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ObjSplat: Geometry-Aware Gaussian Surfels for
Active Object Reconstruction

Yuetao Li, Zhizhou Jia, Yu Zhang, Qun Hao, Shaohui Zhang

Abstract—Autonomous high-fidelity object reconstruction is
fundamental for creating digital assets and bridging the
simulation-to-reality gap in robotics. We present ObjSplat, an
active reconstruction framework that leverages Gaussian surfels
as a unified representation to progressively reconstruct unknown
objects with both photorealistic appearance and accurate ge-
ometry. Addressing the limitations of conventional opacity or
depth-based cues, we introduce a geometry-aware viewpoint
evaluation pipeline that explicitly models back-face visibility
and occlusion-aware multi-view covisibility, reliably identifying
under-reconstructed regions even on geometrically complex ob-
jects. Furthermore, to overcome the limitations of greedy plan-
ning strategies, ObjSplat employs a next-best-path (NBP) planner
that performs multi-step lookahead on a dynamically constructed
spatial graph. By jointly optimizing information gain and move-
ment cost, this planner generates globally efficient trajectories.
Extensive experiments in simulation and on real-world cultural
artifacts demonstrate that ObjSplat produces physically consis-
tent models within minutes, achieving superior reconstruction
fidelity and surface completeness while significantly reducing scan
time and path length compared to state-of-the-art approaches.
Project page: https://li-yuetao.github.io/ObjSplat-page/.

Index Terms—Autonomous agents, object reconstruction, view
planning, RGB-D perception.

I. INTRODUCTION

H IGH-QUALITY digitization of physical objects, char-
acterized by both accurate geometry and photorealistic

appearance, has been a long-standing pursuit in robotics and
computer vision [1]. Such fine-grained digital models are
fundamental to creating immersive extended reality (XR)
experiences and ensuring the long-term preservation of digital
cultural heritage [2]. Notably, in the robotics domain, these
models hold the potential to bridge the simulation-to-reality
(sim-to-real) gap, empowering the robust development and
validation of perception, planning, and control algorithms
within physics-based simulated environments [3]–[7].

Recent advances in radiance fields, represented by neu-
ral radiance fields (NeRF) [8] and 3D Gaussian splatting
(3DGS) [9], have demonstrated remarkable promise in high-
quality reconstruction and novel view synthesis. However,
achieving these results typically relies on dense, passive data
acquisition and complex post-processing pipelines involving
structure-from-motion (SfM) [10] initialization and compu-
tationally intensive offline optimization. This often requires
substantial manual intervention, fundamentally limiting their
scalable application in object-level digital asset creation. To
mitigate this issue, active object reconstruction (AOR) has
emerged as a promising solution, aiming to automate the
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Fig. 1. ObjSplat autonomously plans viewpoints and progressively recon-
structs an unknown object into a high-fidelity Gaussian model and water-tight
mesh, enabling direct use in physics simulations.

reconstruction process with robotic systems. The core of
this task lies in accurately identifying under-reconstructed
regions (e.g., incomplete or poor-quality areas) and planning
a sequence of viewpoints for objects with diverse geometries
and appearances, aiming to achieve complete reconstruction
efficiently. Many well-established approaches formulate this
task as a sequential next-best-view (NBV) planning prob-
lem [11]–[22], where methods leverage cues such as frontier
information [15], [21], color and density distributions [12], or
visibility fields [18] to quantify the uncertainty or informa-
tion gain of candidate views. While effective in identifying
informative views, this inherently greedy strategy is confined
to single-step optimization, ignoring the robot’s kinematic
constraints and movement costs, which often results in lengthy
and suboptimal scanning trajectories. While some works mit-
igate this issue by introducing one-shot view planners [23]–
[26], a fundamental challenge persists: how to reliably assess
reconstruction completeness and quality, and critically, how
to strike an effective balance between efficient exploration and
high-quality reconstruction.

In this work, we introduce ObjSplat, an active object recon-
struction system leveraging 2D Gaussian surfels as a unified
representation for both model optimization and exploration
guidance. Our system is designed to autonomously and pro-
gressively achieve high-fidelity geometric and textural recon-
struction from RGB-D data, producing physically consistent
assets ready for downstream tasks (see Fig. 1). The core of our
approach lies in tightly coupling high-quality reconstruction
with efficient exploration within a unified framework, enabling
both accuracy and efficiency in object-level reconstruction.

https://li-yuetao.github.io/ObjSplat-page/


JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 2

Specifically, we leverage surface normals to guide the incre-
mental update of the Gaussian model and facilitate joint geom-
etry–texture optimization. To guide the active reconstruction
of unknown objects, we design a geometry-aware viewpoint
evaluation strategy. Unlike existing methods that primarily rely
on opacity or depth residuals to detect under-reconstructed
regions [27], [28], our strategy specifically addresses object-
centric viewpoints and non-closed surfaces, enabling more
accurate detection of incomplete and unobserved back-face
regions as well as robust quantification of true multi-view
covisibility, which is essential for handling challenging hollow,
self-occluded, and thin structures. On the exploration side, we
move beyond the traditional greedy NBV paradigm. Instead,
we propose a next-best-path (NBP) planning strategy, which
performs multi-step lookahead planning on a dynamically
constructed spatial topology, jointly accounting for informa-
tion gain and movement cost to generate globally superior
scanning trajectories while significantly reducing redundant
movements and online scan time. Both simulation and real-
world experiments demonstrate that our system adaptively
achieves complete, high-fidelity reconstruction of unknown
objects (with varying geometric and textural complexities)
with fewer movements, consistently outperforming state-of-
the-art baselines in both efficiency and reconstruction quality.

In summary, our work advances the state of the art in active
object reconstruction through the following contributions:

• A geometry-aware view evaluation pipeline that accu-
rately quantifies reconstruction quality and completeness
for non-closed surfaces, by explicitly modeling back-
face visibility and true multi-view covisibility, providing
reliable guidance for both exploration and refinement.

• A next-best-path (NBP) planning strategy that performs
multi-step lookahead on a dynamically constructed spatial
graph, jointly optimizing information gain and movement
cost to generate efficient scanning trajectories, signifi-
cantly reducing total path length and scan time compared
to conventional greedy NBV approaches.

• A unified active object reconstruction framework, ObjS-
plat, which leverages surface normals for the incremental
update of Gaussian surfels and joint geometry–texture
optimization. This tight coupling enables the efficient,
autonomous production of physically consistent, high-
fidelity digital assets ready for downstream tasks.

• Extensive experiments on objects with diverse geometric
and textural complexities demonstrate that ObjSplat con-
sistently outperforms existing methods in both reconstruc-
tion quality and exploration efficiency, while real-world
experiments on four cultural heritage artifacts further
validate its robustness and practical applicability.

II. RELATED WORK

Our work builds upon two primary research areas: high-
quality reconstruction and active view planning for robotics.
In this section, we review the key advancements in both fields.

A. High-Quality Reconstruction
High-quality reconstruction aims to achieve both accurate

geometry and photorealistic appearance. Classical pipelines

primarily rely on SfM/MVS [29], or the fusion of high-
precision depth measurements (e.g., structured light) to es-
timate dense point clouds. These raw representations are
subsequently converted into explicit surface meshes via TSDF
fusion or Poisson reconstruction [30], followed by texture
mapping [31], [32]. While these explicit methods offer metri-
cally consistent surfaces and benefit from mature engineering
ecosystems, they often require dense, well-conditioned ob-
servations and tend to degrade on texture-poor or severely
occluded objects, with limited capability in reproducing high-
fidelity view-dependent appearance. Subsequently, NeRF and
3DGS have demonstrated the powerful capability of radiance
field representation in synthesizing high-fidelity novel views.
To further improve geometric quality, subsequent methods
have integrated signed distance functions (SDFs) [33] and
multi-resolution 3D hash grids [34], and other techniques [35],
[36] to generate more accurate surface reconstructions. How-
ever, NeRF-based methods often suffer from high computa-
tional costs and rendering inefficiencies due to their implicit
nature. In contrast, recent GS-based follow-up works enhance
geometric fidelity while reducing computational overhead by
incorporating explicit geometry representations and normal
priors [37]–[40], as well as applying depth regularization [41],
[42], making it more efficient for real-time applications.
More recently, mesh-based Gaussian splatting methods [43]–
[45] have emerged, which directly bind Gaussians to mesh
surfaces or utilize restricted Delaunay triangulation to en-
force surface consistency, significantly bridging the gap be-
tween volumetric rendering and explicit surface reconstruction.
In addition, to address the challenges of data scarcity in
sparse-view and object-centric scenarios, recent works [46]–
[48] leverage strong external priors—ranging from diffusion-
based generative models [46], [48] to geometric foundation
models [47]—to infer missing geometry and resolve spatial
ambiguities. While these approaches achieve impressive visual
fidelity by hallucinating plausible details from minimal inputs,
they remain fundamentally passive and may struggle with
hallucination artifacts or over-smoothed details on unseen
complex objects.

To address this, our approach resolves the information
deficiency through active observation, building on a Gaussian-
surfel representation, automating the data collection process
via a robotic arm and turntable setup. Notably, unlike tra-
ditional disjointed multi-view reconstruction pipelines, our
system seamlessly integrates online scanning and offline re-
finement within a unified optimization framework, ensuring
consistent model evolution. By introducing a joint geome-
try–texture optimization strategy, we effectively enhance both
global consistency and geometric precision, enabling the au-
tonomous creation of high-fidelity digital twins.

