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Abstract—LiDAR-inertial odometry(LIO) has been widely ap-
plied in intelligent robotics and autonomous driving, providing
high-precision and low-latency ego-motion estimation. However,
the massive point clouds generated by LiDAR introduce inten-
sive data processing demands, making k-nearest neighbor(KNN)
search and map update a critical bottleneck that limits the real-
time performance of the LIO system. This letter proposes a novel
data structure, the Hash K-D Tree(hkd-Tree), which uses hashed
voxel indices as keys and local k-d tree as values. It combines
the localized search advantages of voxel-based methods with the
efficient search capability of k-d tree, enabling fast KNN search
and point cloud insertion. To further improve the performance
of the hkd-Tree, we propose a voxel distribution mechanism and
buffered update strategy, where each new point is assigned to
neighboring voxels within the search radius and inserted into
local k-d tree via parallel batch updates. We develop a LiDAR-
inertial odometry system, LIO-HKDT, based on the proposed
hkd-Tree. Extensive experiments demonstrate that the hkd-Tree
enables highly efficient point cloud search and insertion. LIO-
HKDT achieves comparable accuracy to state-of-the-art LIO
systems while significantly improving runtime efficiency.

Index Terms—SLAM, Localization, Range Sensing

I. INTRODUCTION

IDAR-INERTIAL odometry(LIO) estimates ego-motion
by fusing LiDAR and IMU data, which provides high
accuracy and robustness[1], [2]. It has been widely applied in
fields such as intelligent robotics and autonomous driving[3].
A critical step in LIO systems is to align the current LiDAR
scan with the global map to obtain the pose transformation
with respect to the global coordinate frame[4]. This pro-
cess requires frequent large-scale K-Nearest Neighbor (KNN)
searches to construct residuals for pose estimation, which have
become a major bottleneck for real-time performance[5], [6].
Meanwhile, newly generated point clouds must be incremen-
tally integrated into the existing data structure to support con-
tinuous KNN searches. Therefore, a data structure that enables
efficient KNN searches and incremental updates is essential for
improving the overall performance of LIO systems.
To accelerate KNN searches, various spatial indexing struc-
tures have been proposed. Among them, the octree partitions
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3D space into voxels and supports radius-based searches,
but its efficiency is limited by the resolution, making it
hard to balance accuracy and speed[7]. The k-d tree is a
classic binary partitioning structure that achieves high search
efficiency in low-dimensional and uniformly distributed point
cloud scenarios[8]. It has been widely integrated into li-
braries such as PCL and FLANN[9], [10]. Nevertheless, LIO
systems operate on continuously generated large-scale point
clouds, which require frequent incremental updates and nearest
neighbor searches[11]. Standard k-d tree incur considerable
computational overhead during such updates, as they often
necessitate reconstruction or rebalancing of the tree structure.

To address this, data structures such as the ikd-Tree[11]
and i-Octree[12] have been proposed. These methods extend
the standard k-d tree and octree by introducing mechanisms
for dynamic insertion and deletion of point clouds, thereby
improving the efficiency of KNN search and incremental
updates. In particular, FAST-LIO2[13], which is based on the
ikd-tree, effectively mitigates the issues of structural recon-
struction and rebalancing. However, despite the high search
efficiency of k-d tree, the ikd-tree still maintains a local map
containing a large number of points, resulting in significant
computational overhead for KNN search. FASTER-LIO[14]
introduces the incremental voxel(iVox) structure, which man-
ages sparse voxels using a hash table. By hashing search points
to locate their corresponding voxels and traversing neighboring
voxels to retrieve nearby points. However, in dense point cloud
scenarios, brute-force traversal of all points within neighboring
voxels leads to high computational overhead, which severely
affects the real-time performance of the system.

In this paper, we propose the Hash K-D Tree(hkd-Tree) to
address the above problem. We deem that the key to further
improving the efficiency of KNN searches and incremental
updates for point clouds lies in integrating the local search
advantages of voxel-based methods with the spatial search
efficiency of k-d tree. At the same time, it is essential to
avoid the brute-force traversal of all points in neighboring
voxels inherent to voxel methods, as well as the inefficiencies
in search and update performance caused by building a k-d tree
over the entire local map. To achieve this, we introduce a novel
data structure, the hkd-Tree, which is designed as a sparse
hash table where voxel hash values serve as keys and local k-
d tree serve as values. The hkd-Tree simultaneously preserves
voxel-level locality and enables efficient KNN searches within
each voxel, eliminating the need for a global tree structure and
greatly improving update and search efficiency.

