
ScanDP: Generalizable 3D Scanning with Diffusion Policy

Itsuki Hirako1, Ryo Hakoda1, Yubin Liu1, Matthew Hwang1,
Yoshihiro Sato2 and Takeshi Oishi1

Abstract— Learning-based 3D Scanning plays a crucial role
in enabling efficient and accurate scanning of target objects.
However, recent reinforcement learning-based methods often
require large-scale training data and still struggle to generalize
to unseen object categories. In this work, we propose a data-
efficient 3D scanning framework that uses Diffusion Policy to
imitate human-like scanning strategies. To enhance robustness
and generalization, we adopt the Occupancy Grid Mapping
instead of direct point cloud processing, offering improved
noise resilience and handling of diverse object geometries. We
also introduce a hybrid approach combining a sphere-based
space representation with a path optimization procedure that
ensures path safety and scanning efficiency. This approach
addresses limitations in conventional imitation learning, such as
redundant or unpredictable behavior. We evaluate our method
on diverse unseen objects in both shape and scale. Ours
achieves higher coverage and shorter paths than baselines, while
remaining robust to sensor noise. We further confirm practical
feasibility and stable operation in real-world execution.

I. INTRODUCTION

3D scanning plays an essential role across a wide range
of fields, including robotics [1], autonomous driving [2],
industrial inspection [3], and digital archival [4], [5]. Typical
examples of 3D scanning systems include handheld scanners
operated by humans and sensor-equipped platforms such
as drones or mobile robots that are actively controlled to
acquire data. However, human-operated 3D scanning faces
significant challenges, such as substantial time consumption,
labor intensiveness, and vulnerability to human errors. Ob-
taining complete surface data can require several hours even
for objects comparable in size to a statue, while scanning
large structures like buildings may take several days. More-
over, errors during the scanning process may necessitate re-
scanning, further impeding the efficiency of high-quality 3D
data acquisition.

In light of these challenges, recent research has actively
explored the automation of 3D scanning. Automated 3D
scanning approaches can generally be categorized into rule-
based and learning-based methods. Rule-based methods effi-
ciently determine scanning positions according to predefined
strategies. A common example is mounting a scanner on
the end-effector of a robotic arm to scan objects placed on
a turntable [6]. For large-scale environments, autonomous
drone-based 3D mapping systems equipped with LiDAR
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Fig. 1: Generalizable 3D Scanning Policy. Our proposed
framework ScanDP can generalize to unseen objects with
a small amount of training data (Right). Prior works lack
generalization capability and are not robust to changes in
conditions (Left).

sensors have also been developed [7], [8]. In contrast,
learning-based methods seek to optimize scanning strategies
through trial and error via reinforcement learning (RL) [9],
[10]. Although learning-based approaches have demonstrated
strong performance for specific categories of objects, chal-
lenges remain in enhancing generalizability and reducing
computational costs.

To address these challenges, imitation learning (IL) has
emerged as a promising solution. IL enables the acquisition
of high-precision policies with high sample efficiency by
directly imitating expert demonstrations [11]–[15]. In partic-
ular, for complex 3D scanning tasks where explicit reward
design for RL is difficult, IL provides a data-driven ap-
proach to acquiring effective strategies. Recently, Diffusion
Policy [11], a framework that applies conditional diffusion
models to continuous control problems, has demonstrated
high flexibility and powerful modeling capabilities. How-
ever, IL still faces challenges, including the occurrence of
unexpected behaviors [16] and the generation of suboptimal
actions.

Therefore, this paper proposes a method for autonomous
3D scanning that achieves high generalization performance



TABLE I: Comparison of prior works.

Input Camera
Encoder

Pose Image Point Cloud Count Mobile

Diffusion Policy [11] ✓ ✓ ✗ 2 ✗ ResNet
3D Diffusion Policy [16] ✓ ✗ ✓ 1 ✗ MLP
GenDP [18] ✓ ✓ ✓ 4 ✗ PointNet++ [19]

ScanDP (ours) ✓ ✗ ✓ 1 ✓ SparseConv [20]

and optimal path planning. The proposed method is built
upon Diffusion Policy, a framework within IL. While existing
approaches typically rely on point clouds to perceive the
3D environment, our method utilizes an occupancy grid map
(OGM) [17], enabling not only spatial understanding but also
integrated recognition of measurement uncertainties. Further-
more, to mitigate the issues of unexpected behaviors and
suboptimal actions, we introduce a maximum empty sphere
(bubble) representation combined with path optimization
techniques to enhance robustness and overall performance.