B. Active Object Reconstruction

Active object reconstruction has emerged as a task due to
the limited field of view (FoV) of vision sensors and the
inability of predefined scanning trajectories to meet the needs
of a wide range of object reconstruction tasks, including those
with varying degrees of complex textures (e.g., repetitive or



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 3

sparse patterns) and complex geometry (e.g., self-occlusion,
non-convexity). Active object reconstruction, as the object-
level reconstruction task within active vision tasks, aims to au-
tonomously plan a series of viewpoints to construct a complete
model of an unknown object efficiently. Existing strategies can
be broadly categorized into dominant paradigm iterative NBV
planning [11]–[22] and global one-shot planning [23]–[26].

The iterative NBV planning methods sequentially select a
single next viewpoint to maximize an information gain metric.
Early approaches focused on geometric completeness, using
frontier-based methods [15], [21] to gradually expand the
boundaries toward a complete reconstruction. PB-NBV [21]
leverages GMMs to fit voxels of varying visibility and em-
ploys a projection-based approach to accelerate viewpoint
evaluation. Sample-based methods, on the other hand, often
require elaborate heuristic sampling strategies (uniform [49],
random [50], or sampling at topology nodes [28]), and inherent
candidate viewpoints are not adaptive for unknown objects
of varying geometrical morphology. PVP-Recon [16] employs
a progressive approach, where view selection is guided by
warping consistency under sparse view surface reconstruction.
With the emergence of radiance fields, recent methods have
shifted towards quantifying visual or model uncertainty. For
example, ActiveNeRF [12] models color distributions, while
information-theoretic methods such as FisherRF [17] and
GauSS-MI [20] leverage Fisher information and Shannon mu-
tual information, respectively, to guide view selection towards
regions of high model uncertainty. While these methods are
effective in identifying informative views, they often struggle
with complex geometries like self-occlusions due to a lack of
explicit geometric awareness. Moreover, their greedy, single-
step optimization ignores movement costs, typically resulting
in inefficient scanning trajectories. While some approaches
balance efficiency and cost [28], [49], [51], they are designed
for scene-level tasks and fail to address the specific geometric
challenges of object reconstruction.

To mitigate the inefficiencies of iterative planning, one-
shot methods [23], [24] frame one-shot viewpoint planning
as a set covering optimization problem, aiming to obtain the
minimum set of viewpoints for dense coverage and solving the
traveling salesman problem (TSP) to generate a complete scan
trajectory in a single step. With the introduction of diffusion
models, powerful geometric priors have been leveraged to
enable RGB-based active object reconstruction. For example,
DM-OSVP [25] and its improved version DM-OSVP++ [26]
use 3D diffusion priors to generate geometry from RGB
data, enabling the selection of a compact, information-rich set
of views. DM-OSVP++ further introduces geometric/texture
complexity conditioning, which is beneficial for RGB-only
planning. However, these methods struggle with unknown
scales and severe occlusions due to their reliance on coarse,
early-stage priors. Furthermore, the substantial inference la-
tency of diffusion models hinders real-time performance, and
their ”one-shot” nature lacks the adaptability required to pro-
gressively refine reconstruction for complex, unseen objects.

Our work, ObjSplat, effectively bridges the gap between
short-sighted NBV planning and one-shot methods. We pro-
pose an NBP strategy that performs multi-step lookahead on

a spatial topology, optimizing the trade-off between informa-
tion gain and movement cost. This approach combines the
adaptability of progressive reconstruction with the foresight of
global planning. Consequently, ObjSplat achieves a superior
trade-off, balancing reconstruction quality and exploration
efficiency in a unified, progressive planning framework.

III. METHODOLOGY

We propose ObjSplat, a closed-loop framework that inte-
grates Reconstruction, Perception, and Planning into a uni-
fied system for high-fidelity active object reconstruction. As
illustrated in Fig. 2, the system takes RGB-D inputs and
progressively updates a Gaussian surfel-based object represen-
tation while assessing reconstruction completeness and quality
to guide active view planning. ObjSplat consists of three
main components: (i) Gaussian surfel-based reconstruction
(see Sec. III-A), which incrementally updates the object model
and jointly optimizes geometry and appearance by using sur-
face normals; (ii) Geometry-aware viewpoint evaluation (see
Sec. III-B), a perception module that explicitly quantifies re-
construction quality, identifying under-reconstructed and back-
facing regions via occlusion-aware visibility analysis; and (iii)
next-best-path planning (see Sec. III-C), which utilizes these
fine-grained quality metrics to perform multi-step lookahead
on a spatial topology, generating globally efficient trajectories
that balance information gain and movement cost.

A. Gaussian Surfel-based Reconstruction

1) Gaussian Surfels for Object Representation: We repre-
sent the target object using an unstructured set of 2D Gaussian
surfels (GSurfels) [39], where the spatial distribution of each
surfel approximates a disk. Each surfel is parameterized by a
center µ ∈ R3, a covariance matrix Σ, an opacity o ∈ [0, 1],
and view-dependent color information c ∈ RK×3 utilizing
spherical harmonics (SH) coefficients of degree LD, where
K = (LD + 1)2. To facilitate optimization, the covariance
matrix Σ is decomposed into a rotation matrix R (derived
from a quaternion q ∈ SO(3)) and a scaling matrix S =
diag(sx, sy, 0), such that Σ = RSSTRT . Notably, the zero
z-scale constraint enforces a local planar structure, allowing
the surface normal n to be directly derived from q. This
anisotropic formulation enables each surfel to capture local
surface geometry more effectively.

During rendering, GSurfels are transformed into the camera
coordinate system via pose Tw

c ∈ SE(3) and projected onto
the image plane using differentiable splatting [9]. For a given
pixel u, intersected surfels are sorted by depth along each
viewing ray, and the pixel color is computed through α-
blending as follows:

Ĉ =

n∑
i=1

Tiαici, Ô =

n∑
i=1

Tiαi, Ti =

i−1∏
j=1

(1− αj), (1)

where αi = oiN (u;µ2D
i ,Σ2D

i ) is the opacity modulated by
the 2D Gaussian probability, and ci denote the SH-encoded
color of the i-th surfel. The term Ti represents the accumulated
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Fig. 2. System Overview. ObjSplat progressively reconstructs unknown objects from RGB-D frames using Gaussian surfels as a unified representation. (Top
left) Incoming frames are fused into the global model, where geometry–texture joint optimization, enforcing both photometric and geometric consistency.
(Right) A geometry-aware view evaluation pipeline renders an uncertainty map by integrating occlusion-aware covisibility, surfel-wise confidence, and back-
face detection to quantify surface quality and completeness. (Bottom left) Guided by this dense uncertainty, the next-best-path planner performs multi-step
lookahead on a spatial topology, generating globally efficient trajectories that balance information gain and movement cost for active reconstruction.

transmittance. Similarly, depth D̂ and normals N̂ are rendered
with α-blending and normalized to account for partial opacity:

D̂ =
1

1− Tn+1

n∑
i=1

Tiαidi, N̂ =
1

1− Tn+1

n∑
i=1

TiαiR
z
i ,

(2)
where di is the unbiased depth computed by intersecting the
i-th surfel with the viewing ray, and Rz

i represents the surface
normal of the i-th surfel in the camera frame.

2) Geometry–Texture Joint Optimization: To achieve accu-
rate and consistent reconstruction, we jointly optimize geo-
metric and photometric parameters of all GSurfels using a
combination of loss terms. Given an input RGB-D frame
I = {C,D}, which includes an RGB image C ∈ RH×W×3

and its corresponding depth map D ∈ RH×W , we additionally
extract an object-centric binary mask M ∈ {0, 1}H×W using
pre-trained visual foundation model (VFM) [52]. We apply
a photometric loss Lp to supervise the color appearance,
combining an L1 term and a differentiable structural simi-
larity index measure (D-SSIM) term [53]. Meanwhile, depth
supervision is enforced via an L1 loss on the predicted depth:

Lp = λ1

∣∣∣C − Ĉ
∣∣∣+ λ2

(
1− SSIM(C, Ĉ)

)
,Ld =

∣∣∣D − D̂
∣∣∣ ,
(3)

where λ1 = 0.8, λ2 = 0.2, Ĉ and D̂ are the rendered
results. To further enhance surface quality and alignment, we
incorporate normal supervision Ln and geometric consistency
loss Lc between the rendered normal and the one derived from

depth:

Ln =
∣∣∣Nobs − N̂

∣∣∣ ,Lc =
∣∣∣1−N⊤

d N̂
∣∣∣ , (4)

where Nobs and Nd represent surface normals estimated via
finite differences from the observed and rendered depth maps,
respectively. To prevent semi-transparent blending artifacts and
enforce sharp surface boundaries, we regularize the opacity of
each surfel to favor either fully opaque or fully transparent
states:

Lo = exp
(
−(αi − 0.5)2/0.05

)
. (5)

Additionally, we employ a binary cross-entropy (BCE)
loss Lm to supervise the reconstruction of the object mask.
The overall objective function combines photometric, depth,
normal, opacity, and mask supervision terms:

L = Lp + λdLd + λn(Ln + Lc) + λmLm + λoLo, (6)

where λd = 0.8, λn = λm = 0.1, and λo = 0.01 are weighting
coefficients that balance the contributions of each term.

