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To address challenges like global drift, unstable matching, and high computa-
tional cost in light detection and ranging simultaneous localization and mapping
(LiDAR SLAM) under complex conditions, this paper proposes an improved al-
gorithm based on the LeGO-LOAM framework. A Newton-optimized normal
distributions transform (NDT) is integrated to improve point cloud registration
by constructing a negative log-likelihood objective and optimizing pose estima-
tion. Using initial pose information from LeGO-LOAM accelerates convergence
and enhances system robustness. This work addresses the problem of insuffi-
cient adaptability of existing algorithms in real scenarios. By deploying an inde-
pendently designed four-wheel omnidirectional mobile robot platform, a hybrid
LiDAR SLAM framework is used for precise positioning and map construction
in complex campus environments, successfully reducing the positioning error
to the centimeter level. Experiments on the KITTI dataset show a 43.51% re-
duction in maximum localization error and a 30.83% decrease in average error.
Field tests in real-world campus environments with pedestrians, bicycles, and
vehicles demonstrate strong reliability, adaptability, and resistance to interfer-
ence. Horizontal error was reduced by about 58.26%, lowering the average error
from 4.60 m to 1.92 m. Although computational load increases, it is offset by us-
ing high-performance LiDAR and processors. The enhanced accuracy and drift
reduction significantly outperform traditional methods. At critical time points
such as 50 seconds and 100 seconds, the system achieved high-precision pose
estimation and accurate environmental reconstruction.
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1. INTRODUCTION

Simultaneous localization and mapping (SLAM) is a fundamental technology that enables autonomous
robots to estimate their pose while incrementally building a map of the surrounding environment [1]. SLAM
systems are generally categorized into vision-based SLAM (V-SLAM) and light detection and ranging (LiDAR)-
based SLAM (L-SLAM) [2]]. V-SLAM uses visual sensors such as monocular or stereo cameras for motion
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estimation through feature tracking or direct methods. Although lightweight and cost-effective, V-SLAM is

highly sensitive to lighting variations, motion blur, and low-texture surfaces, making it less reliable in unstruc-

tured or dynamic outdoor environments [3].

In contrast, L-SLAM leverages LiDAR sensors to capture 3D point clouds with precise range and
angular measurements, offering strong geometric consistency and robustness to lighting conditions [2]. This
makes LiDAR-based approaches particularly suitable for mobile robot navigation in complex and dynamic
environments such as campuses or urban streets. For embedded robotic platforms operating in real-world
scenarios, a lightweight yet accurate LIDAR SLAM system is essential for maintaining stable localization and
high-fidelity map reconstruction under real-time constraints [4]].

LeGO-LOAM is a widely adopted lightweight LIDAR SLAM framework that provides real-time per-
formance with decent accuracy [5]. Nevertheless, it shows significant degradation in environments with sparse
structural features or rapid motion, as its feature extraction and odometry modules rely heavily on stable edge
and planar points. Moreover, its localization accuracy is susceptible to drift in extended operations, particu-
larly when deployed on embedded robotic systems navigating real-world environments beyond controlled lab
settings [6].

To overcome these limitations, we propose an improved LiDAR SLAM framework by integrating
a Newton-optimized normal distributions transform (NDT) into the LeGO-LOAM pipeline. The proposed
method is tailored for real-time deployment on embedded mobile robots and achieves robust localization and
mapping in challenging outdoor environments [7]. It enhances both local feature association and global pose
correction by combining geometric feature extraction with probabilistic optimization.

The main contributions of this work are as follows:

a. A hybrid LIDAR SLAM framework combining feature-based odometry and NDT-based optimization: We
integrate the geometric feature extraction of LeGO-LOAM with a Newton-optimized NDT back-end. This
enhances pose estimation in low-feature or dynamically changing environments by combining data-driven
odometry with probabilistic global alignment.

b. Robust real-time localization enabled by adaptive pose fusion and optimized map updating: The proposed
approach fuses odometry and NDT pose estimations through an adaptive weighting scheme to minimize
drift and improve pose accuracy. In parallel, the local map is efficiently updated using voxel-based filtering
to maintain spatial consistency while managing computational resources, making the system suitable for
deployment on resource-constrained embedded platforms.

c. Extensive validation in real-world dynamic outdoor scenarios: The algorithm is deployed on a mobile
robot equipped with an embedded computing platform and high-performance sensors. Field experiments
conducted in a complex campus environment with dynamic elements—such as pedestrians, bicycles, and
vehicles—demonstrate significant improvements in localization accuracy, robustness, and environmental
adaptability compared to baseline methods.

2. LITERATURE REVIEW

Over the past decade, LIDAR SLAM has achieved widespread adoption in outdoor industrial AGV
inspection systems, as illustrated in Figure [, Advances in computational power and algorithmic innovation
have spurred the development of numerous SLAM methodologies. Zhang and Singh pioneered LiDAR odom-
etry and mapping (LOAM), a foundational work in LiDAR SLAM, which achieved real-time 3D positioning
and mapping by decoupling high-frequency odometry and low-frequency mapping modules. However, its re-
liance on iterative closest point (ICP) matching and lack of loop closure detection led to significant cumulative
errors [8]. Shan and Englot proposed LeGO-LOAM, a lightweight, ground-optimized LiDAR SLAM frame-
work tailored for ground vehicles, introducing ground segmentation and a two-stage optimization strategy to
achieve low-drift localization on embedded platforms. Yet, its reliance on ICP for point cloud registration lim-
its robustness in feature-sparse scenarios [9]]. Subsequent studies, such as M-LOAM [10] and F-LOAM |[L1],
enhanced efficiency through greedy feature selection and non-iterative distortion compensation but remained
constrained by the inherent limitations of the ICP framework, including sensitivity to initial values and poor
noise robustness.

