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Abstract

Simultaneous Localization and Mapping (SLAM) refers to the technology
whereby a robot estimates its own motion state while concurrently constructing
an environmental map, constituting the core foundation for achieving fully
autonomous robot motion in unknown environments. To attain a more compre-
hensive grasp of SLAM technology, this work provides a detailed analysis of the
fundamental nature of the visual SLAM problem and the complexity inherent
in its solution, grounded upon a retrospective examination of the developmental
trajectory of visual SLAM technology over the past three decades. Particular
emphasis is devoted to presenting the latest research achievements in enhancing
pose estimation accuracy, constructing globally consistent maps, and improving
algorithmic solution efficiency, accompanied by an analysis and comparative
evaluation of current representative algorithmic implementation schemes. In
anticipation of future demands arising from large-scale environments and
full-lifecycle applications, the deficiencies extant within existing algorithmic
frameworks and the most recent research trends are systematically summarized.
Finally, the correlation between deep learning technology and visual SLAM
problem solving is investigated.
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Abstract: Simultaneous localization and mapping (SLAM) involves the concur-
rent construction of an environment model and estimation of a robot’ s motion
within it, representing a core capability for fully autonomous robot operation in
unknown environments. To provide a comprehensive understanding of SLAM
technology, this survey first reviews the progress made by the visual SLAM com-
munity over the past three decades, then analyzes the fundamental nature of the
visual SLAM problem and its computational complexity. We focus on recent
achievements in improving pose estimation accuracy, building globally consis-
tent maps, and enhancing algorithmic efficiency, while analyzing and comparing
current representative algorithmic implementations. For future large-scale, full-
lifecycle applications, we summarize existing limitations and emerging research
trends. Finally, we explore the potential connections between deep learning
techniques and visual SLAM problem solving.
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0 Introduction

To achieve fully autonomous operation in unknown environments, mobile
robots must solve two fundamental problems: environment perception and
self-localization. Simultaneous Localization and Mapping (SLAM) integrates
these two tasks, enabling robots to incrementally acquire feature information
about unknown environments through onboard sensors during motion while
simultaneously estimating their own trajectory accurately, even without prior
environmental knowledge [1]. Compared to laser-based SLAM, visual SLAM
systems offer lower hardware costs and can capture environmental texture and
color information, thus holding broader application prospects.

The development of visual SLAM technology over the past three decades can be
summarized in two stages. The first stage (1986-2004) employed Bayesian filter-
ing techniques to solve the SLAM problem. Smith et al. [2] conducted pioneering
work by formulating SLAM as a stochastic estimation problem, treating robot
poses and landmarks as random variables following certain distributions. Using
motion and observation data, they applied filtering theory to achieve system
state prediction, measurement updates, and online map updates, demonstrat-
ing good real-time performance. Representative algorithms include Extended
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Kalman Filters (EKF) [3], Extended Information Filters [4], UKF [5], Rao-
Blackwellized Particle Filters [6], and FastSLam [7].

However, filtering methods assume Markov properties for state estimation, us-
ing only adjacent frame information to estimate robot states, making it dif-
ficult to handle data association between current and historical frames. Since
SLAM motion and observation equations are nonlinear functions, filtering meth-
ods employ first-order Taylor approximations to compute posterior probabili-
ties. When strong nonlinearities exist, significant linearization errors become
inevitable. Additionally, uncertainties in system parameters and observations
cause error accumulation, leading to map inconsistency. Algorithmically, filter-
ing methods must store, maintain, and update both the mean and covariance of
state variables, with storage requirements growing quadratically with the num-
ber of estimated variables. Consequently, filtering methods are only suitable for
resource-constrained scenarios or cases with few variables. Paz et al. addressed
EKF"’ s scale limitations using submap segmentation, but this remained effective
only within 100-meter ranges [8].

The second stage (2004-2016) focused on SLAM theoretical analysis and imple-
mentation details, with numerous studies addressing observability, convergence,
and consistency. Reducing computational demands while achieving real-time
performance and expanding operational scale became critical [9]. Graph op-
timization techniques emerged as the mainstream approach, constructing non-
linear least-squares objective functions for observation equations and treating
robot poses and landmarks as optimization variables. Using Newton’ s method
and Levenberg-Marquardt algorithms to iteratively estimate optimal solutions
significantly improved local pose and landmark estimation accuracy. Meanwhile,
the sparsity inherent in SLAM problems was recognized, making globally consis-
tent solutions attainable. Current systems can operate in 50 km environments
with 1% translation error and 0.003°/m rotation error [10].