To exploit the fixed-radius nature of KNN searches in LIO
systems, we design a voxel distribution mechanism in the hkd-
Tree. During insertion, each point is stored not only in its



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

primary voxel but also distributed to neighboring voxels within
the search radius. This allows KNN searches to be resolved
using only the local k-d tree of the current voxel, eliminating
cross-voxel traversal and significantly improving search effi-
ciency. In addition, we introduce a buffered update strategy:
instead of performing immediate point-wise insertions into
each local k-d tree, points assigned to a local k-d tree are first
accumulated in its corresponding buffer during the insertion
phase. A dedicated thread then asynchronously batches the
buffered points into their respective local k-d tree, preventing
frequent and inefficient single-point updates. This strategy
leverages the temporal gap between incremental updates and
KNN searches (e.g., preprocessing of new point cloud), further
enhancing the efficiency of point cloud insertion.
Our contributions can be summarized as follows:

e We propose a novel data structure, hkd-Tree, which
performs KNN searches by accessing only the local k-
d tree within a single voxel, significantly improving the
real-time performance of LIO systems.

e We propose a voxel distribution mechanism and a
buffered update strategy, which distribute points to neigh-
boring local k-d tree and update them in parallel, further
improving insertion and search efficiency.

¢ We develop a LIO system, LIO-HKDT, based on the hkd-
Tree. Extensive experimental results show that it achieves
accuracy comparable to state-of-the-art methods while
significantly improving runtime efficiency.

II. RELATED WORKS

LiDAR-inertial odometry(LIO) systems rely on accurate
point cloud registration to estimate the relative pose between
consecutive LiDAR scans[15]. The widely used Iterative Clos-
est Point(ICP) algorithm[16] estimates relative transformations
by iteratively minimizing the distances between corresponding
points. Since registration frequently involves K-Nearest Neigh-
bor(KNN) search, introducing efficient data structures can
significantly accelerate this process[5]. To better position our
work within the existing literature, we review representative
spatial indexing structures relevant to this study.

The R-tree[17] is a classic data partitioning structure that
supports KNN searches by clustering spatially adjacent data
into potentially overlapping axis-aligned bounding boxes. Its
improved variant, the R*-tree[18], introduces insertion based
on the minimum-overlap criterion and enforces reinsertion
during node splits to optimize search performance. Other
commonly used spatial partitioning structures include the
octree[7] and the k-dimensional tree(k-d tree)[8], the latter
being a binary tree structure. Due to the high efficiency of k-d
tree in KNN search[19], [20], they have been widely adopted
in mainstream LIO methods such as LOAM, LEGO-LOAM,
and their variants[21], [22], [23]. For example, LIO-SAM[24]
builds a k-d tree on the point clouds of several keyframes
and performs nearest neighbor searches using FLANN[25].
However, point cloud data in LIO systems are continuously
and rapidly generated. Rebuilding the entire k-d tree from
scratch to incorporate new frames is highly inefficient and
time-consuming[11]. As a result, mainstream approaches often

choose to update the k-d tree at low frequency[21], [22], [26],
or construct local tree structures only for new data[27], [28].
While these strategies alleviate computational costs, they also
limit the real-time performance and scalability of the system
to some extent.

To address the challenge of continuously generated point
cloud data in real-world applications, researchers have pro-
posed various incremental spatial partitioning structures. Cai
et al. introduced the ikd-Tree[11], which extends the traditional
k-d tree by incorporating an incremental update mechanism.
It also employs a multi-threaded self-balancing strategy, effec-
tively reducing the time overhead of updates and searches, and
improving the real-time performance of LIO systems. Zhu et
al. proposed the i-Octree[12], which enhances the traditional
octree to support dynamic insertion, deletion, and downsam-
pling operations. Overall, incremental k-d tree and octrees
maintain efficient nearest neighbor search while substantially
reducing the cost of map updates. However, LiDAR sensors
can generate tens of thousands of points per second. Even
with incremental update strategies, it remains challenging to
perform efficient KNN searches on local maps that contain a
large number of points.

In contrast to tree-based spatial partitioning of point clouds,
Faster-LIO proposes an incremental voxel structure (iVox)[14],
which employs a hash table to manage sparse voxels. By
locating the voxel of the search point and traversing its neigh-
boring voxels, KNN searches are performed within a local
region, which yields higher efficiency compared to traditional
k-d tree-based methods. However, its neighbor search requires
traversing all points in the neighboring voxels, which can incur
significant overhead in dense point clouds. Moreover, the voxel
resolution and the number of neighboring voxels to be queried
must be carefully balanced between accuracy and efficiency.