3) Progressive Update of Gaussian Surfels: During pro-
gressive object reconstruction through autonomous scanning,
each newly captured frame provides additional observations
that significantly overlap with previously reconstructed re-
gions. To efficiently fuse new observations while minimizing
redundant primitives, it is essential to identify surface areas
that are either insufficiently reconstructed or uncovered. New
Gaussian surfels are then selectively initialized in these regions
to refine both geometry and appearance progressively. We
observe that such under-reconstructed regions typically fall
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Fig. 3. Identification of insufficiently reconstructed or uncovered regions.
New Gaussian surfels are selectively added to regions exhibiting insufficient
opacity, significant photometric discrepancy, geometric deviation, or back-
facing surfaces.

into four categories (see Fig. 3): (i) Low opacity (mop): Empty
regions where the accumulated rendered opacity Ô falls below
a threshold τO = 0.5; (ii) photometric discrepancy (mtex):
Pixels where the rendered color deviates from the observed
color with a mean squared error (MSE) exceeding τC = 0.25;
(iii) geometric deviation (mgeo): Regions where the rendered
depth lies behind the observed depth, exceeding the mean
depth error (MDE) by a factor of λ = 2; (iv) Back-facing
surfaces (mback): Regions where the rendered normal forms
an acute angle with the camera optical axis z (i.e., N̂ ·z > 0).
This condition implies the camera is observing the ”back”
of an existing surface, yet the sensor detects valid geometry,
indicating a need for refinement (e.g., for thin structures). We
define the criterion-specific masks as follows:

mop(u) := [ Ô(u) < τO ], (7a)

mtex(u) := [ ∥Ĉ(u)− C(u)∥22 > τC ], (7b)

mgeo(u) := [ D̂(u)−D(u) > λ ·MDE ], (7c)

mback(u) := [ N̂(u) · z > 0 ], u ∈ Ω. (7d)

Accordingly, the unified update mask M is the logical dis-
junction of these conditions: M = {u ∈ Ω | mop ∨ mtex ∨
mgeo ∨mback}, where Ω denotes the set of pixels with valid
sensor depth.

Formally, the update mask M highlights candidate areas
for new surfel insertion, allowing the system to progressively
refine geometry and texture while avoiding redundant updates
in well-reconstructed regions. For all pixels u ∈ M , we
initialize new Gaussian surfels to fill the information gap. The
center position µnew is recovered via back-projection using the
current pose Tw

c :

µnew = Tw
c ·

(
D(u)Π−1(u)

)
, (8)

where Π−1 is the inverse projection operator. The color c is
assigned from the image observation C(u), and the orientation
quaternion q is aligned with the sensor-derived surface normal
to get well geometric initialization. Finally, the scaling vector
s is initialized adaptively based on the local point density,
approximated by the mean distance to the k-nearest neighbors
in the back-projected point cloud, ensuring that newly added

C
o

v
is

ib
ility

 ra
tio

1
.0

0
.0

w/o Occusion-aware w/ Occusion-aware

Current view Covisibility rate = 0.09Covisibility rate = 0.90

Fig. 4. Co-visible views comparison. While conventional frustum-based
metrics (Left) fail to account for self-occlusion, leading to false correspon-
dences, our rendering-based check (Right) explicitly detects occlusion and
back-facing surfaces, thus correctly identifying valid and invalid co-visible
points, ensuring valid geometric constraints and confidence updating.

surfels maintain a consistent spatial distribution suitable for
optimization.

B. Geometry-Aware Viewpoint Evaluation

1) Occlusion-Aware Co-visibility Analysis: Accurate co-
visibility estimation is a prerequisite for both reliable historical
keyframe selection in optimization (ref. III-B2) and informa-
tive viewpoint evaluation (ref. III-B3). Traditional approaches
in scene-level mapping typically rely on depth-based heuris-
tics [28], which simply count the number of reprojection points
falling within the keyframe’s view frustum or determine visi-
bility by rendering cumulative opacity [27]. While effective for
large-scale scene mapping, these methods are often insufficient
for object-level reconstruction, where the camera observes
the target from outside, leading to frequent self-occlusions
and non-closed surfaces. As illustrated in Fig. 4, covisibility
metrics that ignore occlusion tend to overestimate shared
visibility, resulting in false correspondences and unreliable
covisibility estimation.

To overcome these limitations, we introduce an occlusion-
aware covisibility metric that explicitly models geometric
visibility between views using differentiable rendering. Specif-
ically, given a source view Ii = {Di, T

w
i } and a target view

Ij = {Tw
j }, we randomly sample a subset of valid pixels

Si ⊂ Ωi (default |Si| = 1600). Each pixel ui ∈ Si is
back-projected to world coordinates using Di and Tw

i , then
transformed to the coordinate frame of Ij and reprojected as:

uj = Π
(
(Tw

j )−1Tw
i Π−1(ui)

)
, (9)

where Π and Π−1 denote projection and back-projection
functions parameterized by camera intrinsics. We then render
the candidate view Ij from the current GSurfels model to
obtain its depth D̂j and normal map N̂j . For each valid
correspondence (ui,uj), let Dproj

i→j (uj) be the depth of the
reprojected 3D point in Ij . A correspondence is marked as
invalid if the reprojected point is occluded by the rendered
surface or falls on a back-facing region (ref Eq. 7d). Formally,
the invalid covisibility mask is defined as:

minv(uj) =
[
Dproj

i→j (uj)−D̂j(uj) > τd
]
∨mback(uj), (10)
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where τd is a depth tolerance threshold. The covisibility ratio
ρi,j is further defined as the proportion of sampled pixels Si
that maintain valid covisibility in the target view Ij :

ρi,j =
|Si→j | −

∑
uj∈Si→j

I[minv(uj)]

|Si|
=
|Ωi,j |
|Si|

, (11)

where Si→j⊆Si represents the subset of points whose repro-
jections fall within the field of view of Ij , and Ωi,j denotes
the subset of Si→j that remains valid after excluding occluded
and back-facing points. This metric provides a robust measure
of geometric overlap, essential for maintaining consistency. If
no valid projection exists (|Si→j | = 0), we set ρi,j = 0.

2) Global–Local View Selection: During online reconstruc-
tion, Gaussian surfel attributes are updated through differen-
tiable rendering and gradient-based optimization. Unlike the
offline refinement stage, jointly optimizing all historical frames
is computationally inefficient and unnecessary for incremental
reconstruction. Instead, we employ a global–local view selec-
tion strategy inspired by GS-based SLAM [27], [54] to balance
local adaptability with long-term global consistency.
Local views: To refine newly observed surface regions

through multi-view constraints, we maintain a local window
Wlocal. Given the current view It, we select the top-k views
with the highest covisibility ratio ρt,j (Eq. 11). These views
jointly observe the newly captured regions, providing dense
geometric and photometric constraints for incremental opti-
mization of the corresponding GSurfels.
Global views: To mitigate the overfitting of newly

observed regions caused by relying solely on local views and
to ensure global consistency, we additionally maintain a sparse
set of global views Wglobal, sampled from earlier keyframes
outside the local window. To ensure temporal balance, we
follow the reweighting scheme in [54], increasing the sampling
probability of early or under-optimized keyframes.

This hybrid selection strategy prioritizes covisible
keyframes for accurate local updates while preserving
long-range consistency across the reconstruction.

3) Geometry-Aware Uncertainty Qualification: Accurate
online evaluation of reconstruction quality and completeness
is crucial for active reconstruction, as it enables the robot
to identify under-reconstructed regions and plan informa-
tive subsequent viewpoints. However, conventional uncertainty
metrics [17], [28], [50] often overlook self-occlusion and
back-face visibility, leading to unreliable viewpoint evaluation,
particularly in object-level reconstruction, where the camera
observes the target from an external perspective and the surface
is often open or partially occluded. To address this, we pro-
pose a geometry-aware uncertainty map that jointly encodes
surfel confidence, back-face observation, and visibility-based
completeness. This map provides a dense, view-dependent
quality estimate for any candidate viewpoint, serving as a
guiding signal for subsequent path planning. As illustrated
in Fig. 2, it consists of three components: (1) surfel-wise
confidence modeling, (2) back-face observation detection, and
(3) visibility-based completeness estimation.

a) Surfel-wise Confidence Modeling: We assign a con-
fidence attribute κi ∈ [0, 1] to each Gaussian surfel gi to
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Fig. 5. Uncertainty qualification comparison on the Bunny Racer object.
Our method enables fine-grained uncertainty evaluation with millisecond-level
latency, effectively addressing complex geometric challenges such as self-
occlusions and thin structures.