After three decades of development, the visual SLAM theoretical framework has
stabilized. Key issues such as localization accuracy, trajectory drift, and globally
consistent map construction have been effectively resolved under constraints of
computational resources, motion models, static environments, and performance
requirements. However, effective solutions remain lacking for high-performance,
low-failure-rate applications in full-lifecycle, large-scale complex environments,
as well as for adaptive computational resource allocation and task-driven per-
ceptual model construction. Liu et al. [11] compared recent monocular visual
SLAM techniques, while Cadena [12] summarized state estimation challenges,
map representation methods, research progress, and theoretical performance
guarantees, discussing related frontier topics in detail. Cuillaume [13] analyzed
problems and solutions for SLAM in autonomous driving applications.

This paper focuses on analyzing the theoretical foundations of visual SLAM tech-
nology and the problems and solutions for full-lifecycle, large-scale environmen-
tal operation. We first present the SLAM system architecture, analyze issues
in graph optimization methods based on theoretical foundations, and discuss
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recent research advances. We then summarize current mainstream algorithms
and their performance metrics. Finally, for future SLAM system requirements
in full-lifecycle, open large-scale scenarios, we discuss existing problems and
solutions, and provide an outlook on research trends.

1 SLAM Mathematical Model

SLAM technology can be described as the process where a mobile robot incre-
mentally builds an environmental map using feature information obtained from
onboard sensors in an unknown environment while simultaneously estimating
its own pose accurately, as illustrated in [Figure 1: see original paper].

In [Figure 1: see original paper], the robot’s pose at time k is denoted as z,, and
landmarks are denoted as y. Based on the pose x, at time k and observation
data z;, ; generated by observing landmark y; at time &, the SLAM problem can
be modeled using a motion model and an observation model:

{xk = f(2p_1, up, wy,)

R = h(xk’ Yj» Ek,j)

where wu; represents motion sensor input, w, represents state noise, and ¢ j
represents observation noise.

According to this mathematical model, a SLAM system can be divided into
front-end and back-end components, as shown in [Figure 2: see original paper].
The front-end extracts environmental features from sensor data, establishes data
association between observations and landmarks as well as poses, and provides
reliable initial values for back-end nonlinear optimization. Data association is
critical in front-end processing, as it must address feature association across con-
secutive measurement frames for motion tracking while also associating current
measurements with historical measurements to fulfill localization and mapping
functions. The back-end performs inference and optimization on poses and land-
marks to achieve globally consistent map construction and improved localization
accuracy.

[Figure 3: see original paper| compares trajectory estimates before and after
back-end optimization processing using the MIT Killian Court dataset. [FIG-
URE:3(a)] shows the optical photograph of MIT Killian Court with robot tra-
jectory annotation. Due to sensor measurement errors and accumulated pose
estimation errors, the robot’ s trajectory estimate deviates significantly from
ground truth, while back-end optimization can correct these estimation errors,
making the trajectory estimate more consistent with the actual path.

2.1 SLAM Problem Formulation

Accurately estimating state variables from noisy observation data is the funda-
mental problem in SLAM. Graph optimization techniques treat the robot tra-
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jectory and landmarks as estimation variables and estimate them given observa-
tion data Z = {zkm}lzzjl m—1, maximizing the posterior probability distribution
P(X|Z). According to Bayes' rule, solving for maximum posterior probability
equals maximizing the likelihood P(Z|X) and prior probability P(X):

Xiiap = argm)%xP(X|Z) = argm}a{xxP(Z|X)P(X)

Without prior information, P(X) is constant, simplifying X}, ,p to Maximum
Likelihood Estimation (MLE):

Xojap = argm}z{xxP(Z|X)

Assuming observation data zy ; are independent, the maximum posterior prob-
ability estimate decomposes into the product of individual observation likeli-
hoods:

X3 = P X) = P .
MAP argm)%xll:[n (ka\ ) afgmgx;cl:[n (Zk,m|$kayj)

Assuming sensors are affected by Gaussian white noise and observations follow a
Gaussian distribution with covariance matrix Q;lj, the maximum measurement
;
likelihood can be expressed as:
2
Q.