III. METHOD
A. System Overview

We now introduce our proposed LIO-HKDT system, and its
pipeline is illustrated in Fig. 1. Sensor inputs are first processed
by the preprocessing module, followed by the state estimation
module, which performs pose estimation by matching the
new point cloud with the existing map using KNN search
results. After obtaining the pose, the system forwards the
latest point cloud to the incremental update module for map
maintenance and then proceeds to the next frame. When
inserting new points, the incremental update module first
employs the voxel distribution module to propagate each
point to neighboring voxels within the search radius. The
buffered update module then aggregates the points assigned to
each voxel into the corresponding point buffers and performs
parallel batch insertions into the associated local k-d tree using
multi-threading. With the voxel distribution mechanism, KNN
searches are performed within a small local k-d tree. This
effectively combines the local search efficiency of voxel-based
methods with the high search efficiency of k-d tree, resulting
in significantly improved search performance. Meanwhile, the
buffered update module avoids the inefficiency of frequent
single-point updates to local k-d tree, further improving the
efficiency of incremental update.
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Fig. 1. System overview of LIO-HKDT. The hkd-Tree is implemented as a

hash table, where each key is the hash value of a voxel index, and each value

is the corresponding local k-d tree (blue box). Point cloud insertion consists of two stages: voxel distribution and buffered update (orange box). Point cloud
search is performed by directly retrieving the local k-d tree using the hash value computed from the voxel index of the search point (green box).

B. Data Structure of hkd-Tree

The hkd-Tree is a hash table composed of spatial voxel
indices and local k-d tree. Each key is the hash value of a fixed-
size voxel index in 3D space, and each value is a lightweight
local k-d tree(implemented with nanoflann[29]) maintained
within the corresponding voxel. Point cloud insertion and
search are performed efficiently by indexing directly into the
local k-d tree via the hash value. This design retains the
localized search advantages of voxel-based methods, avoids
the overhead of maintaining a large number of points in a
single k-d tree, and fully exploits the high search efficiency of
k-d tree.

Given an arbitrary point p = (z,y,2) € R? and a voxel
resolution [, the corresponding voxel index id = (i, j, k) € Z>
is computed as:

a=an= (2] 2[5

The hash value h(id) of the voxel index is then computed
using a hash function [30]:

(1

h(id) = ((i - Py)xor(j - Po)xor(k - P3)) mod N,  (2)

where P;, P, and P5 are large prime numbers, and N is the
size of the hash table.

The overall structure of the hkd-Tree can thus be represented
as a mapping:

H = h(id) — Tia, €)

where 7,4 denotes the local k-d tree associated with voxel
index id.

In practical scenarios, point clouds are sparsely distributed
in space, and only a subset of voxels are populated in LIO
systems. Therefore, the hkd-Tree maintains only those voxels
that contain points, along with their corresponding local k-d

tree. To limit memory usage, the system adopts an LRU (Least
Recently Used) cache eviction mechanism [14]. Once the
number of active voxels exceeds a predefined threshold, voxels
that have not been accessed for a long time are automatically
released. Benefiting from the O(1) insertion and deletion
complexity of hash tables, this process can be performed
efficiently.

C. Incremental Update

We leverage two key properties of LIO systems: the fixed-
radius constraint of KNN searches and the temporal gap
between point cloud insertion and subsequent search (e.g.,
due to IMU integration or motion distortion correction). Based
on these observations, we design a two-stage incremental up-
date strategy—voxel distribution and buffered update—which
significantly improves the KNN search and point insertion
efficiency of the hkd-Tree.

1) Voxel Distribution: In LIO systems, KNN searches are
typically constrained by a fixed radius. To ensure that each
search can be completed within a single local k-d tree, we
introduce a voxel distribution mechanism during the point
cloud insertion stage. Specifically, let the KNN search radius
be 7, and let the set of points to be inserted be P,gq = p; € R?.
For each point p;, the voxel index id; is computed using
Eq. (1). We then define the neighboring voxel set as:

“4)

which includes all voxel indices whose centers lie within a
ball of radius r centered at p;. The point p; is then inserted
into the local k-d tree of each voxel id € Nj:

Ni={id e 2| |id-1 —pil|la <7},

Vid € Ni,  pi € Tia- (&)

This mechanism ensures that radius-based KNN searches
can be performed by accessing only the local k-d tree of the



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

voxel containing the search point, without scanning neigh-
boring voxels. As a result, it significantly improves search
efficiency by avoiding brute-force traversal of all nearby
points.

2) Buffered Update: To further improve point cloud in-
sertion efficiency, we design a buffered update strategy that
performs multi-threaded batch insertion, avoiding the ineffi-
ciency of frequent single-point insertions into local k-d tree.
Specifically, all incoming points are first processed through
voxel distribution, establishing a mapping between each point
and its set of associated voxels. The points are then temporarily
buffered in the corresponding voxel containers. Once buffering
is complete, a dedicated thread performs a batch insert opera-
tion into the corresponding local k-d tree. Note that the batch
in “batch insert” corresponds to the number of buffered points
assigned to a single local KD-tree, and its size is determined
by the voxel distribution stage rather than being a tunable
hyperparameter.