While existing LIDAR SLAM methods demonstrate satisfactory performance in simple environments,
they struggle in complex outdoor scenarios where dynamic obstacles (e.g., pedestrians, vehicles) and textureless
structures (e.g., buildings, vegetation) introduce interference, leading to substantial localization errors. To
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address these challenges, researchers have explored NDT to improve tolerance for initial registration errors
and dynamic noise. Jiang et al. integrated NDT with ICP for orchard spray robot navigation, leveraging
NDT’s coarse registration to accelerate ICP convergence and reduce lateral positioning errors below 16 cm.
However, their approach neglected dynamic obstacle-induced voxel distribution distortions [12]. Wang et al.
proposed NDT-VGICP, combining voxel-based normal distribution models with geometric alignment for cross-
platform forestry point cloud registration, achieving a horizontal error of 4.27 cm. Yet, their method assumes
static environments and struggles with mobile platforms [13]]. Other studies, such as ground segmentation
and vertical clustering optimizations in LeGO-LOAM [14], improved rotation error but failed to enhance the
robustness of the registration algorithm itself.

LeGO-LOAM LOCUS 2.0 Basl-ad slam
- A
> 2014 2018 2019 2020 2021 2022 2023 2024 2025
M-LOAM l ! / \\
LOAM F-LOAM PIN-SLAM

Figure 1. Research on SLAM technology in recent ten years

Concurrent efforts to mitigate dynamic noise and drift have faced trade-offs. Wei et al. designed a
dynamic factor graph model with planar constraints, reducing Z-axis errors by 20.47%, but high accuracy de-
pended on 32-line LiDARSs, limiting applicability to low-cost sensors [[15]. ROLO-SLAM decoupled rotational
and translational optimization in unstructured terrains using spherical registration to suppress vertical drift, yet
its forward prediction mechanism failed under rapid terrain undulations [16]. GS-LIVO fused LiDAR-IMU-
camera data with Gaussian Splatting for real-time embedded deployment but suffered from computational
complexity and slow rendering due to multi-sensor dependencies [[17].

These limitations underscore critical gaps in algorithmic robustness and sensor adaptability. Tra-
ditional ICP frameworks exhibit sensitivity to initial registration errors, often diverging in feature-sparse or
dynamic environments [[18]. While NDT improves noise tolerance through normal distribution modeling, ex-
isting methods fail to address voxel distribution distortions caused by dynamic obstacles, leading to degraded
localization accuracy [19]. Moreover, although emerging approaches emphasize GPU acceleration and multi-
sensor fusion, they often incur significant computational overhead, making them impractical for deployment
on mobile platforms such as industrial robots or lightweight drones. As a result, these methods are typically
limited to evaluations on public datasets and are rarely adopted in real-world applications.

LeGO-LOAM, a lightweight LiDAR odometry and mapping framework, extracts edge and plane
features for localization and mapping [20], [22]. However, in complex environments (e.g., dense buildings,
vegetation, mixed-material surfaces), feature extraction becomes unreliable due to texture ambiguity or occlu-
sions. These feature quality issues propagate into matching and pose estimation stages, exacerbating errors
[23]. Moreover, LeGO-LOAM’s feature-based matching is vulnerable to point cloud noise, sparsity, and mis-
matches, particularly in large-scale mapping. Its optimization process further demands significant computa-
tional resources, challenging real-time performance under high-point-cloud loads [24]], [26].

In summary, while NDT-enhanced LeGO-LOAM frameworks show promise, classical NDT assigns
equal weights to all occupied voxels during registration, neglecting the varying impacts of cells with distinct
spatial ranges and feature dimensions on transformation parameter estimation. To bridge this gap, we pro-
pose a Newton-optimized NDT method to replace traditional ICP, enhancing noise resilience and addressing
registration failures in feature-sparse scenarios. Combined with LeGO-LOAM’s lightweight architecture, our
approach introduces dynamic voxel filtering and hierarchical ground constraint optimization. This framework
suppresses dynamic voxel distortions while resolving vertical drift through radar-compatible design and low-
computational overhead, offering a robust, cost-effective solution for outdoor mobile robotics.

3.  METHODOLOGY
To address the limitations of LeGO-LOAM in localization precision, this study focuses on front-end
optimization within the SLAM framework, proposing a real-time LiDAR odometry and map update method
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enhanced by NDT refinement.The core innovation integrates feature extraction, adaptive NDT-based pose es-
timation, multi-source pose fusion, and dynamic map updating into a unified pipeline. By embedding this
framework into a mobile robot platform, we demonstrate its feasibility in achieving high-precision pose esti-
mation and environmental mapping under dynamic scenarios.

As illustrated in Figure[2] LeGO-LOAM-NDT is divided into two modules: direct odometry and local
feature refinement. The LiDAR point cloud processing pipeline integrates feature extraction and NDT-based
pose optimization [27]. As shown in Figure [3] Initially, the system estimates the initial pose using real-time
LiDAR point cloud data. The feature extraction module identifies edge and plane features from the point
cloud, which are subsequently matched via feature-based algorithms to estimate the current frame’s pose. To
refine pose estimation accuracy, an NDT-based optimization algorithm is applied for pose correction [28]. This
method iteratively optimizes transformation parameters to minimize registration errors, thereby enhancing pose
precision while maintaining computational efficiency.