Substituting into the previous equation and noting that maximizing posterior
probability equals minimizing the negative log-likelihood function, the maxi-
mum posterior probability estimate can be explicitly formulated as solving for
the joint estimation of robot poses and landmarks that minimizes the sum of
squared errors between estimates and observations:

1
Play i) o exp (3 (i y,) — 2

* : ]‘ 2
X* = arg min 5 Z 1P (2, ;) — 254 Qs

k,j

where h(-) is an abstract nonlinear function representing mathematical models

for inertial sensors, encoders, GPS, cameras, etc. When noise does not follow

a standard normal distribution, the metric error |[h(zy,y;) — 2 JHék in the
> <5 J

objective function can be replaced with other norms such as ¢; to increase system
robustness and reduce sensitivity to outliers. Alternatively, loss functions like
Huber or Tukey can replace the ¢, norm.

For convenience, let the n-dimensional error vector e = [ey, €, ..., €,,]7 and error

weight matrix Q = diag(Qy,Qs, ..., 2,,,). The objective function becomes:

? m
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X* = argmin e’ Qe
X

For this nonlinear least-squares optimization problem, iterative linearization is
generally employed. Given an initial value z, the error function e(z) is first-
order Taylor expanded near x,. Taking the derivative with respect to increment
dx and setting it to zero yields the incremental equation:

(HTH)éx = —H™yg

where H = J(z) is the Jacobian matrix and g = e(z). This gives the system in-
formation vector b = H' g and Hessian matrix H = J(z)? J(z). The increment
can then be solved as 6z = —H~'b. Iteratively solving using the Gauss-Newton
method until convergence yields the optimal parameter estimate. To avoid in-
creased approximation errors from large dx, the Levenberg-Marquardt algorithm
improves stability by adding a trust region to H with a damping factor A:

(H+ M )ox =—b

2.2 Algorithm Essence Analysis

Pose estimation in SLAM consists of translation and rotation components. The
nonlinearity of rotation calculations fundamentally makes SLAM a nonlinear
optimization problem. Additionally, factors such as non-Gaussian noise, huge
variable dimensions, and violations of static scene assumptions make the SLAM
objective function exceptionally complex. Pose and landmark estimates easily
fall into local minima, causing robot localization drift and preventing globally
consistent trajectory estimation and map construction, thus failing to meet nav-
igation and environmental reconstruction requirements. [Figure 4: see original
paper] shows simulation comparisons between global optimization and conver-
gence to local minima for spherical and toroidal surfaces.

Literature [14] combines visual odometry with 3D laser odometry to obtain ini-
tial values for optimization estimation, achieving 0.68% translation accuracy
and 0.0016°/m rotation error on the KITTI dataset. Through feature point
screening and tracking, applying multi-frame image feature point absolute dif-
ference summation and normalized cross-correlation techniques suppresses out-
lier effects on optimization results, enabling monocular visual SLAM to achieve
1% translation accuracy and rotation error below 0.003°/m on KITTI [15-17],
though this remains insufficient for large-scale applications like automotive au-
tonomous navigation.

Convergence issues in iterative solving have prompted theoretical investigations
into SLAM problems, driving algorithmic advances. Huang et al. were among
the first to study the non-convexity of SLAM and discuss small-scale pose graph
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optimization [18-20]. Knuth et al. examined state estimation error growth with-
out loop closure [21]. Carlone et al. have continuously studied iterative conver-
gence, first providing convergence region estimates for Gauss-Newton methods
and proving the uniqueness of rotation estimation in 2D scenes, then proposing
that maximum likelihood estimation is unique based on strong duality in SLAM,
with semidefinite programming (SDP) yielding globally optimal pose graph so-
lutions [22-25]. Liu et al. employed convex relaxation to avoid local minima
[26]. Recognizing that SLAM nonlinearity primarily stems from rotation esti-
mation, Carlone et al. first estimated rotation and used the results to accelerate
nonlinear iteration [27]. Recently, for developing effective system failure detec-
tion and recovery strategies in safety-critical scenarios, Carlone et al. exploited
Lagrangian duality in SLAM to propose effective solutions for pose estimation
evaluation and verification [28].

2.3 Solving the SLAM Problem

SLAM estimation variables include all robot poses and observed landmarks. For
visual SLAM, the number of landmarks far exceeds the number of poses, with
dimensions reaching thousands. However, due to limited sensor fields of view
and independent, finite observable landmarks, SLAM exhibits excellent sparsity
that can be intuitively represented using factor graphs, as shown in [Figure 5:
see original paper].

