
PGP-DOR: A Point-Grid-Point Scheme for Efficient Dynamic Object

Removal
Shuo Wang1, Zhenping Sun1, Hanzhang Xue2, Bokai Liu1, Hao Fu1 and Luo Yinfu1

Abstract—In the field of autonomous driving, constructing
high-precision maps, typically represented as 3D point cloud
maps or bird’s-eye view (BEV) grid maps, is essential for both
offline and online applications. However, the presence of dynamic
objects within a scene can introduce artifacts and noise that
significantly degrade the quality of these maps. To address this
challenge, we propose a method in this paper that can accurately
identify those dynamic objects in both online and offline settings.
Our approach fully exploits the spatio-temporal attributes of
BEV grid maps and utilizes a point-grid-point (PGP) scheme
to identify moving objects at both the 3D point cloud level and
the 2D BEV grid level. Experimental results from public datasets,
as well as a self-collected dataset, demonstrate that our method
consistently outperforms state-of-the-art approaches in dynamic
object removal in both online and offline contexts. The code and
the newly introduced dataset will be made publicly available at:
https://github.com/MichealRW/PGP-DOR .

Index Terms—Mapping, Object Detection, Segmentation and
Categorization, Probabilistic Inference.

I. INTRODUCTION

GENERATING point cloud maps and bird’s-eye view
(BEV) maps from LiDAR data is a fundamental task in

autonomous driving. These maps not only enhance situational
awareness but also provide a crucial foundation for subsequent
path planning tasks.

However, moving objects, such as pedestrians or vehi-
cles, introduce artifacts and noise into point cloud and BEV
maps (as shown in Figure 1). Consequently, the efficient
identification and removal of dynamic objects are essential
for enhancing map quality and ensuring robust autonomous
navigation.

Existing dynamic object removal methods can be broadly
classified into two categories: learning-based and rule-based
methods. Learning-based approaches [1]–[5], particularly
those utilizing deep learning techniques, have demonstrated
exceptional performance in dynamic object removal. However,
these methods are heavily dependent on large-scale annotated
datasets, the construction of which are often time-consuming
endeavors. Furthermore, these learned models usually overfit
to specific datasets, which restricts their generalizability to
other datasets created with different LiDAR types.
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Fig. 1. This figure shows the map-level dynamic removal results (left figure)
and the frame-level dynamic detection results (right figure) generated by the
PGP-DOR method proposed in this paper. Dynamic objects are highlight in
red.

Alternatively, rule-based methods [6]–[10] identify dynamic
objects by leveraging geometric and temporal cues in LiDAR
data. While these methods can effectively remove moving
objects, they struggle in complex environments due to LiDAR
sparsity and suffer from high computational costs, making
them less suitable for real-time applications.

To address these limitations, we propose a novel and ef-
ficient dynamic object removal method in this paper. This
method leverages both the efficient 2D BEV grid representa-
tion and the accurate 3D point cloud representation, combining
the advantages of both through a point-grid-point scheme. In
this scheme, dynamic attributes are first estimated at the point
level. Subsequently, the point estimation results are fused at
the BEV grid map level through a point projection step. At
the BEV grid level, a Bayesian Generalized Kernel Inference
(BGKI) step [11] is introduced for dense attribute estimation.
The inferred states are then transformed back to the point level
for further refinement.

The key contributions of this paper are as follows:
• We propose a bidirectional Point-Grid-Point update strat-

egy for moving object detection. This method fully
utilizes the efficiency of the 2D BEV grid map rep-
resentation and the accuracy of the 3D point cloud
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representation.
• At the 2D BEV level, we design a spatio-temporal infer-

ence method and also a BGKI module for dense dynamic
attribute analysis. This approach effectively captures spa-
tial dependencies while suppressing noise artifacts.

• The proposed method is evaluated in both the Se-
manticKITTI dataset and a dataset that we collected with
a different type of LiDAR. State-of-the-art results were
achieved in both datasets, confirming the applicability of
our approach to different types of LiDARs.