quantify the reliability of its historical observations. Extend-
ing the formulation in [50] to the object-centric setting, we
explicitly incorporate (i) front-view weighting to prioritize
near-orthogonal observations and (ii) occlusion-aware valid-
ity checks to discard back-facing or occluded surfels. Upon
acquiring a new view It, we identify the set of effectively
observed surfels Gvalid(It) using the validity check in Eq. 10.
For each gi ∈ Gvalid(It), we update its confidence by ag-
gregating contributions from its set of valid historical views
Svalid(gi) (including the current view It). Specifically, for
each view j ∈ Svalid(gi), we compute a geometric weight
wij = wdist

ij wfront
ij to penalize distant or oblique observations:

wdist
ij = max

(
0, 1− dij

dmax

)
, (12a)

wfront
ij = σ

(
n⊤
i vij − c0

τ

)
, (12b)

where vij denotes the normalized viewing direction from the
surfel center µi to the camera center xp

j , dij is the distance,
and the σ(·) is a sigmoid function prioritizing near-frontal
views, configured with threshold c0 = 0.5 (approx. 60◦) and
temperature τ = 0.1. Furthermore, to encourage multi-view
coverage, we incorporate angular diversity βi = 1 − ∥µi∥
based on the mean viewing direction of Svalid(gi). The final
confidence κi is derived by combining the accumulated geo-
metric weights with the angular diversity factor:

γi =
∑

j∈Svalid(gi)

wij max(0,n⊤
i vij), κi ← γi exp(βi). (13)

This update rule ensures that high confidence is assigned
only when surfels are observed from diverse, non-occluded,
and near-orthogonal viewpoints, whereas those seen from
sparse or oblique views receive lower scores.

b) Back-Face Observation: We detect back-facing re-
gions where the rendered normal N̂ forms an acute angle
with the camera’s optical axis z. These areas are marked as
potentially incomplete, as they are viewed from the ”wrong”
side. This encourages exploration from opposing directions.
The back-face score for a pixel u is defined as:

B(u) = max(0, N̂(u)⊤z). (14)
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c) Visibility-based Completeness: We use the rendered
opacity Ô(u) from current GSurfels as a direct measure
of geometric coverage. Regions with low opacity indicate
insufficient surfel density or unobserved space, providing a
dense metric for reconstruction completeness. We define the
visibility-based uncertainty score as:

V (u) = 1− Ô(u). (15)

Combining these components, the overall geometry-aware
uncertainty map Û(u) for a candidate view is formulated as
a weighted sum:

Û(u) = λk(1−K(u)) + λbB(u) + λvV (u), (16)

where K(u) is the rendered confidence map derived from
surfel attributes κi. The coefficients (λk, λb, λv) dynamically
balance the relative importance of confidence, back-face, and
visibility terms throughout the reconstruction process, as de-
tailed in Sec. III-C3. Benefiting from the CUDA-accelerated
rasterization in Gaussian splatting, our system renders this map
in about 2 ms, enabling real-time evaluation for path planning.

C. Next-Best-Path Planning

To achieve both efficient and thorough reconstruction, the
robot must plan a globally-aware scanning trajectory that
optimizes the trade-off between exploration gain and move-
ment cost. Moving beyond the greedy, single-step nature of
traditional NBV planning, we propose a Next-Best-Path (NBP)
planning strategy that performs multi-step lookahead on dy-
namically constructed spatial topology, jointly considering the
accumulated information gain—derived from our geometry-
aware uncertainty metric (Eq. 16)—and traversal cost. The
planning process consists of two main stages: candidate view-
point generation and path planning.

1) Candidate Viewpoint Generation: We generate candi-
date viewpoints on a hemispherical shell defined around the
object’s current bounding box, which is updated online as the
Gaussian surfel model expands. This ensures the entire object
remains within the camera’s field of view. Specifically, we
define a sphere with a radius equal to the sum of the box’s
half-diagonal and an optimal standoff distance (related to focal
length). To ensure uniform coverage, we distribute candidate
positions on the sphere using a Vogel spiral pattern [55]. To
prevent redundant exploration, previously visited viewpoints
are pruned from the candidate set. Each candidate viewpoint
is oriented to face the center of the bounding box, ensuring
object-centric observation. This uniform sampling strategy
generates a sparse yet comprehensive set of candidates that
adaptively adjusts to the object’s perceived size and position.

2) Next-Best-Path Strategy: With a set of candidate view-
points Vcand and their corresponding uncertainty scores {U(v) |
v ∈ Vcand, our goal is to determine a trajectory that maximizes
total information gain while minimizing travel distance. We
formulate this as a variant of the prize-collecting traveling
salesman problem (PC-TSP) [56]. First, we identify a long-
term goal vg ∈ Vcand, defined as the viewpoint with the highest
uncertainty score. The problem then reduces to finding an
optimal path from the current pose vt to vg that collects the

Algorithm 1 Next-Best-Path (NBP) Planning
1: Input: Current pose vt, Constructed Model Gt, Uncertainty map

renderer Û
2: Output: An optimal path of viewpoints π⋆

3: Vcand ← GenerateCandidates(Gt) ▷ Sec. III-C1
4: Vcand ← PruneVisited(Vcand)
5: vg ← argmaxv∈Vcand Û(v) ▷ Identify Long-term goal
6: G← BuildKNNGraph(Vcand ∪ {vt})
7: Assign edge weights in G using Eq. 17
8: Π← FindTopKShortestPaths(G, vt, vg)
9: π⋆ ← argmaxπ∈Π J(π) ▷ Select Optimal Path

10: return π⋆

most ”prizes” (information gain) from intermediate viewpoints
at a minimal travel cost.

We solve this by constructing a spatial topology graph G =
(V,E), where the node set V = Vcand∪{vt}. Edges are formed
by connecting each viewpoint to its k-nearest neighbors (k-
NN) in Euclidean space. The current view vt is also integrated
into the graph by connecting it to its own k nearest candidate
viewpoints. The graph structure provides a sparse yet effective
representation of the feasible motion pathways. To guide the
path search, we assign an uncertainty-aware weight to each
edge (vi, vj) ∈ E that balances the motion distance with the
potential information gain:

w(vi, vj) =
dij

α+ β (U(vi) + U(vj))
, (17)

where dij is the Euclidean distance between viewpoints vi and
vj , and α, β > 0 are constants preventing division by zero
and scaling the reward. This formulation ensures that edges
connecting high-uncertainty viewpoints have lower weights,
making them more attractive to a shortest-path algorithm.
In here, finding the single optimal path is a multi-objective
optimization problem. Instead of greedily selecting a single
shortest path, we search for a set of candidate paths. We
first find the top-M shortest simple paths [57] from vt to
vg on the weighted graph G. Each candidate path π =
(vt, n1, . . . , nL=vg) is then evaluated by explicitly trading off
its total collected reward against its path length:

J(π) = λ
∑
v∈π

Ū(v)− (1− λ)

L−1∑
k=0

d̄(nk, nk+1), (18)

where (̄·) is the normalization operator, and λ ∈ [0, 1] is a
weighting factor for exploration vs. efficiency. The path π⋆

with the maximum score is selected as the next-best-path π∗ =
argmaxπ J(π) to execute. This strategy allows the system
to perform multi-step lookahead, escaping local optima often
encountered in greedy NBV planning, resulting in smoother
and more globally efficient trajectories.

As summarized in Algorithm 1, the NBP planner generates
an optimal path π⋆ from the current pose to a sub-goal vg .
The robot sequentially visits viewpoints in the optimal path
π⋆, capturing new sensor data to incrementally update the
object model at each step. Upon reaching the sub-goal vg ,
the system re-evaluates the global uncertainty and triggers a
new NBP planning cycle. This iterative replanning strategy
ensures continuous adaptation to the evolving reconstruction
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while reducing computational overhead compared to per-step
planning. The process terminates when the average reconstruc-
tion quality uncertainty Ûq(u) = λbB(u) + λvV (u) falls
below a predefined threshold τstop).

3) Dynamic Uncertainty Weighting: To balance exploration
and exploitation effectively throughout the reconstruction pro-
cess, we employ a dynamic weighting strategy for the compo-
nents of the uncertainty map from Eq. 16. In the early stages
of reconstruction, when object information is Insufficient, the
system prioritizes exploration (λk = λb = λv = 1) to
rapidly cover the object’s surface, focusing on low-confidence,
back-facing, and poor visibility (low-opacity) regions. As the
reconstruction progresses and more of the object becomes
observed, the focus shifts to exploitation—refining the quality
of the reconstructed model. Once visibility-based uncertainty
stabilizes, we de-prioritize the visibility term by setting λv =
0, concentrating planning efforts on resolving subtle defects
like back-facing surfaces and low-confidence areas, thereby
ensuring high-fidelity final quality.

D. Implementation Details

To expand the robot’s observation space, our experimental
platform comprises a robotic arm equipped with an eye-in-
hand RGB-D camera and a motorized turntable positioned
0.7 m in front of the robot base (see Fig. 6) to handle small
to medium-sized unknown objects. The object is placed on
the turntable, which is treated as the origin of the world
coordinate system. By pre-calibrating the eye-in-hand trans-
formation T b

c (camera to robot base) and the turntable-to-base
transform T b

t , we derive the camera pose in the object frame
as T c = (T b

t)
−1T b

c. Consequently, all view planning is con-
ducted within this object-centric frame. To handle kinematic
constraints, we implement a coordinated motion strategy: if
a target viewpoint is unreachable by the arm, the turntable
rotates to bring it into the feasible workspace, effectively
extending the system’s operational range.