A factor graph is a two-dimensional undirected graph estimating joint probabil-
ity distributions through products of multiple factor probability distributions
[29]. The SLAM factor graph consists of nodes and connecting edges: circu-
lar nodes represent optimization state variables corresponding to robot and
system states at different times, while rectangular nodes represent landmark
observations and control inputs. Edges describe adjacent pose transformation
relationships or observation errors. Since the error term generated by observing
landmark /; from pose x, at time k is independent of other poses and landmarks,
the Jacobian matrix J(z) has non-zero entries only for e, ;/0z; and ey, ;/0l;:

861,1 881,1

ox ol
652.11 ' Oey
J(z) = | w2 al,
Oeg 4 Oez 4
Oz oly

[Figure 6: see original paper] illustrates the sparsity patterns of the Jacobian
and Hessian matrices for a SLAM problem with 4 poses and 4 landmarks. Due
to the sparsity of J(z) and the diagonal structure of the landmark matrix Hy,,
the pose increment equation can be easily solved. Since the number of poses n
is typically much smaller than the number of landmarks p, the solution scale is
greatly simplified relative to the original problem.

The landmark increment equation becomes:
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Substituting into the pose increment equation yields:

(Hy, — HyoHyy Hiy)dw = —(by — Hy5Hoy'by)

Leveraging Hessian matrix sparsity through Schur complement elimination and
linear factorization significantly improves optimization efficiency. Numerous
factor graph solving frameworks have emerged, including g2o [30], TORO [31],
HOG-Man [32], and COP-SLAM ([33], enabling real-time solving of thousands
of variables on standard PC processors and greatly advancing SLAM technology
from research to application.

3 Graph Optimization SLAM Algorithm Implementation
Framework

Graph optimization provides theoretical guarantees for SLAM system per-
formance, but implementation also depends on critical technologies such
as landmark perception, feature data association, and map representation,
closely linked to engineering issues like program design. This section analyzes
representative graph optimization-based SLAM implementations and their
performance metrics.

1) PTAM

PTAM represents a revolutionary milestone in visual SLAM development, estab-
lishing the basic implementation framework with two major innovations: (1) it
was the first to employ nonlinear optimization instead of traditional filtering for
the SLAM back-end, and (2) it introduced the keyframe mechanism, enabling
map optimization integration into real-time computation. The implementation
uses two independent threads for camera pose tracking and map construction.
The tracking thread responds to image data in real-time, while the mapping
thread focuses on map establishment, maintenance, and updates. By only main-
taining video keyframes and stably observed landmarks, the objective function
can be solved efficiently. However, slow map construction or optimization may
cause tracking loss. Pire et al. improved PTAM using stereo cameras, apply-
ing stereo constraints to landmark initialization, tracking, and mapping, adding
real-time loop detection and correction modules, and employing local parallel
bundle adjustment (BA) to optimize local maps, achieving real-time solutions
with improved pose estimation accuracy [35].

2) ORB-SLAM

ORB-SLAM inherits PTAM’ s back-end nonlinear optimization scheme and
keyframe processing mechanism, supporting monocular, stereo, and RGB-D
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video input modes, making it one of the most complete and usable modern
SLAM systems [36,37]. Using ORB features for target matching and tracking,
it achieves real-time computation on standard CPUs while maintaining good
rotation and scale invariance. Real-time ORB descriptor extraction and offline
ORB dictionary construction enable loop closure detection and relocalization
during large-scale motion. ORB-SLAM employs a three-thread implementa-
tion: a real-time feature tracking thread coarsely computes landmark positions
and camera poses via keyframe matching; a local BA thread maintains a cov-
isibility graph to solve for refined landmark positions and camera poses; and
a global loop detection and optimization thread eliminates accumulated esti-
mation errors to obtain globally consistent trajectory estimates. Compared to
ORB-SLAM, ORB-SLAM?2 adds map reuse functionality to address localization
drift when mapping fails, improving both accuracy and robustness in large-scale
operations [38].

3) LSD-SLAM

LSD-SLAM employs direct methods, estimating camera motion and building
semi-dense maps from pixel gradient information, avoiding keypoint extrac-
tion and descriptor computation [39]. It uses SSD metrics from five equidis-
tant points on epipolar lines to ensure tracking stability. Depth estimation
initializes with random values and performs mean normalization after estima-
tion. Depth uncertainty measurement incorporates geometric relationships and
epipolar-depth angle relationships into photometric uncertainty. Back-end opti-
mization considers different scene scales to reduce scale drift. Direct methods are
insensitive to featureless regions but highly sensitive to camera intrinsics and
exposure, easily losing track during rapid camera motion. Additionally, loop
detection still relies on feature point computation. S-LSD-SLAM uses stereo
cameras to estimate scene depth, addressing monocular scale drift, and employs
affine illumination correction to maintain photometric residual invariance un-
der strong lighting differences between adjacent keyframes [40]. [Figure 7: see
original paper| compares feature-based maps with semi-dense reconstruction,
showing that semi-dense maps model gradient differences in grayscale images
to display object edges and surface textures, containing more information than
sparse maps.

