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Abstract

Gaussian Splatting has emerged as a powerful representation for high-fidelity novel view
synthesis. However, existing methods typically optimize the entire scene and require
postprocessing to obtain object-level meshes. This process incurs unnecessary compu-
tational costs and can introduce background artifacts into the resulting object mesh. To
address this problem, we propose an object-aware loss for mask-guided mesh reconstruc-
tion based on 2D Gaussian Splatting, which combines three complementary terms. First,
the Masked L1 Loss restricts photometric supervision to the target-object region. Second,
the Alpha Polarization Loss encourages high accumulated alpha values on the object and
low values on the background. Third, the ObjectMark Polarization Loss supervises a
learnable ObjectMark score, and Gaussians with scores at or below a predefined threshold
are periodically pruned during optimization. By suppressing background-contributing
Gaussians and focusing optimization on the target object, the proposed method enables
efficient object-level reconstruction with fewer background artifacts. Among the compared
methods, the proposed method achieves the highest surface reconstruction accuracy. It
reduces the Chamfer Distance on the DTU dataset from 0.92 to 0.74, a 19.6% improvement,
while producing cleaner object-level meshes. These results show that the proposed method
enables direct and efficient object-level mesh reconstruction while reducing the need
for postprocessing.

Keywords: 3D reconstruction; Gaussian Splatting; mesh extraction; novel view synthesis;
surface reconstruction

MSC: 68U05

1. Introduction

Recent digital content has evolved beyond high-resolution visual quality toward
immersive experiences such as augmented reality and virtual reality, where scenes can be
observed from diverse viewpoints rather than from a fixed viewing direction. However,
conventional visual media including standard video, panoramic imaging, and stereo-based
capture provide only a limited set of recorded viewpoints. As a result, users can observe
the scene only from captured views, and visual information from uncaptured viewpoints
is not directly available. This limitation restricts free scene exploration and the synthesis
of visual content from unseen viewpoints. To address this limitation, 3D reconstruction
has attracted increasing attention. By reconstructing scenes and generating views beyond
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the originally captured viewpoints, 3D reconstruction techniques enable users to observe
scenes from desired viewpoints and support more flexible visual experiences.

With the growing interest in 3D reconstruction, Neural Radiance Fields (NeRF) [1]
have emerged as a pioneering method for high-fidelity novel view synthesis (NVS). NeRF
achieves photorealistic rendering through volumetric integration by representing a scene
as a continuous radiance field. Specifically, NeRF uses a neural network to predict density
and color from 3D positions and viewing directions, and synthesizes images by integrating
these values along camera rays. However, NeRF-based methods incur high computational
cost in both training and rendering due to dense ray sampling and volumetric integration.
These limitations reduce their practicality in applications that require efficient optimization
and fast rendering.

To overcome these limitations, 3D Gaussian Splatting (3DGS) [2] recently emerged as
an efficient explicit representation for high-quality NVS. Instead of representing a scene
with a neural implicit field, 3DGS models the scene using explicit Gaussians. Each Gaussian
is parameterized by learnable attributes, including position, scale, rotation, color, and alpha.
By representing a scene with explicit 3D Gaussians, 3DGS enables efficient rendering while
achieving high visual quality and real-time performance. Owing to these advantages,
Gaussian Splatting has recently been extended beyond NVS toward object-level mesh
extraction for 3D asset reconstruction, editable object representation, object-level scene
manipulation, and generation-ready 3D content creation [3,4]. Despite these advances, most
reconstruction methods based on Gaussian Splatting are optimized using loss functions
defined over the entire input image. This full-scene optimization loss is effective for
complete scene rendering; however, it becomes inefficient when the target task is object-
level mesh extraction. Existing Gaussian Splatting methods optimize the entire scene
first and then obtain the target-object mesh through postprocessing. Since Gaussians
are optimized over both the target object and background regions during training, many
background Gaussians are retained along with the target object. Consequently, a larger
number of Gaussians must be optimized, which increases training time and GPU memory
usage. More importantly, background Gaussians can introduce unwanted geometry and
artifacts during mesh extraction, making the resulting object mesh noisy and less suitable
for direct use as a 3D asset.

To address these limitations, we propose an object-aware loss for mask-guided mesh
reconstruction based on 2D Gaussian Splatting (2DGS) [5]. The object-aware loss uses
object masks as priors, encouraging Gaussians to contribute primarily to object regions.
The loss consists of three main components. First, the Masked L1 Loss restricts photometric
supervision to the target-object region by excluding background pixels from the reconstruc-
tion error. Second, the Alpha Polarization Loss regularizes the accumulated alpha response
according to the object mask. It encourages the accumulated alpha to approach one in
object regions and zero in background regions. Through this loss, Gaussians contributing to
the target object are encouraged to maintain high alpha, whereas background-contributing
Gaussians are suppressed. Third, the ObjectMark Polarization Loss guides the learnable
ObjectMark score of each Gaussian. The ObjectMark score represents the degree to which
a Gaussian is associated with the target object. The accumulated ObjectMark response is
optimized toward one in object regions and toward zero in background regions. Gaussians
with low ObjectMark scores are regarded as background-related primitives and are re-
moved during optimization and before mesh extraction. This optimization strategy reduces
unnecessary background learning and limits the propagation of background geometry
into the extracted mesh. Experimental results show that the proposed approach improves
mesh reconstruction quality while reducing artifacts caused by background Gaussians. By
focusing optimization on the target object, the approach also achieves lower computational
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cost compared with existing mesh reconstruction methods. These results indicate that the
approach can extract clean object-level meshes without relying on complex postprocessing.
The main contributions of this work are summarized as follows:

*  We propose an object-aware loss for mask-guided mesh reconstruction based on 2DGS.

*  Weintroduce a Masked L1 Loss that restricts photometric supervision to the target-
object region by excluding background pixels from the photometric loss.

¢ Weintroduce Alpha Polarization Loss and ObjectMark Polarization Loss, which regu-
larize the accumulated alpha response and learnable ObjectMark scores, respectively,
enabling effective object-background separation.

*  We introduce ObjectMark Pruning, which removes Gaussians with low Object-
Mark scores during optimization, thereby reducing background Gaussians before
mesh extraction.

*  We show that the proposed loss improves object-level mesh quality and computational
efficiency compared with existing mesh reconstruction methods, while reducing the
need for complex postprocessing.

2. Related Work
2.1. Neural Radiance Fields

NeRF performs NVS from posed multi-view images by representing a scene as a
continuous volumetric radiance field. This field is parameterized by a neural network
that maps 3D coordinates and viewing directions to volume density and view-dependent
color. The scene representation is optimized through differentiable volume rendering by
minimizing a photometric reconstruction loss between rendered and ground-truth images.
This formulation enables high-quality synthesis from unseen viewpoints, but generally
requires dense sampling along camera rays and repeated network evaluations during both
training and rendering. Subsequent methods have improved the efficiency of radiance field
optimization by reducing network evaluations, introducing compact spatial representations,
and employing explicit or hybrid scene structures [6-9]. Although these approaches
substantially improve rendering efficiency, many NeRF-based pipelines still rely on per-
scene optimization, volumetric integration, or additional geometric processing. Radiance
fields have also been extended toward object-level tasks, for example by incorporating
channel attention to improve 3D object detection [10], although such methods still operate
on a field that has already been fitted to the entire scene. Moreover, these photometric losses
are evaluated over the entire image and do not distinguish task-relevant object regions
from background, which is inefficient when only object-level reconstruction is required.

