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To address the cumulative drift problem of light detection and ranging
(LiDAR)-inertial odometry (LIO) in long-duration localization and mapping
tasks, this paper proposes a LiDAR-inertial odometry and mapping system,
intensity-enhanced stable triangle descriptor-LiDAR-inertial odometry and
mapping (ISTD-LIOM), based on the intensity-enhanced stable triangle
descriptor (ISTD). This system, built on the FAST-LIO2 front-end
architecture, achieves global consistency localization through loop closure
detection and global optimization. First, we design the ISTD descriptor by
combining geometric descriptors of triangles (including vertex plane normal
vectors and edge lengths) with local intensity distribution descriptors to form
a compact, rotation-invariant feature representation. Next, an adaptive
keyframe management mechanism is constructed, which filters keyframes
based on inter-frame relative poses and generates a descriptor database. A
hybrid retrieval strategy is then proposed, which combines descriptor
similarity matching and spatial distance filtering, forming an efficient loop
closure candidate recognition mechanism. After applying plane iterative
closest point (ICP) refinement and geometric-intensity consistency
validation, the loop closure constraints are integrated into a pose graph
optimization framework, correcting odometry drift. Experiments on the
KITTI dataset demonstrate that the ISTD-LIOM system significantly
enhances map global consistency while maintaining real-time computational
performance.
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1. INTRODUCTION

Light detection and ranging (LiDAR)-inertial odometry (LIO) [1]-[4] and LiDAR-inertial odometry
and mapping (LIOM) [5]-[8] have gained significant prominence in the fields of robotic navigation and
autonomous driving in recent years. These technologies enable real-time environmental perception and map
construction by fusing data from light detection and ranging (LiDAR) and inertial measurement units (IMU).
This multi-sensor fusion approach not only enhances the accuracy and robustness of localization but also
provides a foundational framework for navigation. The increasing application of LIO and LIOM technologies
in autonomous driving [9], [10], unmanned aerial vehicles (UAVs) [11], [12], and robotics highlight their
growing importance, offering powerful technical support for achieving autonomous navigation and

environmental perception.
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LIO offers a significant advantage for autonomous robots [13] operating in dynamic environments
by combining LiDAR's precise geometric sensing with the high-frequency motion tracking provided by
IMUs. However, drift errors still emerge over extended periods of operation. These errors arise due to factors
such as sensor noise, environmental changes, and the inherent accumulation of errors within the algorithm
itself. Cumulative drift can degrade the robot's localization accuracy and map quality, thus limiting its
performance in long-distance navigation and complex environments. Some studies have addressed this issue
by using loop closure detection to identify when a robot revisits a previously encountered location, thereby
eliminating cumulative errors through registration and improving the consistency of localization and
mapping. Early loop closure methods primarily relied on distance metrics, comparing the current map with
historical maps to detect loops. While simple and intuitive, this approach is prone to false positives and
missed detections in complex environments. To improve the recall rate of loop closure detection, researchers
have proposed various descriptors to extract spatial structural features from LiDAR point clouds. By
retrieving similar descriptors from a database, loop closure frames can be identified with low computational
cost.

Scan context [14] is a point cloud description algorithm whose core idea is to project 3D point cloud
data into a 2D polar coordinate space, forming a ring-sector matrix. Due to the use of polar coordinates,
similar scenes can still be matched by horizontally shifting the matrix, even when the point cloud data
contains angular deviations. Scan context++ [15] is an improved version of scan context, which enhances the
discriminative power and robustness of the descriptor by introducing more sophisticated feature encoding
techniques. Binary tree code (BTC) [16] is an algorithm designed for environment recognition and loop
closure detection using LiDAR point cloud data. It constructs a binary tree structure to represent point cloud
data efficiently and match it, enabling fast environment recognition and loop detection. Reference [17]
proposes a global descriptor for 3D place recognition, where the core idea is to describe local key points in
the 3D point cloud using the edge lengths and angles of triangles, thereby achieving efficient place
recognition and loop closure detection.

