High 
 IDLL (Li et al., 2023) 2023 ✓ ✓ ✓ High High 
 Structure plp-slam (Shu et al., 2023) 2023 ✓ ✓ ✓ ✓ High High 
 EPL-VINS (Zeng et al., 2024) 2024 ✓ ✓ ✓ ✓ ✓ High High 
 LOC-PL (Matsumoto et al., 2024) 2024 ✓ ✓ ✓ ✓ Med Med  
Note: EP means EndPoints Method; Orth means Orthonormal Representation; Oth means Others; LSEM means Line Segment Extraction Method; LSD means Line Segment Detector; 
EDL means EDLines; DL means Deep Learning-based methods; Env means Environment; Ac means Accuracy; Ro means Robustness.
Fig. 10. Plücker line coordinates (He et al., 2018).

applicability in long-term data association. Overall, the development 
and application of the endpoint-based method in vSLAM reflect a tran-
sition from early SLAM approaches towards addressing the demands for 
higher precision and large-scale environment mapping.

2.3.2. The Plücker coordinate method
The Plücker coordinates, introduced by the German mathematician 

and physicist Julius Plücker in the 19th century, constitute a coordinate 
system for representing lines in three-dimensional space (Joswig & 
Theobald, 2013). By mapping a spatial line into a six-dimensional 
vector space, Plücker coordinates simplify geometric operations such 
as intersection, transformation, and projection, proving particularly 
advantageous in fields like computer vision and computer graphics.

The Plücker coordinates consist of two three-dimensional vectors: 
the direction vector of the line and the normal vector of the plane, as 
shown in Fig.  10. Here, 𝐶 represents the origin, 𝐿 denotes the line, and 
𝜋 indicates the plane in which the line lies. The distance from the line 
to the origin can be expressed as: 

𝑑 =
‖𝐯‖
‖𝐝‖

(1)

Assume that the line 𝐿 passes through points 𝑝1 and 𝑝2, then the 
direction vector 𝐝 is defined as: 
𝐝 = 𝑝1 − 𝑝2 (2)

The normal vector 𝐧 represents the normal direction of the plane 
determined by the line 𝐿 and the origin. It is defined as: 𝐧 = 𝑝 × 𝑝 , 
1 2

10 
where ‘‘×’’ denotes the cross product of vectors. Therefore, the Plücker 
coordinates  can be represented as: 
 =

(

𝐧𝑇 ,𝐝𝑇
)𝑇 ∈ R6 (3)

where 𝐧 ∈ R3, 𝐝 ∈ R3.
The Plücker coordinates have a constraint condition, meaning that 

there is an implicit constraint between the direction vector 𝐝 and the 
normal vector 𝐧, expressed as: 
𝐧𝑇 𝐝 = 0 (4)

This is because 𝐧 is obtained from the cross product of 𝑃1 and 
𝑃2, and the result of the cross product is perpendicular to the plane 
containing both vectors. Due to the constraint mentioned above, the 
Plücker coordinates are an over-parameterized representation. In fact, 
representing a line only requires four degrees of freedom, so in prac-
tical optimization processes, a more concise parameterization method 
should be employed.

In geometric modeling and triangulation, representing a 3D line 
using a combination of normal and directional vectors is widely favored 
due to its intuitiveness and operational convenience. Subsequently, to 
transform a line from the world coordinate system into the camera 
coordinate system, the following transformation matrix will be applied:

𝐓𝑐𝑤 =
[

𝐑𝑐𝑤 𝐏𝑐𝑤
𝟎 1

]

(5)

Thus, the Plücker coordinates in the camera coordinate system are: 

𝑐 =
[

𝐧𝑐
𝐝𝑐

]

=
[

𝐑𝑐𝑤
[

𝐏𝑐𝑤
]

× 𝐑𝑐𝑤
𝟎 𝐑𝑐𝑤

]

𝑤 (6)

Where 𝐑𝑐𝑤 is the rotation matrix, [𝐏𝑐𝑤
]

× is the skew-symmetric 
matrix of the translation vector, 𝑤 represents the Plücker coordinates 
of the line in the world coordinate system, and 𝑐 represents the 
Plücker coordinates of the line in the camera coordinate system.

In point-line SLAM, research solely focusing on Plücker coordinates 
is relatively sparse, mainly due to the issue of over-parameterization. 
Most studies address this problem by combining them with orthogo-
nal representations, as seen in works (Rong et al., 2021; Xu et al., 
2023; Xu, Yin et al., 2022; Yuan et al., 2023; Zhang, Fang, Luo, & 
Liu, 2023), thus improving computational efficiency and numerical 
stability. For example, the PLV-IEKF framework proposed in Hua et al. 
(2023) combines point, line, and vanishing point features, using a joint 
parameterization of 3D line segments through Plücker coordinates and 
orthogonal representations, enhancing the accuracy and robustness of 
the SLAM system.
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By employing Singular Value Decomposition (SVD) for line feature 
triangulation, a modified Plücker coordinate method was proposed 
in Seo et al. (2023), which enables the stable estimation of the initial 3D 
line feature pose and ensures the stability of line feature representation 
by using SVD decomposition. Despite the redundancy of Plücker coor-
dinates, they are typically transformed into orthogonal representation 
during optimization to reduce computational complexity (Lim et al., 
2022).

2.3.3. Orthonormal representation
In three-dimensional space, the representation of lines significantly 

influences the performance of optimization algorithms. The Plücker 
coordinates, due to their redundancy, introduce additional degrees of 
freedom during the optimization process, thereby increasing computa-
tional costs and affecting system stability. In contrast, the orthonormal 
representation proposed by Montiel et al. (2000) uses a minimal set of 
four parameters to represent a line in space, providing a more compact 
parameterization and demonstrating superior accuracy and conver-
gence performance (Zhang, Lee, Lim, & Suh, 2015). The orthonormal 
representation utilizes QR decomposition (Bartoli & Sturm, 2005) to 
calculate the representation of a 3D line. Through QR decomposition, 
a 3D line in Plücker coordinates is transformed into a product of a ro-
tation matrix and a diagonal matrix, yielding a minimal representation 
of the line:

where 𝐔 is the rotation matrix, and Σ is a diagonal matrix con-
taining information about the direction and distance of the line. After 
QR decomposition, the line representation is compressed into four 
degrees of freedom: three from the rotation matrix, which converts 
the line coordinate system to the camera coordinate system, and one 
degree of freedom representing the distance from the origin to the 
line. As shown in Fig.  11, this provides a geometric interpretation 
of using four parameters 𝜃 in the process of updating the orthogonal 
representation (Suárez et al., 2018).

In point-line SLAM systems, the orthonormal representation is typ-
ically used in back-end optimization because it minimizes errors and 
achieves decoupling. In contrast, Plücker coordinates are more com-
monly used for tasks such as camera projection, line feature endpoint 
trimming, and initialization. The combined parameterization strategy 
of Plücker coordinates and orthonormal representation has been widely 
adopted in various studies, improving computational efficiency and 
robustness of the system. Although the orthonormal representation has 
a smaller parameterization, its projection equation is not directly linear. 
Therefore, further transformations (e.g., using Eq.  (5)) are required 
for effective computation. This transformation ensures the validity of 
the minimal representation, which can be optimally represented using 
[𝜑, 𝜃]𝑇  in the optimization process. The advantage of using this repre-
sentation in SLAM is that it not only reduces computational complexity 
but also enhances the stability of the optimization process, particularly 
in large-scale scene processing.

2.3.4. Other line feature parameterization methods
In point-line SLAM, in addition to the three commonly used methods 

mentioned above, recent research has proposed several innovative line 
feature parameterization techniques (Zhang, Zeng, & Zha, 2019; Zhao 
& Vela, 2018) to improve the accuracy and robustness of the system. 
Below are a few typical methods:

The Uniform Sampling Representation (Ma & Liang, 2021) cre-
ates map features by uniformly sampling multiple points along a 
line segment and calculating the reprojection error based on these 
points.This method introduces additional geometric constraints, effec-
tively reducing the uncertainty in keyframe pose estimation during BA, 
especially in environments with low texture, rapid motion, and signif-
icant illumination changes. It enhances the localization and mapping 
capabilities of SLAM systems.

The Inverse Depth Line Feature Parameterization The two in-
novative methods optimize 3D line feature parameterization through 
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Fig. 11. Provides a geometric interpretation of using four parameters 𝜕𝜃 in the process 
of updating the orthogonal representation (Zuo et al., 2017).

Fig. 12. Two innovative line feature representation methods (Li et al., 2023; Zhou, 
Wang et al., 2021).

different dimensions, as shown in Fig.  12. The inverse depth line feature 
parameterization (Li et al., 2023) reduces the degrees of freedom of 
the 3D line from six to two by using endpoint inverse depth pa-
rameters, which decreases computational complexity. Meanwhile, the 
simplified method based on Plücker coordinates (Zhou, Wang et al., 
2021) compresses the degrees of freedom from four to two, avoiding 
singularities and enhancing depth estimation accuracy through the 
collinearity constraint. Both methods significantly improve the robust-
ness and efficiency of vSLAM in low-texture, dynamic lighting, and 
fast-moving scenes.

These innovative line feature parameterization methods each have 
their advantages in different scenarios. The uniform sampling method 
is particularly suitable for environments with significant illumination 
changes, while the inverse depth parameterization method excels in 
low-texture and low-light scenes. As SLAM technology continues to 
advance, these methods may be further combined to enhance the 
system’s adaptability and robustness.

2.4. Line feature matching

In point-line vSLAM systems, line feature matching is a key step, 
as its stability and accuracy directly affect the overall performance 
and robustness of the system. Line feature matching methods can 
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be broadly categorized into three types: descriptor-based methods, 
optical flow-based methods, and learning-based methods. Descriptor-
based methods (Hartley, 1995; Zhang & Koch, 2013) involve generating 
descriptors for line features and using these descriptors for matching, 
such as LBD. Learning-based methods, on the other hand, employ deep 
learning models (Ma et al., 2020; Pautrat et al., 2021), such as Graph 
Convolutional Networks (GCN), to improve matching accuracy and 
robustness.

2.4.1. Descriptor-based methods
Descriptor-based line feature matching methods, recognized for 

their high matching accuracy and noise resistance, have been ex-
tensively utilized across various scenarios. In particular, the integra-
tion of the LBD with geometric information has demonstrated no-
table effectiveness. This approach not only provides detailed descrip-
tions of line segments but also incorporates geometric constraints, 
thereby substantially enhancing the robustness and precision of feature 
matching.