2.2. 3D Gaussian Splatting

3DGS enables real-time NVS through an efficient explicit scene representation. Unlike
neural implicit methods, 3DGS represents a scene using anisotropic Gaussians initialized
from sparse structure-from-motion (SfM) [11] points, each carrying learnable position, scale,
rotation, color, and alpha attributes. These primitives are projected into screen space and
accumulated through differentiable alpha compositing, enabling efficient optimization
and high-quality rendering without dense volumetric ray sampling. Several Gaussian
Splatting methods have improved rendering quality, optimization stability, and compu-
tational efficiency through adaptive density control, regularization, anti-aliasing, more
effective primitive management, and refined initialization from auxiliary sensing [12-16].
Gaussian primitives have also been paired with complementary representations in other
capture settings, such as light field view reconstruction [17]. However, these improvements
generally preserve the full-scene optimization loss. Therefore, even when the Gaussian
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representation becomes more accurate or computationally efficient, it may still allocate
model capacity to background regions that are unnecessary for object-level reconstruction.

2.3. Mesh Extraction

Mesh extraction is an important process for converting reconstructed 3D representa-
tions into explicit surface models that can be used in graphics, editing, simulation, and as-
set generation pipelines [18,19]. In NeRF-based reconstruction, meshes are commonly
extracted by evaluating a learned density or signed distance field and applying an isosur-
face extraction algorithm such as Marching Cubes [20]. However, density-based NeRF
representations are primarily optimized for view synthesis rather than explicit surface re-
covery, which can lead to noisy or ambiguous geometry. To improve surface reconstruction,
several methods represent scene geometry with continuous surface formulations rather
than density fields [21], among which signed distance fields (SDFs) have been the most
widely adopted [22-25]. NeuS [26] represents surfaces as the zero-level set of an SDF
and introduces a volume rendering formulation designed for multi-view surface recon-
struction. VoISDF [27] also connects volume rendering with implicit surface modeling by
converting a learnable SDF into volume density, enabling surface reconstruction from posed
images. Neuralangelo [28] further improves large-scale dense reconstruction by combining
neural SDFs with multi-resolution hash grids and numerical gradients. These methods
improve geometric fidelity compared with density-only radiance fields, but extracting
high-resolution meshes still requires dense spatial evaluation of implicit functions, which
can be computationally expensive.

For Gaussian Splatting, mesh extraction poses a difficult challenge. Although 3DGS
provides fast rendering through explicit Gaussians, these Gaussians are optimized mainly
for image reconstruction rather than direct surface modeling. Therefore, the optimized
Gaussians can be spatially unstructured, making direct mesh extraction difficult. Re-
cent studies have addressed this limitation by incorporating additional geometric con-
straints, mesh-level optimization strategies, or object-aware priors into Gaussian repre-
sentations [29-32]. Among Gaussian-based mesh reconstruction methods, SuGaR [33]
regularizes Gaussians to align with scene surfaces and extracts meshes from the surface-
aligned representation. GS2Mesh [34] renders stereo-aligned views from a trained 3DGS
model, estimates depth using a pretrained stereo model, and fuses the resulting depth
maps into a mesh. PGSR [35] improves geometric accuracy by introducing planar Gaus-
sians, unbiased depth rendering, and multi-view consistency constraints. GS-2M [36]
jointly reconstructs the surface mesh and decomposes surface material from the optimized
Gaussians. 2DGS provides a particularly suitable foundation for surface reconstruction.
Planar Gaussians produce more consistent depth and normal estimates than volumetric
Gaussians and support mesh extraction through multi-view depth rendering and trun-
cated signed distance function (TSDF) fusion [37]. These methods show that Gaussian
representations can be converted into meshes, but most of them are designed for full-scene
reconstruction. Recent object-centric methods attempt to address this problem by using
semantic information, object masks, or target-aware reconstruction strategies. In particular,
Object-Centric 2D Gaussian Splatting (OC-GS) [38] leverages object masks for targeted
2DGS optimization and constructs compact object-level Gaussian models through back-
ground removal and occlusion-aware pruning. However, existing object-level Gaussian
reconstruction methods may still retain background Gaussians around the target object,
especially when background removal depends on color similarity or occlusion-based cri-
teria. In contrast, our method uses object masks to guide Gaussian optimization and
reduce background-contributing Gaussians during training. This produces an object-aware
Gaussian representation that is more suitable for clean object-level mesh extraction.
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3. Preliminaries

We adopt 2DGS as the baseline representation because its planar Gaussians provide
an explicit surface-oriented formulation suitable for geometrically accurate reconstruction
and mesh extraction. The proposed method preserves the geometric representation, dif-
ferentiable rasterization procedure, and geometry-aware regularization terms of 2DGS
while introducing additional object-aware loss functions and pruning operations. There-
fore, this section first reviews the 2DGS framework, including its Gaussian representation,
differentiable rasterization process, and loss functions.

3.1. 2DGS Framework

2DGS represents a scene using a set of oriented planar Gaussian primitives embedded
in three-dimensional space. Unlike the volumetric primitives employed by 3DGS, each 2D
Gaussian forms an elliptical disk that locally approximates the underlying scene surface.
Because a primitive spreads its density across a planar disk rather than through a volume,
the direction of steepest density change is unambiguous and is taken directly as the
primitive normal, which allows a 2D Gaussian to align with a thin surface. This surface-
oriented representation provides an explicit tangent frame and enables geometrically
consistent depth and normal estimation across different viewpoints. The state of a primitive
consists of a disk center p; € R3, a pair of unit tangent directions t, and t, that span the
plane it lies in, and a per-axis extent s, s, giving the Gaussian variance measured along
each of those directions. The primitive normal is determined by t,, = t,, X t,. Its orientation
and planar scale are represented by R = [t,, t,, t,,] € R3*3 and S = diag(s,, sp,0) € R3*3,
respectively. In particular, the zero scale along the normal direction constrains the Gaussian
to a two-dimensional tangent plane. Using local tangent coordinates (1, v), the geometry
of the Gaussian disk is parameterized in homogeneous coordinates as

P(u,v) = px +sutuu +sotov=H (1, v, 1, 1)T,
1
H— Suty Soty 0 pg _ RS Pk c R4x4. M
0 0 0 1 0 1