The main contributions of this work are summarized as
follows:

1) Generalizability. The proposed method achieves high
generalization performance even on unseen and com-
pletely different types of objects, demonstrating strong
adaptability across diverse scanning targets.

2) Efficiency. It enables the training of high-performing
models with a limited amount of expert data, reducing
the burden of extensive data collection efforts.

3) Robustness. The method shows robustness to robot
motion disturbances and noisy input conditions, sug-
gesting its potential for stable operation in practical
scenarios.

We evaluate our method across various object categories,
measuring coverage and path length. Our approach consis-
tently achieves higher coverage than baselines, which often
become stuck at certain viewpoints.

II. RELATED WORK

A. 3D Scanning

Rule-based methods. An illustrative example of a rule-
based approach is frontier-based exploration (FBE) [8], [21],
which uses heuristics to select the optimal frontier at the
boundary of known regions when deciding the next action.
However, due to their heuristic nature, rule-based methods
cannot adapt based on prior data and tend to perform
poorly in complex environments. To address these limita-
tions, learning-based methods have been actively studied in
recent years.

Learning-based methods. Learning-based approaches
primarily utilize reinforcement learning and are often framed
as a Next-Best View (NBV) problem. Some studies op-
timize viewpoints from a set of predefined views on a
hemisphere [22], [23], while others optimize viewpoints
freely in space [10], [24]. However, these methods typically
require training on hundreds of objects to achieve good
generalization, leading to high training costs. Moreover, RL

approaches require extensive reward design, which can be
challenging and labor-intensive.

Hence, in this work, we propose a 3D Scanning method
based on IL, which offers higher training efficiency and
better generalization capabilities.

B. Diffusion Models for Robotics

Recently, approaches incorporating Diffusion Models into
IL have attracted significant attention. Diffusion Models,
originally developed in the field of image generation, have
demonstrated strong expressiveness across a variety of gen-
erative tasks [25]–[27]. Diffusion Models learn data distribu-
tions by progressively adding noise to data and subsequently
learning to denoise through a neural network. One of the key
strengths of Diffusion Models is their ability to model high-
dimensional continuous distributions, enabling stable learn-
ing. Moreover, Diffusion Models can generate conditioned
outputs by incorporating modalities such as text and images.

According to these characteristics, the application of Dif-
fusion Models to robotics has recently been extensively
explored, beginning with the introduction of the Diffusion
Policy (DP) in manipulation [11], [16], followed by naviga-
tion [28], planning [29], and integration with large language
models (LLMs) [30]. The aforementioned DP treats images
as observations and employs a Diffusion Model to generate
actions in the context of imitation learning. However, since
DP relies on RGB images, it struggles to capture the three-
dimensional spatial structure of environments, resulting in
limited robustness to variations in camera viewpoints, sur-
rounding environments, and object properties.

3D Diffusion Policy (DP3) addresses this limitation by
utilizing point clouds instead of images as observations, re-
sulting in improved generalization across objects of different
sizes and morphology [16].

However, little research has focused on leveraging Diffu-
sion Policy in the context of 3D scanning. Furthermore, given
that the objects subjected to scanning may be of significant
cultural value, the risk of collision must be eliminated,
necessitating safe path optimization.

To generate optimal long-horizon actions, we adopt the
OGM for the observation input instead of point clouds,
enabling an explicit representation of the whole scanning
process. In our experiments, we set DP and DP3 as baselines
for comparison and evaluation. Please refer to Tab. I for the
differences in conditions between the proposed method and
existing approaches.

III. METHODOLOGY

A. Overview

We design ScanDP to perform efficient and high-precision
3D scanning by generating a global path for camera move-
ment. At each time step t 2 N, ScanDP receives a camera
pose x t 2 SE(3) and a depth map Dt 2 RH � W as the
observation ot = fx t ;Dt g. H � W is the resolution of
the input depth map. In this work, we treat the pose x as
the action space. The policy takes the past h observations
ot � h+1: t as input and outputs the next N actions a t :t + N � 1.