The combination of LBD descriptors with geometric informa-
tion A line feature matching method that integrates descriptors and 
geometric relationships was proposed in Zuo et al. (2017). This method 
first extracts line features using an improved LSD algorithm, reducing 
segmentation errors by merging line segments with similar directions 
and distances, thereby enhancing detection robustness and accuracy. 
Then, LBD descriptors are used to match the line segments, and geo-
metric conditions such as angle difference, length ratio, and overlap 
length are employed to further filter the matching results. Similar 
approaches have been applied in Gomez-Ojeda et al. (2019), He et al. 
(2018), Lee and Hwang (2019), Xu, Chen, Zhang, and Wang (2020), 
demonstrating that combining geometric constraints can effectively 
improve the accuracy and robustness of matching in low-texture or 
complex environments.

Combination of LBD Descriptors and KNN Algorithm The KNN 
algorithm is widely used in descriptor-based line feature matching to 
improve matching accuracy and robustness. For example, Alamanos 
and Tzafestas (2023) effectively enhanced matching efficiency and 
accuracy in low-texture environments by combining LBD descriptors 
with the KNN method within a fixed window for stereo matching. 
In Yang et al. (2019), an initial matching of monocular images was 
optimized by combining undistortion processing with significant length 
constraints, while Fu et al. (2020) further reduced mismatches using 
LBD descriptors, an angle-thresholded KNN algorithm, and an inlier 
optimization strategy. Additionally, Zhao et al. (2022) optimized the 
traditional LSD algorithm by combining LBD descriptors and KNN, 
which outperformed the LSD+KLT optical flow algorithm.

Methods for Improving Robustness and Accuracy in Line Fea-
ture Matching To address the challenges related to the stability and 
robustness of line feature matching, researchers have proposed various 
innovative methods to cope with issues such as image blur, occlusion, 
and low-texture environments. For instance, Zhou, Wang et al. (2021) 
improved 3D line segment matching accuracy by combining photomet-
ric error minimization with sample point tracking. The hierarchical 
method proposed by Li, Yao, Lu, Li, and Zhang (2016) enhances match-
ing accuracy in scenes with image transformations and textureless areas 
through local homography estimation and multi-scale pyramid process-
ing. Seo et al. (2023) introduced a semi-dense epipolar search method 
that effectively reduces mismatches by limiting the search range for 
line features. The GLSM method (Wei, Zhang, Liu, Li, & Li, 2021) 
combines geometric constraints and graph sorting algorithms to further 
enhance the accuracy and reliability of multi-view line feature match-
ing. To address challenges caused by lighting variations, traditional 
LBD descriptors and LSD algorithms exhibit instability under dynamic 
lighting conditions, and some studies have tackled this issue through 
point tracking and 2D-3D matching strategies (Di Stefano, Mattoccia, 
& Tombari, 2005; Xu et al., 2022). Furthermore, Xu et al. (2023) 
addressed the matching problem in complex lighting environments 
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Fig. 13. Line Matching in Challenging Scenes by Xu et al. (2023). The matched lines 
are depicted in the same color. Circles on the lines represent points associated with 
each line.

by associating point features and line segments through the distance 
between points and line segments, and performing line matching based 
on point matching results,As shown in Fig.  13.

Overall, descriptor-based line feature matching methods effectively 
address challenges such as image blur, occlusion, and low-texture 
environments by combining geometric constraints with efficient de-
scriptors. Although some instability remains under dynamic lighting 
conditions, researchers have significantly improved the performance of 
line feature matching through innovative algorithms and strategies.

2.4.2. Optical flow-based methods
Optical flow plays a crucial role in feature point and line matching 

by estimating the motion vector field of pixels in an image sequence. 
Classical optical flow algorithms, such as the Lucas–Kanade optical 
flow method (Lucas & Kanade, 1981) and the Pyramidal Lucas–Kanade 
optical flow method (Bouguet et al., 2001), are widely used in feature 
tracking. By leveraging the continuity of optical flow vectors and 
the geometric information of line segments, optical flow methods can 
accurately track line features in images, overcoming challenges such 
as translation, rotation, lighting variations, and occlusion. As a result, 
optical flow methods have significant applications in vSLAM.

Combination of Optical Flow and Line Segment Descriptors Sev-
eral optical flow-based line feature matching methods have been pro-
posed to address challenges in low-texture, complex scenes, and rapid 
motion. For instance, Zhu et al. (2021) combined an improved EDLines 
algorithm with the KLT optical flow method (Tomasi & Kanade, 1991), 
enhancing the accuracy and robustness of SLAM systems in low-texture 
and complex environments. An innovative method combining optical 
flow and LBD was proposed in Lim et al. (2021), where initial matching 
is performed using LBD, and optical flow algorithms are then employed 
to predict and correct mismatches. The final best matching results are 
selected by comparing the matching scores. This method improves the 
robustness and continuity of the matching process and addresses the 
degradation caused by translational camera motion through structural 
constraints (Hartley & Zisserman, 2003; Ok et al., 2012; Sugiura, Torii, 
& Okutomi, 2015; Yang et al., 2019).

IMU-assisted Optical Flow Methods To address the challenges 
posed by rapid motion and illumination changes, the ‘‘prediction-
matching’’ strategy proposed in Wei, Tang, Xu, Zhang, and Wu (2021) 
significantly enhances the tracking length and matching accuracy of 
line segments in weak texture and motion-blurred scenarios, utiliz-
ing an IMU-assisted KLT algorithm and geometric constraints. In re-
sponse to the limitations of traditional optical flow tracking (Baker & 
Matthews, 2004) in complex scenarios involving illumination changes 
and rapid camera motion, the method presented in Liu et al. (2023) 
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Fig. 14. IMU-Assisted Hierarchical Grid Optical Flow Tracker (Liu et al., 2023).

Fig. 15. Line flow in consecutive images. All line segments in the flow correspond to 
the same 3-D line (Wang et al., 2021).

introduces an IMU-assisted hierarchical optical flow tracking approach 
(as shown in Fig.  14). This method integrates IMU data and the 
RANSAC algorithm (Fischler & Bolles, 1981), predicting the starting 
and ending positions of line features in the current frame and calcu-
lating the Hamming distance to find the best matching points, thereby 
effectively improving matching accuracy and reducing computational 
load.

Introduction of Line Flow Techniques To address the real-time 
challenges in SLAM systems, researchers have proposed line flow-
based matching methods that enhance performance in scenarios with 
occlusion, blur, and repetitive textures by predicting and updating the 
continuous 2D projections of line segments (Wang et al., 2021), as 
shown in Fig.  15. Although this method simplifies the process of line 
feature description and matching, reducing computational complexity, 
it still requires line extraction and matching for each frame, resulting in 
performance that lags behind traditional methods. In contrast, the LOFT 
algorithm achieves efficient single-frame detection and multi-frame 
tracking by utilizing gray-invariance and collinearity constraints, show-
ing superior performance, particularly in environments with repetitive 
textures (Xu, Yin et al., 2022).

This section discusses the innovative applications of optical flow 
methods in point-line vSLAM systems. These methods effectively ad-
dress matching issues in low-texture, complex scenes, and lighting 
variations by integrating geometric information from optical flow, IMU-
assisted tracking, and line flow matching techniques. Despite certain 
limitations, the research progress provides significant technical support 
for the further enhancement of vSLAM systems.

2.4.3. Learning-based methods
In recent years, deep learning-based line feature matching methods 

have made significant progress in various fields. The GLSP method
(Chen & Pan, 2023) utilizes Graph Neural Networks (GNN) for line 
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segment matching, while the AirLine method (Lin & Wang, 2023) 
proposes a learnable edge-based line detection algorithm suitable for 
real-time applications. Additionally, the semantic line combination 
detector improves line segment detection accuracy in complex im-
ages through semantic analysis (Ko, Jin, & Kim, 2024). For specific 
scenarios, Line-Transformers introduces the Transformer model to op-
timize line segment matching in scenes with long lines and uneven 
feature point distributions (Yoon & Kim, 2021). Moreover, the Glue-
Stick method (Ma et al., 2021), which combines CNNs and GCNs, 
has made significant progress in handling unmatched line segments 
and image transformations. This method integrates keypoint and line 
segment matching and leverages graph neural networks to enhance the 
robustness and accuracy of image matching tasks.

It is worth noting that deep learning techniques have significantly 
improved line feature matching performance in point-line SLAM. For 
example, the line segment matching method based on Graph Convolu-
tional Networks (GCN) (Ma et al., 2020) learns line segment descrip-
tors through end-to-end training and utilizes top-k pooling techniques, 
demonstrating excellent performance. Under conditions of rotation, 
blur, and scale variation, the line segment descriptors generated by 
the lightweight fully convolutional neural network method (Vakhitov & 
Lempitsky, 2019) show efficient computation and matching accuracy, 
outperforming traditional descriptors. To address the issues of scene 
occlusion and inconsistent line segment lengths, Liu, Cao et al. (2024) 
proposed a matching strategy based on line segment collinearity, im-
proving matching efficiency and accuracy through 2D-2D and 2D-3D 
line segment matching. Moreover, the matching mechanism based on 
Attention GNN (Kannapiran et al., 2023) effectively enhances matching 
precision and optimizes the matching results through the Sinkhorn al-
gorithm (Sinkhorn, 1964), ensuring efficient and accurate line segment 
matching, as shown in Fig.  16. Fig.  17 illustrates the performance of 
three line feature detection matching methods: LSD + LBD provides 
reliable detection but may suffer from line segment fragmentation; LSD 
+ KLT improves cross-frame tracking, but the continuity and accuracy 
of line segments in dynamic environments need further enhancement; 
DeepLSD performs exceptionally well in complex and low-texture sce-
narios, demonstrating stronger line segment detection and robustness, 
making it particularly suitable for dynamic environments.

Although these methods demonstrate superior performance under 
specific conditions, their application on resource-constrained platforms 
remains limited due to high computational resource requirements. 
Therefore, further innovations are needed in this field to improve 
efficiency and address the challenges in practical applications.