1) Object-Centric Pose Tracking: Accurate and robust cam-
era pose tracking is critical for coherent fusion. In real-world
scenarios, inherent motion noise in the robotic arm and minor
calibration inaccuracies can lead to pose drift over time. We
mitigate this via a robust point-cloud registration-based object-
centric tracking pipeline. For each incoming RGB-D frame,
we first employ the segment model [52] to extract the object
of interest from the background, yielding a clean, object-level
point cloud. Subsequently, we perform pairwise point-to-point
registration between the current cloud and the accumulated
global map from the previous keyframe. This step effectively
compensates for slight pose inaccuracies from the robot’s
odometry, ensuring globally consistent alignment.

2) Online Mapping and Offline Refinement: Leveraging
the consistent parameter space of Gaussian splatting-based
approaches, we decompose the reconstruction process into two
stages: online mapping and offline refinement. This allows for
post-processing of all observations collected during the active
scanning, thereby enhancing reconstruction fidelity. In the on-
line mapping stage, efficiency is prioritized for real-time per-
formance. We simplify the GSurfel representation by setting

IV-A Experimental Setup

RGB-D Camera

Robot Arm

Turntable

Object

Gaussian Surfels

Mapper
Visualizer

NBP

Planner

Gazebo

Simulator

Real-world 

Controller

GSO Dataset

Real-world Objects

Real-worldObjectsGazebo Simulation

Fig. 6. Experimental Platforms. (Left) The Gazebo simulation environment
provides realistic rendering and physics-based robot models for quantitative
evaluation. (Right) The real-world platform comprises an Elfin-05 robotic
arm equipped with a calibrated industrial 3D camera. The system architecture
is built on modular ROS nodes for Gaussian mapping, NBP planning, and
visualization across both domains.

the SH degree to LD=0, effectively reducing memory usage
and computational overhead. Each new frame undergoes 10
optimization iterations, while the local optimization window is
restricted to the top-k=9 most covisible keyframes. Once data
acquisition is complete, the offline refinement stage focuses on
improving global consistency and visual quality. We conduct
7,000 optimization iterations while restoring higher-order SH
coefficients (LD=3) to achieve photorealistic rendering. Both
camera poses and GSurfel parameters are jointly optimized.
To mitigate photometric inconsistencies caused by illumination
variation during scanning, we additionally optimize per-frame
exposure compensation parameters, yielding globally consis-
tent color appearance [58]. Finally, to generate physically
consistent assets for downstream tasks, we extract surface
meshes via TSDF fusion or Poisson reconstruction [30] using
depth and normal maps rendered from the refined model.

IV. EXPERIMENTS

To comprehensively evaluate ObjSplat, we conduct exten-
sive experiments in both high-fidelity simulation and real-
world scenarios. We aim to validate the system’s reconstruc-
tion quality, exploration efficiency, and robustness against
diverse geometric and textural complexities. All experiments
are performed on a desktop PC equipped with an Intel Core
i9-13900K CPU and a single NVIDIA RTX 4090 GPU,
running Ubuntu 20.04 LTS with ROS Noetic for inter-module
communication. The experimental setup is depicted in Fig. 6.

A. Experimental Setup

1) Baselines: We compare ObjSplat against a comprehen-
sive set of state-of-the-art (SOTA) active object reconstruction
methods, spanning geometry-based planning to information-
theoretic radiance field exploration: (i) SEE [15]: A frontier-
based method that operates directly on point clouds to explore
visible surface edges, serving as a strong baseline for geo-
metric completeness; (ii) PB-NBV [21]: A projection-based
greedy NBV planner that maximizes voxel-based information
gain, representing the single-step planning paradigm; (iii)
MA-SCVP [24]: A point-cloud-based one-shot view planning
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framework that solves a set covering optimization problem,
representing global planning paradigm within geometric re-
construction approaches; (iv) FisherRF [17]: An information-
theoretic approach that leverages the Fisher Information to
quantify the parameter uncertainty of the underlying radiance
field, guiding view selection to maximize expected informa-
tion gain; (v) GauSS-MI [20]: A recent information-theoretic
approach that leverages the Gaussian splatting Shannon mu-
tual information to quantify the expected reduction in visual
uncertainty.

2) Datasets and Scenarios:
a) Simulation: We utilize 16 diverse models from the

Google Scanned Objects (GSO) dataset [59], which offers
high-quality ground-truth models, selected for their challeng-
ing attributes such as thin structures, hollow geometries, and
fine-grained textures (see Fig.6). Each object is normalized to
fit within a bounding box diagonal of [0.1, 0.35] m. Following
prior work [24], a simulated RGB-D camera with a resolution
of 1280×720, a field of view of 90◦×65◦, and a depth sensing
range of [0.1, 3.0] m is mounted on the robot end-effector. All
methods are initialized from an identical pose to ensure fair
comparison.

b) Real-world: We select four challenging objects to
assess robustness: (1) a Sika Deer sculpture, featuring
complex geometry and fine details; (2) a Fu Hao Owl Zun
replica, characterized by complex geometric topology yet ex-
hibiting a relatively uniform texture; and (3) Sancai Horse
and Pottery Figure replicas, both distinguished by their
intricate patterns and rich, high-frequency textural details.

B. Evaluation Metircs

Following [16] and [24], we evaluate both reconstruction
quality and process efficiency. All quality metrics are com-
puted within object masks to avoid background influence.

1) Reconstruction Quality: For appearance, we report the
peak signal-to-noise ratio (PSNR), structural similarity in-
dex (SSIM), and learned perceptual image patch similarity
(LPIPS) [9] on rendered images from both training and novel
views (sampled from unvisited candidate views). For geome-
try, we first assess multi-view shape accuracy by reporting the
depth L1 error (cm) on rendered depth maps. We then extract
a mesh from the reconstructed Gaussian model, align it to
the ground-truth mesh using ICP, and uniformly sample 200k
points from both meshes. Geometric fidelity is quantified using
the Chamfer Distance (CD) and F-Score@0.005m [16]. CD
measures the average bidirectional nearest-neighbor distance,
capturing fine geometric deviations, while F-Score reflects
both local precision and surface completeness (recall).

2) Completeness and Efficiency: To evaluate autonomous
reconstruction performance, we use: (1) Completion ratio (CR,
%) and completion (cm), quantifying the proportion of the
target scene successfully scanned; (2) Movement cost (m), the
total distance between all viewpoints; (3) Required views, the
number of viewpoints; and (4) Time cost (s), including both
the entire online autonomous scanning/reconstruction time and
the offline refinement time.

C. Reconstruction Performance Analysis

1) Qualitative Analysis of Reconstruction Quality: Fig. 7
presents a qualitative comparison of six representative objects.
All methods underwent a standardized offline refinement phase
consisting of 7,000 iterations for fair comparison. Baselines
(GauSS-MI [20] and FisherRF [17]) use their default color
refinement scheme from MonoGS [27].

GauSS-MI, relying on vanilla 3DGS, exhibits noticeable
degradation under sparse observations. Lacking explicit multi-
view geometric constraints, it tends to produce blurry tex-
tures and significant floating artifacts around the object, as
unconstrained Gaussians overfit to sparse input views. In con-
trast, ObjSplat reconstructs complete, photorealistic models
with sharp details. While PSNR values are comparable in
certain cases, our method achieves significant improvements
in perceptual metrics (i.e., LPIPS), reflecting superior visual
fidelity, particularly on objects with fine-grained patterns as
the Backpack and Cup. We attribute this performance to
the synergy between our active planning strategy and ro-
bust representation: (1) Informative Data Acquisition: Our
geometry-aware uncertainty module targets geometric defects
(e.g., back-facing surfaces, low opacity) and under-observed
regions. This guides the robot to acquire high-information
observations that efficiently resolve geometric ambiguities,
ensuring comprehensive surface coverage within a limited
view budget; and (2) Robust Regularization: The adoption
of Gaussian surfels, coupled with geometric consistency con-
straints, introduces a strong inductive bias towards surface
manifolds. This effectively regularizes optimization in sparse-
view settings, suppressing floating artifacts and enhancing
novel-view synthesis fidelity.

2) Quantitative Evaluation of Reconstruction Process:
Tables I and II provide a detailed quantitative breakdown of
the reconstruction process for different methods across three
distinct phases: initialization (2 views), exploration (10 views),
and convergence (30 views).

Robust Initialization: In the early stage (N = 2), both our
variants (NBV and NBP) significantly outperform baselines
(FisherRF, GauSS-MI) in completeness (CR ∼40% vs. ∼18%)
and geometric quality (F-Score ∼0.65 vs. ∼0.32). The quanti-
tative gap validates that the Gaussian surfel representation pro-
vides strong geometric priors, enabling robust reconstruction
even with extremely sparse observations. In contrast, baselines
struggle to infer correct geometry from limited views, resulting
in higher depth errors (D-L1).