Although existing descriptor-based methods can perform rapid loop closure detection [18]-[20],
they still suffer from missed detections and false positives in complex environments. To further enhance loop
closure detection performance, this paper proposes several improvements. We design the intensity-enhanced
stable triangle descriptor (ISTD), which innovatively integrates a triangular geometric descriptor—based on
vertex plane normal vectors and edge length features—with a local intensity distribution descriptor to
construct a compact, rotation-invariant feature representation. This multimodal fused descriptor enhances
traditional geometric structures by incorporating intensity information, thereby significantly improving scene
discriminability. Furthermore, this paper proposes the LiDAR SLAM framework ISTD-LIOM, which
integrates dynamic keyframe management, descriptor matching, and distance-constrained loop closure
detection to build a globally consistent back-end optimization system. Based on the FAST-LIO2 [21] front
end, the framework extracts descriptors from each keyframe by fusing intensity and geometric features. It
then performs loop closure candidate identification through descriptor similarity matching and spatial
proximity constraints, effectively suppressing odometry drift over long-term sequences and greatly enhancing
overall system consistency. Experimental results on the KITTI 05/07/08 datasets [22], [23] demonstrate that
the ISTD-LIOM system, through high-precision loop closure detection and factor graph optimization,
significantly improves localization accuracy and enhances the global consistency of large-scale point cloud
maps, providing reliable technical support for autonomous navigation in complex environments.

The remainder of this paper is organized as follows. Section II introduces and analyzes the proposed
method. Section III presents the experimental results on the KITTI dataset, and Section IV concludes this
work.

2. METHODOLOGY
2.1. Framework overview

As shown in Figure 1, the system framework presented in this paper is a complete SLAM system
that includes both a front-end LIO and a back-end factor graph optimization. The front end is based on the
FAST-LIO2 architecture, utilizing an iterative Kalman filter-based state estimation method to achieve a
tightly coupled fusion of LiDAR and IMU data. After processing each LiDAR frame, the front-end module
transmits the undistorted point cloud and its corresponding pose estimate to the back end for loop closure
detection and global optimization. The back-end module adaptively selects keyframes based on the relative
pose changes and time intervals. For each newly selected keyframe, the system accumulates point clouds
from all frames between the current and previous keyframes, followed by voxel-based down sampling to
form an enhanced point cloud with richer spatial information. This accumulation strategy effectively expands
the spatial coverage of a single frame point cloud, providing a more comprehensive environmental
representation for subsequent descriptor generation and loop closure detection. It also significantly reduces
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the probability of mismatches caused by the viewpoint limitations of individual point clouds. Based on the
enhanced point cloud, the back-end module extracts ISTD descriptors. It builds a descriptor database while
also recording the relative pose constraints between keyframes as the initial edges in the factor graph. The
loop closure detection module identifies potential loop closure candidates through a dual-path candidate
frame selection mechanism, which combines descriptor similarity matching with spatial distance constraints.
These candidates are then verified for geometric consistency using a point-to-plane iterative closest point
(ICP) registration algorithm. Loop closure constraints that meet the geometric consistency criteria are added
to the factor graph, and the global poses are corrected through nonlinear optimization. Finally, the system re-
registers the keyframe point clouds using the optimized pose trajectory, generating a globally consistent 3D
LIDAR points map.

LiDAR | Local Intensity-Augmented Global Triangular |

Kalman|Update PointCloud STD Descriptor Descriptor + |

LiDAR | CurrentlScan Local Intensity |

— Pose-based | |ISTD-based Descriptor |

State Scan || KeyFrame Loop Loop |

Estimation | /o erryl | Selection Detection || Detection LD |
Database
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Kalman| Predict I |

e || PoseGraph [«>| Global Optimization [ Global PointCloud |
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Figure 1. System overview of ISTD

2.2. Stable triangle descriptor

Inspired by [24], to improve segmentation stability, loop closure detection is performed on
keyframes, which consist of points accumulated from several consecutive scans, thus resulting in increased
point cloud density regardless of the specific LIDAR scanning pattern. Specifically, we utilize LiDAR
odometry [25] to register each new input point cloud with the current keyframe. New keyframes are created
when the number of subframes accumulates to a certain threshold.