Here, H € R*** maps a point from the local tangent plane to world space while jointly
encoding the center, orientation, and spatial extent of the primitive. Therefore, a local
coordinate u = (u,v) specifies a position relative to the Gaussian center along the two
tangent directions. The Gaussian response is evaluated directly in this normalized tangent
coordinate system as

u2+vz>. )

o(w) = exp( "
Although G(u) is isotropic in the local uv-coordinate system, the transformation H maps
it to an oriented elliptical disk in world space. The center py, scales (s,, sy), and rotation
represented by (t,, t,) are learnable parameters. As in 3DGS, every primitive additionally
carries an opacity ay and view-dependent appearance c; parameterized with spherical
harmonics. Following 3DGS, 2DGS also inherits an adaptive density control strategy. It is
invoked every 100 iterations while the iteration counter lies between 500 and 15,000, and it
performs two operations. First, it clones and splits primitives whose accumulated positional
gradient exceeds a threshold of 0.0002; because 2DGS does not rely on the gradient of the
projected 2D center, the gradient of the 3D center is projected onto screen space and used as
an approximation for this criterion. Second, it applies alpha-based pruning, which removes
any primitive with opacity that falls below 0.05. The principal difference between 2DGS
and 3DGS lies in how a primitive is evaluated at a pixel. The affine projection used in
3DGS is accurate only near the Gaussian center, and its approximation error grows with
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distance from that center, which compromises perspective accuracy over the remainder
of the disk. Instead, 2DGS explicitly computes the intersection between the pixel ray and
the tangent plane of each Gaussian. Let W € R*** denote the combined transformation
from world space to screen space. A point on the Gaussian plane is projected according
tox = (xz,yz, z,z)T = WP(u,v) = WH(u, v, 1, 1)T, where x represents a homogeneous
ray emitted from the camera passing through the pixel at image coordinate (x,y) and
intersecting the disk at depth z. An alternative to the explicit intersection is to map the conic
into screen space through the inverse (WH) ™!, but this inversion becomes numerically
unstable exactly when the disk degenerates toward a line in screen space, and discarding
such ill-conditioned transformations by a fixed threshold destabilizes a differentiable
optimization. Therefore, the ray is represented as the intersection of two homogeneous
planes, h, = (—1,0,0,x) " with normal (—1,0,0) and offset x, and h, = (0,—1,0,y)"
with normal (0, —1,0) and offset y. Because transforming a plane by a matrix M amounts
to transforming its homogeneous parameters by the inverse transpose M~ ', applying
M = (WH)! to the two planes reduces to h, = (WH) h, and h, = (WH)"h,, so
that the local plane parameters are obtained without ever forming the inverse of WH.
Points of the disk are written (u,v,1,1) in these local coordinates; the intersection must
lie on both transformed planes, which gives the incidence condition hy, - (1,v,1,1)T =
h, - (u,0,1, 1)—r = 0. Solving it yields the ray—splat intersection in closed form,

2hd _ hAR2 4pl _ plpd
ui) = TR vb) = e ®

u-tv u-rv u-tv u-tv
where h; and h; denote the i-th parameter of the 4D homogeneous planes h, and hy,
respectively. The superscript is a parameter index and not an exponent, and h3 and h3
are always zero, which is why only the first, second, and fourth parameters appear in
Equation (3). The resulting coordinate u(x) = (u(x), v(x)) is substituted into G to evaluate
the primitive directly on its tangent plane, and substituting the same (u,v) back into
the screen-space mapping recovers the intersection depth z used for sorting and for the
geometric regularizers. This explicit intersection produces a perspective-correct Gaussian
evaluation that remains consistent across viewpoints. When a Gaussian is observed from a
highly oblique direction, its screen-space projection may degenerate toward a line segment
and be missed entirely during rasterization. To prevent this, 2DGS applies an object-space
low-pass filter that floors the response of the k-th primitive with a fixed screen-space
Gaussian centered on the projected primitive center:

G(u(x)) = max{0(u(x), o(*2) | @
where Py is the screen-space projection of the center py and o is the radius of the low-pass
response, which is fixed at o = \/2/2 so that a sufficient number of pixels is covered
during rendering. We write the stabilized response as G (u(x)), following the original 2DGS
formulation, in which the argument denotes the ray-splat intersection induced by the
image coordinate x. Equation (4) makes it clear that the second term of the maximum is
evaluated at x itself rather than at the tangent coordinate, so that Gy is ultimately a function
of the pixel and not of u alone. This stabilization affects only the rasterization footprint,
and does not change the underlying planar representation. For rendering, the Gaussian
disks are assigned screen-space bounding boxes, grouped into tiles, and sorted according
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to the depths of their centers. Their appearance is then accumulated from front to back
using the same differentiable alpha-blending structure as 3DGS:

k_

Z G (u (1 — a;Gi(u ))) ®)

k=1 =1

iy

~.

where x is the image coordinate of the pixel, K is the total number of Gaussian disks
associated with that pixel, k indexes those disks in depth order from the nearest to the
farthest, ay is the learnable opacity of the k-th primitive, and ¢, denotes its view-dependent
appearance. The product term represents the transmittance accumulated before the k-th
primitive, and the traversal is terminated once the accumulated opacity saturates. Therefore,
the quantity that is actually alpha-composited at a pixel is not a; alone but the product
4G (u(x)), that is, the opacity weighted by the stabilized Gaussian response of that
primitive at that pixel. Consequently, 2DGS retains the efficient differentiable rasterization
of Gaussian Splatting while replacing volumetric primitives with perspective-correct and
surface-aligned Gaussian disks.

3.2. 2DGS Loss

Although planar Gaussian disks provide a surface-oriented representation, photo-
metric supervision alone does not guarantee that the optimized Gaussians form a
geometrically consistent surface. Multiple semi-transparent Gaussian disks distributed
at different depths along the same camera ray may produce similar rendered colors.
Therefore, 2DGS combines an image reconstruction loss with depth distortion and
normal consistency regularization. The photometric loss is defined using an L1 term
and a differentiable structural dissimilarity term:

Le = (1= Assim) L1 + AssimL£D-ss1M (6)

where £; denotes the L1 reconstruction error between the rendered and ground-truth
images, Lp.gsiv denotes the corresponding structural dissimilarity term inherited from
3DGS, and Aggim controls the contribution of the structural dissimilarity term. This loss
supervises scene appearance but does not explicitly constrain the spatial distribution of
Gaussian disks along each camera ray. Surface rendering terminates a ray at the first
opaque interface it encounters, whereas alpha compositing imposes no cost on primitives
dispersed in depth, so disks separated by a wide margin can still integrate to nearly identical
color and depth. To concentrate the contributing Gaussians around a consistent surface,
2DGS minimizes the mutual distance between ray—splat intersections through the depth
distortion loss

Ed = kz;cukw]-|zk - Z] (7)
]

where z; and z; are the depths of the k-th and j-th ray—splat intersections along the ray
through a given pixel, and wy and wj are their corresponding blending weights. Here wy
is the alpha-compositing weight of the k-th intersection, that is, the factor applied to ¢
in Equation (5). This pairwise loss penalizes large depth differences between Gaussian
disks contributing to the same pixel. Because the intersection depths z; are themselves
optimized rather than fixed sample positions, minimizing £; concentrates the blending-
weight distribution within a narrow depth interval by moving the primitives, thereby
discouraging spatially dispersed disks from representing a single visible surface. The
normal consistency loss further constrains the local orientations of the 2D Gaussian disks.
For each pixel, 2DGS determines a representative surface intersection from the rendered
depth distribution. In particular, the surface point is taken at the median intersection,
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that is, the depth at which the accumulated opacity first reaches 0.5. Let p; denote the 3D
surface point obtained by back-projecting this depth. The surface normal estimated from
the local variation of the rendered surface points is

Vaps X Vyps
N(x,y) = , 8
B = 9 x Vypol, ®

where V,ps and Vps are spatial derivatives of the reconstructed surface points along the
horizontal and vertical image directions. They are approximated using finite differences
between neighboring back-projected depth points. The normal consistency loss is then
formulated as