The Efficiency-Completeness Trade-off: At the explo-
ration stage (N = 10), we observe a distinct behavioral
divergence between the greedy NBV and our NBP planner.
Greedy NBV strategies generally exhibit strong novel-view
synthesis capabilities (Test PSNR > 27 dB) early on. Specifi-
cally, Ours-NBV variant achieves high completeness (> 90%)
and rendering quality (¿30dB) by aggressively transiting to
distant, high-information viewpoints. This confirms that our
geometry-aware uncertainty evaluation effectively identifies
under-reconstructed regions. In contrast, the proposed NBP
method adopts a more conservative yet efficient strategy, pri-
oritizing path efficiency and local continuity. While achieving
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Fig. 7. Qualitative comparison of reconstruction results on six representative objects from the GSO dataset. ObjSplat recovers sharp textures and clean
geometry, whereas baselines suffer from blurriness and floating artifacts due to overfitting to sparse views. The bottom row of each picture shows the average
novel PSNR (dB) and LPIPS.

moderate coverage (74.41%) at this stage, it does so with
minimal movement (1.17 m). This indicates that the robot
explores the local neighborhood thoroughly before transition-
ing to distant regions, avoiding the inefficient back-and-forth
behavior typical of greedy planners.

Global Optimality at Convergence: Upon convergence
(N = 30), the advantages of the next-best-path planner
become decisive. Both our variants achieve final coverage (>
91%), comparable to traditional point-cloud-based baselines,
while significantly outperforming other GS-based baselines
in completion ratio. Crucially, Ours-NBP achieves a final
coverage and geometric accuracy comparable to the greedy
NBV variant, but with a drastically reduced total path length
(3.96 m vs. 18.02 m). This represents a 4× improvement
in motion efficiency. Compared to the point-cloud-based PB-
NBV [21] (18.84 m), our method is nearly 4.7× more efficient,
confirming that NBV strategies universally incur high mo-
tion overheads. Regarding reconstruction quality, Ours-NBP
achieves the best or near-best performance across all metrics
in the convergence stage. Notably, despite the conservative
exploration strategy, NBP eventually surpasses greedy NBV
in visual quality. This suggests that the smooth, continuous
trajectory generated by NBP facilitates more consistent op-
timization of Gaussian surfels compared to the erratic view-
points of greedy strategies, ultimately yielding a more coherent
and photorealistic digital twin.

System Efficiency: Furthermore, our system demonstrates
superior online efficiency. Benefiting from the localized up-
dates of Gaussian surfels and the low movement cost inherent
to progressive scanning, Ours-NBP requires only 121.96s for
the entire online process—2.3× faster than GauSS-MI and 6×
faster than FisherRF. Although some baselines may have lower

offline refinement costs, our framework maintains a significant
advantage in total mission time, capable of completing both
online scanning and offline refinement within approximately
5 minutes. This confirms that ObjSplat is highly suitable
for time-sensitive robotic applications. For a more detailed
performance analysis, please refer to Sec. IV-D.

3) Reconstruction Process Analysis by Views vs. Path
Length: To further investigate the reconstruction dynamics,
Fig. 8 plots the evolution of metrics against both the number
of views and the accumulated movement cost. Convergence
over Views (Top Row): In terms of view efficiency, Ours-
NBV (orange) exhibits the fastest initial growth in PSNR and
Completion Ratio, aligning with its greedy nature of prior-
itizing global information gain. However, Ours-NBP (green)
demonstrates steady and robust convergence, catching up to
NBV in all metrics by the end of the session (30 views).
Furthermore, both variants demonstrate rapid geometric con-
vergence: Chamfer Distance drops below 1.0 mm, and F1-
Score exceeds 0.85 within the first 10 views. In contrast,
baseline methods (GauSS-MI and FisherRF) plateau at a
significantly higher error level (> 2.0mm). This disparity
underscores the geometric advantage of our Gaussian surfel
representation in inferring accurate surface geometry from
sparse observations. Dominance in Path Efficiency (Bottom
Row): The advantages of our NBP planner become irrefutable
when metrics are plotted against movement cost. The Ours-
NBP curves (green) exhibit a near-vertical ascent in the
early phase, saturating at high quality levels (e.g., PSNR
> 32dB, Completion > 90%) within a minimal movement
budget (about 5m). In contrast, greedy Ours-NBV and baseline
methods require trajectories extending beyond 15 meters to
achieve comparable performance. This highlights that greedy
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TABLE I
QUANTITATIVE EVALUATION OF RECONSTRUCTION QUALITY. WE REPORT VISUAL QUALITY (PSNR, SSIM, LPIPS) AND GEOMETRIC ACCURACY

(DEPTH L1, CHAMFER DISTANCE, F-SCORE) ON BOTH TRAINING AND NOVEL TEST VIEWS.

Method Split Initialization (2 Views) Exploration (10 Views) Convergence (30 Views)

Visual Quality Geometry Quality Visual Quality Geometry Quality Visual Quality Geometry Quality

PSNR↑ SSIM↑ LPIPS↓ D-L1↓ CD↓ F-Score↑ PSNR↑ SSIM↑ LPIPS↓ D-L1↓ CD↓ F-Score↑ PSNR↑ SSIM↑ LPIPS↓ D-L1↓ CD↓ F-Score↑

FisherRF [17] Train 42.05 0.991 0.015 5.118 2.177 0.314 35.73 0.965 0.067 1.939 2.196 0.531 34.86 0.962 0.070 1.374 2.149 0.549Test 25.43 0.921 0.101 7.821 28.02 0.941 0.086 3.255 28.53 0.947 0.084 3.341

GauSS-MI [20] Train 42.64 0.991 0.014 3.842 2.169 0.322 35.75 0.966 0.067 2.366 2.261 0.525 35.08 0.964 0.069 1.514 2.191 0.590Test 24.13 0.910 0.112 8.730 28.61 0.943 0.083 3.181 30.83 0.954 0.075 2.398

Ours-NBV Train 43.59 0.995 0.009 0.741 1.660 0.636 39.09 0.989 0.022 0.167 0.695 0.958 36.66 0.984 0.028 0.153 0.609 0.973Test 22.39 0.909 0.095 2.856 30.50 0.951 0.048 0.237 32.20 0.965 0.040 0.191

Ours-NBP Train 43.65 0.996 0.006 0.746 1.835 0.653 38.83 0.989 0.020 0.212 0.945 0.875 36.76 0.985 0.028 0.165 0.611 0.970Test 19.74 0.892 0.113 4.919 24.65 0.925 0.080 1.604 32.35 0.966 0.039 0.189

Comparison of visual (PSNR, SSIM, LPIPS) and geometric (Depth L1, Chamfer Distance, F-Score) quality across different view counts. Best values are
shown in bold, and second-best values are underlined.

TABLE II
QUANTITATIVE ANALYSIS OF RECONSTRUCTION COMPLETENESS AND EFFICIENCY. WE REPORT RECONSTRUCTION COMPLETION RATIO (CR),

COMPLETION (CE), AND EFFICIENCY METRICS (MC, ONLINE/OFFLINE TIME) AT THREE DISTINCT PHASES.

Method Initialization (2 Views) Exploration (10 Views) Convergence (30 Views)

CR[%]↑ CE[mm]↓ MC[m]↓ Online[s]↓ Offline[s]↓ CR[%]↑ CE[mm]↓ MC[m]↓ Online[s]↓ Offline[s]↓ CR[%]↑ CE[mm]↓ MC[m]↓ Online[s]↓ Offline[s]↓

SEE [15] 57.04 8.88 0.53 20.03 - 72.47 4.88 1.65 172.91 - 89.14 1.71 4.32 420.80 -
PB-NBV [21] 57.88 9.88 0.37 18.66 - 87.27 2.63 5.65 82.22 - 90.69 2.04 18.84 223.44 -
MA-SCVP [24] 49.92 13.92 0.39 27.67 - 90.82 1.91 3.86 117.23 - 92.24 1.68 5.59 171.77 -

FisherRF [17] 19.45 32.17 0.15 36.66 86.49 63.98 6.22 3.49 246.95 97.54 69.72 5.05 11.74 732.10 101.07
GauSS-MI [20] 18.57 32.93 0.15 21.07 64.16 66.53 4.97 6.92 98.35 86.27 72.66 4.39 24.78 281.44 91.51
Ours-NBV 46.16 11.75 0.59 19.93 136.96 90.04 2.47 6.42 70.55 145.26 91.89 2.04 18.02 195.16 148.43
Ours-NBP 41.35 15.99 0.13 9.81 144.70 74.41 5.06 1.17 50.53 149.13 91.42 2.11 3.96 121.96 146.21

Ours-NBP achieves comparable quality to the greedy NBV baseline but with significantly reduced motion and time costs. Best values are shown in bold,
and second-best values are underlined.

strategies often incur high travel costs by jumping between
distant informative viewpoints. Our NBP planner mitigates
such redundant motions by thoroughly exploring local re-
gions before transitioning, thereby maximizing information
acquisition per unit of movement cost. Furthermore, regarding
geometric fidelity, both our variants maintain a significant
lead over baselines throughout the entire process. Baseline
curves remain relatively flat, indicating that simply adding
views without geometric constraints fails to correct the un-
derlying shape errors caused by overfitting. Additionally, our
method exhibits smaller variance in novel view and reconstruc-
tion completeness across different objects, indicating superior
adaptability and robustness to varying geometric and textural
characteristics.

4) Qualitative Analysis of Reconstruction Process: Fig. 9
provides a qualitative breakdown of the reconstruction results
on the Mario object, illustrating the trade-off between ex-
ploration efficiency and reconstruction quality. We visualize
the online Gaussian models overlaid with camera trajectories
(Row 1), uncertainty maps at the final selected viewpoint (Row
2), and the final extracted meshes (Row 3).