…

Bubble-based Collision Filter

Occupancy Grid Map 𝒪𝑡

Diffusion Policy 𝜋𝑑𝑝
MLP 𝜗𝑚𝑙𝑝

…

Viewpoint Extraction

Historical Pose

Camera State 𝑥𝑡−ℎ

Camera State 𝑥𝑡

…

Sparse
Convolution

𝜗𝑠𝑐

⨁

𝒆𝑐𝑎𝑚

𝒆𝑜𝑔𝑚

𝑎0
Viewpoints 𝑋

Collision-free Trajectory 𝑋𝑓𝑟𝑒𝑒Optimized Trajectory 𝑋𝑜𝑝𝑡

Update 𝒪𝑡 in each
time step with 𝒫𝑡

Only use states in
the latest ℎ steps

Fig. 2: Method Overview. ScanDP consists of two main components: Path Generation (Upper part) and Path Optimization
(Lower part). In the Path Generation phase, actions are generated from a diffusion policy conditioned on an occupancy
grid map (OGM) and the current camera pose. In the Path Optimization phase, the generated actions are refined through a
bubble-based collision filter and viewpoint extraction to optimize the scanning trajectory.

ScanDP continues to move until it reaches a predefined time
limit T . The final output is a point cloud constructed from
all depth maps D1:T .

ScanDP is a visuomotor policy that achieves precise and
efficient path generation by learning from a small number
of human scanning demonstrations. An overview of the
framework is shown in Fig. 2. ScanDP consists of two main
parts: (a) Path Generation, where actions are generated
from a diffusion policy conditioned on depth images and
previous camera poses, and (b) Path Optimization, where
the generated actions are refined using a minimal sphere
representation and dynamic programming. The following
sections describe each component in detail.

B. Path Generation

OGM Representation. At time t the OGM is defined by a
3D voxel grid M = fm g and their occupancy probabilities
p: Ot = f(m ; p(m jo1:t )) jm 2 Mg. OGM integrates
measurements up to time step t based on a Bayesian update,
using the camera pose x t and the corresponding point cloud
Pt as inputs at the t-th update [17]. From the depth map
Dt and camera pose x t , we obtain a point cloud Pt in the
world coordinate system: Pt = x t � �� 1(Dt ). Here � is
the projection function, and � is the rigid transformation.
Bresenham’s line algorithm [31] is used to determine the
grid cells to be updated: the grid containing Pt is designated
as the l hit , and the grids along the line segment between the
camera center and Pt are designated as l miss .

Assuming that the OGM update follows a Markov pro-
cess, we incrementally update the occupancy probability
p(m jx 1:t ;P1:t ) of a grid m using the log-odds belief [17],
[32]. The odds ratio of the occupancy probability is derived

as follows:

log
p(m jx 1:t ;P1:t )

1� p(m jx 1:t ;P1:t )
= log

p(m jx t ;Pt )

1� p(m jx t ;Pt )

+ log
p(m jx 1:t � 1;P1:t � 1)

1� p(m jx 1:t � 1;P1:t � 1)
+ log

1� p(m )

p(m )

(1)

By assuming the prior p(m ) = 0 :5 and using the log-
odds notation L( �) (m ) = log

�
p(m j (·))

1� p(m j (·))

�
, the OGM update

process can be performed as follows:

L1:t (m ) = L1:t � 1(m ) + Lt (m ): (2)

Following [32], we set Lt (m ) to 0:85 for l hit and �0:4 for
l miss.

In previous studies using OGM [9], [17], [32], grid cells
are often classified into Free, Occupied, and Unknown states
based on thresholding. However, in this work, since we aim
to capture the change in p, we use the raw probability values
without classification during the encoding process.

Encoding OGM. To extract features from the OGM, we
apply Sparse Convolution [20], [33]. Although 3D Convo-
lution is commonly used for feature extraction from voxel
grids, it is inefficient and less effective for sparse tensors,
such as OGMs, where many voxels represent free space.
Thus, inspired by prior work [34], we also adopt sparse
convolution for feature extraction from the OGM. The en-
coder takes the occupancy probabilities of each grid as input
and outputs feature representations. The encoder architecture
consists of three sparse convolution layers, an average pool-
ing layer, and a final fully connected layer. Applying the
sparse convolution encoder � sc to the occupancy grid map
Ot , we obtain the feature vector: eogm = � sc(Ot ).

Action Generation. Our policy is modeled as a Denoising
Diffusion Probabilistic Model (DDPM) [26]. Our model gen-
erates actions conditioned on the concatenated features of the



OGM feature and the camera pose feature: e = ecam�eogm.
The camera pose x t is encoded using a simple MLP � mlp

by the following formula ecam = � mlp (x t � h+1: t ), where h
is the historical observation length.