2.2.1. LIDAR plane and key points detection

For a given keyframe of the point cloud, plane detection is initially performed using region growing.
Specifically, the entire point cloud is divided into voxels of a given size (e.g., 1 m). Each voxel contains a set
of points p;(i = 1,...., N), and the covariance matrix of the points is computed:

p=-3 5N =2~ D) (0 — D) (1)

Let A, represent the k-th largest eigenvalue of matrix Y.. The plane criterion is defined as:
A3 < orandi, > o,

where the default values for o; and g, are 0.01 and 0.05, respectively. Using this criterion, we can determine if
the points within the voxel form a plane. If so, the voxel is labeled as a plane voxel. Starting from any plane
voxel, a plane is initialized, and the plane is expanded by searching for adjacent voxels. If an adjacent voxel
belongs to the same plane (with the same plane's normal direction and distance below a threshold), it is added
to the growing plane. Otherwise, if the adjacent voxel does not belong to the same plane, it is added to the
boundary voxel list of the growing plane. This process is repeated until all adjacent voxels have been added or
the boundary voxels are reached. For boundary voxels, the points they contain are projected onto the
corresponding plane. For each plane, we create an image where the image plane coincides with the detected
plane, and each pixel represents the maximum distance of points contained within the boundary voxels of the
plane. A key point is then selected as the point with the largest pixel value within its 5x5 neighborhood.

2.2.2. Triangular descriptor construction

Using the key points extracted from the keyframes, a k-D tree is constructed, and 20 nearest
neighbors are searched for each point to form triangular descriptors. Redundant descriptors with identical
edge lengths are removed. Each triangular descriptor consists of three vertices P;, P,, and Ps, along with their
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corresponding projected normal vectors n,, n, and n;. Additionally, the vertices of the triangle are arranged
in descending order of edge lengths (see Figure 2). This edge length sorting ensures that [, = [,53 = 1;3.

= Nromal Intensity Vector [ Plane

Figure 2. Triangular descriptor

2.3. Local intensity feature extraction

Although triangular descriptors are capable of capturing spatial structural features, they are prone to
mismatches in regions with geometrically similar structures. LIDAR intensity information, which reflects the
surface reflectance characteristics of objects, can distinguish between different materials. Therefore, intensity
information is incorporated to enhance the discriminative power of the descriptors in similar scenes. For each
vertex of the triangular descriptor, a local intensity descriptor is constructed. In the direction of the plane
containing the vertex, the intensity distribution across different height levels reflects the material
characteristics of the feature in the vertical direction, thereby improving its distinctiveness. Specifically,
different objects such as buildings, vegetation, and other protrusions exhibit distinct intensity distributions
along the height direction.

2.3.1. Vertical sampling strategy design

Given a key point v; and the unit normal vector n; of the plane it resides on, a vertical sampling axis
is constructed along the direction of the normal vector. Let the vertical sampling range be denoted as
[—Amax,, ., ] and the sampling interval as Ah. The total number of sampling layers is given by:

N, = Zmex @)

For the j-th sampling layer (j = 1,2,..., N), its spatial position is defined as (3).

Ng+1
2

p=vi+(j-%2) an-m, 3)

This formula ensures that the sampling layers are symmetrically distributed around the key point Vv,, with the
Ng+1

central layer (j = T) corresponding to the position of the key point, thus preserving the spatial symmetry

of the local intensity features.

2.3.2. Intensity feature aggregation mechanism
At each sampling layer P;, a spherical neighborhood with radius r is defined as:

P ={pe?|p-pl <7} (4)

where P denotes the input point cloud. This neighborhood design strikes a balance between spatial resolution
and computational efficiency, ensuring sufficient local intensity information is captured while mitigating
noise introduced by overly large neighborhoods. For each sampling layer, the mean intensity is computed as
the representative feature (5).
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1 .
= WZpe?j I(p): if |:P]| >0

u, )
0, if |7 =0

I(p) represents the intensity value of point p. A zero value is assigned in the case of an empty set, ensuring

descriptor completeness and preventing numerical anomalies during computation.

2.3.3. Local intensity descriptor construction
Finally, the local intensity descriptor for a key point v; is constructed as (6).