Trajectory and Efficiency Analysis: As observed in the
top row, baseline methods struggle to balance exploration
with movement costs. GauSS-MI exhibits a highly chaotic
trajectory (26.21m), oscillating between distant viewpoints
due to the lack of global path constraints. FisherRF, while
moving less, fails to explore the object comprehensively.
Comparing our variants, Ours-NBV achieves high coverage
but incurs a significant movement cost (19.93m), attributed
to its greedy selection of spatially distant informative views.
Conversely, Ours-NBP leverages the spatial topology graph

to perform multi-step lookahead planning. This results in a
smooth, enveloping trajectory that efficiently covers the object,
achieving the highest coverage (96.14%) with a drastically
reduced path length (4.05m)—an improvement of nearly 5× in
motion efficiency compared to the greedy NBV baseline. This
reduction is driven by the occlusion and back-face awareness
enabled by our surfel representation. Unlike prior approaches
that rely on identifying unconverged areas to reduce uncer-
tainty, our planner utilizes explicit normal information to infer
unobserved rear surfaces, generating purposeful trajectories
that distinguish necessary exploration from redundant move-
ment.

Reconstruction Quality and Uncertainty: Furthermore,
baselines suffer from severe floating artifacts in the GS-
Model and noise in the TSDF mesh, primarily caused by
overfitting to sparse, ill-distributed views and a lack of object-
centric foreground optimization. Their uncertainty maps (Row
2) often exhibit coarse-grained noise, failing to guide the
robot effectively. In contrast, Ours-NBP produces a clean,
water-tight mesh with sharp features (e.g., the hat emblem
and face texture). The uncertainty visualization confirms that
our geometry-aware metric correctly identifies fine-grained
reconstruction quality and completeness cues—typically con-
centrated at object edges and occluded regions—thereby en-
abling targeted refinement. Consequently, Ours-NBP achieves
the lowest Chamfer Distance (0.648mm) and the highest F-
Score (0.982), demonstrating superior fidelity. Overall, our
method generates a globally consistent, smooth trajectory,
achieving the highest completeness and geometric accuracy
with minimum movement cost.



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 12

5 10 15 20 25 30
Number of Views

17.5

20.0

22.5

25.0

27.5

30.0

32.5
N

ov
el

 V
ie

w
 P

SN
R

 [d
B]

Ours-NBP
Ours-NBV
GauSS-MI
FisherRF

5 10 15 20 25 30
Number of Views

0.50

0.75

1.00

1.25

1.50

1.75

2.00

2.25

2.50

C
ha

m
fe

r D
is

ta
nc

e 
[m

m
]

5 10 15 20 25 30
Number of Views

0.2

0.4

0.6

0.8

1.0

F1
-S

co
re

5 10 15 20 25 30
Number of Views

20

40

60

80

100

C
om

pl
et

io
n 

R
at

io
 [%

]

0 5 10 15 20 25 30
Path Length [m]

10

15

20

25

30

35

N
ov

el
 V

ie
w

 P
SN

R
 [d

B]

0 5 10 15 20 25 30
Path Length [m]

0.5

1.0

1.5

2.0

2.5

C
ha

m
fe

r D
is

ta
nc

e 
[m

m
]

0 5 10 15 20 25 30
Path Length [m]

0.2

0.4

0.6

0.8

1.0

F1
-S

co
re

0 5 10 15 20 25 30
Path Length [m]

0

20

40

60

80

100

C
om

pl
et

io
n 

R
at

io
 [%

]

Fig. 8. Quantitative comparison of reconstruction progress over the number of views (top row) and path length (bottom row). We report novel view PSNR,
Chamfer Distance (CD), F1-Score, and Completion Ratio across 16 objects. Shaded areas indicate standard deviation.
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Fig. 9. Visual comparison of reconstruction completeness and exploration efficiency on the Mario object. Top row: online Gaussian models with camera
trajectories and frustums. Metrics denote Surface Coverage (↑) | Path Length (↓). Middle row: the uncertainty map at the final selected viewpoint. Bottom
row: final meshes extracted via TSDF fusion with zoomed-in details. Metrics denote Chamfer Distance (↓) | F-Score (↑).

D. Ablation Study and System Performance

To validate the design choices of ObjSplat, we conduct
comprehensive ablation studies to assess the individual con-
tributions of its core components.

1) Ablation on Viewpoint Evaluation: We first analyze the
impact of different uncertainty quantification strategies on
reconstruction results. We establish two baselines representing
common heuristics: Opacity-only, which uses rendered opacity
as a proxy for visibility, and Confidence-only, which employs
raw surfel confidence without occlusion or back-face aware-

ness. Subsequently, we evaluated our method by selectively
removing key components: Occlusion-Awareness (w/o O.A.),
Back-Face check (w/o B.F.), and Dynamic Scheduling (w/o
Dyn.). All variants employ the NBP planner to ensure a
fair comparison. As shown in Table III, baseline heuristics
(Opacity and Confidence) incur lower movement costs but suf-
fer from significantly inferior completeness and quality. This
indicates that in object-centric reconstruction, generic metrics
are easily biased by the large proportion of empty background
space, leading the system to prioritize trivial coverage over
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TABLE III
ABLATION STUDY ON VIEWPOINT EVALUATION. WE EVALUATE THE

IMPACT OF EACH COMPONENT ON RECONSTRUCTION QUALITY AND
EFFICIENCY USING THE GSO DATASET.

Method PSNR[dB]↑ CD[mm]↓ CR[%]↑ MC[m]↓

Opacity only 28.75 0.701 86.02 3.84
Confidence only 29.99 0.693 86.95 3.85

Ours w/o O.A. 32.22 0.622 91.07 4.09
Ours w/o B.F. 31.97 0.625 90.64 3.86
Ours w/o Dyn. 30.54 0.680 87.86 4.02
Ours 32.35 0.611 91.42 3.96

O.A.: Occlusion-Awareness; B.F.: Back-Face Observation; Dyn.: Dynamic
Scheduling Strategy. Best results are bold, second best are underlined.

TABLE IV
ABLATION STUDY ON VIEW PLANNING STRATEGIES. WE COMPARE

DIFFERENT PLANNING PARADIGMS IN TERMS OF RECONSTRUCTION
QUALITY AND EFFICIENCY.

Strategy PSNR ↑ CD ↓ CR ↑ MC ↓ Online ↓
[dB] [mm] [%] [m] [s]

Random 31.45 0.648 90.50 16.63 200.71
Circle (Fixed) 31.12 0.655 86.21 3.03 98.30

NBV (Greedy) 32.20 0.609 91.89 18.02 195.16
NBV-1 + NBP 31.62 0.652 89.12 4.51 130.18
NBP-R (Step-wise) 31.16 0.668 87.79 4.01 150.92
Ours (NBP-P) 32.35 0.611 91.42 3.96 121.96

Circle: efficient but blind; NBV: accurate but costly. Best results are bold,
second best are underlined.

intricate surface details. As a result, these methods fail to
detect critical geometric defects, such as self-occlusions or
back-facing surfaces, resulting in premature termination. In
contrast, our full approach incurs a slightly higher movement
cost (3.96m). However, this additional motion is deliberate and
goal-oriented, explicitly guided by our geometry-aware metric
to refine under-reconstructed regions.

Further analysis reveals that removing any of the individual
components causes varying degrees of degradation in recon-
struction completeness and quality. Removing the occlusion-
aware check causes erroneous co-visibility estimates due to
self-occlusions, which results in overestimated confidence.
Removing back-face observation hampers the identification
of under-reconstructed surfaces in object-level tasks, where
back-facing areas are non-closed surfaces. We note that the
performance drops when removing the dynamic scheduling
strategy, as this leads to degradation across both quality
and completeness metrics. This demonstrates that, during the
early stages of object reconstruction—when a large portion
remains unconstructed—the system benefits from prioritizing
exploration. As the model matures, the system shifts focus
to refine finer under-reconstructed areas. By integrating these
components, our method accurately identifies truly under-
reconstructed regions, achieving an optimal balance between
exploration and exploitation.

2) Ablation on View Planning Strategy: Table IV evaluates
distinct planning paradigms. The Random strategy, which
randomly samples viewpoints distributed uniformly across the
hemisphere, is effective for covering most of the object’s
surface. This resilience is attributed to our Gaussian surfel rep-

TABLE V
ABLATION STUDY ON GEOMETRY-TEXTURE OPTIMIZATION. WE
EVALUATE THE CONTRIBUTION OF EACH COMPONENT BY REMOVING

INDIVIDUAL LOSS TERMS FROM THE OPTIMIZATION PROCESS.

Method PSNR[dB]↑ SSIM↑ LPIPS↓ CD[mm]↓ CR[%]↑

Ours w/o Ln 32.01 0.961 0.046 0.750 88.23
Ours w/o Lc 32.31 0.963 0.040 0.613 91.52
Ours w/o Lm 32.33 0.963 0.041 0.612 90.64
Ours w/o Lo 32.25 0.965 0.042 0.608 90.98
Ours 32.35 0.966 0.039 0.611 91.42
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Fig. 10. Reconstruction quality comparison on the Bunny Racer object.

resentation and local visibility-based optimization in handling
non-sequential data. However, the fixed-trajectory Circle base-
line, while minimizing movement and time, yields poor recon-
struction fidelity. This confirms that dynamic, scene-responsive
active perception is essential for capturing complex geometric
details missed by fixed paths. Conversely, the greedy NBV
strategy achieves high completeness and geometric accuracy
but incurs excessive movement costs, rendering it impractical
for time-sensitive autonomous tasks.