At inference time, an initial noisy action ak is sampled
from a standard normal distribution, and denoising is per-
formed progressively according to the update rule in Eq. (3),
yielding the final action a0.

ak � 1 = �k

�
ak � 
k " �

�
ak ; k;e

��
+ �kN (0; I ): (3)

Here, " � denotes the noise prediction network, which takes as
input the noisy action ak , timestep index k, and conditioned
feature e, and outputs the estimated noise. �k , 
k , and �k

are predefined hyperparameters. Note that k here denotes the
diffusion timestep indexing the iterative denoising process
(from k = K for pure noise to k = 0 for the clean action),
which is distinct from the action timestep t used elsewhere
to index the robot’s scanning steps.

During training, we add randomly sampled noise " k to the
noise-free action a0 at a randomly selected timestep k, and
train the network to predict the added noise from the noisy
action. The objective is to minimize the mean squared error
(MSE) between the true noise " k and the predicted noise, as
formulated by the following loss function:

L = MSE
�
" k ; " � ( ��k a0 + ��k " k ; k;e)

�
: (4)

Through this training process, the network learns to effec-
tively remove noise at each step, allowing it to progressively
recover high-quality actions from pure noise during infer-
ence. The output consists of N steps of actions, with the
final action denoted as a t + N � 1, and the resulting camera
pose horizon is given as:

X = fx i = a t + i gN � 1
i =0 : (5)

C. Path Optimization

In past research, DP and other IL methods have been
reported to behave unexpectedly during inference. Further-
more, since ScanDP mimics non-optimized human motion,
we perform bubble-based collision filtering and viewpoint
extraction to guarantee (a) collision-free and (b) smooth
trajectory. In practice, we perform the path optimization
discussed above on the 16 action steps produced by the
Diffusion process.

Bubble-based Collision filter. ScanDP verifies the ab-
sence of obstacles around the camera using an Occupancy
Grid Map (OGM). In the OGM, if the occupancy probability
p of a grid exceeds a predefined threshold, the grid is
considered Occupied and is treated as an obstacle. Various
methods exist for identifying obstacle-free spaces, such as
using spheres [8], [35], [36] or polyhedra [7], [37]. In this
study, since it is assumed that there are no obstacles near
the target object, we adopt the simplest form: a bubble.
Searching all grids in the OGM is inefficient. Therefore, we
only consider grids with an occupancy probability greater
than or equal to the threshold �occ as Occupied, and limit the
search to those grids. For each step’s camera translation t i

included in a camera pose x i , we consider a bubble centered
at t i with its radius ri defined as the Euclidean distance to
the nearest Occupied grid. Only viewpoints with ri � rmin
are considered safe and included in the trajectory. Based on
previous work [32], we set �occ = 0 :9 and rmin = 0 :1 m. The
occlusion-free camera pose horizon Xfree is then defined as:

Xfree = fx i j ri = min
g2G occ

kt i � gk2; ri � rmingN � 1
i =0 ; (6)

where Gocc = fgg denotes the set of grid centers marked as
Occupied in the OGM, respectively.

Viewpoint Extraction. Following the pre-processing
method used in a previous study [38], our method performs
the following procedure. The final output is denoted as Xopt ,
and prior to optimization, Xopt is initialized to Xfree.

Given a camera pose horizon Xfree that is guaranteed
to be safe by the Bubble method. A linear interpolation
function f is used to construct the trajectory from the camera
pose horizon as: �opt = f (Xopt). To evaluate how well �opt

approximates the original path, we define the reconstruction
loss L as follows:

L(�̂ ; � ) = max
x 2 �

min
x̂ 2 �̂

d(x ; x̂ ); (7)

where d(�; �) denotes the Euclidean distance function. For
each pose x free 2 Xf ree , the distance to the nearest point on
the approximate trajectory is computed, and the maximum
of these distances is taken as the loss. Based on Eq. (7), we
consider the following optimization problem:

min
X opt
jXoptj s.t. L(f (Xopt );Xfree ) � �: (8)

The goal is to minimize the number of poses included in
Xopt while ensuring that the reconstruction loss L remains
below a threshold �. This optimization problem is solved
using dynamic programming. Based on the optimized camera
pose horizon Xopt , the camera is moved accordingly.