D. KNN Search

In LIO systems, KNN search is a critical step for point
cloud registration, aiming to efficiently retrieve neighboring
points within a specified search radius from the local map.
Due to the voxel distribution mechanism applied during the
insertion stage of the hkd-Tree, all points within the fixed
search radius are pre-distributed to the voxel containing the
search point. This eliminates the need for brute-force traversal
of neighboring voxels during the search stage—KNN search
can be completed by accessing only the local k-d tree within
that voxel. Given a search point q € R?, its voxel index
idg is first computed using Eq.(1), followed by the hash key
h(idg) using Eq.(2). The corresponding local k-d tree 7;q, is
retrieved from the hkd-Tree hash table H, and a KNN search
is performed within it to obtain the neighbors of q within
the search radius. Since both the hash computation for q and
the local search within T;4, are highly efficient, the hkd-Tree
enables fast point cloud search.

E. Complexity of hkd-Tree

The computational complexity consists of two parts: in-
cremental update and KNN search. Assuming the number
of points to be inserted is denoted as n and the number of
points in the local k-d tree as m, and the corresponding size
of the local k-d tree as s. The incremental update mainly
involves voxel distribution and buffered update. The voxel
distribution has a time complexity of O(n), as each point is
processed once. The buffered update stage, which inserts m
points into a k-d tree of size s, leads to a time complexity
of O(mlog(s)). Therefore, the overall time complexity of
incremental update is O(nmlog(s)). In the KNN search stage,
the hkd-Tree locates the corresponding local k-d tree via hash
indexing and performs the nearest neighbor search within it,
resulting in a time complexity of O(log(s)).

IV. EXPERIMENTS

This section presents experiments evaluating the hkd-Tree in
terms of point insertion and nearest neighbor search efficiency.

We first conduct comparative tests on randomly generated data
to assess its performance against state-of-the-art methods. We
then integrate hkd-Tree into a LIO system, termed LIO-HKDT,
and evaluate its effect on real-time performance and pose esti-
mation accuracy in real-world scenarios. To better isolate the
contribution of the buffered update strategy to overall system
performance, we implemented a serial version of hkd-Tree.
In this version, insertion and search operations are executed
sequentially without multi-threading. This version is denoted
as hkd-Tree(Serial) and LIO-HKDT(Serial) in the subsequent
comparative experiments. All experiments are conducted on a
desktop equipped with an AMD R9-5950X CPU (3.4 GHz).

A. Randomized Data Experiments

To quantitatively evaluate the performance of hkd-Tree in
point cloud insertion, KNN search and peak memory usage, we
conduct comparisons with three state-of-the-art dynamic data
structures: ikd-Tree[11], iVox(Linear)[14], and i-Octree[12].
These methods represent state-of-the-art solutions for efficient
point cloud management and have been widely adopted in real-
time LiDAR SLAM systems. We first generate 100,000 initial
points within cubic spaces of side lengths 30m, 20m, and 10m
to construct various data structures. Then, we perform 100
iterations, where each iteration inserts 1,000 newly generated
points and conducts 1,000 radius-based KNN searches with
a search radius of » = 5m and k = 5 nearest neighbors.
For each iteration, we record the point insertion time, KNN
search time, their sum as the total computational cost, and the
peak memory usage throughout the process. This allows for
a comprehensive evaluation of the performance of different
methods under varying point cloud densities.

As shown in Fig. 2, the proposed hkd-Tree consistently
outperforms other methods, achieving the lowest total compu-
tational cost across all scenarios. Specifically, under identical
spatial conditions, as point cloud density increases, both hkd-
Tree and hkd-Tree(Serial) maintain stable insertion and search
efficiency, while other methods show gradual degradation. In
particular, iVox requires traversing all points in neighboring
voxels during search, leading to a significant increase in
search cost under high-density conditions. In terms of insertion
performance, hkd-Tree employs a buffered update strategy that
performs asynchronous insertions, fully exploiting the paral-
lelism between insertion and search in LIO systems to achieve
superior insertion efficiency. Although iVox achieves relatively
fast insertion by simply placing points into corresponding
voxels, its overall performance is still constrained by its brute-
force search strategy.

Table I summarizes the average insertion time, search
time, and peak memory usage of different methods under
various point cloud densities. The results indicate that the
proposed hkd-Tree only introduce minor extra memory usage.
Nevertheless, given the typical memory capacity (4-64 GB)
of modern computing platforms, this increase is considered
reasonable. More importantly, hkd-Tree consistently achieves
the highest insertion and search efficiency across all densities,
demonstrating that it strikes a good balance between memory
usage and computational performance.
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Fig. 2. Experimental results of point cloud insertion and KNN search time under different point cloud densities. “Total,” “KNN Search,” and “Point Insertion”
represent the total time, KNN search time, and point insertion time, respectively. Subfigures (a), (b), and (c) correspond to cubic spaces with side lengths of

30 m, 20 m, and 10 m, respectively.