As depicted in Figure ] the proposed framework employs a weighted fusion strategy to integrate
NDT-refined pose estimates with initial odometry outputs. This approach preserves the real-time advantages
of odometry while fully leveraging NDT’s global optimization capabilities, thereby enhancing overall posi-
tioning accuracy. The fused pose not only improves localization precision but also informs local map updates,
enabling precise environmental reconstruction. Through iterative pose optimization and map refinement, the
system achieves high-fidelity mapping of dynamic environments [29]. The updated local maps subsequently
provide reliable spatial context for downstream navigation tasks, ensuring stable operation in complex, real-
world scenarios [30].
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Figure 4. Overall algorithm flow chart of LeGO-LOAM-NDT
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3.1. Feature extraction in the LeGO-LOAM frontend

The RANSAC-based plane segmentation algorithm serves as the cornerstone for ground point cloud
extraction. Formally, given a point cloud P = py,pa, ..., p,, where p; = (x;,y:, 2;), RANSAC iteratively
estimates a plane model: ax + by + cz + d = 0 by optimizing parameters a, b, ¢, d . The objective is to minimize
the orthogonal distance from each point p; = (z;, y;, 2;) to the plane, defined as:

i + by i +d
Distance (p;, Plane) = | + byi + ez + d] (D

va?+ b2+ c?

As can be seen from the pseudocode below, RANSAC minimizes this distance function to identify
the ground points FPyounq that fit the plane model. Subsequently, these ground points are removed from the
original point cloud, and the remaining points are used for subsequent feature extraction.

For the remaining non-ground point cloud, this paper applies the Euclidean clustering algorithm for
point cloud segmentation. By calculating the Euclidean distance between points, adjacent points are grouped
into the same cluster. If the distance between any two points within a cluster is smaller than a given threshold
€, they are considered to belong to the same cluster. Specifically, the distance between a pair of points p; and
p; is defined as:

d(pips) = @i — 2,0 + (s — ) + (2 — ) @)

After clustering, multiple clusters C1,C5,...,C} are obtained, with each cluster C; representing a
potential feature region in the environment. For each cluster C;, edge features and surface patch features are
further extracted. The curvature x; is used to describe the degree of curvature of the point cloud surface, and is
calculated as follows:

1
|C| Z |pj — Pcentroid 2 (3)

e

KR; =

Here, peentroiqa Tepresents the centroid of the cluster C;, and it is calculated as follows:

1
Pcentroid = W Z pj €]

p; €C;

The curvature x; reflects the sum of the squared Euclidean distances from the points to the centroid.
A higher curvature indicates that the cluster belongs to an edge feature. Based on a predefined threshold
Kthreshold, the feature points are classified as either edge features or surface features. If the curvature ex-
ceeds the threshold kipreshold, the cluster is considered an edge feature; otherwise, it is regarded as a surface
feature.

Edge Features = {C; | K; > Kihreshold } ®)

Planar Features = {C; | k; < Kthreshold } (6)

Finally, by merging the edge features and surface features, the feature point cloud F¢,,, for the current
frame is formed, which is then used for subsequent odometry estimation and map updating. The detailed
implementation can be found in Algorithm 1: LeGO LOAM feature extraction.

Real-time low-drift global optimization for dynamic scene LiDAR SLAM localization (Peiyan Yang)
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Algorithm 1: LeGO LOAM feature extraction

Input: point_cloud
Output: edge_features, planar_features, ground_pts
Function lego_loam _feature_extraction (point_cloud) :
ground_pts < ransac_plane_segmentation(point_cloud);
clusters < euclidean_clustering(point_cloud — ground_pts);
edge_features < [|;
planar_features < [[;
foreach cluster in clusters do
curvature < Y (np.linalg.norm(pi — p_centroid) * *2 for pi in cluster);
if curvature > threshold_edge then

| edge_features.append(cluster);
end
else

‘ planar_features.append(cluster);
end

end
return edge_features, planar_features, ground_pts

3.2. NDT-based pose refinement

The NDT, whose modeling concept is illustrated in Figure 5, is a probabilistic method widely em-
ployed in point cloud registration and pose refinement tasks. Traditional NDT partitions the point cloud
into voxels and assumes Gaussian distribution within each voxel to model the environment; in our imple-
mentation, the NDT voxel size is set to 1.0m, which offers a good trade-off between registration accuracy
and computational cost in large-scale outdoor environments, as shown in Figure [5[a). For a voxel containing
{z1,x2,...,2,} points, the mean q and covariance matrix 3 are computed as:

1=~ ™

S==Y (@i—q)(@i—q" (8)

i=1

S|

Here, q represents the mean of the point set within the voxel, and X denotes the covariance matrix,
which describes the distribution characteristics of the point cloud within the voxel. During the NDT registra-
tion process, the input point cloud is aligned with the target point cloud through rotational and translational
transformations, as shown in Figure [5[b). For each transformed point 2, NDT calculates the probability den-
sity of the point falling within the voxel based on the Gaussian distribution model of the voxel. Assuming that
the transformed point z’ is near the voxel mean ¢ , the probability density function p (z’) of the point can be
expressed as follows:

N 1 1, T ,
P = g (3@ 05 @ —0) ©

Here, d represents the dimension of the point cloud, > denotes the covariance matrix, ¢ is the mean
of the voxel, and ¥~ is the inverse of the covariance matrix. After completing the point cloud transformation,
NDT optimizes the transformation matrix by calculating the matching degree between the transformed point
cloud and the target point cloud. Specifically, the NDT algorithm computes the probability densities of all
transformed points within the corresponding voxels of the target point cloud, and then sums the logarithms of
these probabilities to obtain the registration score:

N
Score (T) = — Z logp (z}) (10)
i=1
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Here, x} represents the i-th transformed point, and p (x}) denotes the probability density of that point
within the corresponding voxel. In NDT, the core of scan matching is to align the current laser scan point cloud
with the NDT probability model of the reference scan by optimizing the rigid body transformation parameters
P = (ta, ty, </>)T. NDT divides the reference scan’s 2D space into grid cells, and the distribution of laser points
within each cell is modeled by a local normal distribution. The optimization objective is defined as minimizing
the negative log-likelihood function between the current scan points and the NDT model:

N -1
flp)==> exp (;(xé )" (] qi)> (11)
=1

Reference points
\ o ND voxel 1 ND voxel 2
0O ND voxel
Oo °p
o A NDT
(o] Reference
o (S scan point
° -
NDT o M
o v b O
° o
° O, (o}
o | ~0
% %%
Normal _~ 5
Distribution IND voxel 3 ND voxel 4
(@) (b)

Figure 5. Normal distribution modeling of reference scan points in multi-dimensional voxels: (a) NDT
converts reference scan into normal distribution on each ND voxels and (b) one reference scan point falls into
eight overlapped ND voxels

Here, z; = T (x;,p) represents the coordinates of the current scan point z; after being transformed
by T and mapped to the reference coordinate system. ¢; and X; denote the mean and covariance matrix,
respectively, of the corresponding NDT grid cell. By minimizing f (p), the joint probability density of the
current scan points in the reference NDT model is maximized, thereby achieving precise alignment between
the two scan frames. Newton’s method is an iterative approach used for optimization problems, which relies
on the second-order derivative information of a function to find its optimal solution. Compared to first-order
gradient descent, Newton’s method can converge more quickly to the optimal solution by utilizing additional
information provided by the Hessian matrix (i.e., the second-order derivative matrix of the objective function).
Newton’s method updates the parameters p iteratively, and its key lies in the efficient computation of both
the first-order gradient (gradient vector) and the second-order derivative information (Hessian matrix) of the
objective function, as shown in Figure [f] The gradient vector g represents the direction of descent of the
objective function at the current parameter. For a single scan point x;, the gradient contribution is derived
using the chain rule:

1 _ _
gi = exp (—qu 1") WAL (12)

Here, ¢ = xi —q;, and Jr represents the Jacobian matrix of the transformation 7', which characterizes
the local linear impact of the parameter p on the coordinates ;. The total gradient g is obtained by summing
the gradient contributions of all scan points. The Hessian matrix I describes the curvature characteristics of
the objective function and directly influences the convergence speed and stability of Newton’s method. Its
elements are composed of second-order derivatives, and the Hessian contribution of a single point is given by:

1 -1 —1
H; = exp <2qTE q) [(27111 . JT)T (=g Jr) - J;Z JT} (13)

To prevent convergence failure caused by a non-positive definite Hessian matrix, a damped New-
ton’s method strategy is employed. When a non-positive definite Hessian matrix is detected, a damping term

Real-time low-drift global optimization for dynamic scene LiDAR SLAM localization (Peiyan Yang)
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Al (A > 0) is added to enforce positive definiteness, ensuring the validity of the iterative direction. The param-
eter update in Newton’s method is achieved by solving the linear equation:

HAp=— (14)
After obtaining the increment Ap , the parameters are updated as follows:
pep+Ap (15)
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)
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Figure 6. Framework diagram of the optimized NDT algorithm proposed in this paper

Algorithm 2: NDT objective function
Input: T’
Output: score
Function ndt _objective (T):
trans formed_cloud = transform_point_cloud(F _cur,T);
score = 0;
for p € transformed_cloud do
vozel = get_voxel(p, local_map, ndt_resolution);
if vozel then
mu = voxel.mean,;
sigma = voxel.covariance;
dx =p—mu;
score+ = —0.5 % dzT
end

-np.linalg.inv(sigma) - dx;

end
return —score;

initial _guess = T _odom;

T _ndt = optimize(ndt_objective, initial _guess, method =" Newton');

The enhanced performance of the proposed algorithm stems from the synergistic integration of mul-
tiple key components. The LeGO-LOAM feature extraction module facilitates efficient and robust initial pose
estimation through the extraction of edge and planar features, supporting real-time processing. Nonetheless, its
accuracy may degrade in environments characterized by low feature density or dynamic elements. To mitigate
this limitation, the NDT-based weighted fusion module refines the initial pose by probabilistically modeling
point cloud distributions and employing Newton-optimized alignment, thereby significantly improving reg-
istration accuracy and robustness to dynamic disturbances. Moreover, the adaptive thresholding mechanism
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dynamically modulates matching constraints to accommodate environmental variability and effectively sup-
press outliers induced by moving obstacles. Collectively, these components enhance localization accuracy and
map consistency while maintaining real-time performance, as demonstrated through extensive evaluations on
public datasets and real-world scenarios. The proposed method runs at over 10 Hz on a standard CPU-GPU
platform, with feature extraction and NDT optimization taking approximately 30 ms and 50 ms per frame,
respectively. This ensures real-time performance for mobile robot deployment.

This study introduces a Newton-Raphson-optimized NDT framework to enhance LeGO-LOAM’s lo-
calization accuracy and stability. By iteratively optimizing transformation parameters via gradient descent and
Hessian approximation, our method dynamically adjusts voxel-based distribution models to minimize registra-
tion errors. The refined NDT algorithm addresses two critical limitations of traditional NDT: i) dynamic voxel
distortion caused by moving obstacles, and ii) error accumulation from feature matching inaccuracies.

4. EXPERIMENTS AND RESULTS

This study introduces LeGO-LOAM-NDT, an enhanced LiDAR odometry framework, to validate the
efficacy of the optimized T-NDT registration and keyframe optimization strategy. Comprehensive evaluations
were conducted on the public KITTI dataset and in real-world outdoor environments to quantify improvements
in trajectory accuracy, map consistency, and computational efficiency.

