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Abstract— A clean map of the surrounding environment is
essential for autonomous driving systems to ensure reliable
localization and safe path planning. However, the existence
of dynamic objects introduces ghost traces into the map,
significantly degrading its quality. To address this issue, we
propose EnhanceERASOR, a two-stage framework for static
3D point cloud mapping, consisting of a lightweight Online-
ERASOR stage for real-time static mapping and an Offline-
Refinement stage for global optimization. The Online-ERASOR
stage utilizes the egocentric ratio of pseudo occupancy between
consecutive scans to identify dynamic points, followed by verifi-
cation and post-processing strategies to suppress false positives
and false negatives. The Offline-Refinement stage introduces
a submap-to-map consistency check to suppress semi-dynamic
and slow-moving objects, and adopts a voxel-guided strategy
for dense static mapping. Extensive experiments on diverse
datasets with different scenarios and sensors demonstrate the
superior performance, robustness, and generalization ability of
our proposed method in static map construction.

I. INTRODUCTION

With the rapid development of science and technology,
unmanned vehicles and autonomous robots have become the
current research hotspots and have been gradually applied to
various fields, including transportation, logistics, industrial
automation, etc. Constructing a map of the surrounding
environment is crucial for autonomous mobile platforms to
navigate and drive safely. A reliable environmental percep-
tion system is necessary for high-quality map construction.
Due to the environmental robustness and ability to provide
reliable depth estimation, 3D light detection and ranging (Li-
DAR) sensors have emerged as an essential tool to perceive
the surrounding environment for autonomous driving.

Simultaneous Localization and Mapping (SLAM) is a core
component of autonomous mobile platforms [2], [3], [4].
Most SLAM algorithms are based on the assumption that
the surrounding environment is static and time-invariant.
However, dynamic objects inevitably exist in most real-world
scenarios, which may introduce ghost tracks into the map
(see Fig. 1a) and adversely affecting downstream modules. In
the localization task, dynamic objects may reduce accuracy
and robustness by introducing ambiguous features or mislead
the matching process [5], [6], [7]. In the path planning
task, dynamic objects may be mistakenly regarded as static
obstacles, leading to unnecessary obstacle avoidance and
long path allocation. Thus, the elimination of dynamic points
is critically significant.
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(a) Original Map (b) Static Map

Fig. 1: The original accumulated map and the static map
built by our proposed method.

In this paper, we propose EnhanceERASOR, a novel two-
stage framework for static 3D point cloud mapping, com-
bining an online scan-to-scan Online-ERASOR stage with
a submap-to-map Offline-Refinement stage. Building upon
prior work [8], [9], [10], our method utilizes region-wise
pseudo occupancy descriptors to represent point clouds and
identify potentially dynamic points. The complete pipeline is
illustrated in Fig. 2, and the main contributions of our work
are summarized as follows:

• We propose a two-stage framework for static 3D point
cloud mapping, comprising a lightweight scan-to-scan
Online-ERASOR stage for real-time mapping and an
Offline-Refinement stage for global map optimization
and dense mapping.

• In the Online-ERASOR stage, we extend the height
difference and height encoding descriptors proposed
in [8], [9] to enhance point cloud representation, and
introduce false positive detection and post-processing
strategies to mitigate performance degradation under
limited temporal observations.

• In the Offline-Refinement stage, we introduce a submap-
to-map consistency check module to suppress semi-
dynamic and slow-moving objects, and employ a voxel-
guided strategy for dense map construction.

• Experiments on diverse datasets [7], [11], [12] demon-
strate the effectiveness, robustness, and generalization
ability of our method in static 3D point cloud mapping.

II. RELATED WORK

A. Offline Static Mapping

OctoMap [13], Peopleremover [14] and DUFOMap [6]
are typically methods that utilize ray tracing to eliminate
dynamic points. These methods construct a global voxel
occupancy grid and traverse it from the sensor to the mea-
sured points to find differences in volumetric occupancy. The
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Fig. 2: Framework of EnhanceERASOR. The pipeline consists of two stages: (i) Online-ERASOR removes dynamic points
and constructs a downsampled static map in real time by comparing the Region-wise Pseudo Occupancy Descriptors between
the current and previous scans. (ii) Offline-Refinement performs consistency checks with static submaps to further improve
the quality of the static map, and generates a dense static map by voxel-guided comparison.

voxels intersected with the sensor’s line of sight are classified
as dynamic and the points within them are subsequently
rejected. However, ray tracing-based methods are usually
computationally costly.