IV. SIMULATION EXPERIMENTS

A. Setup

Simulation Environment. All experiments were con-
ducted using Genesis [39], a physics simulator for robot
learning. The experiments were run on a system equipped
with an NVIDIA GeForce RTX 3090 GPU and an AMD
Ryzen 9 5950X 16-core CPU. The resolution of the acquired
Dt was set to 224� 224 pixels, with a field of view (FoV)
of 45� �45� . The objects to be scanned were prepared to fit
within a cubic area with a side length of 0:25m. The OGM
covered a cubic area with a side length of 0:8 m with the
grid size set to 0:02 m. In our experiment, action horizon
N = 16 and observation horizon h = 2 .

We used the following methods for comparison:
1) Random: Random actions (camera poses) were gen-

erated within the action space, and the shortest path
visiting all points was derived using the Traveling
Salesman Problem (TSP) [40].

2) Random Hemisphere: Random points were scattered
on the surface of a hemisphere centered on the object,
and the shortest TSP path was used to visit all points.



TABLE II: Evaluation results of Scanning policies. All policies are trained only on trajectories scanning theStanford
Bunny. Coverage is shown in mean� std. We �nd that ScanDP consistently achieves the highest coverage while maintaining
low variance.

Policy

Bunny Armadillo Dragon Spot

� 1.0 � 1.5 � 1.0 � 1.5 � 1.0 � 1.5 � 1.0 � 1.5

Random 92.30 – 89.05 – 90.20 – 86.04 –
Random Hemisphere 85.88 – 95.85 – 88.96 – 96.52 –
Uniform Hemisphere 85.92 – 96.18 – 88.92 – 86.41 –

Diffusion Policy [11] 94 � 8:9 73 � 9:4 95 � 2:0 92 � 0:8 89 � 1:0 73 � 17:5 95 � 4:8 78 � 1:2
3D Diffusion Policy [16] 94 � 9:0 79 � 17:9 94 � 8:2 88 � 8:5 93 � 4:2 90 � 5:9 94 � 5:6 73 � 19:6

ScanDP (ours) 97 � 2:4 87 � 1:1 99 � 0:6 96 � 0:9 97 � 0:6 87 � 0:7 97 � 2:1 91 � 0:2

3) Uniform Hemisphere: Uniformly distributed points
were generated on the same hemisphere using the
Fibonacci lattice, and the shortest TSP path was used
to visit all points.

4) Diffusion Policy (DP) [11]: A method using the
Diffusion Policy. For a fair comparison, we use a single
depth image for the input.

5) 3D Diffusion Policy (DP3) [16]: A variant of the
Diffusion Policy which utilizes point clouds. The input
is a single depth image, and the camera is mobile rather
than being �xed.

Evaluation was performed by running 500 inference steps
for each method on each target object.

Dataset. We used only the Stanford Bunny model from
the Stanford 3D Scanning Repository1 to obtain training
data. With the model positioned in a simulator environment,
we created scanning trajectories by controlling a simulated
RGB-D camera using the IMU in an Intel RealSense T265,
which is connected to the virtual camera. Each scan consists
of 500 steps, and the training dataset has �ve trajectories in
total. In addition to the Stanford 3D Scanning Repository, the
evaluation dataset included objects with signi�cant occluded
areas, such as the Spot model [41]. During evaluation, we
recorded 500 steps, following the same protocol as in the
dataset generation. When replaying the demonstration on
novel objects (Scale� 1.0), the average coverage was 85%,
with self-occluded regions remaining unscanned.

Evaluation Metrics. We used the coverage metric
C(P) [24] to evaluate scanning performance and the path
length to evaluate scanning ef�ciency. We generated the
ground-truth point cloudPgt = f pgtg by applying Poisson
Disk Sampling [42] to the original mesh model to ensure
uniform sampling. The point cloudPt is generated from
Dt captured at each camera pose. AllPt were recorded,
and at the end of each inference, voxel downsampling was

1https://graphics.stanford.edu/data/3Dscanrep/

(a) Bunny (b) Armadillo

(c) Dragon (d) Spot

Fig. 3: Path length comparison (Scale� 1:0)

applied to the accumulatedP1:t to obtain the evaluation point
cloud P = f pg. P was compared withPgt to compute the
coverage. The coverageC(P) is given as follows:

C(P) =
1

jPgtj

X

p 2P

U
�

min
p gt2P gt

kp � pgtk2 � �
�

; (9)

whereU is the Heaviside step function, and� is a distance
threshold.