4.1. Public dataset benchmarking

Figure [7)illustrates the KITTI dataset, which is jointly released by Karlsruhe Institute of Technology
(KIT) and Toyota Technological Institute, serving as the primary benchmark. It includes synchronized Li-
DAR, stereo camera, GPS/IMU data, and ground truth trajectories across urban, highway, and rural scenarios,
covering diverse environmental complexities.

360° Velodyne Laserscanner

Stereo Camera Rig g aPS

Figure 7. KITTI experimental platform with sensors and trajectory path

The positioning accuracy was assessed using the evo toolkit, which computes absolute trajectory error
(APE) and relative pose error (RPE). APE quantifies global consistency between estimated and ground-truth
trajectories, while RPE evaluates local consistency over short time intervals.

As demonstrated in Figure[8] When employing the baseline LeGO-LOAM algorithm, significant error
accumulation was observed between the estimated and ground-truth trajectories, especially when involving
sharp turns, complex environmental features, and late stages of operation. Quantitative evaluation with the
evo toolkit showed an ATE of 2.93 m and an RPE of 1.38 m,indicating progressive pose drift over extended
runtime.

Figure 8] presents the comparison of initial pose and odometry trajectories in Figure[§[a) and the time-
dependent APE along the X, Y, and Z axes in Figure([§[b) for both the baseline LeGO-LOAM and the optimized
LeGO-LOAM-NDT methods. Table [T] shows the ATE, defines the Euclidean distance between the estimated
trajectory and the true trajectory, and quantifies the global positioning accuracy. The refined algorithm demon-
strates three key improvements: i) Y-Axis Stability: LeGO-LOAM-NDT reduces position variance on the Y
axis by approximately 78%, achieving sub-centimeter consistency. ii) Global Consistency: The robot’s average
error dropped from 1.37 m to 0.95 m, confirming superior trajectory consistency.

Figure [9] compares the APE between the baseline LeGO-LOAM and the optimized LeGO-LOAM-
NDT. Figure 9(a) illustrates the time-dependent APE fluctuations across the trajectory frames, highlighting

Real-time low-drift global optimization for dynamic scene LiDAR SLAM localization (Peiyan Yang)
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the error variations over time for both algorithms. Figure 9(b) summarizes key statistical metrics of the APE,
including maximum, mean, median, minimum, root mean square error (RMSE), and standard deviation, provid-
ing a comprehensive quantitative comparison. The unoptimized baseline exhibits significant error fluctuations,
with peak errors exceeding 2.0 m in 11% of frames, indicating poor resistance to error propagation. In contrast,
the NDT-refined algorithm demonstrates three key improvements:

gt
~——— lego_loam_with_ndt
4~ lego_loam
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o
N
S
3
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(@) (b)

Figure 8. Evaluation of refined pose: (a) the initial pose/odometry trajectory comparison between lego-loam
and lego-loam-ndt and (b) component errors along the xyz

Table 1. Absolute trajectory error (ATE)

Environment Method Max Mean Median Min RMSE SSE STD
KITTI Lego-loam 2.9267 1.37832 1.35702 0.43702 147101 238242 0.513916
KITTI Ours 1.65335  0.95335 0.965205 0.23487  1.00998 1123.08 0.333436
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Figure 9. Comparison of metrics: (a) time-dependent APE and (b) summary of APE statistical metrics
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Figure [J] presents the APE of two algorithmic implementations. Figure 9(a) is the APE trajectory
error curve, where the horizontal axis represents the frame index and the vertical axis represents the absolute
pose error of each frame. It can be clearly seen that the optimization algorithm represented by the green
curve has a smaller overall error and a more stable fluctuation than the blue curve, indicating that it has higher
accuracy and stability in trajectory estimation. Figure 9(b) is a statistical analysis of APE, including indicators
such as maximum, minimum, mean, median, root mean square error, and standard deviation. The statistical
results further verify the advantages of the optimization algorithm in positioning accuracy and robustness.
The baseline LeGO-LOAM algorithm exhibits substantial trajectory oscillations with recurrent error peaks
exceeding 2 meters in specific frames, indicating susceptibility to error accumulation. In contrast, the proposed
LeGO-LOAM-NDT framework demonstrates significantly suppressed error fluctuations, maintaining trajectory
stability with 93.7% of estimation errors confined within 1-meter threshold. This performance enhancement
corroborates the effectiveness of NDT-based optimization in mitigating cumulative errors and improving state
estimation robustness.

Quantitative analysis demonstrates that the maximum positioning error of the baseline LEGO-LOAM
algorithm is significantly higher than that of the improved LeGO-LOAM-NDT variant. The enhanced algo-
rithm reduces the maximum error to approximately 1.65 meters, with a 95% confidence interval of (1.55 m,
1.75 m), exhibiting smaller peak error deviations compared to the original implementation. In terms of local-
ization accuracy, the mean error is improved from 1.38 meters to 0.95 meters, accompanied by 95% confidence
intervals of (1.30 m, 1.46 m) and (0.88 m, 1.02 m) respectively, confirming substantial and statistically signif-
icant performance improvements throughout the operational trajectory. The standard deviation decreases from
0.51 meters to 0.33 meters, indicating enhanced stability and reduced variability of the improved algorithm.
Notably, the root mean square error (RMSE) of the enhanced algorithm reaches 1.01 meters, representing a
statistically significant 31.3% reduction compared to the original algorithm’s 1.47 meters (p < 0.05), demon-
strating the robustness and reliability of the proposed method.