F}(l) = [#1'#2""'#N5]T (6)

This Ng-dimensional vector descriptor effectively captures the vertical intensity variation pattern around the
key point. Compared to traditional single-point intensity values, this layered representation provides a more
comprehensive characterization of the local material properties and geometric structure, offering richer and
more robust intensity information for subsequent feature matching.

2.4. ISTD descriptor definition
By combining geometric features and intensity features, the complete ISTD is defined as (7).

Disrp = {Dgeov P}(l): F1(2)r 1:1(3)} (7

Dgeo = {l1, 13,13, @, B, v} denotes the original geometric features of the STD descriptor and P}(i) are the local

intensity features corresponding to the three vertices of the triangle, respectively. This hybrid descriptor
preserves the spatial expressiveness of the geometric features while significantly enhancing sensitivity to
material properties, thereby improving feature discriminability in geometrically similar environments.

2.5. Intensity-consistency-based matching verification
2.5.1. Search loop candidate

Since hundreds of descriptors can be extracted from a single keyframe, we employ a hash table to
store and retrieve descriptors during matching efficiently. Six attributes invariant to rotation and translation
are used to compute the hash key: the side lengths li,, l,3, l;3, and the dot products of the projected
normal vectors ny - n,, n,-n3, Ny -nz. Descriptors sharing all six similar attributes are assigned the same
hash key and stored in the same container. For a query keyframe, all descriptors are extracted. For each
descriptor 4;, its hash key is computed, and the corresponding container in the hash table is located. Each
keyframe that has at least one descriptor in the matched container receives one vote. After all descriptors 4;
from the query keyframe are processed, the top 10 keyframes with the highest vote counts are selected as
loop closure candidates. The matched descriptors are retained for subsequent loop detection.

2.5.2. Intensity feature similarity measurement

During the triangular matching process, traditional geometric constraints are effective in eliminating
the most obvious mismatches. However, they are limited in scenes where the geometric structures are similar
but differ in material properties. The introduction of intensity features provides a reliable basis for resolving
such ambiguous matches. For a candidate pair of matched triangles (Tq,Tr), the consistency of intensity
features between corresponding vertices is evaluated using cosine similarity. For the i-th pair of
corresponding vertices, the intensity feature similarity is defined as (8).

, £A® pr(®
Si(rll)tensity = ”qul(i)”_”IFIr(i)” ®)

The choice of cosine similarity offers the following theoretical advantages: First, it is invariant to the
absolute scale of intensity values, making it robust to calibration differences across different LIDAR sensors.
Second, cosine similarity emphasizes the pattern of intensity variation rather than absolute values, which
aligns with our design goal of capturing local material characteristics. Finally, it is computationally efficient,
making it suitable for real-time applications. To evaluate the overall intensity consistency of a triangle, the
aggregated intensity similarity is defined as (9).
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_1y3 c®
Sintensity - g i=1Sintensity (9)

2.5.3. Intensity verification criterion

The intensity-based matching verification employs a dual-threshold strategy, ensuring both overall
consistency and local reliability. The global consistency constraint requires that the average intensity
similarity of the triangle satisfies:

Sint ensity > FI (10)

The local reliability constraint requires that the intensity similarity of each vertex satisfies:

o > Dnin (11)

nmn Sint ensity

i=1,2,3

where [} is the global intensity similarity threshold and I3,;, is the minimum similarity threshold for each
individual vertex.

2.6. Loop closure detection and global pose graph optimization
2.6.1. Loop closure detection

This paper adopts a loop closure detection approach that combines a distance-threshold-based
keyframe selection strategy with a dual-path candidate screening mechanism. The system selects keyframes
based on a predefined spatial distance threshold d;,. When the robot's traveled distance exceeds this
threshold, the current frame is designated as a new keyframe. All frames within this threshold are associated
with their corresponding keyframe, forming a point cloud set for each keyframe. During loop candidate
selection, two complementary filtering paths are employed: i) feature-based screening, which selects the top
n historical keyframes with the highest similarity to the current keyframe based on the ISTD descriptor; and
ii) spatial proximity-based screening, which selects the top m historical keyframes that are closest in
Euclidean space to the current keyframe's pose.