Visibility-based methods are proposed to improve com-
putational efficiency. A point is categorized as dynamic if it
occludes the line of sight of a previously observed point. Kim
et al. [15] introduce Removert, which adopts a range image-
based visibility check and extends a multiresolution version
for better static map construction. However, both visibility-
based and ray tracing-based methods struggle with incidence
angle ambiguity and occlusion issues [7].

Egocentric ratio of pseudo occupancy-based methods have
been widely applied to static map construction due to their
promising performance and low computational load. Lim et
al. [8] propose ERASOR, which detects dynamic points by
comparing the region-wise relative height between a query
scan and the accumulated map. Zhang et al. [9] extend
this approach by introducing a height encoding descriptor
to identify dynamic regions more effectively.

B. Online Static Mapping

The conventional methods for online static mapping are
mainly based on the principles of the above offline meth-
ods. Yoon et al. [16] use a motion-compensated freespace
querying algorithm and classify between dynamic and static
labels at the point level. Fan et al. [17] propose a framework
consisting of scan-to-map front-end and map-to-map back-
end modules. It integrates the visibility-based approach to
remove dynamic points and the map-based approach to revert
false positives. Wu et al. [18] propose M-Detector, which
leverages depth images to examine the occlusion relation

between current and previous points and then uses the
occlusion clue to eliminate dynamic points.

Learning-based methods typically involve deep neural
networks and supervised training with labeled datasets [7].
Chen et al. [19] propose LMNet that concatenates range
images with residual images as input to the LiDAR se-
mantic segmentation network [20], [21], [22], and trains
it with binary labels to distinguish dynamic points from
static points. Sun et al. [23] propose a dual-branch neural
network structure, consisting of a range image branch to
encode the appearance features, a residual image branch to
encode the motion features, and a multi-scale motion-guided
attention module to fuse them. Mersch et al. [24] convert
the sequential scans into voxelized sparse 4D point clouds
and apply sparse 4D conventions [25] to predict dynamic
confidence scores. However, learning-based methods face
several challenges, e.g., the requirement for high-quality
labeled data, imbalanced data during training, and limited
generalizability over different datasets, etc.

III. METHODOLOGY
Our primary objective is to construct a static voxel-

downsampled point cloud map from a sequence of 3D
LiDAR scans, which is memory-efficient and sufficient to
support most downstream tasks. In addition, we provide an
offline module to construct a dense static map from the voxel-
downsampled map, enabling applications that require high-
density maps.

In previous studies [8], [9], [10], the scan-to-map frame-
work has been employed to remove dynamic points from
the map, which may falsely reject static points neighboring
the estimated dynamic points due to the limitation of bin
resolution, as shown in Fig. 3. To address this issue, we
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Fig. 3: Comparison of the static mapping process between
ERASOR [8] and our designed Online-ERASOR stage.
ERASOR falsely removes static objects near the dynamic
objects due to its limited bin resolution. In contrast, our
scan-to-scan method preserves more static structure by the
complement between different scans.

propose an enhanced framework that integrates an online
scan-to-scan mapping stage and an offline refinement stage.
The Online-ERASOR stage is the core component of our
framework, effectively removing the majority of dynamic
points while operating in real time. The schematic diagram
of our proposed method is illustrated in Fig. 2. Further details
of each component are discussed in the following sections.

A. Problem Definition

Let P =
{
pk = [xk, yk, zk, 1]

T | k = 1, · · · , N
}

be a 3D
point cloud with N points. We denote the current scan in the
local sensor frame S at time step t by P(t)

S and the sequence
of M previous scans by P(l)

S with t −M ≤ l ≤ t − 1. Let
Tw

t ∈ SE(3) be the transformation matrix between the tth

sensor frame and the world frame, then we can align the uth

scan to the viewpoint of vth scan by:

P(u→v)
S =

{
T v

upk | pk ∈ P
(u)
S

}
(1)

where T v
u = (Tw

v )
−1

Tw
u .

Let M̂ be the estimated static map, then the static point
cloud mapping problem is defined as follows:

M̂ = ν

 ⋃
t∈[T ]

{
Tw

t pk | pk ∈ P
(t)
S − P̂

(t)
S,dyn

} (2)

where ν(·) denotes voxelization and [T ] is the total set of
time steps.