The remainder of this paper are organized as follows: Sec-
tion II reviews related work, Section III describes the proposed
method in detail, Section IV and Section V presents the
experimental evaluation of our method, Section VI concludes
the paper.

II. RELATED WORK

A. Map Representation Methods

An efficient map representation method is important for
both real-time online perception tasks and offline map con-
struction tasks in autonomous driving. Existing map repre-
sentation approaches include 3D point cloud map, 2D grid
map [12], mesh map [13]–[16], neural implicit map [17], etc.

3D point cloud map is a lossless representation of the
environment. To process this map, approaches such as Point-
Net have been proposed, which can achieve high semantic
segmentation accuracy [13]. However, these methods often
suffer from high computational costs, hindering their real-time
application.

Compared to raw 3D point cloud map, 3D voxel map
or 2D grid map significantly reduce storage requirements.
3D voxel-based representation methods, such as Octree [17]
provides an efficient spatial partitioning scheme. Zhu et al. [14]
proposed i-Octree, a framework designed for large-scale sce-
narios. Hornung et al. [15] introduced OctoMap, a probabilistic
occupancy grid mapping approach based on Octree. Duberg
et al. [16] extended OctoMap by introducing UFOMap, which
efficiently encodes three distinct states within the octree struc-
ture, allowing for fast insertion and rapid occupancy state
queries.

In practical autonomous driving implementations, 2D BEV
grid map have emerged as the dominant representation method
due to its computational efficiency. While BEV grid maps can
effectively model the surroundings of autonomous vehicles,
they struggle to capture overhanging objects. Meng et al. [12]
introduced a dual-layer BEV representation method, in which
one layer records the maximum terrain elevation value, while
the other stores the minimum height of overhanging objects.
Inspired by this approach, we also develop a specific method
in this paper to handle these overhanging objects.

B. Dynamic Object Removal Methods

Dynamic object removal methods can be broadly catego-
rized into learning-based and rule-based approaches. Learning-
based methods leverage labeled datasets to train deep neural
networks. Mersch et al. [1] utilized sparse 4D convolutions for

spatio-temporal feature extraction. Sun et al. [2] introduced
a spatio-temporal fusion framework that uses range image
representation to generate per-point dynamic probabilities.
Wang et al. [3] proposed a dual-branch fusion strategy for
motion and instance prediction. Zhang et al. [5] presented
DeFlow, which estimates scene flow in LiDAR data to detect
and remove dynamic objects. Despite their ability to handle
complex motion patterns, these methods require extensive
labeled datasets and usually overfit to a specific type of
LiDAR.

On the contrary, rule-based methods typically explore the
geometric attributes and handcrafted rules for dynamic object
removal. Pagad et al. [6] used log-odds probability and a
voxel traversal algorithm to estimate the dynamic state of
a voxel. OctoMap-based approaches [15] employ ray-casting
operator to mark occupied regions. Building on this work,
DUFOMap [7] optimizes the octree insertion step to fur-
ther enhance efficiency. Additionally, some approaches utilize
range image representation to reduce computational loads,
such as Removert [8], ERASOR [9], and ERASOR2 [10].
However, these methods are designed for offline usage, and
cannot be used in online settings.

Fig. 2. The limitation of rule-based approaches is the tendency to remove
ground points that are occluded by moving objects.

Another limitation of these rule-based methods is that they
tend to generate lots of false positive detections in ground
regions, as shown in Fig. 2. Therefore, some methods intro-
duce ground segmentation as a pre-processing step to help
eliminate these false positives. For example, Fu et al. [18]
introduced a terrain modeling step to classifiy the LiDAR
points into terrain points and non-terrain points, and dynamic
objects are only found in these non-terrain points. Arora et
al. [19] leverage an offline OctoMap framework to construct
a reference ground model for enhanced dynamic filtering.
Inspired by LeGO-LOAM [20], Yuan et al. [21] employ a
ground segmentation strategy, augmented with spatio-temporal
consistency checks for dynamic detection. However, until now,
there is no perfect ground segmentation algorithm. Errors
that occur during the ground segmentation step could not be
remedied in the subsequent dynamic object detection steps.
To overcome this limitation, we introduce a point-grid-point
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Fig. 3. The pipeline of the proposed PGP-DOR method. This method takes sequential point clouds and their poses as input, processes them through point
cloud preprocessing, point-level dynamic analysis, grid-level dynamic analysis and point-level decision making. The outputs include both frame-level results
for online applications and map-level results for offline applications.

update scheme in this paper that will re-evaluate all points’
dynamic state after the BEV grid-level processing.