3. Back-end modules

The backend optimization of SLAM aims to eliminate the accumu-
lated errors from the frontend by enforcing global consistency con-
straints, serving as a core component in enhancing the system’s robust-
ness and accuracy. Depending on the optimization strategy, backend 
optimization can be classified into three categories: filter-based op-
timization, graph optimization, and BA optimization. Although BA 
can be considered a subset of graph optimization, its specificity and 
widespread application in vSLAM make it an independent research 
direction. Table  6 provides a systematic comparison of the core differ-
ences among these three methods, covering aspects such as mathemat-
ical models and applicable scenarios.

3.1. Filter optimization

The filter-based optimization is a core technology for achieving 
real-time state estimation in point-line SLAM systems (Kannapiran, 
Van Baar, & Berman, 2021), as it balances computational efficiency 
and accuracy through recursive data fusion. This section systemati-
cally reviews filter-based optimization methods, analyzing them from 
three aspects: the basic framework, consistency improvements, and 
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Table 6
Comparison of optimization methods in vSLAM systems.
 Method Filter optimization Graph optimization Bundle adjustment  
 Mathematical Models State Equation and Observation 

Equation Integration, Kalman 
Gain Update: 
𝑥𝑘|𝑘 = 𝑥𝑘|𝑘−1 +𝐾𝑘(𝑧𝑘 − ℎ(𝑥𝑘|𝑘−1))

Nonlinear Least Squares: 
𝑋∗ = argmin

∑

‖𝑒𝑖(𝑋)‖2
Nonlinear Least Squares: 
𝑋∗ = argmin

∑

‖𝜋(𝑇𝑖 , 𝑃𝑗 ) − 𝑧𝑖𝑗‖2
 

 Optimization Variables IMU prediction error, 
3D point/line features, 
local geometric parameters.

Camera pose, 
3D point/line features, 
IMU parameters, 
sensor biases, 
dynamic object states, etc.

Camera pose, 
3D point/line features.

 

 Constraint Types IMU prediction error, 
Point/line reprojection error, 
Geometric priors.

Reprojection error, 
IMU pre-integration, 
Loop closure detection, 
Geometric priors.

Point/line reprojection error.  

 Typical Application 
Scenarios

Systems with high real-time 
requirements, 
VIO.

Global optimization, 
complex dynamic scenes.

Local/global optimization in 
vSLAM, 
static scene reconstruction.

 

 Advantages High computational efficiency, 
Low memory usage, 
Adaptability to dynamic 
environments.

Global consistency optimization, 
Strong multi-sensor fusion 
capability, 
Support for complex constraints.

High visual optimization 
accuracy, 
Relatively high computational 
efficiency (static scenes).

 

 Disadvantages Local optimization leads to poor 
global consistency, 
Linearization errors (EKF), 
Long-term accumulation of errors.

High computational complexity, 
Limited real-time performance.

Inability to integrate data from 
other sensors, 
Sensitivity to dynamic 
environments.

 

Fig. 16. Architecture of point and line feature matching (Kannapiran et al., 2023).

Fig. 17. Performance Evaluation of Three Line Feature Detection and Matching 
Methods.
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feature-specific strategies for line features. Additionally, performance 
boundaries are quantified through experimental data.

Fundamental Filter Framework and Numerical Models The EKF 
performs state propagation and update by linearizing the nonlinear 
system model, with its core steps including:

• state prediction: Based on the IMU dynamic model, the system 
state is predicted as 𝑥𝑘|𝑘−1 = 𝑓 (𝑥𝑘−1, 𝑢𝑘) + 𝑤𝑘, where 𝑥 =
[𝑇𝑐𝑤, 𝑣, 𝑏𝑔 , 𝑏𝑎, 𝐿𝑤]𝑇  represents the camera position, velocity, IMU 
biases, and linear feature parameters, and 𝑤𝑘 ∼  (0, 𝑄𝑘) is the 
process noise.

• observation update: The line feature observation model is given 
by 𝑧𝐿 = ℎ(𝑇𝑐𝑤, 𝐿𝑤) + 𝑛𝑘, where 𝑛𝑘 ∼  (0, 𝑅𝑘). The observation 
process is linearized using the Jacobian matrix 𝐻𝑘 = 𝜕ℎ

𝜕𝑥 , the 
Kalman gain 𝐾𝑘 is computed, and the state covariance is updated:
𝐾𝑘 = 𝑃𝑘|𝑘−1𝐻

𝑇
𝑘 (𝐻𝑘𝑃𝑘|𝑘−1𝐻

𝑇
𝑘 + 𝑅𝑘)−1 (7)

𝑥𝑘|𝑘 = 𝑥𝑘|𝑘−1 +𝐾𝑘(𝑧𝑘 − ℎ(𝑥𝑘|𝑘−1)) (8)

The Multi-State Constraint Kalman Filter (MSCKF) (Mourikis & 
Roumeliotis, 2007) maintains historical states within a sliding window 
and optimizes line features across multiple frames of observation, 
avoiding the inclusion of features in the state vector, which signifi-
cantly reduces computational complexity. Its objective function is:

min
𝐿𝑤

𝑁
∑

𝑖=1

‖

‖

‖

𝑧(𝑖)𝐿 − ℎ(𝑇 (𝑖)
𝑐𝑤, 𝐿𝑤)

‖

‖

‖

2

𝑅−1 (9)

where 𝑁 is the number of frames in the window, and 𝑇 (𝑖)
𝑐𝑤 is the 

historical relative pose.
Consistency improvement and invariance filtering Traditional 

EKF suffer from inconsistency due to linearization errors, which mani-
fest as false information gains in unobservable directions (Heo, Jung, & 
Park, 2018). The Invariant Extended Kalman Filter (IEKF) (Bonnabel, 
2007) addresses this issue by defining invariant errors on Lie groups, 
and it has been widely applied and improved in a series of studies (Bai-
ley, Nieto, Guivant, Stevens, & Nebot, 2006; Barrau & Bonnabel, 2015; 
Hua, Li, & Pei, 2023; Huang & Dissanayake, 2007; Huang, Mourikis, & 
Roumeliotis, 2008, 2010; Li & Mourikis, 2013).
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• Invariant Error Model Define the error state 𝜂 = [𝛿𝜃𝑇 , 𝛿𝑝𝑇 , 𝛿𝑣𝑇 ,
𝛿𝑏𝑇𝑔 , 𝛿𝑏

𝑇
𝑎 ]

𝑇 , whose dynamics satisfy: 

𝜂̇ = 𝐹𝜂 + 𝐺𝑤, (10)

where 𝐹  is the error propagation matrix, and 𝐺 is the noise 
propagation matrix.

• Observation Invariance The line feature residual is designed 
to be invariant under rigid body transformations, such as the 
projection error based on Plücker coordinates: 

𝑒𝐿 =
𝑛𝑇𝑐 (𝑥𝑠 × 𝑥𝑒)

‖𝑛𝑐‖
, (11)

where 𝑛𝑐 is the line feature normal vector, and 𝑥𝑠, 𝑥𝑒 are the 
endpoints of the line segment.

IEKF has been integrated into frameworks such as the Multi-State 
Constraint Kalman Filter (MSCKF) (Heo et al., 2018) and the Unscented 
Kalman Filter (UKF) (Brossard, Bonnabel, & Barrau, 2018a). Early 
studies (Brossard, Bonnabel, & Barrau, 2018b) also explored the combi-
nation of IEKF with MSCKF to handle landmark uncertainty. Although 
these methods have made progress in improving filter consistency, the 
relationships among them require further investigation. In paper (Hua 
et al., 2023), an IEKF-based VIO system was proposed, incorporating 
point, line, and vanishing point features to enhance localization accu-
racy and system consistency in man-made environments. By defining 
alternative nonlinear errors, the IEKF effectively addresses the inconsis-
tency issues present in the traditional EKF framework and ensures the 
correct dimensionality of the unobservable subspace. Furthermore, the 
study demonstrated that this approach maintains system consistency in 
a decoupled state using conventional error representation.

Line feature-specific optimization strategy: In Zou et al. (2019), 
the line feature optimization employed the EKF, using line features 
as external measurement data, and performing local Manhattan world 
assumption to minimize the measurement error with newly updated 
parameters. The approach improved the precision and robustness of 
the system by using system information aggregation, and applied mea-
surements to the line’s prior distribution. StructVIO assumed local 
environment constraints and the harmonic structure, observing the line 
orientation relative to the coordinate axes. The residual error is added 
as an orthogonal correction term: 
𝑒ortho = 𝑣𝑇𝐿𝑎𝑀 , (12)

where 𝑣𝐿 is the line orientation, and 𝑎𝑀  is the harmonic axis.
Traditional filtering optimization methods typically use point fea-

tures for position estimation, neglecting the influence of line features. 
To address this issue, Chen, Miao, Liu, Wu, and Wang (2024) proposed 
a hybrid method that combines point-line feature fusion with the 
Extended Kalman Filter (hybrid MSCKF). This approach integrates the 
MSCKF framework with line features, enabling SLAM state estimation:

State Vector Expansion: 
𝑥 = [𝑥leg, 𝑥pos, 𝑥p, 𝑥𝑙]𝑇 , (13)

where 𝑥𝑙 = [𝑂1, 𝑂2,… , 𝑂𝐾 ]𝑇  represents the line feature state.
Observation Update: The line feature residual model is: 

𝑟𝑘 = 𝐻𝑙𝛿𝑥𝑙 +𝐻𝑥𝑒𝛿𝑥pos + 𝑛𝑘, (14)

where 𝐻𝑙 is the Jacobian matrix, which can be solved through lin-
earization to estimate the line feature error, position, and external 
parameters.

This method fully utilizes the structural information of line features, 
especially in weakly dynamic or noisy environments, improving both 
the precision and robustness of the estimation.

Filter-based optimization performs exceptionally well in real-time 
applications; however, due to its local optimization nature, it is prone 
to error accumulation over long-term operation. Future research should 
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focus on nonlinear observation models, such as the Unscented Kalman 
Filter (UKF) or second-order Taylor expansions, to reduce lineariza-
tion errors. Additionally, dynamic feature processing should be in-
tegrated to remove dynamic line features, and multi-sensor fusion 
should be explored to enhance adaptability in complex environments. 
Although graph optimization and bundle adjustment are increasingly 
becoming mainstream, filter-based optimization still holds advantages 
in resource-constrained scenarios.