TABLE I
COMPARISON OF AVERAGE TIME AND PEAK MEMORY USAGE

TABLE 11
DETAILS OF ALL DATASET SEQUENCES

ikd-Tree  iVox-Linear  i-Octree  hkd-Tree(Serial)  hkd-Tree

Cubic Space  Ins:(m9)! 1.46 0.61 0.73 2.06 0.19
(%0“0530) KNN(ms)? 418 345 279 1.19 0.63
Rt Mem.(MB)3  26.82 18.72 11.79 21.69 21.18
Cubic Space  Ins:(ms) 1.41 0.46 0.67 1.65 0.18
(20X‘ 202 2°0) KNN(ms) 3.81 4.49 2.55 1.34 1.03

Mem.(MB) 26.80 12.58 11.88 14.85 15.56
Cubic Space  Ins:(ms) 1.40 0.18 0.65 118 0.17
ot oi lo, KNNams) 391 6.92 253 1.92 1.68

Mem.(MB) 26.80 8.92 11.80 1116 12.56

L Ins. denotes the average point insertion time.

2 KNN. denotes the average KNN search time.

3 Mem. denotes the peak memory usage.

The notation (30 x 30 x 30), (20 x 20 x 20), and (10 x 10 x 10) represent cubic spaces with
side lengths of 30m, 20m, and 10 m, respectively.

B. Real-world Data Experiments

To further evaluate the effectiveness of hkd-Tree in a practi-
cal LIO system, we build LIO-HKDT based on FASTER-LIO.
The main modification involves replacing the original point
cloud insertion and KNN search modules with the proposed
hkd-Tree, while keeping all other components and parameter
settings unchanged. We compare LIO-HKDT against several
representative LiDAR-inertial odometry methods, including
FAST-LIO2[13] based on ikd-Tree, FASTER-LIO[14] based
on iVox(Linear), an extended version of FASTER-LIO in-
tegrated with i-Octree (denoted as FASTER-LIO(-Octree)),
as well as the static k-d tree-based methods LILI-OM][31],
LIO-SAM][24], and DLIO[32]. Experiments are conducted on
four public datasets: UTBM[33], M2DGR[34], NCLT[35],
and the LIOSAM dataset (from LIO-SAM][24]), with detailed
information provided in Tablell. These datasets cover diverse
environments, including urban roads, university campuses,

Duration®  Distance? Points? Avg Points? Name
nclt_1 111:46 4.01 2.30 x 109 3.43 x 10% 20120115
nclt_2 43:17 1.86 9.29 x 108 3.60 x 10% 20120429
nclt_3 84:32 3.13 1.72 x 10°  3.38 x 10* 20120511
nclt_4 55:10 1.62 1.17 x 10°  3.54 x 104 20120615
nclt_5 17:02 0.26 3.12 x 108 3.07 x 10% 20130110
m2dgr_1 3:01 0.14 8.11 x 107  4.71 x 10% gate01
m2dgr_2 5:36 0.29 1.51 x 10 4.68 x 10% gate02
m2dgr_3 4:56 0.25 1.33 x 10 4.73 x 10* gate03
liosam_1 9:11 0.66 6.77 x 107 1.24 x 10% park
liosam_2 5:58 0.46 6.62 x 107 1.87 x 10% garden
liosam_3 16:26 1.44 1.89 x 10 1.92 x 104 campus
utbm_1 16:59 5.03 3.99 x 108 3.97 x 10* 20180713
utbm_2 15:59 4.99 3.87 x 108 4.06 x 10% 20180717
utbm_3 16:39 5.00 4.27 x 108 4.30 x 10* 20180718
utbm_4 15:26 498 3.97 x 108 4.31 x 10% 20180719
utbm_5 16:45 4.99 4.22 x 108 4.21 x 10% 20180720
utbm_6 14:55 4.99 3.55 x 108 3.99 x 10% 20190418
utbm_7 11:59 5.11 2.72 x 108 3.78 x 10*  20190418(round)

L Duration (min:s) is the recording duration of the sequence.
2Distance (km) is the traveled path length of the sequence.
3 Points are the total number of valid points in the dataset.
4Avg Points are the average number of valid points per scan.

and parks, enabling a comprehensive evaluation of system
robustness and generalization in complex real-world scenarios.
They are widely adopted in LIO research and serve as standard
benchmarks for assessing modern LIO performance. Some
sequences cannot be evaluated due to missing data required by
certain methods (e.g., IMU orientation quaternions), denoted
as “=” in the results. If a method fails or drifts excessively,
making the result invalid, it is marked as “x”.