B. Region-wise Pseudo Occupancy Descriptors

Since raw point clouds are inherently unordered and
unstructured, it’s challenging to process them directly. More-
over, the large volume of raw point clouds leads to high
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Fig. 4: Visual description of Region-wise Pseudo Occupancy
Descriptors. The Height Boundary Descriptor records the
minimum and maximum heights to encode vertical boundary
information. The Height Distribution Descriptor counts the
number of points in each layer to encode vertical distribution
information, where DD1 represents occupancy feature with
a low cardinality threshold and DD2 represents occlusion
feature with a high cardinality threshold.

computational costs. Therefore, it is necessary to adopt
suitable descriptors to extract distinctive features from the
raw point clouds. Based on [8] [9], we utilize two kinds
of Region-wise Pseudo Occupancy Descriptors (R-POD):
Height Boundary Descriptor (HBD) and Height Distribution
Descriptor (HDD).

When the current scan comes, we first align it to the
previous scan’s coordinate frame using Eq.(1). Then the point
cloud is separated into bins based on azimuthal direction and
radial position, i.e., sectors and rings:

Bi,j =
{
pk | pk ∈ PS ,

(i− 1)Lmax

Nr
≤ ρk <

iLmax

Nr
,

(j − 1)2π

Nθ
≤ θk <

j2π

Nθ
, Hmin < zk < Hmax

} (3)

where ρk =
√
x2
k + y2k denotes the radial distance, θk =

arctan 2(yk, xk)+π denotes the azimuthal angle, Nr and Nθ

are the numbers of rings and sectors, and Lmax, Hmin, Hmax
is physical boundary parameter.

Let Zi,j =
{
zk | pk = [xk, yk, zk, 1]

T
,pk ∈ Bi,j

}
be the

height set of the points in Bi,j . The HBD of each bin is
defined as follows:

DB
i,j = (min {Zi,j} ,max {Zi,j}) (4)

To represent the distribution of height values, we further
divide each bin into layers. Let Li,j(α) be the point set in
the αth layer of Bi,j , which is defined as follows:

Li,j(α) =

{
pk | pk ∈ Bi,j ,

(α− 1) (Hmax −Hmin)

Nl

≤ zk <
α (Hmax −Hmin)

Nl

} (5)

where Nl is the number of layers. Subsequently, we utilize
binary representation to encode the state of each layer and
apply bitwise operation to obtain the HDD of each bin:

DD
i,j =

Nl∑
α=1

Oτ
i,j(α) · 2α−1 (6)
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Oτ
i,j(α) =

{
1, if |Li,j(α)| > τ

0, otherwise.
(7)

where |·| denotes the cardinality of the set and τ is the
constant threshold. We set two thresholds: one with a low
value to represent the occupancy information and another
with a high value to represent occlusion information.

The final representation of the R-POD is given by:

D =

{(
DB

i,j ,D
D1
i,j ,D

D2
i,j

)
i,j

}
(8)

An intuitive illustration of the R-POD is provided in Fig. 4.

C. Dynamic Region Detection
Due to the online nature of the Dynamic Region Detection

(DRD) module, the limited temporal context may lead to
false positives during the Scan Ratio Test (SRT) step. To
mitigate this issue, the Height Stack Check (HSC) and
Occlusion Check (OC) are introduced to improve the removal
performance by providing additional structural cues.

Firstly, the SRT is utilized to detect potentially dynamic
regions. Let D(t→l)

S and D(l)
S be the R-POD of the current

scan and the previous scan, where t − M ≤ l ≤ t − 1.
Diverging from ERASOR [8], we unify the infimum of
height when computing height differences for each pair of
bins. This helps prevent false positives caused by occlusion
in low layers. The optimized SRT is formulated as follows:

R(t→l)
i,j =

max
{
Zl
i,j

}
−min

{
Zl
i,j , Z

(t→l)
i,j

}
max

{
Z

(t→l)
i,j

}
−min

{
Zl
i,j , Z

(t→l)
i,j

} (9)

The bins with a scan ratio smaller than the threshold τr are
considered potentially dynamic.