B. Performance Comparison

We conducted experiments with three different initial
positions. Each trial ran for a �xed number of 500 steps.
As shown in Tab. II, ScanDP consistently achieved high
coverage with shorter paths. While 3D Diffusion Policy
achieved coverage close to that of ScanDP, its performance
signi�cantly deteriorated depending on the initial camera
position. Across unseen objects with different sizes, ScanDP
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Fig. 4: Path length comparison (Scale� 1:5)

Fig. 5: Visualization of movement paths from DP3 and
ScanDP.ScanDP with path optimization attains the shortest
path length and smoothest movement. We �nd that DP3 tends
to get stuck in a particular location when scanning objects
not seen during training.

achieved94:0� 4:3% coverage, while DP and DP3 achieved
87� 11% and89� 11%.

The main reason is better recovery of self-occluded re-
gions: DP and DP3 often revisit visible areas, while ScanDP
selects complementary viewpoints that reveal hidden sur-
faces. In all methods, larger objects (Scale� 1:5) with
simpler shapes, such as the Stanford Bunny or Spot, tended
to result in lower coverage. This is likely because complex
objects have more distinctive features and are easier to
recognize, whereas simpler shapes lack such feature points.
In the following sections, we evaluate our method and the
baseline methods from two perspectives: target size and noise
robustness.

Scanning Ef�ciency. We evaluated the ef�ciency of cam-
era motion in scanning using the path length. Compared to
learning-based methods, random and hemisphere approaches
result in signi�cantly longer path lengths (50–60 m); there-
fore, we focused our comparison on DP, DP3 and ScanDP.
Figures 3 and 4 show the coverage achieved at different
travel distances for object scales of� 1:0 and � 1:5. We
show that our method achieves high coverage with a shorter
travel distance. In contrast, DP3 and our method without path
optimization include many redundant motions, leading to
inef�ciency and longer path lengths. With path optimization,

TABLE III: Coverage [%] under noisy inputs.

std

0.01 0.1 1

DP3 [16] 73.76 74.20 69.39
ScanDP 98.00 88.91 90.44

TABLE IV: Coverage [%] under different FoV.

Camera
L515

(70� � 43� )
D435

(87� � 58� )
D415

(65� � 40� )

DP3 [16] 58.36 60.89 61.97
ScanDP 89.44 83.13 97.40

ScanDP reduces the total travel distance by an average of
32% compared to no optimization. On the other hand, as
shown in Fig. 5, our method with path optimization resulted
in the smoothest path.

Noise Resistance.We evaluated the effect of adding
Gaussian noise to the input depth mapDt . This evaluation
simulates real scenarios where RGB-D cameras often capture
depth maps with noise, such as when observing objects with
re�ective or under challenging lighting conditions. The same
objects, initial positions, and sizes as in training were used
for consistency in evaluation. For comparison, we selected
DP3 and ScanDP, as they both take the depth map as input
and are thus susceptible to noise.

From Tab. III, ScanDP maintained 88% coverage even
when the Gaussian noise added toDt was 0.1. In contrast,
DP3 experienced a 20% drop in coverage when just 0.01
of noise was added. We attribute this robustness to the
characteristics of the Occupancy Grid Map (OGM). OGM
assigns independent probability values to each grid cell and
integrates multiple observations through Bayesian updates,
which averages out the effects of single noisy observations.
As a result, OGM demonstrates improved robustness against
noise. Moreover, applying a median �lter to the noise-added
Dt before inputting it into the model did not improve the
results of DP3.

FoV generalization. We compared the performance of
our method with different �eld of view (FoV) settings. We
referred to the Intel RealSense L515, D435, and D415 cam-
eras, which have different FoV for experimental settings. As
shown in Tab. IV, the construction of an OGM enables stable
scanning performance across different FoVs, demonstrating
that the method is robust to variations in the FoV.

C. Ablations

We analyze the impact of key design choices in ScanDP
using the same evaluation protocol as the main experiments.
We report coverage and path length on unseen objects after
the �xed 500-step budget. Tab. V summarizes con�guration
changes and their outcomes.

We compared the default unthresholded OGM with thresh-
olded OGM (classifying cells intoOccupied, Free, and