Lo=Y w (1 - nkTN), )
k

where k indexes the splats intersected along the ray, ny is the camera-facing normal of the
k-th Gaussian disk, and N is the normal estimated from the rendered depth surface. The dot
product n; N measures the directional agreement between the primitive normal and the
reconstructed surface normal. Therefore, minimizing £, aligns contributing Gaussian disks
with the local surface orientation and improves consistency between the geometry encoded
by Gaussian normals and the geometry obtained from rendered depth. The complete 2DGS
training loss is expressed as

Lopgs = Le +AgLy+ AnLy, (10)

where A; and A, control the strengths of the depth distortion and normal consistency
terms, respectively. In the original formulation these two weights are set to A; = 1000
for bounded scenes and A; = 100 for unbounded scenes, with A;,, = 0.05 in all cases. The
photometric loss optimizes appearance, the depth distortion term concentrates contributing
primitives around consistent surface depths, and the normal consistency term aligns
their local orientations with the reconstructed surface. After optimization, 2DGS renders
median depth maps from multiple training viewpoints and integrates them through TSDF
fusion. The planar structure of the Gaussians and the geometry-aware regularization terms
provide reliable depth and normal estimates for this fusion process. However, the 2DGS
loss remains a full-scene optimization formulation. The photometric loss is evaluated over
the complete image, and the depth distortion and normal consistency terms regularize all
visible primitives without distinguishing the target object from the background. As a result,
background Gaussian disks are optimized and preserved together with object-relevant disks
even when only an object-level mesh is required. This increases the number of optimized
primitives and may propagate unnecessary background geometry into the extracted mesh.
Therefore, the proposed method retains 2DGS as its geometric baseline while extending its
loss with mask-guided reconstruction and object-background Polarization Losses.

4. Method
4.1. Overview

We propose a mask-guided 2D Gaussian Splatting framework for object-level mesh
reconstruction. As illustrated in Figure 1, given a set of posed multi-view images, binary
masks corresponding to the target object are first obtained using Segment Anything Model
2 (SAM2) [39] and the Gaussians are initialized from a sparse point cloud reconstructed
by SfM. The masks provide image-space priors that distinguish the target-object region
from the surrounding background in each training view. The positions, rotations, scales,
colors, and alphas of the Gaussians are then optimized using the differentiable rasterization
framework of 2DGS. To formulate object-aware optimization, the proposed framework
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modifies the loss function of 2DGS while retaining its geometric regularization terms. The
photometric loss is replaced by a Masked L1 Loss that restricts appearance supervision
to the target-object region. In addition, two polarization terms are introduced: the Alpha
Polarization Loss regularizes the accumulated alpha response according to the object mask,
whereas the ObjectMark Polarization Loss learns an explicit object-relevance attribute
for each Gaussian. The resulting ObjectMark scores are subsequently used to remove
background-related primitives through ObjectMark Pruning. The depth distortion loss and
normal consistency loss inherited from 2DGS are retained because they constrain surface
geometry rather than object-background separation. By jointly optimizing these terms,
the framework preserves the geometric advantages of 2DGS while concentrating Gaussian
optimization on the target object.

G = {pr, Re, Sk, ok, Cky 01}

SfM & Initialization | === - r . 4

— = f

Adaptive Tt . ‘
Density Control rojection ObjectMark Pruning

y N

Differentiable
Tile Rasterizer a

CP ‘ En ‘
2 . La

ﬁ Forward pass |:| Baseline method

Image
g ﬁ Backward pass Proposed method

Figure 1. Overview of the proposed mask-guided 2D Gaussian Splatting framework. Red and
blue arrows indicate the forward and backward optimization passes, respectively. Gray boxes
represent components inherited from the 2DGS baseline, whereas yellow boxes denote the proposed
mask-guided loss and the ObjectMark Pruning stage.

4.2. SAM?2-Based Mask Generation

To guide Gaussian optimization toward the target object, our method requires object
masks for the input views. We employ SAM?2 [39] to obtain object masks for the posed
multi-view images. SAM2 is a promptable visual segmentation foundation model that
extends the original Segment Anything Model (SAM) [40] to both images and videos by
introducing a streaming memory architecture. This architecture propagates object segments
across frames through memory attention, and reduces to image segmentation when applied
to a single frame. The model accepts sparse prompts such as points and bounding boxes as
well as mask prompts, and exhibits strong zero-shot generalization across diverse object
categories and visual domains. Given posed multi-view images I, € R"*®*3 of height h
and width w, SAM2 produces a binary object mask M, for the target object in each view:

M, € {0,1}/>® (11)
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where M/, € {0,1} denotes the value of the object mask M, at pixel i, with M, = 1 for
object pixels and Mi, = 0 for background pixels. The target object is specified by a simple
prompt on a reference view, such as a point or bounding box, and SAM2 propagates the
segmentation to the remaining views through its memory mechanism, yielding consistent
object masks across viewpoints without per-view re-annotation. These multi-view masks
serve as object priors that separate object regions from background regions during training.

4.3. Masked L1 Loss

In 2DGS, the photometric loss is evaluated over the entire image. Therefore, the opti-
mization process attempts to reproduce both the target object and the background. Such
full-image supervision is suitable for scene-level reconstruction, but is inefficient for object-
level mesh extraction because the background is not required in the final representation.
To exclude background pixels from the appearance reconstruction loss, we introduce a
Masked L1 Loss. The mask is applied to the ground-truth image so that its background
pixels do not contribute to the loss; as such, they are not learned during training. The
Masked L1 Loss is defined as

E{VI = HMU @fv_M-UQIU 1,

(12)

where T, and I, denote the rendered image and the corresponding ground-truth image
for view v, respectively, and ® denotes element-wise multiplication. When M, = 0,
the corresponding background pixel makes no contribution to the photometric loss. When
M = 1, the rendered color is optimized toward the ground-truth object color. In this way,
the Masked L1 Loss prevents the background appearance from being optimized.

4.4. Alpha Polarization Loss

Although the Masked L1 Loss restricts color reconstruction to the target-object region,
it operates at the image level and does not directly suppress every Gaussian associated
with the background. To further guide the Gaussian representation toward the target object,
we introduce the Alpha Polarization Loss. This loss regularizes the accumulated alpha
rendered at each pixel according to the binary object mask. The Alpha Polarization Loss is
defined over the entire rendered image as

Loa= 1 th[M’ )+ (1— M)A, (13)

where A, is the accumulated alpha value rendered at pixel i, obtained from the Gaussians
that contribute to it:

k 1

K ~
Ai =) aGi(u (1 — a;Gi(u ))) (14)

k=1 i=1

.

where x; is the image coordinate of pixel i and where K, k, ay, g}, and the transmittance
product are those of Equation (5). Equation (14) follows front-to-back alpha compositing,
meaning that A; € [0, 1] measures how strongly the Gaussian representation covers pixel
i. The two bracketed terms in Equation (13) are mutually exclusive; minimizing the loss
drives A; toward one on object pixels and toward zero on background pixels, promoting
foreground coverage while suppressing background opacity in the alpha that is used
directly for rendering.
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4.5. ObjectMark Polarization Loss

Although the Alpha Polarization Loss suppresses Gaussian contributions in back-
ground regions, alpha alone does not provide an explicit primitive-level criterion for
object-background discrimination. Because it participates directly in visibility estimation
and color compositing, it must simultaneously account for rendered appearance, occlusion,
and opacity, and a low alpha value. As such, it does not necessarily indicate that a Gaussian
belongs to the background. To provide each Gaussian with a dedicated object-relevance
attribute, we introduce a learnable ObjectMark score o € [0,1] for the k-th Gaussian, where
a value close to one indicates strong association with the target object and a value close
to zero indicates that the primitive is more likely to represent the background. All scores
are initialized to 0.5, the neutral midpoint of the interval, which introduces no initial bias
toward either category. A Gaussian created by adaptive density control inherits the score
of its parent, so object-relevance information learned prior to densification is preserved. To
allow supervision by the binary object masks, the per-Gaussian scores are accumulated at
the image level and regularized by the ObjectMark Polarization Loss:

1 hw )
Lo = 5 Lo [Mo(1=0) + (1= M;)0 (15)
where O; is the accumulated ObjectMark value at pixel i:
k 1

K ~
Oi = Z Okgk (1 — 0]g] ))) (16)

k=1 i=1

~.