1) Processing Time Evaluation: We first measure the time
consumed by different data structures for KNN search, incre-
mental updates (new point insertion), and their total runtime
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TABLE III
THE COMPARISON OF AVERAGE TIME CONSUMPTION PER SCAN ON KNN SEARCH, INCREMENTAL UPDATE AND TOTAL TIME

Total[ms] KNN Search! [ms] Incremental Upda162 [ms]
ikd-Tree  iVox-Linear  i-Octree hkd—Tree hkd-Tree ikd-Tree  iVox-Linear  i-Octree hkd—Tree hkd-Tree ikd-Tree  iVox-Linear  i-Octree hkd—Tree hkd-Tree
(Serial) (Serial) (Serial)
nclt_1 3.66 343 2.95 2.82 1.79 2.46 2.84 2.11 1.44 1.40 1.20 0.59 0.84 1.38 0.40
nclt_2 3.91 3.53 2.95 2.83 1.87 2.59 2.90 2.09 1.48 1.44 1.32 0.63 0.86 1.35 0.43
nclt_3 3.70 3.25 2.80 2.74 175 243 2.66 1.99 1.40 135 1.27 0.59 0.81 1.34 0.40
nclt_4 4.04 3.45 291 2.78 1.83 2.64 2.80 2.07 1.46 1.40 1.40 0.65 0.84 1.32 0.43
nclt_5 3.46 2.41 2.47 2.21 1.50 2.17 1.93 1.78 1.21 113 1.29 0.47 0.69 1.00 0.37
m2dgr_1 5.74 6.10 3.95 4.19 2.87 3.36 5.20 2.67 2.39 2.29 2.38 0.90 1.28 1.80 0.57
m2dgr_2 5.12 5.06 3.86 3.79 2.84 3.13 4.28 2.58 2.18 217 2.00 0.79 1.28 1.61 0.67
m2dgr_3 5.49 5.16 3.90 3.79 3.01 3.34 4.37 2.61 2.18 2.33 2.14 0.79 1.28 1.61 0.68
liosam_1 3.12 1.85 2.01 1.30 0.89 1.66 1.44 1.42 0.70 0.70 1.46 0.40 0.59 0.60 0.19
liosam_2 2.65 1.75 1.50 1.30 1.00 1.58 1.39 1.02 0.76 0.74 1.07 0.36 0.48 0.54 0.25
liosam_3 4.63 1.75 1.80 1.54 1.07 2.67 1.39 1.12 0.76 0.76 1.96 0.36 0.68 0.78 0.31
utbm_1 8.37 2.72 2.85 3.04 1.72 5.11 2.00 1.93 1.26 1.32 3.27 0.72 0.92 1.78 0.39
utbm_2 8.37 2.68 2.95 3.20 1.74 5.11 1.95 1.95 1.27 1.32 3.27 0.73 1.00 1.93 0.41
utbm_3 7.84 3.07 3.20 2.74 1.95 4.66 2.27 2.23 1.41 1.37 3.18 0.80 0.97 1.33 0.59
utbm_4 8.75 2.75 3.05 3.28 1.71 5.24 1.98 1.93 1.31 1.30 3.51 0.77 1.12 1.97 0.41
utbm_5 8.22 2.97 3.00 2.81 1.83 4.95 2.18 2.02 1.43 1.30 3.26 0.79 0.98 1.38 0.54
utbm_6 6.81 3.33 3.08 2.58 1.86 3.38 2.44 2.08 1.32 1.27 343 0.89 1.00 1.26 0.59
utbm_7 11.75 3.12 3.78 3.50 1.86 7.16 2.23 2.66 133 1.43 4.59 0.89 1.12 2.17 0.43

LKNN Search: The average time consumption for KNN search in each scan.
2Incremental Update: The average time consumption for new point insertion in each scan.

TABLE IV
AVERAGE PROCESSING TIME PER SCAN (MS)
FAST-LIO2 FASTER-LIO FASTER-LIO DLIO LIO-SAM LILI-OM LIO-HKDT LIO-HKDT
(i-Octree) (Serial)