HSC is proposed to revert false positives arising from
sensor noise in the SRT step. HSC calculates the number
of non-overlapping and overlapping layers in potentially
dynamic bins and examines their ratio, as described below:

H(t→l)
i,j =

HW
(
DD1(t→l)

i,j ∧
(
¬DD1(l)

i,j

))
HW

(
DD1(t→l)

i,j ∧ DD1(l)
i,j

) (10)

where HW(·) is the Hamming Weight function that returns
the number of 1’s in the binary representation, ∧ and
¬ denote AND and NOT bitwise operations respectively.
The potentially dynamic bins with a ratio smaller than the
threshold τh are reverted to static regions.

OC is designed to revert false positives arising from
occlusion in the SRT step. Due to the varying viewpoints of
the LiDAR, the structures observed at the current moment
might be occluded at other moments, leading to differences
in HDD. OC checks whether the highest point in each
potentially dynamic bin of the current scan is visible in the
previous scan, as shown in Fig. 5. The bins that may occlude
potentially dynamic objects are located in the same sector
and are closer to the LiDAR. The indices of the layers that
may occlude the highest point can be calculated as follows:

L(r) =

⌊
rkcLmax/Nr −Hmin

Hmax −Hmin
Nl

⌋
(11)

𝒕

𝒕 − 𝟏

𝑷𝑺
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Fig. 5: Illustration of the Occlusion Check. In the driving
scenario illustrated, the cone is missed by the LiDAR at time
step t − 1 due to the occlusion by a tree, which results in
a discrepancy in the Height Boundary Descriptor and the
cone being incorrectly detected as a potentially dynamic
object by the SRT. Occlusion Check effectively reverts this
false positive by examining the visibility of the potentially
dynamic object in the previous scan.

where r is the ring index of the bin to be examined, kc =
zc/ρc is the slope of the highest point, and ⌊·⌋ denotes the
floor function. The occlusion flag of the potentially dynamic
bin is formulated as follows:

O(t→l)
i,j =

rc−1∨
r=0

LSB
(
DD2(l)

r,j ≫ L(r)
)

(12)

where rc = ⌊ρcNr/Lmax⌋ is the ring index of the highest
point, ≫ denotes the right-shift bit operation,

∨
(·) denotes

the sequential logic operation, and LSB(·) denotes the least
significant bit of a binary number. The potentially dynamic
bins with a positive occlusion flag are marked as unknown
and are excluded from the subsequent voting mechanism.

D. Voting Mechanism and Post-processing

After a series of scan-to-scan comparisons and checks, M
pointwise predictions for the current scan are obtained. We
fuse these results and utilize post-processing steps to further
improve the precision of dynamic points estimation.

Voting Mechanism (VM) is applied to calculate the dy-
namic confidence score for each point by fusing all scan-to-
scan predictions. The confidence score is defined as the ratio
of the number of dynamic votes to the total number of valid
votes. Points with a score exceeding the probability threshold
τd1 are identified as dynamic, and the corresponding bins are
classified as high-confidence dynamic regions.

Clustering Filter (CF) is employed to remove isolated
dynamic points, which are more likely to be noise. To
improve processing speed, the Depth-First Search (DFS)
algorithm is utilized to extract the connected high-confidence
dynamic bins, and then Euclidean Clustering (EC) is applied
to filter out noise from each bin cluster.

Dynamic Region Growth (DRG) is designed to further
eliminate the low-confidence points near the high-confidence
dynamic points. Although DRG may mistakenly remove
static points, the missing static structures can be recovered
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Algorithm 1 Post-processing

Input: Raw point cloud P(t), prior dynamic point cloud
P̂−

dyn, pointwise dynamic score S, threshold τd2.
Output: Posterior dynamic point cloud P̂(t)

dyn.
1: P̂(t)

dyn = ∅
2: Bdyn = ConcentricZoneDivision(P−

dyn) ▷ The set of
non-empty dynamic bins.

3: B(t) = ConcentricZoneDivision(P(t)) ▷ The set of
non-empty bins.

4: Cdyn = DepthFirstSearch(Bdyn) ▷ Extract connected
dynamic bins.

5: for each cluster Ci in Cdyn do
6: P̂(t)

dyn ← P̂
(t)
dyn ∪ EuclideanCluster(Ci)

7: for each bin Bj in RegionGrow(Ci) do
8: for each point pk in Bj do
9: if S[k] > τd2 then

10: P̂(t)
dyn ← P̂

(t)
dyn ∪ {pk}

11: end if
12: end for
13: end for
14: end for

by other scans owing to our scan-to-scan framework. DRG
first extracts the connected high-confidence dynamic bins
using the DFS algorithm. Then the bin cluster is expanded to
include surrounding bins, and a smaller probability threshold
τd2 is used for classification in the expansion space. A
pseudo-code of the post-processing is shown in Algorithm. 1.