3.2. Graph optimization

Graph optimization is a core technique for ensuring global consis-
tency in point-line feature fusion SLAM systems. By modeling camera 
poses, environmental features, and multi-source constraints as a graph 
structure, it enables high-precision joint optimization in large-scale en-
vironments. Compared to filter-based optimization, graph optimization 
can globally adjust all variables, significantly suppress accumulated 
errors, and improve map consistency after loop closure detection. In 
graph optimization, nodes represent camera poses or feature points in 
the map, while edges denote the geometric constraints between camera 
poses or between camera poses and feature points. By minimizing the 
error of these geometric constraints, graph optimization jointly opti-
mizes the positions of all nodes, significantly improving the accuracy 
of pose estimation and map reconstruction. Commonly used graph op-
timization algorithms include g2o (Kümmerle, Grisetti, Strasdat, Kono-
lige, & Burgard, 2011) and Ceres Solver (Agarwal, Mierle, et al., 2012), 
which are capable of efficiently handling large-scale maps and multi-
sensor data, making them particularly suitable for global optimization 
after loop closure detection. This section provides an analysis from 
three aspects: mathematical modeling, system implementation, and 
experimental data comparison.

Zuo et al. (2017) first systematically derived the analytical Jacobian 
matrix of the line feature reprojection error with respect to pose and 
line parameters, addressing the efficiency and accuracy bottlenecks of 
traditional numerical differentiation methods. In graph optimization 
frameworks, the integration of line features relies on precise error term 
modeling and efficient Jacobian matrix computation. The graph model 
is constructed with camera pose nodes 𝑻 𝑘,𝑤, 3D point nodes 𝑿𝑤,𝑡, and 
line feature nodes 𝑤,𝑗 , with key error constraints defined as follows:

• Reprojection Errors for Points and Lines
The following two equations represent the Point Feature Er-
ror (Geometric Projection) and the Line Feature Error (Plücker 
Coordinates Projection), respectively. 

𝐞𝑝𝑘,𝑖 = 𝒙𝑘,𝑖 −𝐊𝑻 𝑘,𝑤𝑿𝑤,𝑡, (15)

where 𝒙𝑘,𝑖 is the image point coordinate, and 𝐊 is the camera 
intrinsic matrix. 

𝐞𝑙𝑘,𝑗 = d
(

𝒙𝑘,𝑗 ,th[cw𝑤,𝑗 ]
)

, (16)

where d(⋅) is the endpoint distance between the detected line 
segment and the projected line, and cw is the transformation 
matrix from the world to camera frame.

• Unified Cost Function
Robust Huber kernels 𝜌𝜋 and 𝜌𝛤  are introduced to suppress out-
liers: 

𝐶 =
∑

𝑘,𝑖
𝜌𝜋

(

𝐞⊤𝑝𝑘,𝑖𝜮
−1
𝑝𝑘,𝑖

𝐞𝑝𝑘,𝑖
)

+
∑

𝑘,𝑗
𝜌𝛤

(

𝐞⊤𝑙𝑘,𝑗𝜮
−1
𝑙𝑘,𝑗

𝐞𝑙𝑘,𝑗
)

. (17)

• Analytical Jacobian Derivation for Line Features
To efficiently solve the nonlinear optimization, analytical Jaco-
bians of line feature errors with respect to pose increments 𝛿𝜉 =
[𝛿⊤, 𝛿⊤]⊤ and line parameters 𝛿  are systematically derived:
𝜌 𝜙 𝜃
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Error Derivative with Respect to Projected Line. 

𝜕𝐞𝑙
𝜕𝒍′

= 1
𝑙𝑛

⎡

⎢

⎢

⎣

𝑢1 −
𝑙1𝑒1
𝑙2𝑛

𝑣1 −
𝑙2𝑒1
𝑙2𝑛

1

𝑢2 −
𝑙1𝑒2
𝑙2𝑛

𝑣2 −
𝑙2𝑒2
𝑙2𝑛

1

⎤

⎥

⎥

⎦2×3

, (18)

where 𝒍′ = [𝑙1, 𝑙2, 𝑙3]⊤ is the projected line parameter, 𝑙𝑛 =
√

𝑙21 + 𝑙22, and 𝑒1, 𝑒2 are endpoint projection errors.
Chain Rule Decomposition and Lie Algebra Transformation. By 
decomposing the pose increment 𝛿𝜉 into translation 𝛿𝜌 and rota-
tion 𝛿𝜙 via Lie group-algebra mapping, the Jacobians of Plücker 
coordinates are derived:
𝜕∗

𝑐
𝜕𝛿𝜌

=
[

−[𝐑𝑐𝑤𝒗𝑤]×
𝟎

]

, (19)

𝜕∗
𝑐

𝜕𝛿𝜙
=
[

−[𝐑𝒖]× − [𝒕]×[𝐑𝒗]×
−[𝐑𝒗]×

]

. (20)

𝜕∗
𝑐

𝜕𝛿𝜉
=
[

−[𝐑𝒖]× − [𝒕]×[𝐑𝒗]× −[𝐑𝒗]×
−[𝐑𝒗]× 𝟎

]

6×6
. (21)

Chain Rule Propagation: The Jacobians propagate to line param-
eter updates through the chain rule.

𝐉𝐥𝜉 =
𝜕𝐞𝑙
𝜕𝛿𝜉

=
𝜕𝐞𝑙
𝜕𝒍′

𝜕𝒍′
𝜕𝑐

𝜕𝑐
𝜕𝛿𝜉

, (22)

𝐉𝐥𝜃 =
𝜕𝐞𝑙
𝜕𝛿𝜃

=
𝜕𝐞𝑙
𝜕𝒍′

𝜕𝒍′
𝜕𝑐

𝜕𝑐
𝜕𝑤

𝜕𝑤
𝜕𝛿𝜃

. (23)

Eqs. (22)–(23) ensure efficient updates of line parameters during 
iterative optimization.

PLS-VIO (Wen, Tian, & Li, 2020) is the first stereo visual-inertial 
odometry system to leverage point-line feature fusion for optimiza-
tion. This system employs a sliding window model that integrates 
IMU residuals, as well as point and line feature reprojection errors, 
optimizing the objective function using the Dog-Leg algorithm, which 
significantly enhances the system’s accuracy and robustness. Gomez-
Ojeda and Gonzalez-Jimenez (2016) optimizes the line features by 
minimizing the projection errors between consecutive stereo frames 
and applies Maximum Likelihood Estimation (MLE), combined with a 
pseudo-Huber loss function to improve robustness. In addition, Lim 
et al. (2021) utilizes the Ceres Solver to construct a nonlinear cost 
function, incorporating various measurement and structural constraints 
to accurately estimate and optimize 3D line features. Furthermore, Xu 
et al. (2023) proposes a line feature optimization method by measuring 
the angle between plane normals as residuals, which avoids the limita-
tions of traditional line segment endpoints and significantly improves 
accuracy. By incorporating these residuals into graph optimization and 
employing the Ceres Solver for sliding window optimization, joint 
optimization of camera poses and the map is achieved. Xu et al. (2023) 
further improves the overall system performance by constructing re-
projection errors for both points and lines to optimize the positions of 
keyframes, 3D points, and lines.UPLP-SLAM (Yang, Yuan, Gao, Sun, & 
Zhang, 2023) was the first to introduce the SP model into the opti-
mization framework, proposing a unified multi-feature tightly coupled 
joint optimization framework. The aim is to achieve joint optimization 
of feature parameters and camera poses by uniformly representing 
point features, line features, plane features, and camera poses, while 
constructing a consistent error function. Compared to existing multi-
feature SLAM methods (Gomez-Ojeda et al., 2019; Li, Yunus, Brasch, 
Navab, & Tombari, 2021; Yunus, Li, & Tombari, 2021), this system 
can handle a broader range of features and provides more accurate 
and consistent estimation results. The backend optimization framework 
of SG-VIO (Yao et al., 2024) adopts a factor graph-based multi-sensor 
joint graph optimization method, significantly extending the scope 
of traditional BA optimization, as shown in Fig.  18. Its core lies in 
unifying the reprojection errors of visual features, IMU pre-integration 
constraints, and geometric priors of structured line features (e.g.,lines 
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Fig. 18. Typical Factor Graph Example (Yao et al., 2024).

parallel or perpendicular to the gravity direction) within the factor 
graph structure. State variables are managed through a sliding window, 
and a Schur complement edge marginalization strategy is employed 
to control computational complexity. Structured lines are integrated 
with gravity direction constraints and IMU fusion to achieve collab-
orative optimization of multi-source heterogeneous data. Compared 
to traditional BA, the optimization framework of SG-VIO not only 
enhances robustness in low-texture environments but also effectively 
balances global consistency and real-time demands through a two-stage 
marginalization strategy.

Graph optimization, through global constraint fusion and multi-
feature collaboration, has become a core pillar for high-precision map-
ping in point-line SLAM. Despite significant progress in structured 
environments, the parameterization ambiguity of line features and 
dynamic adaptability remain key challenges. Future research should 
integrate incremental computation, learning techniques, and hardware 
acceleration to drive practical breakthroughs in graph optimization for 
open dynamic environments.

3.3. Bundle adjustment optimization

LBD as the standard method for multi-view geometry optimization, 
plays a dual role in point-line fusion SLAM systems: it serves both 
as the core subproblem in graph optimization and as an independent 
optimization paradigm for achieving high-precision state estimation. 
Traditional BA constructs a graph model of camera poses and 3D 
features, performing global optimization with reprojection errors as 
constraints. In the point-line fusion framework, however, BA opti-
mization faces a new challenge of dimensional expansion—it must 
coordinate the geometric constraints of heterogeneous features (dis-
crete points and continuous line segments) in a unified mathematical 
space. This introduces opportunities for precision improvement but also 
poses challenges in computational complexity.