Therefore, Equation (16) is the compositing operator of Equation (14) with the opacity
a, replaced by the ObjectMark score or. Each score is weighted by the footprint of its
primitive at the pixel, and O; € [0,1] can be compared directly with the binary mask
value M; As in Equation (13), minimizing L, drives O; toward one on object pixels and
toward zero on background pixels. Because O; is constructed from the learnable scores,
the gradients propagate from image-space mask supervision back to the primitive-level
attributes, so Gaussians that consistently contribute to object pixels across multiple views
obtain high scores while those that mainly contribute to background pixels obtain low
scores. The ObjectMark score represents only object relevance, allowing rendering and
object-background separation to be optimized jointly without assigning both roles to alpha.

4.6. Overall Training Loss

The proposed mask-guided losses are combined with the depth distortion and normal
consistency losses inherited from the 2DGS baseline. The two polarization terms intro-
duced above act on alpha values and ObjectMark scores, respectively, but share the goal
of separating object and background Gaussians. Thus, we combine them into a single
Polarization Loss

Ly = ApaLpa + ApoLpo, (17)

where Ap, and A, weight the Alpha Polarization Loss and the ObjectMark Polarization
Loss, respectively, and are specified in Section 5.1. Using Equation (17), the complete
training loss is defined as

L=LY+Ly+ ALy + ALy, (18)

where A; and A, follow the default settings of the 2DGS baseline. The four terms of
Equation (18) correspond to the four losses shown in Figure 1. The proposed loss replaces
the Photometric Loss £, with the Masked L1 Loss. Accordingly, the D-SSIM term used
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in the 2DGS photometric loss is not included during object-aware optimization. The
three mask-guided terms act at different levels: £ on pixel appearance, Lp, on rendered
opacity, and Ly, on the per-primitive object-relevance attribute. The depth distortion and
normal consistency losses are inherited unchanged from 2DGS as geometric regularizers.
The former concentrates ray-splat intersections around a consistent surface, and the latter
aligns the Gaussian normals with the normals estimated from the rendered depth map.
Together, these terms preserve the surface-oriented geometric regularization of 2DGS while
preventing the optimization process from unnecessarily reconstructing the entire scene.

4.7. ObjectMark Pruning

The polarization losses reduce the accumulated alpha and ObjectMark responses in
background regions. However, Gaussians with low ObjectMark scores are not automatically
removed. To explicitly remove these primitives, we apply ObjectMark Pruning using the
ObjectMark scores, as illustrated in Figure 2.

_ | -

ObjectMark Score

Figure 2. Illustration of ObjectMark Pruning. Gaussians are colored by their learnable ObjectMark
score. The two panels show the Gaussian set before and after pruning at a predefined ObjectMark
threshold 7.

Let G, denote the current set of Gaussians. Given a pruning threshold 7, the set of
primitives to be removed is defined as

Gremove = {Gk € Gan | o < T}. (19)

The pruning threshold is set to T = 0.5. Because every ObjectMark score is initialized
to 0.5, a Gaussian is retained only when optimization provides sufficient evidence that
its object relevance is greater than the neutral initialization. Conversely, a primitive for
which the score remains at or below the midpoint is treated as background-related and
hence removed. Unlike alpha-based pruning, ObjectMark Pruning does not rely solely
on a primitive’s rendering opacity. A Gaussian can have low alpha because of partial
visibility or view-dependent coverage, and can overlap with other primitives even when
it belongs to the target object. Instead, the ObjectMark score represents object relevance
learned from multi-view mask supervision. In this way, it provides a criterion that is con-
ceptually separated from the rendering contribution of the primitive. Applied repeatedly
during optimization, this criterion progressively refines the Gaussian set. The process
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removes background-related primitives while preserving Gaussians with learned scores
that indicate an association with the target object. After training, we extract the mesh
from the remaining object Gaussians via the TSDF fusion procedure inherited from 2DGS.
Since most background primitives are removed before mesh extraction, the resulting mesh
contains fewer background artifacts, reducing the need for additional postprocessing.

Figure 3 summarizes the proposed optimization loop. At each iteration, the rendered
image and the corresponding input image are compared through the total loss, then the
Gaussian attributes and ObjectMark scores are updated accordingly. Adaptive density
control is applied on the schedule inherited from the 2DGS baseline; from iteration 2500 on-
ward, ObjectMark Pruning is invoked at every 500 iterations to remove those primitives
with scores remaining at or below 7. The loop repeats until the end of training, after which
the mesh is extracted from the remaining object Gaussians by TSDF fusion.

—> Render ’ ‘ Image

Compute loss
L{VI aF Lp + )\d‘Cd + >\n£'n

Update Gaussians
Gr = {pk, Rk, Sk, ax,ck, 0}

4 false
500 < iter < 15,000 && iter % 100 == 0 ———

true

iter — iter + 1

v
Adaptive Density Control
clone / split / alpha-based pruning

<

4 false
iter > 2500 && iter % 500 == 0

true

4
ObjectMark Pruning
Chremeove = {Gk € Gan | Ok S T}

l

<

Figure 3. Overall flowchart of the proposed mask-guided optimization loop. Gray boxes denote
components inherited from the 2DGS baseline, whereas yellow boxes denote the proposed mask-
guided loss and the ObjectMark Pruning stage.