Our approach is based on the assumption that most dy-
namic objects are inevitably in contact with the ground [8].
Following Patchwork [26], we adopt Region-wise Ground
Plane Fitting (R-GPF) to discriminate ground points in
dynamic regions. The identified ground points are restored
to static points, while others above the ground are rejected.
Finally, the cleaned scan is accumulated into the static map.

E. Offline Static Map Refinement

Static Map Consistency Refinement (SMCR) leverages
multiple submaps to perform consistency analysis from a
global perspective, aiming to suppress semi-dynamic points
and refine the static map. We still employ region-wise pseudo
occupancy features for inconsistency detection. Compared
with the online stage, the offline refinement adopts stricter
criteria to minimize the loss of static structures, as ac-
cumulated submaps provide more stable observations than
single frames, while most dynamic points have already been
removed during the online stage. Regions are classified as
inconsistent if the scan ratio between the global map and
the local submaps exceeds a predefined threshold τr and a
sufficient number of low-height ground points are observed
within the submap. Then the non-ground points within these
inconsistent regions are removed from the global map.

Voxel-guided Dense Map Generation (VDMG) is designed
to produce a dense static map from the refined downsampled
static map. We first construct a voxel occupancy grid from

TABLE I: Ablation Study of the Online-ERASOR Stage on
the SemanticKITTI Sequence 05.

Method PR RR F1

Ours 98.67 97.45 0.981
w/o HSC 97.34 97.56 0.974
w/o OC 82.63 98.59 0.899
w/o CF 96.01 98.45 0.972
w/o DRG 99.93 69.54 0.820

TABLE II: Ablation Study of the Offline-Refinement Stage
on the Semi-indoor Dataset.

Method SA DA AA
Ours 96.78 93.17 94.96
w/o SMCR 97.32 56.98 74.47
w/o sub-voxel strategy 97.86 85.28 91.35

the refined map and apply morphological closing to fill
voxel gaps. Then, by performing frame-by-frame voxel-wise
comparison, points falling within occupied voxels are iden-
tified as static and accumulated to form a dense static map.
To improve segmentation accuracy near the ground, which
typically contains a mixture of dynamic and static points, the
maximum point height within each ground voxel is recorded
as a threshold for identifying static points, thereby achieving
sub-voxel-level precision.

IV. EXPERIMENTAL RESULTS
A. Experimental Setups

The experimental datasets include subsequences from
SemanticKITTI (VLP-64) [11], [12], semi-indoor dataset
(VLP-16) [7], and our own outsquare dataset (MID360),
covering a variety of sensor types and scenarios. We evaluate
the performance of our online stage using the benchmark
proposed by Lim et al. [8], which utilizes voxel-wise metrics
Preservation Rate (PR), Rejection Rate (RR), and F1 score
to quantitatively assess the quality of the estimated static
map. Additionally, the benchmark proposed by Zhang et
al. [7] is used to evaluate the quality of the dense map
generated in the offline stage, which employs point-wise
metrics Static Accuracy (SA), Dynamic Accuracy (DA), and
Associate Accuracy (AA).

For all experimental sequences, we maintain an R-POD
Memory Bank using the previous ten scans sampled at
intervals of four frames for comparison, and set the voxel
size to 0.2 m for voxel-wise operations. For the R-POD, we
set Nr = 120, Nθ = 160, and Nl = 32. For the SRT, HSC,
and SMCR, we set τr = 0.3 and τh = 0.5. For the voting
mechanism, we set τd1 = 0.5 and τd2 = 0.1 by default.

B. Ablation Study

As the core part of our method, the Online-ERASOR
stage directly determines the quality of the constructed static
map. To this end, an ablation study is designed to evaluate
the effectiveness of each component within the Online-
ERASOR stage. As illustrated in Table I, the complete
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w/o HSC w/o OC w/o DRG w/o SMCR w/o sub-voxel strategy
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Fig. 6: Visual evaluation of the effect of module removal in ablation studies. The first three columns correspond to the
Online-ERASOR stage, while the last two columns correspond to the Offline-Refinement stage. The red, green, gray, and
blue points indicate true positives, false positives, true negatives, and false negatives, respectively.

TABLE III: Comparison with State-of-the-Art Methods Based on Voxel-Wise Metrics. † Means Online Methods.