Recent research has demonstrated that the integration of line fea-
tures with point features in BA optimization has yielded significant 
results. For example, Zhou et al. (2022) extended the traditional pho-
tometric error model to include line features, proving that the 3D 
coordinates of any point on a 2D line can be determined by the 
inverse depth of the 2D line endpoints. This approach reduces the 
number of optimization variables and improves computational effi-
ciency. The study employed a sliding window optimization strategy, 
combining photometric errors of points and lines with the collinearity 
constraints of line features to construct a comprehensive cost function, 
which was optimized using a two-step minimization process. First, 3D 
line segments were fitted, and then the fitting parameters were used 
to update the camera pose and inverse depth until convergence.BA 
optimizes the camera pose and map point depth by minimizing the 
reprojection error of point features. However, the stability of depth 
estimation depends on the number of tracked frames. When the number 
of tracked frames is small, depth estimation can be easily influenced by 
noise, leading to instability. To address this issue, Lee and Park (2021) 
proposed the Point-Line Coupling Residual (PLC Residual), as shown 
in Fig.  19. This method enhances the robustness of BA optimization by 
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introducing geometric constraints from line features, and constructs the 
optimization objective using the geometric relationship between points 
and lines. In another study (Yu et al., 2023), a unified cost function 
incorporating both point and line feature reprojection errors was con-
structed, achieving global optimization of the camera pose. This work 
demonstrated that DPL-SLAM significantly outperformed traditional 
methods in terms of localization accuracy in low-texture environments, 
validating the effectiveness of point-line feature fusion optimization. 
Additionally, the system proposed in Gomez-Ojeda et al. (2016) first es-
timates the camera motion between consecutive frames through direct 
image alignment and optimizes the line segment endpoints to minimize 
photometric error. This is followed by feature alignment to further 
optimize the positions of 2D line segment endpoints, ultimately achiev-
ing optimization of the camera pose and 3D structure by minimizing 
the reprojection error between 3D and 2D features. This method not 
only improves the accuracy of line feature matching but also reduces 
computational complexity, making the optimization of line features 
more efficient and robust. Vakhitov and Lempitsky (2019) introduced 
a method that incorporates line features into ORB-SLAM2, achieving 
line feature backend optimization by combining point and line features 
through Local BA. The ALVIO system (Jung, Kim, Lim, & Myung, 
2021) integrates the reprojection errors of point and line features 
with IMU pre-integration errors into a unified cost function, achieving 
precise pose estimation through iterative optimization. The ORB-LINE-
SLAM system (Alamanos & Tzafestas, 2023) combines multiple error 
functions to optimize camera poses and feature positions in the map. 
Building on the strength of traditional BA methods for point features, 
this study designed error functions specifically for line features and 
introduced a novel adjustment factor to balance the participation of 
point and line features in the BA process, resulting in enhanced stability 
and robustness. Similarly, the PL-VIO system (He et al., 2018) uses 
a sliding window optimization framework to simultaneously optimize 
IMU states, along with point and line feature parameters, utilizing IMU 
pre-integration as a constraint to avoid redundant integration, thereby 
improving computational efficiency. The system minimizes IMU pre-
integration error and the reprojection errors of point and line features, 
and employs the Levenberg–Marquardt algorithm to achieve efficient 
fusion of visual and inertial sensor information. PL-VINS (Fu et al., 
2020) is the first real-time monocular VINS method that integrates 
point and line features based on real-time optimization. It adopts a 
sliding window strategy and achieves high accuracy and real-time 
performance by jointly minimizing the reprojection residuals of point 
and line features, along with IMU measurement residuals, within a 
fixed-size window. In PL-VIO (He et al., 2018) and PL-VINS (Fu et al., 
2020), the line reprojection error is defined by calculating the distance 
between the observed line segment endpoints and the reprojection of 
those endpoints, with this error being related to the accuracy of the 
line endpoints. However, due to issues such as inconsistent length of 
line features in space, variations in length on the image plane, and 
occlusions, traditional methods may result in large errors. Therefore, 
a new method was proposed in Xu, Yin et al. (2022), as shown in 
Fig.  20, which overcomes these issues by constructing residuals that 
are independent of the line segment endpoints. This method uses the 
line equation on the normalized plane to express the line reprojection 
error and computes the sensitivity of the error to state variables through 
the Jacobian matrix. In PLD-VINS (Zhu et al., 2021), BA is used for 
backend optimization of line features within the sliding window, and a 
keyframe extraction strategy is applied to effectively control the scale of 
BA optimization, enhancing the system’s accuracy and robustness. Sev-
eral studies have also proposed new optimization improvements. For 
instance, Zhou, Wang et al. (2021) introduced collinearity constraints 
to address depth estimation issues in line features during photometric 
error minimization, reducing the 4 degrees of freedom of 3D lines to 2 
degrees of freedom, thereby decreasing computational complexity. This 
research significantly improved the performance and real-time capabil-
ities of line features in direct visual odometry by utilizing collinearity 
priors and optimized 3D line representation.
17 
Fig. 19. Minimization distance error model between point and line (Lee & Park, 2021).

Fig. 20. Computation of the line reprojection error (Xu, Yin et al., 2022).

Table  7 further compares recent representative systems in terms 
of their methods, advantages, and disadvantages in BA (Bundle Ad-
justment) optimization. In summary, recent studies have demonstrated 
that by integrating point and line features, employing sliding window 
strategies, and efficiently representing line features in BA optimization, 
the performance, accuracy, and robustness of vSLAM systems have been 
significantly enhanced. These advancements have further promoted the 
practicality and application potential of SLAM technology in complex 
environments.

4. Loop closure detection

In SLAM problems, pose estimation is typically a recursive process, 
where the pose of the current frame is derived from the previous frame. 
Consequently, errors accumulate frame by frame over time, affecting 
the overall accuracy of the system. Loop closure detection is an effective 
method to eliminate such accumulated errors by identifying whether 
the robot has returned to a previously visited location. This process 
provides important constraints for back-end optimization, thereby cre-
ating a topologically consistent trajectory map and improving the 
accuracy and robustness of the SLAM system. Although traditional 
point feature-based SLAM loop closure detection methods perform well 
in various scenarios, their robustness and accuracy are often limited in 
environments with drastic lighting changes (Cai et al., 2024; Hu, Qi, 
Ding, Liu, & Zhao, 2024; Liu, Hu et al., 2024), significant viewpoint 
variations (Lin, Zhou, Liu, & Zhu, 2024), or sparse textures (Yan et al., 
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Table 7
Comparative analysis of BA optimization methods in vSLAM systems integrating point and line features.
 Paper BA optimization method Advantages Disadvantages  
 DPL-SLAM (Yu et al., 2023) Jointly optimizes point and line 

features in BA, combining depth 
features with line reprojection 
errors; adopts a two-step 
optimization method to improve 
efficiency.

Combines deep learning feature 
extraction with traditional BA, 
enhancing robustness in dynamic 
environments.

High computational cost, relying 
on effective feature matching.

 

 UV-SLAM (Lim et al., 2022) Integrates vanishing point 
measurements with line features 
to improve mapping accuracy; 
uses a BA-based method to 
minimize reprojection errors.

Effectively processes point and 
line features, accurately capturing 
structural information with 
vanishing points.

High computational complexity, 
may require extensive parameter 
tuning.

 

 PLI-VINS (Zhao et al., 2022) Incorporates line feature 
reprojection errors into a sliding 
window BA model; employs a 
4-parameter orthogonal 
representation for efficient 
optimization.

Achieves real-time integration of 
line features, reducing 
unnecessary calculations.

Precision may degrade in 
low-texture environments and is 
sensitive to initialization errors.

 

 PLF-VINS (Lee & Park, 2021) Utilizes point-line coupling 
residuals and parallel line 
constraints in the BA framework, 
optimized using the 
Levenberg–Marquardt (LM) 
algorithm.

Effectively fuses point and line 
features, handling parallel line 
constraints well, achieving high 
accuracy.

Ineffective in sparse 
environments, with parallel line 
constraints increasing complexity.

 

 PLD-VINS (Zhu et al., 2021) Employs a sliding window 
method combined with line 
reprojection error models and 
uses IMU pre-integration to 
enhance optimization.

Efficiently handles IMU data and 
line features, reducing 
computational complexity.

Accuracy may be affected in 
dynamic scenes, requiring precise 
IMU calibration.

 

 IF-SLAM (Wang et al., 2021) Uses an incremental optimization 
method based on Bayesian 
networks, combining short-term 
and long-term BA to achieve 
precise line feature tracking and 
mapping.

Provides comprehensive line 
feature tracking and mapping, 
adapting well to complex 
environments.

Maintaining consistency in 
large-scale environments poses 
challenges, with high 
computational demand.

 

2024). To address these limitations, some studies have proposed SLAM 
loop closure detection strategies that integrate both point and line 
features. Compared to single point features, line features are more 
effective in describing complex geometric structures and offer more 
stable detection results under varying lighting conditions and view-
points. By combining point and line features, it is possible to leverage 
the strengths of both, thereby significantly enhancing the accuracy and 
robustness of loop closure detection.

Currently, loop closure detection in point-line integrated vSLAM 
primarily employs two methods: BoW-based and Deep Learning (DL)-
based approaches. Each of these methods has its distinct character-
istics and application scenarios. The BoW-based method focuses on 
rapid matching using existing visual vocabularies, while the DL-based 
method enhances recognition accuracy through powerful feature ex-
traction capabilities. The following discussion will delve into the spe-
cific implementations of these methods and evaluate their performance 
and effectiveness in practical applications.

4.1. Bag-of-words (BoW)-based methods

The point-line integrated vSLAM systems have extended the tra-
ditional BoW framework (Csurka, Dance, Fan, Willamowski, & Bray, 
2004) by incorporating line segment features. These systems utilize 
both point and line features during loop closure detection, achieving 
more precise feature matching and improved robustness. This section 
explores the application of BoW models that integrate point and line 
features in SLAM loop closure detection, analyzing how the combi-
nation of these features enhances system performance under various 
environmental conditions. The BoW model converts images into vec-
tors, focusing solely on the presence of features in the image. A typical 
BoW-based loop closure detection algorithm is illustrated in Fig.  21, 
where the BoW model trained on a dataset is shown in the green region 
18 
on the left, while the front-end descriptors are in the yellow region on 
the right, indicating that the descriptors for the query image can be 
obtained through front-end computation.