Total Total Total Total Pre. Opt. Pre. Opt. Total Total
nelt_1 727 7.61 718 23.76 X X X X 7.13 6.45
nclt_2 770 7.88 7.46 2222 X X X X 741 6.66
nclt_3 7.31 743 7.10 20.24 X X X X 7.01 6.29
nclt_4 175 7.80 7.36 19.68 X X X X 7.33 6.61
nclt_S 6.97 6.56 6.60 1559 879 1898 4942 28.62 6.55 5.89
m2dgr_1 10.30 11.95 10.42 2090 479 1752 3245 31.62 10.05 8.79
m2dgr_2 933 10.52 9.90 2078 7.37 5.07 2598  26.26 9.40 8.52
m2dgr_3 9.87 10.71 10.02 2126 830 9.73 2638 25.78 9.40 8.75
liosam_1 572 5.1 521 1200  8.09 9.95 5296  31.36 4.00 347
liosam_2 593 5.55 4.62 11.85 826 9.90 59.33  32.86 430 3.87
liosam_3 742 5.54 4.83 1275 7.34 9.95 66.70  42.78 430 3.86
utbm_1 1332 8.35 8.55 17.20 - - 28.12  31.38 8.49 757
utbm_2 13.32 8.34 8.79 18.33 2994 3339 8.69 7.61
utbm_3 13.19 8.96 9.11 18.01 2579 2175 8.70 8.07
utbm_4 13.96 8.56 9.29 17.74 3048 3245 8.89 7.81
utbm_5 13.42 8.77 8.86 18.57 2583 20.79 8.74 7.89
utbm_6 14.72 12.18 8.92 17.13 2491 2054 8.38 7.84

16.68 8.60 8.95 18.21 2734 2154 8.80

across all datasets. This allows us to independently evaluate
the point cloud processing efficiency of each structure within
a practical LIO system. The results are presented in Table
III. In addition, we record the per-scan processing time of
each LIO method to assess the impact of the underlying
data structure on the overall runtime efficiency of the sys-
tem. For FAST-LIO2, FASTER-LIO, FASTER-LIO(i-Octree),
DLIO, and LIO-HKDT, the total processing time refers to the
entire odometry pipeline (including point cloud preprocessing,
undistortion, downsampling, pose estimation and incremental
updates). Since LIO-SAM and LILI-OM deploy odometry and
mapping in separate ROS nodes, we report the average time
for preprocessing (Pre., including feature extraction and rough
pose estimation) and optimization (Opt., such as back-end
fusion in LILI-OM and incremental smoothing and mapping
in LIO-SAM) separately. To enable fair comparison with other
methods, the sum of these two components is reported as the
total processing time.

As shown in Table III, hkd-Tree consistently achieves the
lowest total runtime for KNN search and incremental updates
across all sequences, while its serial variant, hkd-Tree(Serial),
also outperforms iVox-Linear and ikd-Tree in most cases.
In KNN search, hkd-Tree and hkd-Tree(serial) consistently
achieve the lowest latency, significantly outperforming other
methods. For incremental update, hkd-Tree also demonstrates
excellent performance when executing insertion tasks in par-

allel threads. It is worth noting that direct point-to-voxel
assignment enables fast updates in iVox-Linear. However,
its search speed degrades rapidly as point density increases,
limiting overall performance.

As shown in Table IV, LIO-HKDT achieves the lowest
average per-scan processing time across all datasets. Its se-
rial variant, LIO-HKDT(Serial), outperforming most baseline
methods, with only FASTER-LIO and FASTER-LIO(i-Octree)
achieving comparable performance on a few sequences (e.g.,
nclt_3 and nclt_5). Although FASTER-LIO performs slightly
better on a few sequences (e.g., utbm_1 and utbm_2), its
overall efficiency remains lower than that of the full LIO-
HKDT. This is because the hkd-Tree in LIO-HKDT maintains
a balanced computational cost between point insertion and
KNN search, allowing the system to benefit significantly from
parallel processing. However, FASTER-LIO suffers from a
major performance bottleneck in the search stage, where even
parallelization yields only limited improvement in overall ef-
ficiency. FAST-LIO2 exhibits higher average processing times
across most sequences. Meanwhile, the data structures used in
LIO-SAM, LILI-OM and DLIO require frequent reconstruc-
tion, resulting in significantly higher processing times.

To further analyze the worst-case performance and peak
computational load of LIO-HKDT, we recorded the per-frame
processing time of both LIO-HKDT and FASTER-LIO on the
liosam_1 sequence. As shown in Fig. 3, LIO-HKDT exhibits
more stable processing performance with smaller fluctuations
compared to FASTER-LIO. In the liosam_1 sequence, the
maximum (worst-case) processing latency of LIO-HKDT is
6.57 ms, which is significantly below the LiDAR frame inter-
val (100 ms). This demonstrates that LIO-HKDT can maintain
real-time performance even under peak computational load
conditions.

2) Accuracy Evaluation: We use the root mean square
error (RMSE) of Absolute Pose Error (APE) as the evaluation
metric for pose estimation accuracy. Due to weather and GNSS
interference, some public datasets lack reliable ground truth
and are therefore excluded from evaluation. To ensure reliable
comparison, we select 13 representative sequences with high-
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Fig. 3. Per-frame processing time of LIO-HKDT (yellow) and FASTER-LIO
(blue) in liosam_1. The x-axis represents the LiDAR frame index, and the
y-axis indicates the processing time per frame (ms).