5. Experiments
5.1. Implementation Details

We conducted all experiments on a single NVIDIA RTX 4080 GPU. The spherical
harmonics degree, learning rates, adaptive density control, and optimization settings for
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Gaussian position, scale, rotation, alpha, and color all follow the default configuration of
2DGS, and we trained the model using the overall loss in Equation (18). The Polarization
Loss weights are set to Apa = 0.1 and Ap, = 1.0, and the learning rate of the ObjectMark
score is set to 0.01. We trained the model for 30,000 iterations in total. ObjectMark Pruning
starts at 2500 iterations and is repeated every 500 iterations until the end of training, with the
pruning threshold fixed at T = 0.5. For mask supervision, we used the ground-truth masks
provided with the DTU [41] and BlendedMVS datasets [42]. For Mip-NeRF 360 [43], where
ground-truth object masks are unavailable, we generated object masks using SAM2. We
resized all masks to the training resolution using nearest-neighbor interpolation and used
them as binary object masks during optimization. After optimization, we extracted the mesh
using the same TSDF fusion pipeline as 2DGS. The extracted mesh was then rendered using
nvdiffrast [44], a high-performance differentiable rasterizer, to obtain mesh renderings from
evaluation viewpoints for quantitative mesh-level evaluation and qualitative visualization.
For evaluation, we assessed both reconstruction quality and computational efficiency. To
measure rendering fidelity, we report Peak Signal-to-Noise Ratio (PSNR). Before computing
the error, we applied the object mask only to the ground-truth image.
The mean squared error (MSE) [45] is computed as

~ 2
I, -M,0I, 5
MSE = 2
5 h-w-3 (20)
Based on the MSE, PSNR is defined as
PSNR = 101 M (21)
— 80| "MsE )

where T, is the rendered mesh image for view v, with I, and M, as the corresponding
ground-truth image and binary object mask and MAX; as the maximum possible pixel
intensity. This setting penalizes rendered artifacts outside the target-object region, since
the masked ground-truth background is set to zero. For geometric accuracy, we report
Chamfer Distance in millimeters on the DTU dataset only, where ground-truth geometry is
available. For all datasets, we report mean Intersection over Union (mloU), mean Accuracy
(mACC), and PSNR to evaluate the object-region reconstruction quality and effectiveness
of background removal. For computational efficiency, we report the training time, peak
GPU memory usage, and peak number of Gaussians during optimization.

5.2. Datasets

We evaluated our method on three multi-view datasets: DTU, BlendedMYVS, and Mip-
NeRF 360. These datasets cover controlled object-centric captures, diverse multi-view
reconstruction scenes, and challenging real-world environments with complex backgrounds.
For all datasets, we used posed multi-view images and object masks for the target object.

52.1. DTU

DTU is a widely used multi-view stereo dataset for evaluating 3D reconstruction
methods. It consists of object-centric indoor scenes captured under controlled laboratory
conditions. Each scan is captured from 49 or 64 camera positions with an image resolution of
1600 x 1200, and reference geometry is obtained using structured light scans. We evaluated
on 15 scans using the preprocessed version provided by 2DGS.
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5.2.2. BlendedMVS

BlendedMVS is a large-scale dataset designed for generalized multi-view stereo. It
contains high-resolution multi-view images across diverse scenes, including architectures,
sculptures, and small objects. The dataset provides rendered images with corresponding
camera parameters and depth information. We used eight scenes at a resolution of 800 x 600,
and ground-truth object masks were available for all scenes. Because BlendedMVS includes
diverse geometry and appearance variations, we used it to evaluate the robustness of our
method under varied reconstruction conditions.

5.2.3. Mip-NeRF 360

Mip-NeRF 360 is a real-world NVS dataset designed for unbounded 360-degree scenes.
It contains indoor and outdoor scenes with complex backgrounds and challenging view-
dependent appearance. In this work, we used the bonsai and kitchen scenes, which are
captured in an object-centric manner that makes them well suited for evaluating object-level
reconstruction. The original images have a resolution of 3118 x 2078 and are downsampled
by a factor of 2, yielding a training resolution of 1559 x 1039. Since ground-truth masks
are unavailable for this dataset, we generated object masks using SAM2. On this dataset,
we evaluated whether our method can reduce background primitives and produce cleaner
object-level reconstruction results under real-world complex background conditions.

5.3. DTU Results

We first evaluated our method on the DTU dataset, for which ground-truth sur-
face geometry is available. The purpose of this experiment is to determine whether
the proposed mask-guided loss improves geometric reconstruction while suppressing
background-related Gaussians. We followed the evaluation protocol adopted in previous
studies [24,26,28,46]. Table 1 combines two distinct sources of results. The rows marked
with T are quoted from the OC-GS paper [38], and were not rerun on our hardware. They
follow the same DTU Chamfer Distance evaluation protocol as our own runs, and are
used only for direct comparison of geometric accuracy. The unmarked rows were eval-
uated by us under the same protocol and hardware environment using the respective
public implementations.

Table 1. Quantitative mesh reconstruction results on the DTU dataset in terms of Chamfer Distance.
Chamfer Distance is reported in millimeters, and lower values indicate better geometric accuracy. Red,
orange, and yellow indicate the first-, second-, and third-best results in each column, respectively.
t denotes values quoted from OC-GS [38]; these methods were not rerun on our hardware. All
unmarked rows were run by us under the hardware, software, and evaluation protocol of Section 5.1.
The upper group contains neural implicit methods, whereas the lower group contains Gaussian

Splatting methods.

scan24 scan37 scan40 scan55 scan63 scan65 scan69 scan83 scan97 scanl05 scan1l06 scan1l0 scanl114 scan118 scan122 Mean
NeRF T 1.83 2.39 1.79 0.66 1.79 1.44 1.50 1.20 1.96 1.27 1.44 2.61 1.04 1.13 0.99 1.54
NeusS * 0.83 0.98 0.56 0.37 1.13 0.59 0.60 1.45 0.95 0.78 0.52 1.43 0.36 0.45 0.45 0.77
3DGS T 2.14 1.53 2.08 1.68 349 221 143 2.07 222 1.75 1.79 2.55 1.53 1.52 1.50 1.96
SuGaR * 1.47 1.33 1.13 0.61 2.25 1.71 1.15 1.63 1.62 1.07 0.79 2.45 0.98 0.88 0.79 1.33
oc-Gst 0.47 0.82 0.30 0.43 0.93 0.96 0.86 1.26 1.03 0.72 0.74 1.25 047 0.75 0.55 0.77
GS2Mesh 0.60 0.94 0.68 0.50 1.29 1.15 0.78 1.50 1.25 0.77 0.58 0.85 0.42 0.42 0.58 0.82
GS-2M 0.90 1.06 1.44 1.38 1.76 2.14 117 1.73 1.20 1.44 1.32 1.02 1.04 0.99 1.30 1.33
PGSR 0.47 0.91 0.52 0.57 1.06 1.61 0.70 1.73 1.10 1.01 0.64 0.68 0.47 0.59 0.57 0.84
2DGS 0.62 1.07 0.72 0.42 1.32 1.11 0.90 1.47 1.23 0.78 0.71 1.39 0.48 0.99 0.59 0.92
QOurs 0.50 0.93 0.52 0.40 0.97 0.68 0.70 1.11 0.97 0.68 0.70 1.14 0.40 0.90 0.44 0.74

Table 1 reports the Chamfer Distance for 15 DTU scans. The proposed method achieves
the lowest mean Chamfer Distance of 0.74 among the evaluated methods. NeuS and OC-GS
follow closely, both obtaining a mean distance of 0.77. This result shows that the proposed
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method obtains low errors on a broad range of scans and achieves the best aggregate
result. The proposed method falls outside the three best results on scans 106, 110, and 118,
indicating that the effectiveness of object-aware optimization can depend on scene-specific
geometry and mask coverage. The most direct comparison is with the 2DGS baseline,
which obtains a mean error of 0.92 using surface-aligned Gaussian disks. Relative to this
baseline, the mean Chamfer Distance falls from 0.92 to 0.74, corresponding to a 19.6%
reduction. Among the neural implicit methods, NeRF records a mean Chamfer Distance
of 1.54 and NeuS reduces the mean error to 0.77 through surface modeling based on the
signed distance field. The proposed method reduces the mean Chamfer Distance of NeRF
by 51.9% and that of NeuS by 3.9%. The margin over NeuS is 0.03 in absolute terms, so the
advantage over the strongest neural implicit baseline is present but modest. Among the
Gaussian Splatting methods, 3DGS obtains a mean distance of 1.96, which the proposed
method reduces by 62.2%, reflecting the limitation of a representation primarily optimized
for image synthesis. SuGaR, GS2Mesh, GS-2M, and PGSR achieve mean errors of 1.33, 0.82,
1.33, and 0.84, corresponding to reductions of 44.4%, 9.8%, 44.4%, and 11.9% in favor of the
proposed method. Relative to the object-centric OC-GS at 0.77, the difference is again 0.03
in favor of the proposed method. This margin is too small to establish a meaningful ranking
between the two, and both should be regarded as achieving comparable geometric accuracy
on this dataset, which indicates that shaping the loss with object masks is competitive with
a pipeline built specifically for object-level reconstruction.