Yang et al. (2016), Zuo et al. (2017) investigated the integration 
of line features and BoW techniques in vSLAM systems to enhance 
loop closure detection. In Zuo et al. (2017), a visual BoW approach 
was used to cluster ORB point features and LBD line features into 
a vocabulary. During loop closure detection, the system refined the 
matching between new keyframes and candidate keyframes through 
temporal consistency checks (Mur-Artal & Tardós, 2014) and calculated 
the SE(3) transformation matrix using the EPnP algorithm (Lepetit, 
Moreno-Noguer, & Fua, 2009) and RANSAC (Fischler & Bolles, 1981). 
Once a loop was detected, pose graph optimization was performed, 
followed by global BA to further reduce drift errors and ensure global 
consistency and accuracy. Gomez-Ojeda et al. (2019) extended the 
traditional BoW model (Gálvez-López & Tardos, 2012) by incorporating 
line segment descriptors to improve loop closure detection perfor-
mance. Separate visual vocabularies were constructed for point and 
line features (Cadena et al., 2016). During loop closure detection, the 
system conducted dual searches within both point and line segment 
vocabularies and combined the matching results using a weighted 
strategy. The overall similarity score accounted for the number and 
distribution of features, thereby enhancing the robustness and accuracy 
of loop closure detection. For loop correction, the system employed 
Pose Graph Optimization (PGO) to adjust trajectory errors, utilizing the 
g2o library to solve the optimization problem, and ultimately updated 
the poses of keyframes and landmarks, merging local maps on both 
sides of the loop. This method, which combines point and line features, 
significantly improves the accuracy and robustness of loop closure 
detection and correction across various scenarios, particularly in low-
texture and complex environments. Fig.  22 illustrates the loop closure 
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Fig. 21. Logic diagram of loop detection method based on bag of words.

Fig. 22. Similarity matrices for a certain dataset where the (a) ORB keypoint-only bag-
of-words approach yields false positives that are not present in the (b) LBD line-only 
approach (Gomez-Ojeda et al., 2019).

detection principle, which includes two similarity matrices (see Fig. 
22).

Unlike the approach in Gomez-Ojeda et al. (2019), which recon-
structs the BoW dictionary using LBD descriptors to address place 
recognition issues, Shu et al. (2023) employs ORB features (Mur-Artal 
& Tardós, 2014) to construct a DBoW dictionary for initial loop closure 
detection, primarily relying on point features. When a loop candidate 
keyframe is detected, the system computes the similarity transforma-
tion of 3D line features based on Plücker coordinates (Bartoli & Sturm, 
2001), determining the transformation parameters through a scale fac-
tor, rotation matrix, and translation matrix. During the loop correction 
process, the system adjusts the line feature map represented by Plücker 
coordinates, optimizes the similarity transformation in the fundamental 
graph, distributes loop closure errors, and corrects scale drift (Strasdat, 
Montiel, & Davison, 2010), while simultaneously transforming the 
point and line features in the map. This process ultimately enhances 
the accuracy and robustness of loop closure detection through global 
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optimization and endpoint refinement. Furthermore, (Qian, Zhao, Li, 
Ma, & Yu, 2019) introduced an innovative Bag-of-Point-Line-Words 
(BoPLW) pair method for detecting potential loop closures, with the 
algorithm framework illustrated in Algorithm 1. Unlike the method 
in Pumarola et al. (2017), which independently evaluates the similarity 
between existing keypoints and line BoW, (Qian et al., 2019) incor-
porates a constraint model that combines keypoints and line features, 
taking into account their co-occurrence and spatial proximity in loop 
closure detection. This approach effectively reduces false positives and 
addresses perceptual aliasing issues commonly encountered in tradi-
tional DBoW methods (Yu et al., 2018). Point features are represented 
using 32-bit binary ORB descriptors, while line features are represented 
by their endpoints using LSD descriptors. When the point feature circle 
intersects with the line segment, this method forms word pairs and em-
ploys a K-D tree (Bentley, 1975) for efficient searching. This combined 
feature approach enhances the robustness and accuracy of loop closure 
detection, particularly in environments with similar structures, such as 
industrial substations, by reducing false detections and improving scene 
recognition.

Algorithm 1: Loop-Closure Detection Using BoPLW Pairs
Input: Current keyframe 𝑓𝑖 and the keyframe set 𝐹𝑐 = {𝑓𝑗}, 

where 𝑓 = 𝑓𝑖, each 𝑓𝑗 is associated with a kd-tree 𝑇𝑗 ;
Output: A detected revisit frame 𝑓matched;

1 1. tf-idf based retrieval of images where visual word of point or 
line occurs as candidate keyframes 𝐹𝑐 ;

2 𝑚1 = max
(

NumOfCommonViewWords(𝑓𝑖, 𝑓𝑗 )
)

,∀𝑓𝑗 ∈ 𝐹𝑐 ;
3 𝑚2 = max

(

NumOfCommonViewWordsOfPLPairs(𝑓𝑖, 𝑓𝑗 )
)

,∀𝑓𝑗 ∈
𝐹𝑐 ;

4 for each 𝑓𝑗 ∈ 𝐹𝑐 do
5 if (NumOfCommonViewWords(𝑓𝑖) < 0.8 × 𝑚1) && 

(NumOfCommonViewWordsOfPLPairs(𝑓𝑖) < 0.8 × 𝑚2) then
6 Update 𝐹𝑐 ← 𝑓𝑗 ∪ 𝐹𝑐 ;

7 Compute similarity, 𝑠𝑐𝑜𝑟𝑒𝑖 =
𝑁𝑝𝑆𝑝+𝑁𝑙𝑆𝑙
𝑁𝑝+𝑁𝑙

;

8 𝐴𝑐𝑐𝑆𝑐𝑜𝑟𝑒𝑖 =
∑

𝑖∈neighbor(𝑓𝑖) 𝑠𝑐𝑜𝑟𝑒𝑖;

9 𝐴𝑐𝑐𝑆𝑐𝑜𝑟𝑒max = max𝑓𝑗∈𝐹𝑐 (𝐴𝑐𝑐𝑆𝑐𝑜𝑟𝑒𝑗 );
10 for each 𝑓𝑗 ∈ 𝐹𝑐 do
11 if 𝑠𝑐𝑜𝑟𝑒𝑗 < 0.8 × 𝐴𝑐𝑐𝑆𝑐𝑜𝑟𝑒max then
12 Delete those 𝑓𝑗 with 𝑠𝑐𝑜𝑟𝑒𝑗 < 0.8 × 𝐴𝑐𝑐𝑆𝑐𝑜𝑟𝑒max;

13 Perform space consistency verification on the selected 
candidate keyframes to obtain the final 𝑓matched;

Rong et al. (2021) proposed a point-line integrated stereo visual 
SLAM system (PEL-SLAM) to address the issue of loop closure detection 
in low-textured scenes. The system employs the ORB and EDlines 
algorithms to detect point and line features, respectively, and filters 
high-confidence line features by calculating their entropy values. An 
improved PL-BoW model is constructed, combining point and line 
features, and utilizing the co-occurrence information and spatial prox-
imity within the visual vocabulary for loop closure detection. This 
approach enhances the accuracy of keyframe matching and system 
robustness, significantly reducing mismatches, especially in low-texture 
and varying illumination environments. Additionally, this method can 
generate a complete point-line map in real time, thereby enhancing 
the overall performance of the SLAM system. To address the short-
comings of traditional point-feature BoW models that are prone to 
false positives in low-texture or varying lighting conditions, Teng et al. 
(2023) introduced a loop closure detection method combining point 
and line features. This method employs a time- and space-based weight-
ing mechanism to optimize similarity scoring, effectively reducing the 
false positive rate and improving system robustness. The system uses 

DBoW2 to detect key points and line features, and applies global BA 
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to optimize the map, significantly improving loop closure detection 
accuracy, making it suitable for environments with low textures and 
frequent changes in lighting.

Due to the high computational cost associated with matching line 
features across the entire map, most systems primarily rely on point fea-
tures for loop closure detection, with line features often serving only as 
a supplementary role. However, line features contribute to improving 
the overall map accuracy in local mapping, thereby indirectly support-
ing loop closure detection. To reduce computational costs, point-line 
SLAM systems typically utilize only point features during loop closure 
detection. For instance, in the RGB-D SLAM system proposed by Fu 
et al. (2019), as well as in ORB-LINE-SLAM (Alamanos & Tzafestas, 
2023), point features are predominantly used. Nevertheless, the latter 
incorporates line features for executing similarity transformations and 
pose graph optimization, which significantly enhances the system’s 
robustness and accuracy in environments with low texture and drastic 
lighting changes.

4.2. Deep learning-based methods

Traditional point-line SLAM loop closure detection primarily relies 
on the matching of local and global features, with typical methods in-
cluding BoW-based detection. However, these methods exhibit certain 
limitations in the feature extraction and matching processes, such as 
poor performance in low-texture environments, sensitivity to lighting 
variations, and low computational efficiency. To address these chal-
lenges, researchers have begun to incorporate deep learning techniques 
into loop closure detection. Deep learning not only enables the au-
tomatic extraction of point and line features from images but also 
significantly enhances scene understanding and matching accuracy. 
Compared to traditional BoW methods, deep learning demonstrates 
notable advantages in feature representation, matching speed, and 
robustness. Nevertheless, the integration of line features into deep 
learning-based loop closure detection remains relatively underexplored, 
indicating that this area still holds substantial potential for future 
research and development.

In loop closure detection, existing research mainly integrates point 
and line features with deep learning techniques in two ways:

Indirect Fusion Although line features are not directly involved in 
deep learning-based loop closure detection, they can indirectly improve 
environmental representation accuracy through local map building 
or pose optimization. For example, PLD-SLAM (Zhang, 2022) intro-
duces the Global Grayscale Similarity (GGS) algorithm, which replaces 
the traditional Bag-of-Words (BoW) model and optimizes loop closure 
detection in dynamic scenes using a dynamic grid strategy. In this 
process, line features reduce dynamic interference through local Bundle 
Adjustment (BA) and enhance the physical plausibility of loop closure 
candidates through geometric verification. Experimental results show 
that the GGS method outperforms BoW in real-time performance on 
the KITTI and NEU datasets. PLE-SLAM [46] extracts features using 
SuperPoint (DeTone et al., 2018) and LSD (Von Gioi et al., 2008), 
but only employs the BoW vectors (DBoW2) generated by SuperPoint 
and the SuperGlue (Sarlin, DeTone, Malisiewicz, & Rabinovich, 2020) 
graph neural network for loop closure detection. With the support 
of line features, local BA and pose graph optimization provide geo-
metric constraints, thereby indirectly improving the accuracy of loop 
closure correction. Pose optimization that integrates line features not 
only enhances loop closure detection but also significantly improves 
trajectory accuracy.DPL-SLAM (Lin, Zhang, Tian, Yu, & Lan, 2024) 
performs loop closure detection based on the fusion of deep learning-
based point features and global descriptors: it extracts SuperPoint point 
features and NetVLAD global descriptors via HFnet and constructs a 
visual vocabulary using the FBow framework for fast keyframe match-
ing and loop closure detection. While line features are not directly 
involved in loop closure detection, they enhance localization robustness 
in low-texture environments by jointly constraining the camera pose 
20 
Fig. 23. Feature Clustering and BoW Tree Generation Method Based on ORB and 
SuperPoint (Lin, Zhang et al., 2024).

with point features. A comparison of the visual word bag construction 
process between traditional and deep learning methods is shown in 
Fig.  23, which involves generating the BoW tree using the K-means 
algorithm. The process begins with feature point extraction via ORB, 
followed by clustering. Then, the SuperPoint network is used to extract 
local features and generate matching BoW trees.AirSLAM (Xu et al., 
2025) achieves illumination-robust loop closure detection through a 
three-stage process: first, a coarse retrieval is performed using the key-
point word bag (DBoW2); then, candidate frames are filtered through 
a structure graph constructed from line feature endpoints (junctions) 
and a scene-dependent junction vocabulary; finally, pose verification is 
carried out using LightGlue matching and PnP solving. Line features do 
not directly participate in the initial matching, but instead enhance the 
filtering process through the geometric information of the endpoints’ 
structure.