4) SVO

SVO combines direct and feature-based methods for landmark computation
and target tracking. Using 4$x$4 image patches around feature points to esti-
mate camera pose and landmark positions, SVO neither extracts descriptors nor
processes dense or semi-dense information, reducing CPU requirements and en-
abling real-time applications on drones, handheld AR/VR devices [41,42]. SVO’
s significant contribution is introducing depth filtering for landmark position es-
timation. However, without back-end optimization or loop closure, SVO suffers
from accumulated pose estimation errors and cannot relocalize after tracking
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loss.

5) SOFT

SOFT uses stereo cameras to reduce localization drift through careful selection
of stably tracked features [43]. It extracts Blob and corner features within a
small window in the current frame, determines correspondence through non-
maximum suppression, and removes outliers using normalized cross-correlation.
Motion estimation is separated into rotation and translation components: ro-
tation uses 5-point methods with RANSAC [44], while translation uses mini-
mum reprojection error to reduce matching errors. IMU information can fur-
ther suppress outliers and optimize rotation estimation, enabling high-precision
real-time pose estimation on ARM platforms.

Performance comparisons of these five algorithms in terms of pose estimation
accuracy and real-time capability are shown in .

** Performance comparison of SLAM algorithms™*

Translation Rotation Error Runtime per
Algorithm Error (deg/m) Frame (s) Platform
S- 1.35% 0.0030 0.035 4 cores,
PTAM 2.2GHz,
C/C++
ORB- 1.15% 0.0026 0.035 2 cores,
SLAM2 3.5GHz,
C/C++
S-LSD- 1.20% 0.0027 0.045 1 core,
SLAM 3.5GHz,
C/C++
SVO 0.94% 0.0021 0.010 1 core,
2.5GHz,
C/C++
SOFT 0.88% 0.0019 0.025 2 cores,
2.5GHz,
C/C++

4 Applications and Outlook
1) Algorithm Robustness

Algorithm robustness is the primary challenge for visual SLAM systems oper-
ating over full lifecycles. Design limitations and hardware-related issues, such
as sensor failures and driver errors, restrict current SLAM systems to achieving
specific performance only in particular environments and on specific hardware
platforms [45-48].
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Among factors affecting stable SLAM operation, data association—determining
correspondences between sensor measurements, between measurements and map
features, or between map features—directly determines solution accuracy and
real-time performance. Algorithmic failure from incorrect data association can
be addressed from both front-end and back-end perspectives. In the front-end,
when sensor sampling rates far exceed robot motion changes, both descriptor-
based methods and optical flow [49] can effectively track observed landmarks
across keyframes. To reduce accumulated errors, current observations must be
associated with historical data in real-time for loop detection.

The bag-of-words method [50] is currently among the most effective loop de-
tection techniques, significantly enhancing estimation consistency. It clusters
local features extracted from images into discrete “words,” then describes scenes
using word histograms. Hierarchical vocabulary trees improve feature retrieval
efficiency in large-scale datasets for real-time loop detection [51,52]. However,
accurate visual word matching remains challenging under strong lighting varia-
tions [53]. Recent research focuses on incorporating different visual appearances
into unified frameworks [54] or fusing landmark appearance with spatial rela-
tionships [55] to reduce lighting impact and enhance loop detection robustness.
Literature [56] provides a detailed survey of visual place recognition methods.

Despite front-end advances, the impact of visual aliasing-induced loop detection
errors on back-end estimation remains unavoidable, making it crucial to enhance
back-end resistance to false data association. Common solutions include: (1)
using prior knowledge to detect false loop closures and suppress outlier effects
before optimization [57-61]; and (2) verifying loop detection correctness based
on optimization residual errors.

The essence of graph optimization-based SLAM is solving nonlinear, non-convex
optimization problems. Solvers are highly sensitive to initial values and prone
to local minima, causing significant estimation bias. Ideal SLAM systems
should evaluate estimation results in real-time and self-recover from failure
states. Tight integration of front-end and back-end components offers an effec-
tive path to improved robustness, though related research remains limited. Ad-
ditionally, using vision, IMU, GNSS, and 3D laser detectors to build customized
maps and achieve relocalization in existing maps enhances SLAM applications
in specific scenarios like autonomous driving [62].