Let the current keyframe pose be T;, and the set of historical keyframe poses be {T;, T,, T5, ..., T;_1}.

Then, the spatial proximity-based candidate set is defined as:

C, = arg Tgl <t =gl 1c.1 =m (12)

where t; and t; denote the position vectors of keyframes i and j, respectively. For the selected candidate
keyframes, the system performs precise registration using a point-to-plane ICP algorithm, which minimizes
the point-to-plane distances iteratively to estimate the optimal relative transformation. In the geometric
verification stage, the system comprehensively evaluates indicators such as registration error, point cloud
overlap ratio, and transformation plausibility to identify candidates with high geometric consistency. The
final loop constraint is established using the candidate with the minimum registration error that also meets
predefined quality thresholds, and its relative pose transformation is incorporated into back-end optimization.

2.6.2. Factor graph optimization

In this paper, a factor graph framework is employed for global pose optimization, formulating a
nonlinear optimization problem that incorporates odometry factors and loop closure factors. In the factor
graph representation, relative pose constraints between adjacent keyframes are encoded as odometry factors,
while constraints obtained from loop closure detection are encoded as loop closure factors. Let the set of
keyframe poses be denoted as X = {x;,x5,..., Xx}, the set of odometry constraints as 0 = {oi,iﬂ}, and the
set of loop closure constraints as & = {li_ j}. The factor graph optimization problem can then be formulated as

(13).

X" = argmin | 0i,i+1||;: +Xaper Xt x - li,j”; (13)
o l
Here, the first term represents the odometry factors, which constrain the relative poses between adjacent
keyframes, and the second term represents the loop closure factors, which constrain the relative poses
between loop-closure keyframe pairs. ), and X; denote the covariance matrices associated with odometry
and loop closure observations, respectively. The system solves the optimization using the Levenberg—
Marquardt algorithm, which adaptively adjusts the damping factor to strike a balance between convergence
speed and stability. An incremental update mechanism is also implemented: when a new loop closure
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constraint is detected, optimization is performed only on the local subgraph, significantly improving
computational efficiency. After optimization, the system re-registers the point clouds based on the corrected
poses to generate a globally consistent map of the environment.

2.6.3. Map construction

The map construction module applies the globally consistent poses obtained from factor graph
optimization to the concatenation of keyframe point clouds, resulting in a high-precision 3D representation of
the environment. Let the local point cloud of the i-th keyframe be denoted as P;, and its optimized global
pose as T;". Then, the construction of the global map M can be expressed as (14).

M=UL TP, (14)

Here, T;" - P; represents the transformation of the local point cloud P; into the global coordinate system. This
process aligns originally drifted local point cloud segments to a unified global frame, effectively eliminating
the negative impact of accumulated pose errors on map consistency. To ensure map quality, the system
employs adaptive voxel filtering for downsampling the merged point cloud:

Mpijiterea = VoxelFilter (M, vgiz,) (15)

where vg;,, denotes the adaptively adjusted voxel size, which reduces redundant data while preserving
essential geometric features.

3. RESULTS AND DISCUSSION
3.1. Precision-recall evaluation

In this paper, the precision-recall curves of three descriptors are evaluated using sequences 05, 06,
and 08 from the KITTI dataset. Ground-truth loop closures are manually annotated for these sequences. The
annotation results are shown in Figure 3, where blue poses represent loop closure frames that revisit
previously explored locations.

—— Trajectory
& Loop Closures

@ Start
@m End

—

[
kitti05 kitti06 kitti08

Figure 3. Visualization of KITTI sequences

After ground-truth annotation, the proposed ISTD descriptor is evaluated on the three datasets by
plotting its precision-recall curve. Multiple precision and recall values are obtained by adjusting parameters
to construct the precision-recall curve. For each sequence, if a detected loop closure lies within 20 meters of
the query frame, it is marked as a true positive (TP); if no loop closure is detected at an annotated loop
closure frame, it is marked as a false negative (FN); and if a detected loop closure does not correspond the
query frame within 20 meters, it is marked as a false positive (FP). precision (P) and recall (R) are then
calculated as (16).