Direct Fusion A few studies have attempted to integrate line fea-
tures into deep learning frameworks, but their practical application is 
limited due to high computational complexity. DynPL-SLAM (Zhang 
et al., 2024) introduces the Dynamic Local Line Group (LLG) method 
to dynamically detect line features. Line features directly contribute 
to the system’s loop closure detection by improving scene recognition 
accuracy and reducing drift, thus enhancing robustness. The system 
uses a Histogram of Region Similarity (HRS) model to quickly compute 
scene similarity, enabling loop closure detection through keyframe 
comparison. The use of line features improves robustness against dy-
namic objects by eliminating mismatched features, ensuring that only 
static features are involved in loop closure detection.DNN-PL-SLAM (Li 
et al., 2020) builds upon the ORB-SLAM framework and uses a Deep 
Neural Network (DNN) to extract hidden layer representations of point 
and line features, constructing a scene difference matrix. Line features 
directly participate in the generation of deep learning descriptors. Fea-
ture training is conducted using a stacked autoencoder to extract image 
patch features, which are optimized for robustness through denoising, 
sparsity, and continuity constraints. Line features serve as a supplement 
to point features when initialization fails, but the core of loop closure 
detection relies on the scene difference matrix constructed from DNN-
extracted hidden layer features. Through normalization and singular 
value decomposition, scene ambiguity is reduced, and loop closure is 
ultimately determined based on a matrix similarity threshold.

Loop closure detection methods based on deep learning signifi-
cantly overcome the limitations of traditional bag-of-words models in 
low-texture, dynamic lighting, and complex geometric environments 
through automated feature extraction and global scene understanding. 
Existing studies have further enhanced system robustness by indirectly 
or directly fusing point-line features. Experiments show that deep learn-
ing methods outperform traditional approaches in terms of accuracy 
and recall rate, especially in dynamic or low-texture scenes (as shown 
in Fig.  24). Table  8 compares the translational error (RMSE) of different 
SLAM systems on the EUROC dataset with and without loop closure, 
based on different features (points, lines) across various sequences. The 
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Table 8
Comparison of translational errors (RMSE) among SLAM systems on the EUROC dataset.
 System Feature Loop Architecture Sequence

 P L With Without Trad. DL MH01 MH02 MH03 MH04 MH05 V101 V102 V103 V201 V202 V023 Avg  
 Kimera-VIO (Rosinol, Abate, Chang, & Carlone, 2020) ✓ ✓ ✓ 0.110 0.100 0.160 0.240 0.350 0.050 0.080 0.070 0.079 0.100 0.190 0.139 
 Struct-VIO (Zou et al., 2019) ✓ ✓ ✓ ✓ 0.119 0.100 0.283 0.275 0.256 0.075 0.189 0.161 0.081 0.152 0.177 0.170 
 POL-VIO (Si, Yu, Chen, & Yang, 2024) ✓ ✓ ✓ ✓ 0.056 0.061 0.145 0.061 0.089 0.130 0.141 0.100 0.117 0.025 0.179 0.104 
 ORB-SLAM3(Campos et al., 2021) ✓ ✓ ✓ 0.036 0.033 0.035 0.051 0.082 0.038 0.014 0.024 0.032 0.014 0.024 0.035 
 OpenVINS (Geneva, Eckenhoff, Lee, Yang, & Huang, 2020) ✓ ✓ ✓ 0.072 0.143 0.086 0.173 0.247 0.055 0.060 0.059 0.054 0.047 0.141 0.103 
 PL-SLAM (Gomez-Ojeda et al., 2019) ✓ ✓ ✓ ✓ 0.042 0.052 0.040 0.064 0.074 0.042 0.046 0.069 0.061 0.057 0.126 0.061 
 EPL-VINS (Zeng et al., 2024) ✓ ✓ ✓ ✓ 0.033 0.020 0.052 0.159 0.109 0.040 0.067 0.051 0.034 0.094 0.016 0.061 
 Dynam-SLAM (Yin, Li, Tao, Guo, & Huang, 2022) ✓ ✓ ✓ 0.078 0.067 0.061 0.077 0.096 0.052 0.040 0.051 0.048 0.056 0.085 0.065 
 DVI-SLAM (Peng et al., 2024) ✓ ✓ ✓ 0.042 0.046 0.081 0.072 0.069 0.059 0.034 0.028 0.040 0.039 0.055 0.051 
 Vins-Fusion (Qin et al., 2018) ✓ ✓ ✓ 0.163 0.178 0.316 0.331 0.176 0.101 0.099 0.112 0.109 0.123 0.250 0.175 
 Vins-Fusion (Qin et al., 2018) ✓ ✓ ✓ 0.052 0.040 0.052 0.124 0.088 0.046 0.053 0.108 0.040 0.081 0.098 0.071 
 PLF-VINS (Lee & Park, 2021) ✓ ✓ ✓ ✓ 0.143 0.178 0.221 0.240 0.259 0.069 0.099 0.166 0.083 0.125 0.183 0.161 
 PLF-VINS (Lee & Park, 2021) ✓ ✓ ✓ ✓ 0.056 0.052 0.071 0.090 0.101 0.045 0.047 0.119 0.060 0.078 0.178 0.082 
 EPLF-VINS (Xu, Yin et al., 2022) ✓ ✓ ✓ ✓ 0.145 0.092 0.113 0.179 0.162 0.064 0.056 0.140 0.076 0.102 0.142 0.116 
 EPLF-VINS (Xu, Yin et al., 2022) ✓ ✓ ✓ ✓ 0.043 0.072 0.047 0.125 0.085 0.046 0.034 0.123 0.096 0.058 0.111 0.092 
 AirVO (Xu et al., 2023) ✓ ✓ ✓ ✓ 0.074 0.060 0.114 0.167 0.125 0.033 0.132 0.238 0.036 0.083 0.168 0.112 
 AirSLAM (Xu et al., 2025) ✓ ✓ ✓ ✓ 0.019 0.013 0.025 0.056 0.051 0.032 0.014 0.025 0.014 0.018 0.068 0.030 
 PLE-SLAM (He et al., 2025) ✓ ✓ ✓ ✓ 0.029 0.016 0.027 0.043 0.047 0.039 0.014 0.022 0.015 0.013 0.019 0.026 
Fig. 24. Precision–recall curves of DNN and BoW (Li et al., 2020).

results indicate that incorporating line features into SLAM systems is 
particularly beneficial for loop closure detection in a deep learning 
environment. Future research needs to further explore lightweight line 
feature embedding strategies to balance computational efficiency and 
representation capability, thereby promoting the widespread applica-
tion of point-line fusion deep learning loop closure detection in complex 
real-world environments.

5. SLAM for expert and intelligent systems

5.1. Synergy between SLAM and expert systems

There have been several innovative applications of integrating 
SLAM with expert systems. For example, the Expert Sample Consensus 
(ESAC) method combines the Mixture of Experts (MoE) and Differ-
entiable Sample Consensus (DSAC) techniques (Brachmann & Rother, 
2019), effectively merging multiple expert networks with SLAM to 
address ambiguities caused by repetitive structures in large-scale en-
vironments, thereby improving the robustness and accuracy of camera 
localization. ESAC dynamically assigns tasks through a gating network, 
ensuring that each expert network focuses on a specific subtask, similar 
to the task allocation and resource management mechanisms found in 
expert systems. This greatly enhances the adaptability and precision 
of SLAM. Additionally, the Wearable-Assisted System (WAS) (Qian 
et al., 2019) applies point-line fusion SLAM technology alongside 
Augmented Reality (AR) systems in substation inspections, providing 
operators with workflow guidance and task navigation through location 
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awareness. Although it does not explicitly mention expert systems, its 
task-specific decision support and navigation functions resemble the 
intelligent decision-making mechanisms of expert systems, showcasing 
the potential applications of SLAM in complex environments. These 
examples demonstrate how SLAM can be integrated with intelligent 
decision systems and expert systems to enhance performance in com-
plex dynamic environments, particularly in innovative applications 
involving task allocation, decision support, and dynamic adaptive 
control.

5.2. Innovation of integrating point-line vSLAM into expert systems

Traditional vSLAM methods primarily focus on geometric mapping 
and pose estimation. Integrating point-line vSLAM into expert systems 
brings several unique advantages and contributions:

Rich Structured Representation: By fusing point and line features, 
vSLAM is able to capture crucial geometric information in structured 
or low-texture environments. This enhanced robustness provides ex-
pert systems with reliable spatial awareness, reducing uncertainty in 
rule-based or model-based reasoning processes.

Real-Time Knowledge-Driven Decision Making: Expert systems 
can continuously update their decision-making processes by integrating 
the latest spatial information provided by vSLAM. This real-time inte-
gration allows expert systems to respond adaptively and intelligently 
to dynamic events, overcoming the limitations of traditional SLAM and 
expert systems individually.

Enhanced Collaborative Intelligence: In multi-agent systems, lo-
cal vSLAM maps from each robot can be integrated into a unified expert 
system knowledge base, optimizing global planning, task allocation, 
and resource sharing. This high-level coordination framework signifi-
cantly extends the capabilities of traditional single-agent SLAM systems 
and expert systems based on symbolic reasoning.