Table 2 presents the object-level evaluation results. Our method achieves an mloU of
0.9839, an mACC of 0.9942, and a PSNR of 25.13, obtaining the highest value for all three
metrics. The 2DGS baseline achieves an mIoU of 0.9033, an mACC of 0.9624, and a PSNR of
20.91. Relative to this baseline, the proposed method improves mloU by 8.9% and mACC
by 3.3%, and raises PSNR by 4.22 dB. GS5-2M provides the strongest competing result,
obtaining an mloU of 0.9614, an mACC of 0.9852, and a PSNR of 23.33. The corresponding
margins are 2.3% in mloU, 0.9% in mACC, and 1.80 dB in PSNR. PGSR records the lowest
values among the compared methods, with an mIoU of 0.8075, an mACC of 0.9155, and a
PSNR of 18.55, which the proposed method exceeds by 21.8% in mloU and 6.58 dB in
PSNR. GS2Mesh obtains an mlIoU of 0.8796, an mACC of 0.9517, and a PSNR of 19.98,
corresponding to gains of 11.9% in mloU and 5.15dB in PSNR. These results show that
the reconstructed meshes preserve a larger proportion of the target object while producing
fewer non-object renderings outside the reference mask. The gap is larger in PSNR than in
mloU, which is informative about where the compared methods differ: mloU is already
high for every method because the bulk of the object is recovered in all cases, whereas
PSNR is computed against the masked ground truth and is driven by whatever is rendered
outside the silhouette. The improvement is thus concentrated at the object boundary and
in the surrounding empty space rather than on the object interior, which is precisely the
region that determines whether an extracted mesh can be used without cleanup.

Table 2. Quantitative evaluation on the DTU dataset in terms of mIoU, mACC, and PSNR. All values
are averaged over the 15 evaluated scans. Higher values indicate better performance. Bold indicates
the best result.

Method mloU mACC PSNR (dB)
GS2Mesh 0.8796 0.9517 19.98
GS-2M 0.9614 0.9852 23.33
PGSR 0.8075 0.9155 18.55
2DGS 0.9033 0.9624 20.91
Ours 0.9839 0.9942 25.13
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Figure 4 provides a detailed qualitative comparison with the 2DGS baseline. The high-
lighted regions show that 2DGS frequently retains background-associated fragments near
the object boundaries that extend into surrounding regions. These artifacts are especially no-
ticeable around thin structures, object bases, and boundary-adjacent background areas. In
contrast, our method removes most of these residual structures and produces cleaner tran-
sitions between the reconstructed object and the surrounding background. The resulting
meshes exhibit more compact silhouettes and fewer detached fragments while preserving
the principal object geometry. This qualitative difference is consistent with the intended
effect of the proposed object-aware optimization, which suppresses background-associated
Gaussians during training rather than relying solely on post-reconstruction cleanup.

Image

Figure 4. Detailed mesh comparison between the proposed method and 2DGS on the DTU dataset.
The columns show the reference image, the proposed method, and 2DGS, evaluated from the
same viewpoints. Colored boxes identify regions containing boundary distortions, noisy fragments,
or residual background geometry.
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Table 3 reports the computational cost of each method. Our method requires 18.03 min
of training, 1.12 GB of peak GPU memory, and 0.19 M peak Gaussians, obtaining the lowest
value for all three measurements. Compared with 2DGS, which requires 28.40 min, 1.72 GB,
and 0.28 M Gaussians, the proposed method reduces training time by 36.5%, peak GPU
memory by 34.9%, and peak Gaussian count by 32.1%. GS2Mesh and PGSR require similar
training times of 20.35 and 20.15 min, so the reductions in optimization time are more
modest at 11.4% and 10.5%. However, our method reduces the Gaussian count by 64.8% and
40.6%, respectively, and peak GPU memory usage by 83.2% and 50.9%, respectively. GS-2M
has the highest computational cost, requiring 63.27 min and reaching 0.65M Gaussians,
which the proposed method reduces by 71.5% and 70.8%, respectively. Figure 5 shows that
our method maintains the smallest number of Gaussians throughout training compared
with the other methods. The curve also shows that the reduction is not obtained by a
late cull. The proposed method separates from the baselines early and stays below them
for the whole schedule, so the saving is a lower sustained primitive count rather than
a smaller final model. This is what makes the memory and time reductions in Table 3
possible, since both are governed by the primitive count carried through optimization
rather than by the count at the end. The reductions in peak GPU memory and Gaussian
count hold up against every compared method, ranging from 34.9% to 83.2% and from
32.1% to 70.8%, respectively, which indicates that the savings come from maintaining a
smaller primitive set throughout optimization. The reduction in Gaussian count supports
the intended function of the mask-guided losses and ObjectMark Pruning, since Gaussians
that contribute primarily to the background are suppressed and removed instead of being
retained throughout full-scene optimization.

Table 3. Computational efficiency on the DTU dataset. Training time, peak GPU memory consumption,
and peak Gaussian count are reported as averages over the 15 evaluated scans. Lower values indicate
greater computational efficiency and a more compact representation. Bold indicates the best result.

Method Time (min) GPU (GB) Gaussians (M)
GS2Mesh 20.35 6.65 0.54
GS-2M 63.27 3.74 0.65
PGSR 20.15 2.28 0.32
2DGS 28.40 1.72 0.28
Ours 18.03 1.12 0.19
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Figure 5. Number of Gaussians over the training iterations on the DTU dataset. The curves show the
growth and stabilization of the Gaussian sets for GS2Mesh, GS-2M, PGSR, 2DGS, and the proposed
method. The vertical axis is given in millions (M) of Gaussians.
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Figure 6 presents qualitative mesh rendering results across multiple DTU scans. The
differences are most apparent around object silhouettes and in regions where the recon-
structed surface meets the background. 2DGS frequently retains elongated or isolated
fragments extending outward from the target object, and similar residual geometry remains
in several PGSR reconstructions, particularly around the lateral and lower boundaries.
These artifacts are consistently visible across objects with different shapes and surface
appearances, indicating that full-scene reconstruction can preserve background-associated
geometry even when the principal object surface is recovered. GS-2M and GS52Mesh gener-
ally produce cleaner and more complete object structures than 2DGS and PGSR, but residual
non-object geometry is still visible in several scenes, especially near the object base or along
outer contours. In contrast, our method produces compact meshes with silhouettes that
more closely follow the corresponding ground-truth objects, while also preserving charac-
teristic structures such as protruding parts and thin boundary regions. Across the displayed
scans, surrounding fragments are largely suppressed without introducing substantial loss
of the principal object geometry. This qualitative behavior is consistent with the intended
role of the mask-guided losses and ObjectMark Pruning, which restrict optimization to the
target region and remove primitives with low object relevance.