A key finding is the superiority of executing the entire
planned path (Ours / NBP-P) over the receding horizon ap-
proach (NBP-R), where only the first step is executed before
replanning. NBP-R performs significantly worse, likely due
to its overly conservative nature, which hinders extensive ex-
ploration within a limited view budget. Furthermore, frequent
replanning increases computational overhead and disrupts
global scanning objectives. We also evaluated a hybrid strategy
(NBV-1 + NBP) that initializes with a single greedy view.
However, the initial large displacement disrupts trajectory
smoothness, leading to suboptimal results.

Ultimately, Ours (NBP-P) achieves the best trade-off: it
matches the high reconstruction fidelity of the computationally
expensive NBV strategy while maintaining a low movement
cost comparable to fixed trajectories. Moreover, it achieves
the lowest online processing time among active methods, as
the reduced planning frequency allows more computational re-
sources to be allocated to real-time mapping and optimization.

3) Ablation on Geometry-Texture Joint Optimization: We
selectively remove different loss terms during the optimization
process to perform a quantitative analysis (see Table V). The
normal consistency loss helps reduce geometric fluctuations
caused by overfitting to texture edges (see Fig. 10), which even
leads to inflated completeness. Interestingly, removing opacity
regularization leads to an improvement in CD. We hypothesize
that the strict binary opacity constraint may hinder the accurate
modeling of complex self-occluded regions, whereas relaxing
this constraint allows for better geometric fitting at the cost
of visual quality. By balancing these trade-offs, we achieve a
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Fig. 11. Real-World Progressive Reconstruction Process Results. We show four snapshots of the NBP planning execution. In each step, the robot executes
a path to a sub-goal with high estimated uncertainty (visualized in the inset). The final column shows the complete trajectory, total path length, and the final
PSNR (dB) of the training views.

TABLE VI
IMPACT OF THE OBJECT’S INITIAL POSE. (30 VIEWS AND 5 TRIALS)

Object PSNR[dB]↑ CD[mm]↓ CR[%]↑ MC[m]↓

Bunny 32.68 ± 1.02 0.718 ± 0.016 87.16 ± 0.29 3.89 ± 0.13
Chicken 32.14 ± 0.61 0.598 ± 0.010 86.85 ± 0.46 4.06 ± 0.44
Turtle 31.26 ± 1.74 0.747 ± 0.006 84.28 ± 0.39 3.94 ± 0.16
Elephant 31.98 ± 0.87 0.730 ± 0.019 92.30 ± 0.37 4.24 ± 0.19
Ortho 33.48 ± 0.37 0.642 ± 0.019 80.83 ± 1.04 4.08 ± 0.10
Horse 33.92 ± 0.74 0.477 ± 0.025 99.54 ± 0.28 4.05 ± 0.27
Eagle 29.76 ± 1.32 0.610 ± 0.010 96.51 ± 1.19 4.20 ± 0.24
Dragon 31.02 ± 0.52 0.746 ± 0.033 95.77 ± 0.53 4.13 ± 0.19
Mario 32.68 ± 0.82 0.650 ± 0.041 96.19 ± 0.25 4.25 ± 0.30
Yoshi 32.48 ± 0.48 0.503 ± 0.012 96.40 ± 0.34 3.88 ± 0.13
Dino 32.25 ± 0.60 0.683 ± 0.029 96.94 ± 0.82 4.26 ± 0.21
Backpack 29.49 ± 0.85 0.966 ± 0.037 80.83 ± 0.62 4.31 ± 0.29
Shoe 31.51 ± 1.21 0.555 ± 0.010 82.77 ± 0.10 3.66 ± 0.26
Candy-box 34.12 ± 1.07 0.378 ± 0.079 94.80 ± 0.05 3.75 ± 0.27
Cup 32.84 ± 1.16 0.485 ± 0.018 96.51 ± 0.16 4.01 ± 0.16
Stacking 34.74 ± 1.10 0.449 ± 0.005 87.15 ± 0.15 4.01 ± 0.08

Avg. 32.27 ± 1.45 0.621 ± 0.149 90.93 ± 6.45 4.05 ± 0.18

favorable compromise between geometric accuracy and visual
fidelity.

4) Robustness to Initial Pose: To evaluate robustness to
the initial object orientation, we randomly perturb the object
pose around the z-axis. For each of the 16 GSO objects, we
sample 5 random initial yaw angles and evaluate the final
reconstruction after 30 views. As shown in Table VI, the
system demonstrates consistent robustness, with low standard
deviations across metrics. This confirms that our NBP planner
and geometry-aware uncertainty effectively guide the robot to
explore critical regions regardless of the starting configuration,
ensuring reliable high-fidelity reconstruction.

TABLE VII
AVERAGE PROCESSING TIME PER STEP

Mapper Candidate views Get uncertainty Path planning Visualizer (optional)
326.40ms 2.71ms 164.78ms 21.91ms 94.28ms

Segmentation Extract Obj-PCD Move turntable Move arm
361.68ms 51.25ms 1399.40ms 1461.62ms

5) Runtime Analysis: Table VII reports the average pro-
cessing time per step for different modules. The system is ca-
pable of completing a full perception-planning-action loop in
approximately 4 seconds. Benefiting from the sparse decision-
making within the spatial topology and efficient rendering-
based view evaluation enabled by the unified Gaussian surfel
representation, the computational overhead for view evaluation
and path planning remains minimal, constituting only a small
fraction of the total processing load.

E. Real-world Experiments

To validate the effectiveness of ObjSplat in real-world sce-
narios, we deploy the system on the robotic platform depicted
in Fig. 6. To ensure coherent model fusion amidst mechanical
vibration and calibration noise, we activated the object-centric
pose tracking pipeline (described in Sec. III-D1) throughout
all experiments, maintaining global coordinate consistency.
Fig. 11 visualizes the autonomous reconstruction process for
four physical objects, displaying four snapshots of the NBP
planning process. In each slice, the uncertainty map ren-
dered from a selected sub-goal viewpoint is shown alongside
the executed trajectory. The system actively identifies high-
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Fig. 12. Final reconstruction results of real-world artifacts. We display the rendered images from the final Gaussian surfels (left) and the corresponding
extracted surface meshes (right). Our method recovers high-fidelity texture and geometry even for objects with complex topology and surface patterns.

uncertainty regions (red/bright areas) and generates collision-
free paths for exploration. As reconstruction progresses, the
global surface uncertainty diminishes, eventually confining
residual uncertainty to deeply occluded regions or complex un-
dersides that are difficult to observe. Quantitatively, our system
completed the reconstruction of these complex objects with an
average trajectory length of less than 4.0 m, confirming that the
NBP planner effectively translates its ”lookahead” capability
into highly efficient, non-redundant scanning trajectories.

Fig. 12 presents the final reconstruction results, displaying
both optimized Gaussian surfel models and extracted meshes.
The results demonstrate that ObjSplat achieves accurate ge-
ometry and photorealistic texture fidelity across objects with
diverse characteristics. Specifically, it faithfully recovers fine-
grained details, such as the skin texture of the Sika Deer,
intricate geometric carvings on the Fu Hao Owl Zun, and
rich patterns on the Pottery Figure. The explicit mesh
extraction further validates the geometric precision, exhibiting
smooth surfaces with sharp features. Crucially, these high-
fidelity digital assets are directly applicable to downstream
physical simulation tasks (see Fig. 1). For a complete visu-
alization of the scanning process and 360◦ renderings, please
refer to the supplementary video.

V. CONCLUSION AND FUTURE WORK

In this paper, we presented ObjSplat, a unified active object
reconstruction framework that bridges the gap between high-

fidelity digitization and efficient robotic exploration. By adopt-
ing 2D Gaussian surfels as a shared representation, our system
tightly couples incremental model updates with geometry-
aware view planning. We introduce a geometry-aware view
evaluation pipeline that explicitly accounts for back-face visi-
bility and multi-view covisibility, providing reliable guidance
for targeted refinement beyond simple opacity cues. To over-
come the short-sightedness of conventional greedy strategies,
our next-best-path planner performs multi-step lookahead on
a dynamic spatial topology, effectively optimizing the trade-
off between information gain and movement cost. Extensive
evaluations in both simulation and real-world setups demon-
strate that ObjSplat consistently outperforms state-of-the-art
methods, producing photorealistic, watertight digital assets
with significantly reduced autonomous scanning time.

Despite these advancements, our system has limitations that
open avenues for future research. First, the current framework
is tailored for the reconstruction of single, static, rigid objects.
Handling complex optical properties, such as extreme lighting
variations, transparency, or high specularity, remains challeng-
ing for the current rendering model. Future work will focus on
integrating robust material estimation techniques and explor-
ing dynamic object representations, broadening the scope of
autonomous digitization to interactive and uncontrolled real-
world environments.
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