Connecting Perception with Domain Knowledge: Traditional 
SLAM lacks domain-specific knowledge, while expert systems often as-
sume static or incomplete environmental information. The combination 
of point-line vSLAM with expert systems bridges this gap, merging 
robust scene perception with specialized rule-based reasoning. This 
makes the system more effective in tasks that require both geometric 
perception and semantic understanding, especially in domains such as 
industrial automation, urban infrastructure management, and medical 
robotics, relevant to ESWA.

Point-line vSLAM provides critical support for decision-making in 
expert systems, enhancing their adaptability, robustness, and intel-
ligent reasoning capabilities. By offering high-precision localization 
and environmental mapping, particularly in structured, low-texture, 
or dynamic environments, point-line vSLAM improves expert systems’ 
understanding and responsiveness to complex scenarios.
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6. Discussions

This paper presents a comprehensive review of point-line feature 
integrated vSLAM systems, highlighting recent research progress and 
challenges in this field. By comparing the performance of traditional 
point-feature-based SLAM with point-line integrated SLAM, it is evident 
that the introduction of line features significantly enhances system 
performance in low-texture environments and improves the percep-
tion of environmental geometric structures. However, despite the clear 
advantages of point-line integrated SLAM in terms of accuracy and 
robustness, it still faces the following challenges:

1. Complexity of Feature Extraction and Description: Although 
line features provide rich geometric information, their extrac-
tion and description are more complex compared to point fea-
tures, especially in dynamic environments or under varying 
lighting conditions. Line features are more susceptible to inter-
ference, leading to instability or mismatches. Therefore, design-
ing efficient and robust line feature extraction and description 
algorithms remains a key focus for future research.

2. Computational Efficiency and Real-Time Performance: The 
introduction of line features increases the computational load of 
SLAM systems, particularly in the back-end optimization stage, 
where the integration of point-line features leads to a more 
complex and time-consuming optimization process. Although 
some studies have improved real-time performance through 
techniques such as sliding windows and sparse optimization, 
achieving efficient operation in resource-constrained systems 
remains challenging. Balancing computational complexity while 
ensuring performance will be a crucial direction for optimizing 
point-line SLAM systems.

3. Integration of Deep Learning with Traditional Methods:
Deep learning has demonstrated strong capabilities in point and 
line feature extraction, matching, and parameterization, partic-
ularly with self-supervised learning and end-to-end frameworks 
providing new avenues for handling complex environments. 
However, existing deep learning approaches often rely heavily 
on large-scale training datasets and demand substantial com-
putational resources. Achieving efficient and lightweight deep 
learning models on resource-constrained devices is a promising 
direction for future exploration. Furthermore, the integration 
of deep learning with traditional geometric methods holds the 
potential to further enhance the performance of point-line SLAM 
systems.

In conclusion, the integration of point and line features presents 
new opportunities for the application of SLAM systems in complex 
environments; however, challenges remain in areas such as feature 
extraction, matching, and optimization. Future research can focus on 
improving computational efficiency, integrating deep learning with 
geometric methods, and further advancing the practical application and 
development of point-line SLAM technology.

7. Conclusions and future research directions

7.1. Conclusions

This paper presents a comprehensive review of vSLAM systems 
integrating point and line features, encompassing the latest develop-
ments and technological advancements in the field. Firstly, the study 
provides an in-depth introduction to the core components of the visual 
front-end in SLAM systems, with a particular emphasis on deliver-
ing a comprehensive analysis of line feature detection, description, 
and matching methods. It thoroughly examines the application and 
performance of both traditional algorithms and deep learning-based 
improvement methods in feature parameterization and matching strate-
gies. Subsequently, the paper classifies and compares various vSLAM 
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systems that integrate point and line features, exploring the strengths 
and weaknesses of different algorithms across diverse environments, 
as well as the potential for integrating deep learning with traditional 
methods. Regarding back-end optimization, the study provides a de-
tailed investigation into how optimization strategies, including filtering 
optimization and graph optimization techniques, affect system per-
formance. Furthermore, it reviews the critical role of loop closure 
detection mechanisms in enhancing the accuracy and robustness of vS-
LAM systems. Finally, the paper provides a synthesis of the challenges 
encountered by point-line integrated vSLAM systems and articulates 
future research directions, offering theoretical guidance and reference 
points for subsequent studies.

7.2. Future research directions

With the rapid development of vSLAM technology, the integration 
of point and line features has made significant progress in applications 
within complex environments. However, despite these advancements, 
several challenges remain, including issues related to computational 
efficiency, system robustness, adaptability, and the effective fusion of 
multi-modal data. Therefore, further improving the performance of 
these systems remains crucial for future research. Based on the limi-
tations of current technologies and recent advancements, we believe 
that the following research directions will be key areas for future 
exploration:

7.2.1. Lightweight models
In point-line feature-based vSLAM systems, the introduction of line 

features enhances the system’s robustness in low-texture environments 
and improves its geometric perception capabilities. However, the ex-
traction, description, and matching of line features are more complex 
and introduce additional computational overhead. Therefore, design-
ing lightweight deep learning models is a key research direction for 
optimizing point-line feature fusion systems.

Challenges of Computational Complexity and Model Lightwei
ghting: The extraction and description of line features involve handling 
continuous geometric information (e.g., direction, length, and endpoint 
positions), which generally leads to higher computational complexity 
than point features. Moreover, incorporating line features into deep 
learning models further increases both computational and storage de-
mands. Therefore, achieving model lightweighting through methods 
such as pruning, quantization, and distillation, while retaining the rich 
geometric information provided by line features, will be an important 
direction for future research.

Lightweight Strategies Combined with Hardware Optimization:
On the hardware level, the fusion of point and line features can 
be deeply optimized by leveraging specialized hardware such as FP-
GAs and TPUs. For instance, designing accelerators specifically op-
timized for line feature detection modules can significantly improve 
efficiency. Additionally, the use of edge computing and low-power 
chips will further enhance the real-time performance of the system in 
resource-constrained scenarios.

Generalization Ability of Lightweight Models: Point-line feature 
fusion models need to exhibit strong generalization ability to operate 
stably in diverse environments, such as low-texture, dynamic lighting, 
or occlusion scenarios. Future research may focus on optimizing models 
through techniques such as multi-task learning, sparse representation, 
and low-rank decomposition, enabling the model to perform well across 
different environments. Additionally, integrating geometric constraints 
can further enhance the robustness of the model.

Research on lightweight models not only aims to reduce the com-
putational overhead of point feature processing but also addresses 
the complexity and resource demands introduced by line features. 
In the future, by optimizing the joint learning framework for point-
line features, improving lightweight strategies, and incorporating ef-
ficient hardware platforms, vSLAM systems will likely find broader 
applications in low-power, high-efficiency environments.
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7.2.2. End-to-end framework
In future vSLAM research, developing an end-to-end framework 

that simultaneously performs point and line feature detection is a 
key direction. By tightly integrating feature detection, matching, and 
optimization, an end-to-end system can significantly improve matching 
accuracy and robustness, enhancing system performance in dynamic 
environments.

Integration and Optimization of Point-Line Features: In vSLAM, 
the joint learning framework of point and line features effectively cap-
tures the diversity and complexity of the scene, improving the system’s 
robustness under extreme conditions. In the future, the end-to-end 
framework needs to further optimize the coordination among various 
stages, such as feature detection, descriptor computation, matching, 
and optimization, to eliminate inconsistencies between modules and 
enhance the overall system’s precision.

Enhancing Computational Efficiency and System Robustness:
End-to-end learning optimizes performance metrics directly, reducing 
the need for manual tuning and improving system efficiency and adapt-
ability, especially in dynamic and unknown environments. However, it 
also faces challenges such as high computational resource consumption 
and insufficient diversity in training data. Therefore, improving compu-
tational efficiency while maintaining robustness will be crucial in the 
design of future end-to-end frameworks.

Practical Application Prospects: The end-to-end framework not 
only improves the performance of SLAM systems in static environments 
but also opens up opportunities for applications in dynamic environ-
ments, such as autonomous driving, robotic navigation, and augmented 
reality. By optimizing the collaboration of different modules, the end-
to-end system enhances real-time performance and stability, enabling 
it to better handle complex environments.

Despite the significant potential of the end-to-end framework in 
vSLAM, challenges remain in terms of training data diversity, com-
putational resource requirements, and model complexity. Efficiently 
addressing these issues will be an important focus of future research.

7.2.3. Multimodal data fusion
Traditional vSLAM systems rely on single-source visual data, which 

are susceptible to challenges such as lighting changes, dynamic oc-
clusions, and textureless environments, making it difficult to address 
long-term error accumulation. To overcome these limitations, the in-
tegration of multi-source data has emerged as an effective solution. 
Research on multi-modal data fusion can be explored in the following 
directions:

Fusion Algorithms and Optimization Techniques: Efficient fu-
sion algorithms are central to the integration of multi-modal data. Com-
monly used techniques include filtering methods and graph optimiza-
tion approaches. In graph optimization, factor graphs are employed 
to unify data constraints from different sensors into an optimization 
problem. Additionally, deep learning-based fusion methods can learn 
shared features and fusion representations from sensor data, further 
enhancing system performance.

Integration of Geometric and Semantic Information: Combining 
geometric and semantic information can enhance the system’s un-
derstanding of the environment. For example, semantic segmentation 
results can improve the classification capabilities of point-line features, 
and by integrating line, surface features, and semantic information, 
semantic-labeled 3D maps can be generated, improving navigation 
accuracy.

Application-Specific Optimizations: Different application scenar-
ios have distinct requirements for multi-modal fusion. For instance, 
in autonomous driving, the combination of GNSS and LiDAR provides 
macro-level localization support and enhances navigation capabilities, 
while in indoor localization, the fusion of depth cameras and inertial 
sensors improves positioning accuracy.

The synergy between lightweight models, end-to-end frameworks, 
and multi-modal data fusion forms a collaborative loop in point-line 
23 
fusion vSLAM technology: Lightweight design reduces the deployment 
cost of end-to-end frameworks, which can achieve lightweight design 
through multi-task learning, while multi-modal data provides self-
supervised signals for model training. Future research should focus on 
the collaborative innovation of algorithms, hardware, and applications 
to tackle core technological bottlenecks such as dynamic environment 
perception and resource-constrained deployment.
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