III. METHOD

In this work, we make a structural assumption tailored to au-
tonomous driving scenarios: dynamic objects can only appear
above the terrain surface and remain below the lowest occupied
height of surrounding obstacles. Based on this assumption,
we first prioritize terrain modeling to remove the terrain and
all points beneath it, thereby isolating the above-ground point
cloud. The remaining points are then subjected to dynamic
analysis to distinguish moving objects from static ones. As
illustrated in Fig. 3, the proposed framework is organized into
four modules: point cloud preprocessing, point-level dynamic
analysis, grid-level dynamic analysis, and point-level decision-
making.

A. Point Cloud Preprocessing

Following the structural assumption that dynamic objects
appear only above the terrain and below the lowest occupied
height of surrounding obstacles, we first construct a BEV ter-
rain height model, denoted as hterr, to separate terrain points
from above-ground points (non-terrain points). This process
corresponds to the Terrain Modeling module illustrated in
Fig. 3.

In the offline setting, a seed-growing strategy [18] is em-
ployed, leveraging all frames along the vehicle trajectory to
expand reliable terrain regions outward from known vehicle
paths. In the online setting, only recent frames are consid-
ered [11]; terrain heights for each grid cell are estimated from
low-variance observations, followed by a Bayesian smoothing
step to improve robustness.

Once hterr is obtained, incoming LiDAR frames Pt are
filtered to remove points below the terrain, leaving only above-
ground points for dynamic analysis. The remaining points are
then mapped to a rolling BEV grid G of size W × H , with
each cell covering w×w meters. Each point p̃t is rotated into
a rotation-invariant frame and translated relative to the grid
center at (Lt0

x , Lt0
y ), producing grid coordinates (U, V ):

U =
W

2
+

⌊
x̃t + Lt

x − Lt0
x

w

⌋
V =

H

2
− 1−

⌊
ỹt + Lt

y − Lt0
y

w

⌋ . (1)

Observed cells are fused with accumulated results to pro-
duce a dense 2D BEV terrain map, where each cell stores the
estimated terrain height hterr. This preprocessing ensures that
the subsequent point-level dynamic analysis operates only on
non-terrain points, simplifying dynamic object detection and
improving robustness.

B. Point-level Dynamic Analysis

For efficient dynamic attribute analysis, we store a sequence
of N temporal adjacent frames. Each point p̃t is firstly
projected to all the N temporal adjacent frames, and in each
frame, we judge if this point can find a match, i.e. a nearby
point within a small distance threshold. If the point cannot
find a match, it increases its chance of being a dynamic point,
and vice versa.

We use the following formula to combine the N comparison
results into a single dynamic confidence score St:

St =

N∑
k=1

ωk · Ik
(
p̃t
)
, (2)
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where Ik(·) is an indicator function indicating that if point p̃t

can find a match in the previous k-th frame. ωk is a weight
function of the k-th frame. We prefer to assign a larger weight
to old frames than recent frames. As a simple case, ωk can be
defined as N − k.

We then use log-odds ratio to transform St into a zero-
centered value βt:

βt = ln

(
St

Sm − St

)
, (3)

where Sm denotes the upper bound of the dynamic confidence
score, defined as the summation of weights across all tempo-
rally adjacent frames.

The dynamic score βt now becomes a real value: A positive
value indicates that the point is more biased toward being
static, while a negative value suggests a stronger tendency
toward being dynamic.