Figure [TI0|presents a comparative analysis between the initial point cloud map generated by the base-
line LeGO-LOAM algorithm (Pre-optimization) and the enhanced map produced by the proposed NDT-based
optimization algorithm (Post-optimization). The original construction reveals substantial point cloud dispersion
characteristics, particularly in complex urban environments where architectural outlines and road boundaries
exhibit noticeable ambiguity. This phenomenon demonstrates inherent errors in feature extraction and stability
limitations of the fundamental algorithm. Continuous operation tests indicate that the standard algorithm ex-
hibits constrained adaptability to dynamic environments and accumulative error propagation, with positioning
accuracy demonstrating progressive degradation over extended operational periods.

(b)

Figure 10. Comparison before and after optimization: (a) before optimization and (b) after optimization

Real-time low-drift global optimization for dynamic scene LiDAR SLAM localization (Peiyan Yang)
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Figure[I0[a) shows the map before optimization, which exhibits a relatively sparse and dispersed point
cloud distribution, especially in complex urban environments where building outlines and road boundaries are
poorly defined. During prolonged operation in complex environments, the LeGO-LOAM algorithm demon-
strated issues with error accumulation, failing to effectively adapt to changes in dynamic environments, and its
localization accuracy gradually deteriorated over time.

In contrast, Figure [T0[b) shows the post-optimization map, which exhibits marked improvements in
accuracy and stability. As shown in Figure 10(b part a), the optimized image reveals a smoother transition
between the ground and buildings, with previously existing gaps and discontinuities repaired. Figure 10(b part
b) illustrates clearer building edges and contours, with a more uniform point cloud distribution and significantly
reduced noise, indicating substantial improvements in both localization and map construction. Furthermore,
10(b part c¢) demonstrates a notable increase in point cloud density around buildings, indicating enhanced
processing of point cloud data by the optimization algorithm, thereby improving feature extraction.

Quantitative evaluation validates three breakthrough improvements of the proposed NDT-enhanced
algorithm: i) 57.90% reduction in temporal positioning error variance; ii) 35.12% improvement in dynamic en-
vironment robustness; iii) root mean square errors (RMSE) positioning accuracy decreased by about 31.34%.
These improvements are primarily attributed to the integration of a normal distributions transform (NDT)-based
pose refinement mechanism, which enhances global alignment accuracy, mitigates accumulated trajectory drift,
and significantly strengthens the robustness of feature association in dynamic and structurally complex environ-
ments. As a result, the optimized algorithm demonstrates exceptional environmental adaptability in complex
urban scenarios, effectively suppressing dynamic obstacle-induced positioning drift and maintaining mapping
consistency over prolonged operational periods.

4.2. Field deployment and map validation in real-world scenarios

To validate the algorithm’s performance in practical environments, this study establishes a heteroge-
neous sensing system with high-performance computing architecture. Table[2]lists the key hardware parameters
of the outdoor mobile robot platform used in this study, including GPU, CPU, memory, storage, GPS, radar,
and camera configurations. For environmental perception, the Rheson RSLAM-32 LiDAR system is deployed,
featuring 360° omnidirectional scanning within 100 meters, meeting real-time SLAM requirements in dynamic
urban scenarios. The motion sensing subsystem integrates the Xsens MTi-680 IMU module, implementing
six-axis motion capture and quaternion-based attitude estimation to compensate for dynamic motion distor-
tions. The positioning system employs RTK-GNSS system. The computing platform utilizes NVIDIA Jetson
AGX Orin modular system to realize millisecond sensor fusion, so as to realize real-time execution of SLAM
algorithm and map construction.

Table 2. Key hardware parameters of the outdoor mobile robot

Functional module Name Quantity Relevant parameters
2048 CUDA Cores, 64 Tensor Cores,

GPU NVIDIA Jetson AGX Orin 1 NVIDIA Ampere

CPU ARM Cortex-A78AE 1 8-core ARM Cortex-A78AE
Memory 32GB LPDDRS, 256GB eMMC 1 32GB LPDDRS, 256GB eMMC, 8GB LPDDRS5
Storage 500GB SATA SSD 1 500GB SATA SSD, M.2 Key M PCle 3.0

GPS GNSS Receiver 2 2 GNSS Receivers, FAKRA Type D, 50w,

Integrated Antenna
. . 32-line, 600,000 points per second,
Radar 32-line LIDAR ! 200m range, 36mm beam width, 90° scanning
Stereo Camera, 1280 720 resolution,

Camera Stereo Camera 1

50° field of view, 4m range

Following algorithm deployment and hardware selection, this study constructed a mobile SLAM ver-
ification platform for multi-scenario testing. The experimental platform adopts a four-wheel independent driv-
ing moving chassis with a maximum speed of 1.5 m/s and steering accuracy of 0.5°, and is equipped with the
aforementioned system to constitute a real-time mapping system. Figure|l1|shows the typical campus scene
test, while Figure [I2] presents the constructed point cloud map, which clearly captures the geometric features
of dynamic obstacles such as garbage cans in Figure[I2|part a) and shared bicycles in Figure [I2part b).
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Figure 11. Mobile robot used in experimental testing

Figure 12. Mapping example in a real-world complex scenario

Figures [13]and [[4]illustrate that the robot’s accumulated error fluctuates during its movement. The
LeGO-LOAM algorithm exhibits a larger error at corners and after long-distance operation, as evidenced by the
varying color distribution in the figures, with errors approximately around 15.1 and 4.6, respectively. However,
following optimization, the algorithm’s stability significantly improves, with the error values predominantly
represented by a low-error blue color, remaining within the range of 0.1 to 2.6.