TP TP
= ) R =
TP+FP TP+FN

(16)

To validate the effectiveness of the proposed method, it is compared with scan context [12] and
STD [15] on three sequences of the publicly available KITTI dataset. The experimental results on the three
sequences are shown in Figure 4. It can be observed that the proposed ISTD descriptor achieves a higher area
under the curve (AUC), indicating superior performance.
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Figure 4. Performance comparison on the KITTI dataset

3.2. Quantitative comparison of localization accuracy

To further verify the accuracy improvement brought by ISTD to global optimization within the
overall system, a quantitative evaluation of localization accuracy is conducted. As shown in Figure 5, the
results are obtained on three test sequences from the KITTI dataset (Sequences 05, 07, and 08). The
evaluated trajectories include the FAST-LIO2 [19] poses LIO, the back-end optimization based on STD
(loop-STD), and the back-end optimization based on ISTD (Loop-ISTD). The red boxes highlight the
deviation of the trajectory endpoints from the ground truth for each method. It can be observed that odometry
exhibits significant drift in large-scale scenarios, while the trajectory optimized using ISTD is closer to the
ground truth compared to that of STD, indicating higher localization accuracy. The quantitative results are
presented in Table 1, where ISTD achieves the lowest trajectory error across all three test cases.

Ground Truth Ground Truth | Ground Truth
— uomMse:2360m) | _ —— LIO (RMSE: 0.838m) —— LIO (RMSE: 4.838m) | |
~-- Loop-STD (RMSE: 1.460m) T | -=- Loop-STD (RMSE: 0.446m) --- Loop-STD (RMSE: 7.036m) || |l
Loop-iSTD (RMSE: 1.284m) === === Loop-iSTD (RMSE: 0.429m) Loop-iSTD (RMSE: 4.196m) | | (|
start | | ® start \ @ Start 4 |
e |

°
End
Ll | End ® End

s s e iy

o
X x
m) 100 -100 (m) -140_150 80 *° X(,") o

kitti0S kitti07 kitti08

Figure 5. Visual comparison of KITTI sequences

Table 1. Absolute position errors in KITTI Datasets with different methods
Rmse mean median
Method KITTI 05 KITTI 07 KITTI 08
FAST-LIO2 2.161.991.89 0.840.710.65 4.834.143.94
Loop-STD 146 1.321.33 045039043 7.036.156.20
Loop-iSTD  1.281.161.17 0.430.380.42  4.20 3.60 3.34

3.3. Qualitative comparison of mapping results

As illustrated in Figure 6, the mapping results for KITTI sequences 05, 07, and 08 are presented to
qualitatively compare the effectiveness of the proposed method. In each subfigure, the red dashed box
located in the lower left corner highlights the point cloud map constructed using raw odometry poses. Due to
the accumulation of pose drift over time, the maps generated in this manner exhibit evident duplicate
shadows and misalignment, which negatively impact overall mapping quality. In contrast, the lower right
subfigure shows the mapping result obtained using globally consistent poses refined by back-end
optimization. The use of optimized poses significantly reduces duplicate shadow effects. It produces a more
coherent and accurate global map, demonstrating the advantage of the proposed ISTD-based loop closure and
global optimization in maintaining global consistency.
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Figure 6. Comparison of mapping results before and after optimization

4. CONCLUSION

This study addresses the issue of cumulative drift in long-sequence tasks involving LIO by
proposing a loop closure detection framework based on intensity-enhanced descriptor, called ISTD-LIOM.
By integrating point cloud intensity distribution with geometric spatial features, we designed a rotation-
invariant ISTD descriptor. Combined with a dynamic keyframe triggering mechanism and a hybrid loop
closure retrieval strategy, this approach enables the systematic incorporation of intensity information into
loop closure detection. Experimental results demonstrate that the method significantly enhances loop closure
robustness and global map consistency on the KITTI dataset, validating the effectiveness of intensity features
in correcting LiDAR-inertial odometry drift. However, the current research still has limitations in dynamic
scene adaptability and multi-sensor collaboration. Future work will focus on designing semantically
enhanced descriptors and cross-modal data fusion to further enhance the system's generalization in complex
environments.
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