C. Grid-level Dynamic Analysis

The point-level dynamic analysis module proposed in the
previous section provides preliminary motion estimates but
still suffers from noise, especially in occluded regions where
the computationally expensive ray casting operator is not ap-
plied. To enhance robustness, we aggregate point-level results
at the BEV grid level, where evidence can be accumulated and
noise suppressed.

For a grid cell Gc, we use two complementary features
to represent its spatial structure and temporal property: the
spatial feature fs and the temporal feature ft. fs encodes the
vertical distribution of points, while ft characterizes how such
structures evolve across time. Together, they provide a compact
and robust representation of the environment.

Spatial feature. We first select dynamic points with βt > 0
in Gc and compute the mean and variance of their height
values to form a Gaussian distribution. This models both the
typical elevation and its uncertainty, distinguishing flat terrain
from vertical obstacles. To mitigate outliers and sparsity,
we further fuse Gaussians across frames using the Normal
Distributions Transform (NDT) [22], obtaining a compact joint
distribution fs = N (µ,Σ).

Temporal feature. The temporal feature ft is designed to
capture the persistence of dynamic evidence. For each frame,
we extract the maximum confidence score St

MAX and log-
odds ratio βt

MAX , as maximum values highlight the strongest
evidence and avoid dilution by weak signals. The frame-level
ft is then calculated via a bidirectional decay module:

ft =

St
MAX · exp(α) if βt

MAX > 0

(St
MAX − Sm) · exp(α) otherwise

, (4)

where α denotes the duration that the sign of βMAX remains
unchanged in preceding frames. This formulation emphasizes
long-term consistency while suppressing transient fluctuations.

Due to point cloud sparsity, many grid cells may lack valid
fs. To achieve spatial continuity, we adopt the Bayesian Gener-
ative Kernel Inference (BGKI) method [11], which interpolates
features while weighting them by temporal stability. Given

{f c
s = N (µc,Σc)} for observed cells, the inferred feature at

target location G∗ is
µ∗ =

∑No

c=1
µc

Σc
δck (Gc, G∗) +

µ0

Σ0∑No

c=1
1
Σc

δck (Gc, G∗) +
1
Σ0

Σ∗ =
1∑No

c=1
1
Σc

δck (Gc, G∗) +
1
Σ0

+Σ∗

, (5)

where k(·, ·) is the kernel function, and µ0,Σ0 are prior
parameters. The temporal weight

δc = exp

(
−
(
f∗
t

f c
t

)2
)
, (6)

increases the contribution of stable cells with large |ft|,
ensuring that consistent dynamics dominate the interpolation.

Finally, we combine fs and ft to estimate the minimum
dynamic height hmin for a grid cell:

hmin =

µ− 3
√
Σ if ft > 0

+∞ otherwise
, (7)

Here, µ − 3
√
Σ serves as a conservative lower bound for

structures above terrain. Thus, each grid cell has two height
values: the terrain height hterr and the minimum height hmin.
Since hmin > hterr, dynamic objects are constrained to appear
within the interval hterr < h < hmin, achieving a principled
separation between static terrain and dynamic structures.

D. Point-level Decision-making
As shown in Figure 4, the blue line represents the hmin

value and the yellow line represents the terrain height hterr

calculated in section III-A.

Fig. 4. Illustration of minimum height and terrain height. Solid lines indicate
the minimum height at corresponding positions, blue dashed lines denote
regions with infinite minimum height (i.e., ft < 0)

Based on these two values, we could easily judge the
dynamic state of a point by comparing its height value z with
hterr and hmin by:

State =

dynamic if hterr < z < hmin

static otherwise
. (8)

In Fig.4, the hmin and hterr values for the tree part are
both small, and the tree will be considered as a static object. In
contrast, the hmin and hterr value for the rock part could either
be a small value beneath the rock or a relatively large value
corresponding to the surface of the rock. In either of these
cases, the rock will be considered a static object according to
(8).
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IV. EXPERIMENTAL SETUP

We devise two experimental settings to evaluate the algo-
rithm: the online setting and the offline setting. In the offline
setting, the algorithm can process the whole as a dataset in
batch, while in the online setting, it can only process the
frames sequentially. In the offline experiments, we compare the
performance with Removert, ERASOR, OctoMap, and Deflow.
For the online experiments, we compare with Dynablox and
DUFOMap. PGP-DOR denotes the offline version of our
method, where both hterr and hmin are computed using all
frames [18]. PGP-DOR* refers to the online mode, in which
both hterr and hmin are estimated from local historical frames
[11]. PGP-DOR+ is a variant of the online setting, where hterr

is precomputed with the method in [18], while hmin is still
obtained online.