KITTI small town (00) KITTI Residential (05) Semi-indoor Square-MID360
Methods PR ↑ RR ↑ F1 ↑ PR ↑ RR ↑ F1 ↑ PR ↑ RR ↑ F1 ↑ PR ↑ RR ↑ F1 ↑
ERASOR[8] 93.98 97.08 0.955 88.73 98.26 0.921 90.2 91.95 0.911 88.94 90.71 0.898
ERASOR++[9] 96.82 96.10 0.965 96.53 97.67 0.971 - - - - - -
BeautyMap[5] 95.31 97.94 0.966 92.33 97.41 0.948 90.31 78.44 0.840 84.34 84.18 0.843
DUFOMap[6] 98.70 98.58 0.986 98.13 88.98 0.933 99.92 70.81 0.829 99.74 61.27 0.759
Octomap w GF†[7] 88.29 98.88 0.933 88.06 96.14 0.919 73.5 90.59 0.812 85.84 71.79 0.782
DynamicFilter†[17] 90.07 91.09 0.906 90.17 84.65 0.873 - - - - - -
Dynablox†[28] 98.68 86.85 0.924 98.75 78.07 0.872 85.63 71.02 0.776 95.06 80.01 0.869
Online-ERASOR†(ours) 97.79 97.45 0.976 98.67 97.45 0.981 92.83 94.68 0.937 92.49 97.51 0.949
EnhanceERASOR (ours) 97.34 98.12 0.977 98.07 98.09 0.981 92.58 99.04 0.957 92.34 99.58 0.958

Online-ERASOR stage achieves state-of-the-art performance
over other ablated variants, showing the highest F1 score.
Fig. 6 presents a visual comparison to further demonstrate
the effects of removing different modules. HSC improves
the PR marginally by reverting false positives caused by
sensor noise, which is particularly beneficial for low-height
objects where noise points may lead to an abnormal scan
ratio. OC discards unreliable votes from occluded frames,
thereby effectively reducing false positives, which is critical
in dense scenarios with frequent occlusions and limited visi-
bility. DRG eliminates additional points near high-confidence
dynamic points, significantly improving RR with only a
slight decrease in PR and achieving a better trade-off between
PR and RR. This aggressive strategy is particularly effective
for large dynamic objects and slow-moving objects.

The second experiment is conducted to evaluate the impact
of the SMCR module and the sub-voxel strategy in the
Offline-Refinement stage. As shown in Fig. 6, SMCR ef-
fectively eliminates temporarily static semi-dynamic objects,
and the sub-voxel strategy enhances the precision of static
point identification near the ground. These modules signifi-
cantly improve DA while causing only a minor decrease in
SA, as reported in Table II.

C. Comparison of Static Mapping Performance

The quantitative comparison with other state-of-the-art
methods based on voxel-based metrics is summarized in
Table III, with the qualitative results illustrated in Fig. 7. Our
method achieves state-of-the-art performance among baseline

methods, obtaining the highest F1 scores on most sequences.
Compared to offline ERASOR [8] and ERASOR++ [9],
our Online-ERASOR stage preserves more static structures
owing to the complementary nature between consecutive
scans, achieving an improvement in PR while maintaining
comparable RR. Furthermore, the Offline-Refinement stage
enables the complete system to remove semi-dynamic and
slow-moving objects better, as demonstrated by the results
on the semi-indoor and Square-MID360 datasets. The static
points incorrectly removed and the dynamic points falsely
retained by our method are primarily concentrated near the
map boundaries, where LiDAR observations are normally
insufficient to identify as static regions accurately. By lever-
aging statistical features along the vertical dimension for
dynamic point identification, our method shows improved
robustness in sparse scenarios compared to voxel-occupancy
methods such as OctoMap[7], [13] and DUFOMap [6].

Based on the high-quality voxel-downsampled static maps
generated by our method, the offline voxel-guided dense
mapping module achieves excellent performance, attaining
the highest AA on most sequences, as shown in Table IV. A
visualization of dense mapping results is presented in Fig. 8.
Most dynamic points are effectively removed, while residual
points are mainly located near the ground and static obstacles
due to the limited voxel resolution.

D. Robustness under Sparse LiDAR Inputs

To quantitatively evaluate the robustness of our proposed
method under sparse input conditions, we simulate sparse
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TABLE IV: Comparison with State-of-the-Art Methods Based on Point-Wise Metrics. † Means Online Methods.