TABLE V
RMSE OF ABSOLUTE TRANSLATION (M) ON SEQUENCES WITH RELIABLE
GROUND TRUTH

FASTERLIO TASTER-LIO 1) 1
(i-Octree)

FAST-LIO2 LIO-SAM  LILI-OM LI(OS;:_?:]E)T LIO-HKDT

nelt_1 1.81 1.96 1.73 477.68 x X 2.30 171
nclt_2 1.53 1.31 1.37 115.20 X X 1.35 129
nclt_3 297 231 230 314.28 X X 223 274
nclt_4 224 159 1.69 190.84 X X 1.70 1.85
nclt_5 0.90 1.00 0.91 1.36 1.13 1.35 1.02 0.96
m2dgr_1 0.19 0.19 0.19 0.35 0.24 0.41 0.18 0.18
m2dgr_2 0.34 0.34 0.34 0.45 0.33 1.09 0.33 0.33
m2dgr_3 0.23 0.23 0.23 0.43 0.12 0.36 0.21 0.21
liosam_1 0.51 0.52 0.52 0.66 0.66 1.15 0.51 0.50
utbm_1 12.36 13.15 12.64 12.30 - 18.87 13.48 13.19
utbm_2 12.49 12.85 12.86 15.48 - 14.70 12.64 12.66
utbm_4 14.83 15.43 15.09 13.12 - 13.06 15.86 14.48
utbm_7 10.37 11.13 10.73 55.83 - 15.69 10.86 11.18

Fig. 4. LIO-HKDT mapping results on the liosam_2 (a) and nclt_5 (b) se-
quences, demonstrating accurate reconstruction and stable geometry alignment
in different outdoor scenes.

quality ground truth from multiple datasets. Additionally, as
LIO-HKDT is a pure odometry system without loop closure
or global optimization, the loop closure modules in LILI-OM
and LIO-SAM are disabled to ensure fair comparison.

As shown in Table V, LIO-HKDT achieves trajectory ac-
curacy comparable to FAST-LIO2 and FASTER-LIO across
most sequences. The performance differences observed across
datasets are mainly attributed to the inherent randomness in
LiDAR-inertial odometry systems, although minor influences
from dataset characteristics or algorithmic sensitivity may
also contribute. Similar to FAST-LIO2 and FASTER-LIO,

the LIO-HKDT performs LiDAR-IMU data synchronization,
point cloud preprocessing, and filter-based state estimation
during each run, which may not be exactly identical across
executions. As a result, slight fluctuations can be observed
in the final estimated trajectories. Importantly, LIO-HKDT
maintains comparable trajectory accuracy to FAST-LIO2 and
FASTER-LIO while achieving significantly higher computa-
tional efficiency.

Fig. 4 presents the mapping results of LIO-HKDT in real-
world environments, showing good global consistency, clear
local details, minimal accumulated drift, and no noticeable
ghosting artifacts. Fig. 5 shows representative trajectories from
the long-range NCLT dataset, which includes sequences up
to 401 km and 111 minutes. As illustrated, LIO-HKDT
maintains stable and efficient performance throughout these
challenging long-term sequences, demonstrating strong robust-
ness and efficiency.

-------- Ground-truth

-------- Ground-truth s --=== Ground-truth D
= — Estimate Result

— — Estimate Result — — Estimate Result

Error: small — large Error: small — large } Error: small — large

(a) nclt_1 (b) nclt_2 (b) nclt_3

Fig. 5. Ground-truth and estimated trajectories on the NCLT dataset. Dashed
lines indicate the ground-truth trajectories, while colored solid lines show the
estimated results. The color encodes the trajectory error, with red indicating
larger errors and blue indicating smaller errors.

V. CONCLUSIONS

In this letter, we proposed an efficient data structure, hkd-
Tree, to improve the efficiency of point cloud search and
incremental update in LIO system. The hkd-Tree is a hash
table where each key corresponds to a voxel index and each
value to a local k-d tree. A voxel distribution mechanism and
a buffered update strategy are further introduced to enhance its
efficiency. Our method combines the localized search advan-
tages of voxel-based methods with the efficient KNN search
of k-d tree. It also avoids the computational overhead caused
by exhaustive neighbor traversal and the maintenance of large
global trees. Extensive experiments on randomly generated
and real-world datasets show that hkd-Tree enables efficient
KNN search and insertion, demonstrating its effectiveness in
real-time LIO applications. While the hkd-Tree exhibits strong
overall performance, its efficiency may decrease under certain
extreme conditions. In cases of extremely sparse point clouds,
its performance approaches that of iVox-Linear, whereas with
very large voxel sizes, it degrades to a level comparable to
a static k-d tree. Our future work will focus on preventing
such degradation under extreme scenarios to further enhance
the robustness of the proposed method.
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