Ablation studies assess the contributions of the bidirectional
decay module described in (4) and the BGKI module described
in (5).

All experiments were performed on a laptop with an Intel
Core i9-13900H processor.

A. Datasets
We evaluate the proposed method using both the Se-

manticKITTI dataset [23] and a self-collected dataset.
The SemanticKITTI dataset, derived from the KITTI odom-

etry data, utilizes a Velodyne HDL-64E LiDAR [24]. It
encompasses urban, residential, and highway scenes, providing
point-wise semantic labels and pose information for dynamic
objects such as vehicles, bicycles, and pedestrians. We perform
experiments on sequences 00 and 01. Following [7], experi-
ments are only performed in a portion of the dataset where
many dynamic objects exist.

To further validate our method across different LiDAR
types, we collected data using a Robosense Ruby Plus-128
LiDAR. The self-collected dataset consists of two scenarios:
an urban traffic scene (DOR-Urban) and an unstructured off-
road scene (DOR-Rural). We manually annotate dynamic
objects in this dataset. The dynamic object categories include
cars, vans, and pedestrians.

Fig. 5. The left figure shows DOR-Urban, and the top right figure shows
DOR-Rural. The bottom right shows the four local views.

B. Metric
Following [25], we adopt Static Accuracy (SA %), Dynamic

Accuracy (DA %), and Associated Accuracy (AA %) to

evaluate the map-level dynamic removal performance. SA
quantifies the proportion of correctly retained static structures,
while DA reflects the correctly removed dynamic objects. The
composite metric AA =

√
SA×DA is a balanced measure

between SA and DA.
For frame level analysis, we employ accuracy (ACC %),

false positive rate (FPR ‰), and F1-score. All metrics are
computed on the original resolution without any downsam-
pling operator.

V. EXPERIMENTS

A. Quantitative results

1) Accuracy: As shown in Table I, Removert achieves a
high SA score but a relatively low DA score. In contrast,
ERASOR achieves superior DA but exhibits instability in SA,
as demonstrated by significant variations between the KITTI
00 and KITTI 01 datasets. This suggests that ERASOR’s SA
is suboptimal in confined environments, such as small towns.
Similarly, although OctoMap achieves the highest DA score,
its SA is comparatively lower, particularly on KITTI 01, where
the prevalence of dynamic obstacles leads to a marked decline
in static accuracy. Deflow shows competitive overall accuracy
in offline scenarios, but its DA performance degrades on
highway and rural scenes, limiting its generalization capability.
In comparison, our PGP-DOR algorithm, benefiting from
its flexible update mechanism, consistently delivers the best
overall performance across all datasets.

Regarding the online methods, Dynablox employs a con-
servative strategy, leading to a lower DA on the DOR-Rural
dataset. In contrast, DUFOMap exhibits balanced performance
across all datasets. Although the online version of our al-
gorithm (PGP-DOR*) experiences a slight reduction in SA
compared to its offline counterpart, its DA remains robust.
By incorporating information from adjacent frames, the PGP-
DOR+ variant obtains a remarkable performance comparable
to the offline version.

2) Efficiency: Figure 7 presents a runtime comparison of
various algorithms. Offline methods generally exhibit longer
runtimes, with OctoMap being the slowest due to its unopti-
mized octree updates. DUFOMap benefits from the optimized
octree insertion of UFOMap, thereby reducing its overall run-
time. As a learning-based approach, Deflow shows the shortest
average runtime across both datasets, though with higher
variance mainly stemming from initialization overheads. In
contrast, PGP-DOR achieves a balanced trade-off between
efficiency and accuracy by employing a BEV grid-based repre-
sentation for dynamic analysis. Moreover, PGP-DOR+ further
reduces runtime by directly utilizing the precomputed hterr

values, making it more efficient while retaining robustness.