KITTI small town (00) KITTI highway (01) KITTI residential (05) Semi-indoor
Methods SA ↑ DA ↑ AA ↑ SA ↑ DA ↑ AA ↑ SA ↑ DA ↑ AA ↑ SA ↑ DA ↑ AA ↑
ERASOR[8] 66.70 98.54 81.07 98.12 90.94 94.46 69.40 99.06 82.92 94.90 66.26 79.30
BeautyMap[5] 96.76 98.38 97.56 99.17 92.99 95.98 96.34 98.29 97.31 93.69 90.67 92.17
DUFOMap[6] 97.96 98.72 98.34 98.09 94.20 96.12 - - - 99.64 83.00 90.94
Octomap w GF†[7] 93.06 98.67 80.64 97.27 88.18 95.78 93.54 92.48 93.01 96.79 73.50 83.55
Dynablox†[28] 96.76 90.68 93.62 96.33 68.01 79.73 97.80 88.68 93.02 98.81 36.49 53.30
EnhanceERASOR (ours) 98.79 96.99 97.89 99.10 94.50 96.78 99.44 96.32 97.89 96.78 93.17 94.96

Octomap w GF †
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Fig. 7: Qualitative comparison of different static mapping methods. The red, green, gray, and blue points indicate true
positives, false positives, true negatives, and false negatives, respectively.

Fig. 8: Visualization of dense mapping results by our method,
with blue, yellow, and orange indicating true negatives, true
positives, and false negatives, respectively.

point clouds by downsampling the LiDAR beams to 32 and
16, which are commonly deployed on cost-effective plat-
forms. As illustrated in Table V, our method demonstrates
strong robustness, maintaining comparable performance de-
spite a significant reduction in input density. In the highway

TABLE V: Performance under Different Simulated LiDAR
Beam Configurations on the SemanticKITTI Dataset.

KITTI highway (01) KITTI residential (05)
Beam PR RR F1 PR RR F1

64 97.01 95.55 0.963 98.67 97.45 0.981
32 92.80 95.51 0.941 98.33 97.49 0.979
16 87.06 91.22 0.891 97.21 95.19 0.962

scenario of Seq.01, the PR decreases by approximately 10%,
primarily due to the high vehicle speed with sparse LiDAR
beams, which results in severely insufficient observations.
Consequently, our method tends to make conservative predic-
tions, mistakenly removing more static points. In the residen-
tial scene of Seq.05 with a slow vehicle speed, our method
maintains consistent scores with negligible degradation.

E. Algorithm Speed

We analyze the computational complexity of each module
and investigate the time consumption on an onboard PC
equipped with an Intel i7-8559U CPU (2.7 GHz, 4 cores).
As shown in Table VI, the worst-case time complexity of
our Online-ERASOR stage is O(N logN), and in scenarios
where the majority of objects are static, the time complexity
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TABLE VI: Computational Cost Analysis of the Online-
ERASOR Stage using the SemanticKITTI Dataset.

Module Time Complexity Parallelisation Runtime/frame[s]
R-POD O(N)

Frame-level 0.041DRD O(NθN
2
r )

VM O(N)
CF O(Nd logNd)

Bin-level 0.014DRG O(Nd)
R-GPF O(Nd)

Accumulation O(N) - 0.006

Nd denotes the number of dynamic points.

reduces to O(N). By employing parallelization techniques,
our Online-ERASOR stage operates at 61 ms per frame (16.4
Hz) on average, which is faster than the common sensor
frame rate of 10 Hz, indicating that our Online-ERASOR
stage can run in real time to generate static maps. The voxel-
guided dense mapping, executed in the offline stage without
strict runtime requirements, operates at 96 ms per frame (10.4
Hz) and can be accelerated via frame-level parallelization.

V. CONCLUSIONS

In this paper, a novel two-stage framework for static 3D
point cloud mapping, called EnhanceERASOR, has been pre-
sented. The lightweight Online-ERASOR stage enables real-
time dynamic point removal, while the Offline-Refinement
stage enhances the quality of the static map, and generates a
dense static map via the voxel-guided strategy. Experiments
on diverse datasets demonstrate the superior performance
and robustness of our method. In future works, we plan
to integrate our method into an online SLAM framework
to improve the localization accuracy and mapping quality,
thereby better supporting downstream modules.
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