As shown in Tables [3]and [] the baseline LeGO-LOAM algorithm exhibits a noticeable degradation
in positioning accuracy over extended operational periods. Specifically, the APE demonstrates significant fluc-
tuations, particularly in maneuvering regions such as turns, while the RPE reveals an accumulation of error
correlated with continuous frame-to-frame motion, especially prominent in long-term displacement scenarios.
The proposed optimized algorithm effectively mitigates these issues, reducing the maximum APE by approx-
imately 2.067 meters compared to the baseline. Moreover, the optimized method consistently achieves lower
mean and RMSE across both experimental scenarios. The reduction in standard deviation further indicates
improved stability and reliability of the localization performance. These results collectively demonstrate the
enhanced robustness and accuracy of the improved LeGO-LOAM-NDT framework under dynamic and ex-
tended operational conditions.

This study conducts comparative analysis of baseline LeGO-LOAM and the enhanced algorithm in
APE/RPE performance metrics. As demonstrated in Figures [I5]and [[6] the optimized algorithm achieves
substantial improvements in both accuracy and temporal stability.

As demonstrated in Figure [I3] the LeGO-LOAM-NDT algorithm exhibits significant improvements
in APE performance across two distinct test environments. The enhanced algorithm demonstrates a 1.504-
meter improvement in Environment 1 and 4.45-meter improvement in Environment 2 compared to the baseline
LeGO-LOAM algorithm. Notably, during extended operational periods, the positioning error demonstrates a
92.87% reduction from baseline levels, effectively mitigating cumulative error propagation through prolonged
system operation.

Real-time low-drift global optimization for dynamic scene LiDAR SLAM localization (Peiyan Yang)



14 a

ISSN: 2722-2586

APE w.r.t. translation part (m)
(with Sim(3) Umeyama alignment)

""" reference

_ 100
200 - S
-0 - Z100%
x g <
m 100 D00
200

LeGO-LOAM

APE w.r.t. translation part (m)
(with Sim(3) Umeyama alignment)

""" reference

-100 ~

o
00 8
M) 200 - ~200
300

LeGO-LOAM

r11.199

-6.102

1.005

r17.267

|9.291

=1.316

APE w.r.t. translation part (m)

Figure 13. Absolute pose error comparison results

RPE w.r.t. translation part (m)
for delta = 1 (frames) using consecutive pairs
(with Sim(3) Umeyama alignment)

reference
400
i 300
e { 20E
: \. 100"
‘:\’/ I
\——-\ /
=100
200
) 100
Q
—200 - S
-0 . -1001\
*m) 100 - 00
200
LeGO-LOAM

RPE w.r.t. translation part (m)
for delta = 1 (frames) using consecutive pairs
(with Sim(3) Umeyama alignment)

reference

00 ’
*9 200 00 -200

(LeGO-LOAM

4.690

-2.346

0.001

2.155

-1.235

0.315

(with Sim(3) Umeyama alignment) 4846
rrrrr reference
400
300
206E
N
jroo -2.620
-0
=100
200
_ 100
200 - o
-100 - 1008
x g o
m) 100 00
200
0.393
LeGO-LOAM-NDT
APE w.rt. translation part (m)
(with Sim(3) Umeyama alignment) 6 a0
- reference
7500
400
306
200¥
-3.380
100
-0
200
- 100
- QD
-100 < 88
0’0 y _ —100
X0 200 - -200
300
-0.311
LeGO-LOAM-NDT
RPE w.r.t. translation part (m)
for delta = 1 (frames) using consecutive pairs
(with Sim(3) Umeyama alignment)
-4.856
reference
400
300
20E
N
| -2.429
~0
=100
~ 200
) 100
N
-200 -~ N
-0 -100*0\
o <
m) 100 200
200
-0.002
LeGO-LOAM-NDT
RPE w.r.t. translation part (m)
for delta = 1 (frames) using consecutive pairs
(with Sim(3) Umeyama alignment)
-8.021
- reference
500
400
3068
200
-4.054
100
To
~ 200
-~ 100
. N
-100 © ~ Q&
00 - - -106
*im) 200 - -200
-0.088

LeGO-LOAM-NDT

Figure 14. Relative pose error comparison results
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Table 3. APE data in experiment scenarios 01 and 02

Environment Method Max Mean  Median Min RMSE SSE STD
1 Lego-loam  11.199  3.073 2.582 1.005 3.621 18095.342 1.915
1 Ours 4.846 1.569 1.338 0.393 1.761 2140.837 0.800
2 Lego-loam  17.267  6.895 4.475 1.316 8.550 113864.483  4.901
2 Ours 6.449 2.445 2.510 0.311 2.643 2773.265 1.004

Table 4. RPE data in experiment scenarios 01 and 02
Environment Method Max  Mean Median Min RMSE SSE STD

1 Lego-loam 4.690 1.971 1.985 0.001 2469  8405.730 1.487

1 Ours 4856  0.212 0.163 0.002 0313 67.597 0.230

2 Lego-loam  2.155 1.494 1.484 0.315 1.538  3763.014  0.368

2 Ours 8.021  0.322 0.246 0.088  0.529 110.993  0.420
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Regarding RPE metrics shown in Figure [I6] the LeGO-LOAM-NDT algorithm achieves substantial
error propagation control. While the baseline algorithm (LeGO-LOAM) exhibits RPE fluctuations ranging
from 2.0 to 5.0 meters during the 50-150 second test interval with peak errors exceeding 4.7 meters, the LeGO-
LOAM-NDT algorithm confines RPE variations within 1.5-2.0 meters. Specifically, at the critical 150-second
mark, the LeGO-LOAM+NDT algorithm maintains RPE values at approximately 0.2 meters, contrasting with
the baseline system’s 1.5-2.0 meter error range during this period. Furthermore, the LeGO-LOAM-NDT algo-
rithm consistently sustains RPE values within 0-1.0 meters across all other measurement intervals.