B. Qualitative results

Figure 6 shows the three-dimensional reconstruction of the
test scene, the ground truth, and the dynamic detection results
obtained by comparative algorithms. Several observations can
be made from these results: Removert exhibits numerous
missed detections; ERASOR produces lots of false-positive
regions; OctoMap suffers from excessive removal of ground
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Fig. 6. Comparison of dynamic object removal results across different algorithms. For each method, the top row presents the segmentation results of all
points, while the bottom row shows the scene after removing the detected dynamic points. In the visualization, red indicates correctly classified dynamic
objects, blue represents correctly classified static objects, and yellow denotes misclassified regions.

TABLE I
PERFORMANCE COMPARISON OF VARIOUS ALGORITHMS FOR REMOVING DYNAMIC POINTS

KITTI Small Town (00) KITTI Highway (01) DOR-Urban (Ours) DOR-Rural (Ours)

Methods SA ↑ DA ↑ AA ↑ SA ↑ DA ↑ AA ↑ SA ↑ DA ↑ AA ↑ SA ↑ DA ↑ AA ↑

Removert [8] 99.44 41.53 64.26 97.81 39.56 62.20 99.89 31.10 55.74 99.78 54.36 73.65
ERASOR [9] 66.70 98.54 81.07 98.12 90.94 94.46 87.22 98.64 92.75 92.70 44.73 64.40
OctoMap [15] 68.05 99.69 82.37 55.55 99.59 74.38 95.03 91.91 93.46 94.91 96.61 95.76
Deflow [5] 99.91 92.74 96.25 99.82 82.30 90.64 99.97 96.03 97.98 99.97 61.67 78.52
PGP-DOR(Ours) 98.63 97.60 98.11 99.39 93.05 96.17 99.91 98.16 99.03 99.43 99.39 99.41

Dynablox [4] 96.76 90.68 93.67 96.33 68.01 80.94 99.99 61.92 78.69 99.95 25.62 50.60
DUFOMap [7] 98.37 92.37 95.31 98.48 81.34 89.50 99.78 97.24 98.50 99.45 96.34 97.88
PGP-DOR*(Ours) 98.41 97.60 98.00 91.58 94.31 92.93 96.46 99.70 98.07 99.22 99.39 99.30
PGP-DOR+(Ours) 98.62 97.59 98.10 98.19 92.46 95.28 98.99 99.02 99.00 99.34 99.38 99.36
1 DUFOMap*, PGP-DOR*, and PGP-DOR+ all utilize the latest online scanning results per frame as input to ensure real-time

execution. PGP-DOR+ specifically stores precomputed hterr values in advance.
2 The best results are shown in bold and the second best results are shown in underlined. Results are in percentage.

Fig. 7. Processing time of different algorithms.

points and a significant number of missed detections. Deflow
shows relatively good static preservation, but its dynamic
segmentation deteriorates in distant or boundary regions due
to perception range limitations and observation constraints.
The Dynablox method, owing to its conservative nature, fails
to entirely remove occluded vehicles. While DUFOMap gen-
erally performs well, a few missed detections still occur. In
contrast, our PGP-DOR method demonstrates superior overall
performance, with almost no noticeable missed detections, and
exhibits excellent suppression of false positives.

Figure 9(a) illustrates a scenario in which a dynamic vehicle
suddenly stops. Figure 9(b) shows a scene with large dynamic
vehicles. In both of these two scenes, our method performs
consistently well, demonstrating its ability to swift changes
and processing unseen objects.
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(a) Visualization of the estimated min height hmin.

(b) Real-time dynamic detection Results in the BEV map.