2) Scalability

Scalability is another critical challenge for SLAM systems in long-term, large-
scale applications such as autonomous driving, underwater exploration, and
precision agriculture. As operation time and exploration range increase, the
pose graph grows without bound, while iterative solving storage requirements
scale linearly with variables, making the system unsustainable [63]. Reducing
graph optimization complexity to maintain constant computational and storage
demands primarily relies on sparsification methods and submap techniques.
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Based on Markov blanket theory, factor graph sparsification can be achieved
through node and edge marginalization. Ila et al. use information-theoretic
methods to control node and edge addition, only incorporating non-redundant
nodes and information-rich edges [64]. Johannsson et al. introduce new con-
straints to existing nodes to minimize new node addition, making factor graph
expansion dependent on explored area rather than operation time [65]. Kret-
zschmar et al. studied information-theoretic marginalization criteria for nodes
and edges in pose graph optimization [66]. Carlevaris and Mazuran introduced
generic linear constraint factors and corresponding nonlinear graph sparsifica-
tion methods [67,68]. Another sparsification approach reduces parameters by
estimating continuous-time trajectories using cubic splines or B-splines in sliding
window or batch modes [69-71]. Chi et al. replaced basic spline representations
with Gaussian processes, where nodes in the sparsified factor graph are actual
robot poses and other poses are obtained through interpolation of posterior
means at given times [72].

Submap techniques decompose factor graphs into multiple submaps, using
distributed computing across multiple processors for local factor graph opti-
mization to achieve global optimization [73]. Grisetti hierarchically organizes
submaps, updating only high-level and affected low-level regions with new
observations [75]. Decomposing large-scale scenes into smaller regions for
multi-robot mapping provides another submap processing approach [76,77].
Multi-robot mapping can be centralized or distributed: centralized processing
fuses submap information at a central unit, while distributed processing
maintains mapping consistency through inter-robot communication. Literature
[80] provides detailed analysis of multi-robot mapping techniques.

Current scalability research focuses on simplifying factor graph optimization
complexity, while many other large-scale issues require further investigation,
including semantic map construction, distributed mapping robustness, and en-
vironment perception through mapping for human-like intelligence.

3) Deep Learning

Deep learning has revolutionized computer vision, and its application to SLAM
problems has begun. Costante et al. use representation learning to replace ge-
ometric constraints in visual odometry, estimating robot pose from adjacent
frames [78]. Eigen et al. improve data association accuracy by assigning se-
mantic information to landmarks and jointly utilizing positional and semantic
information to enhance pose and landmark estimation [79]. Liu et al. use deep
networks for scene depth estimation from single images [80,81]. Semantic infor-
mation also benefits loop detection and map representation [82,83].

Through complex CNN architectures, deep learning enables multi-level feature
extraction for deep environmental perception, whereas traditional computer vi-
sion remains at shallow pixel or feature-level extraction. As a perception tool,
deep learning can solve problems intractable for traditional methods. However,
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for SLAM, perception serves localization and mapping, and whether end-to-end
SLAM systems using deep learning are feasible remains exploratory. Addition-
ally, leveraging scene priors can significantly improve performance, but research
on how deep network output uncertainty affects SLAM geometric processing is
needed.

Future SLAM systems operating in open environments require continuous ex-
ploration and full-lifecycle learning capabilities. Deep learning success depends
on training with large datasets of fixed target classes, so improving online learn-
ing and adaptability is essential for human-like intelligent SLAM systems. De-
veloping lightweight networks for embedded SLAM applications also presents
challenges for deep learning integration.

5 Conclusion

This paper reviews three decades of SLAM technology development, analyzing
graph optimization-based visual SLAM theoretical models and algorithmic im-
plementations, discussing existing problems and presenting latest theoretical
results. While SLAM theory has matured and algorithmic frameworks for large-
scale localization and mapping have emerged, challenges remain in robustness
and scalability design for full-lifecycle, large-scale environmental applications.
Building large-scale, fully autonomous SLAM systems for complex scenarios like
autonomous driving, marine surveying, and precision agriculture represents the
future goal. Combining traditional SLAM with deep learning for semantic-level
environmental perception while fusing GNSS, inertial measurement, LiDAR,
and other sensing technologies to enhance robustness in complex environments
provides an effective path forward.
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Note: Figure translations are in progress. See original paper for figures.
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