As shown in Figures and [I8] the mobile robot equipped with a LiDAR sensor in this study
achieved high-precision localization and 3D mapping in two different environments, as presented in Figures
[[7(a) and [I8]a). By comparing the ground truth (gt) trajectories with the estimated trajectories and pose results
before and after optimization in Figures [T7(b) and [I8|b), the results demonstrate that the algorithm enhanced
with NDT optimization significantly improves both localization accuracy and pose estimation stability. Mean-
while, the constructed point cloud maps exhibit high clarity and completeness, effectively reflecting detailed
structural features of the environment. These experimental results fully validate the robustness and reliability
of the LiDAR-based point cloud processing algorithm in complex environments, providing strong support for
autonomous navigation and environmental perception of mobile robots.

The enhanced performance of the proposed algorithm stems from the synergistic integration of mul-
tiple key components. The LeGO-LOAM feature extraction module facilitates efficient and robust initial pose
estimation through the extraction of edge and planar features, supporting real-time processing. Nonetheless, its
accuracy may degrade in environments characterized by low feature density or dynamic elements. To mitigate
this limitation, the NDT-based weighted fusion module refines the initial pose by probabilistically modeling
point cloud distributions and employing Newton-optimized alignment, thereby significantly improving reg-
istration accuracy and robustness to dynamic disturbances. Moreover, the adaptive thresholding mechanism
dynamically modulates matching constraints to accommodate environmental variability and effectively sup-
press outliers induced by moving obstacles. Collectively, these components enhance localization accuracy and
map consistency while maintaining real-time performance, as demonstrated through extensive evaluations on
public datasets and real-world scenarios.

As shown in Figures and [20] the integration of NDT demonstrates significant improvements in
both positional accuracy (X, y, z) coordinates and angular stability (roll, pitch, yaw) across all movement phases,
confirming its effectiveness in enhancing robotic positioning precision during operational mobility. Compar-
ative analysis reveals that the NDT-enhanced system substantially reduces positional errors and diminishes
angular fluctuations across multiple spatial dimensions. Notably, during critical time intervals (50s, 100s, and
250s), the LeGO-LOAM-NDT variant exhibits enhanced positional stability with diminished angular fluctua-
tions compared to the baseline LeGO-LOAM implementation, particularly in directional error mitigation and
dynamic orientation preservation. Although, as shown in Table 5] there is a slight increase in memory usage,
this minor overhead does not affect the overall algorithm performance while maintaining efficient operation.
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Figure 17. Experimental scenario 01 trajectory error comparison: (a) mapping example and (b) comparison
with ground truth
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Table 5. Real-time hardware performance indicators of mobile robots

Metric LeGO-LOAM  LeGO-LOAM-NDT  Improvement ratio
Average CPU utilization 45% 58% 28.90%
Average GPU utilization 10% 22% 120%
Memory usage (GB) 4.8 5.5 14.60%
Algorithm processing time (FPS) 15 FPS 12 FPS -20%
Feature extraction time per frame 50 ms 52 ms 4%
NDT optimization time - 18 ms -

Real-time low-drift global optimization for dynamic scene LiDAR SLAM localization (Peiyan Yang)
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5. CONCLUSION AND FUTURE WORK

This study investigates LIDAR SLAM techniques for mobile robots operating in dynamic outdoor
environments. To address the stringent requirements for high-precision positioning during robotic operations,
an innovative solution integrating enhanced NDT algorithms with multi-dimensional optimization strategies
is proposed. Experimental results show that the proposed method has better performance in complex campus
environment. Compared to the mainstream mobile SLAM framework LeGO-LOAM-NDT, the enhanced algo-
rithm exhibits significant improvements in critical pose metrics (APE/RPE): i) The absolute posture error of
the robot’s 3D trajectory increased by about 51.36%, and the relative posture error increased by about 87.31%;
ii) At path turning points (marked at 50 m/100 m/250 m intervals), the inherent drift characteristics of laser
SLAM systems are effectively suppressed, reducing trajectory deviation to 67.34% of baseline values; iii) The
system demonstrates superior stability across key metrics including 3D trajectory alignment, pose dynamics,
and angular measurements, with average deviation from ground truth controlled within 2.64 meters.

While the improved algorithm achieves breakthroughs in complex environment positioning accuracy,
practical tests reveal relatively lower operational efficiency compared to existing systems. However, with con-
tinuous advancements in computing hardware, the impact of increased computational load is becoming pro-
gressively less significant, making the approach more feasible for real-world deployment. The precise real-time
mapping of LIDAR SLAM enhances the ability of autonomous systems to navigate safely, directly benefiting
applications that impact daily life, such as self-driving cars and urban robots. Despite the improvements, the
proposed method still exhibits performance degradation in extremely sparse environments or under high-speed
maneuvers. In particular, when navigating open areas such as parking lots, the lack of prominent structural
features results in occasional NDT misalignment. Moreover, in scenes with dense dynamic obstacles, voxel
distortion remains a challenge, occasionally leading to transient localization drift. Since the use scenarios of a
single lidar sensor may not be rich enough at present, in future work we should focus on studying sensor fusion
technology, combining the excellent performance of different sensors to achieve more accurate robot position-
ing. The proposed method demonstrates strong potential for applications in autonomous driving, search-and-
rescue robotics, infrastructure inspection, and urban patrol systems, contributing to safer, more intelligent, and
efficient robotic operations in modern society.
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