Fig. 8. Illustration of minimum height (top) and real-time dynamic detection results in the BEV map (bottom). Colors range from blue (low elevation) to
red (high elevation), with red in BEV indicating dynamic grids and green representing static grids.

(a) A scene where a dynamic vehicle
suddenly stopped.

(b) Large vehicles moving at a rela-
tively slow speed.

Fig. 9. Visualization of dynamic detection results: (a) A scene where a
dynamic vehicle suddenly stopped. (b) A scene with a slow-moving large
vehicle. Dynamic objects are colored in red. The other points are colored by
elevation.

In summary, our algorithm demonstrates robust dynamic
detection performance across a variety of testing scenarios,
exhibiting robustness to occlusions and generating few false
positives.

C. Ablation study

In this section, we evaluate the impact of the BGKI module
mβ and the bidirectional decay module mτ on the overall
performance of the algorithm. In table II, we present the
performance of the PGP-DOR algorithm after the removal of
each module.

TABLE II
ABLATION STUDY OF PGP-DOR

Parameter settings SA [%] ↑ DA [%] ↑ AA [%] ↑

w/o mβ , mτ 44.28 96.50 65.37
w/o mβ 43.72 99.99 66.12
w/o mτ 99.59 95.26 97.40
Final PGP-DOR 99.43 99.39 99.41

From Table II, it can be observed that the BGKI module sig-
nificantly enhances static accuracy (over 55%), as it primarily
functions to smooth and expand the spatial features of the grid
cells. Meanwhile, the bidirectional decay module is designed

to reduce false positives caused by dynamic state transitions,
primarily enhancing the dynamic accuracy (approximately
5%).

From the results presented in the table, it is evident that
both of these two modules help improve the algorithm’s
performance.

D. BEV experiment
In this section, we evaluate the performance of the PGP-

DOR algorithm at the BEV grid level. Fig. 8(a) and Fig. 8(b)
present visualizations of the h min value and the BEV
segmentation results. It shows that h min can effectively
represent the static environment and our PGP-DOR algorithm
can effectively detect the dynamic objects.

TABLE III
COMPARISON OF BEV RESULTS FOR ONLINE ALGORITHMS

Methods KITTI Small Town (00)

ACC [%] ↑ FPR [‰] ↓ F1 [%] ↑

Dynablox [4] 99.97 0.11 68.75
DUFOMap [7] 99.51 4.83 20.69

PGP-DOR(Ours) 99.94 0.52 77.09

Methods DOR-Urban (Ours)

ACC [%] ↑ FPR [‰] ↓ F1 [%] ↑

Dynablox [4] 99.94 0.23 59.34
DUFOMap [7] 99.82 1.59 39.04

PGP-DOR(Ours) 99.96 0.39 79.56

Table III summarizes the BEV-level performance of various
algorithms. Overall, DUFOMap exhibits a relatively high false
positive rate and lower precision, leading to a reduced overall
F1-score. In contrast, Dynablox employs a more conservative
strategy, which effectively reduces the false positive rate.
However, due to its lower recall rate, its F1-score remains sub-
optimal. The PGP-DOR algorithm successfully balances recall
and precision while maintaining a moderate false positive rate,
ultimately achieving the highest F1-score among the evaluated
methods.
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VI. CONCLUSION

This paper introduces PGP-DOR, a dynamic object removal
method based on the Point-Grid-Point scheme. Extensive
evaluations against state-of-the-art methods across various
dynamic scenes demonstrate its superior real-time perfor-
mance. Additionally, further ablation studies and BEV-level
experiments validate the effectiveness of its modular design,
adaptability, and robustness.

Despite its advantages, the grid-level dynamic analysis relies
on multi-frame accumulation, making it susceptible to false
positives in early observations, which adversely affects SA
in real-time scenarios. Additionally, failures in terrain model-
ing can impede the accurate characterization of near-ground
dynamic objects, thereby reducing DA. Future improvements
may involve integrating learning-based methods or scene flow
estimation techniques, as well as incorporating segmentation
and spatio-temporal fusion strategies to enhance overall per-
formance.
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