We examined how the ObjectMark scores evolve under mask-guided supervision on
DTU and how the periodic pruning stages behave throughout training. For this analysis,
we recorded the ObjectMark score distribution and the number of removed primitives
at every pruning stage and averaged the results over the 15 evaluated scans. Figure 7
shows the evolution of the ObjectMark score distribution over the full training schedule.
As shown in Figure 7, all primitives are initialized at the neutral value of 0.5. Mask-guided
supervision moves the score distribution away from this midpoint within the first few
hundred iterations, initially toward intermediate intervals and subsequently toward the
two ends of the score range. Before pruning begins, most primitives already occupy the
highest-score interval, while a distinct low-score population accumulates in the lowest
interval. Thus, rather than being separated by their initialization, the two populations are
separated by the loss before any primitive is removed. This observation motivates delaying
ObjectMark Pruning until iteration 2500 rather than applying it from the beginning. By
this point, the scores have moved away from their neutral initialization, allowing pruning
decisions to reflect accumulated mask supervision rather than uninformative initial scores.
The pruning threshold is accordingly set at the initialization value, so that primitives
whose scores have not been driven toward the object-relevant side of the score range are
eligible for removal. After the first pruning stage at iteration 2500, the fraction of high-
score primitives increases further. The subsequent sawtooth pattern reflects the alternation
between densification, which introduces new primitives with intermediate ObjectMark
scores, and pruning, which removes primitives that fail to acquire sufficient object relevance.
Toward the end of training, nearly all surviving Gaussians lie in the highest-score interval.

Figure 8 further shows the score intervals occupied by the primitives at the time
of removal. The first pruning stage at iteration 2500 accounts for the largest number of
removals, with most deleted primitives belonging to the lowest-score interval. The number
of removed primitives then decreases sharply and becomes negligible well before the
end of training. In the later stages the removals are distributed more evenly across the
sub-threshold intervals, with the 0.1-0.2 interval contributing the most and the interval
immediately below the threshold contributing the fewest at nearly every stage. Across the
whole schedule, the intervals well below the threshold account for the majority of removals,
which indicates that ObjectMark Pruning acts mainly on primitives whose learned scores
provide clear evidence of low object relevance rather than on primitives lying close to the
decision boundary. The rapid decay in removal counts further shows that the Gaussian set
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stabilizes well before mesh extraction, consistent with the plateau in the primitive count
shown in Figure 5.

Overall, the DTU experiments show that the proposed loss improves object-region consis-
tency and computational efficiency while maintaining competitive geometric accuracy.

§
2
#
.
%

2DGS PGSR GS-2M GS2Mesh

Figure 6. Qualitative mesh rendering results on the DTU dataset. Ground truth (GT), the proposed
method (Ours), 2DGS, PGSR, GS-2M, and GS2Mesh are presented under corresponding viewpoints.
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Figure 7. Distribution of Gaussians across ObjectMark score intervals during training on the DTU
dataset, averaged over the 15 evaluated scans. Each curve represents the percentage of the current
Gaussian set with ObjectMark scores within the corresponding interval.
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Figure 8. Number of Gaussians removed at each ObjectMark Pruning stage on the DTU dataset,
averaged over the 15 evaluated scans and categorized by the five score intervals below the threshold
T = 0.5. The horizontal axis starts at iteration 2500, when ObjectMark Pruning is first applied.

5.4. BlendedMVS Results

We next evaluated the proposed method on BlendedMVS to examine its behavior
across objects with diverse geometry, texture, and appearance.

As shown in Table 4, the proposed method obtains an mIoU of 0.9904, an mACC
of 0.9950, and a PSNR of 23.54, achieving the highest value for every metric. Compared
with the 2DGS baseline, which obtains 0.9340, 0.9635, and 19.50, this corresponds to
improvements of 6.0% in mloU and 3.3% in mACC, together with a 4.04 dB gain in PSNR.
GS-2M is the strongest competitor, obtaining an mlIoU of 0.9896, an mACC of 0.9948,
and a PSNR of 23.27, so the remaining margins are only 0.1% in mIoU, 0.02% in mACC,
and 0.27 dB in PSNR. These margins are too small to establish a meaningful ranking between
the two methods, and both should be regarded as providing comparably accurate object-
level reconstruction on this dataset. G52Mesh and PGSR obtain PSNR values of 17.14 and
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19.13, which the proposed method exceeds by 6.40 dB and 4.41 dB, with a corresponding
7.9% mloU improvement over G52Mesh. Their lower PSNR values are accompanied by
lower object-region overlap, particularly for GS2Mesh, suggesting that residual non-object
surfaces and inaccurate object boundaries affect both mask-based consistency and rendered-
image fidelity. Because the proposed method and GS-2M are statistically indistinguishable
on this dataset, the relevant comparison here is not accuracy but cost; the same object-level
quality is reached with roughly a quarter of the primitives and less than half the training
time reported in Table 5.

Table 4. Quantitative evaluation on the BlendedMVS dataset in terms of mloU, mACC, and PSNR.
All values are averaged over the eight evaluated scenes. Higher values indicate better performance.
Bold indicates the best result.

Method mloU mACC PSNR (dB)
GS2Mesh 0.9183 0.9454 17.14
GS-2M 0.9896 0.9948 23.27
PGSR 0.9297 0.9516 19.13
2DGS 0.9340 0.9635 19.50
Ours 0.9904 0.9950 23.54

Figure 9 compares the reconstructed meshes with their ground-truth counterparts.
Our method preserves the overall object shape and major surface structures across the
three scenes while producing little geometry outside the intended object regions. The
reconstructed meshes closely follow the ground-truth silhouettes despite substantial dif-
ferences in object scale and geometry, including elongated structures, fine facial features,
and smooth curved surfaces. Although some high-frequency surface details are smoothed
during reconstruction, the principal geometric characteristics of each object are retained.

The consistency of these results across visually and geometrically different scenes
suggests that the mask-guided optimization remains effective under varying object shapes
and surface appearances. This observation is consistent with the high aggregate object-
region scores reported in Table 4.

GT

Ours

Figure 9. Qualitative mesh rendering results on the BlendedMVS dataset. The top row, labeled GT,
shows the ground-truth reference images, and the bottom row shows the corresponding meshes
reconstructed by the proposed method, rendered from the same viewpoints across three scenes.

Figure 10 provides a more detailed comparison with GS5-2M, which is the strongest
quantitative competitor on BlendedMVS. Although GS-2M achieves similar aggregate
metrics, the highlighted regions reveal local holes and surface discontinuities that are not
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fully reflected by the global scores. In contrast, our method produces more continuous
surfaces in these regions while preserving the surrounding object geometry.

Ours GS-2M

Figure 10. Qualitative comparison between the proposed method and GS-2M on the BlendedMVS
dataset. Highlighted regions identify holes, incomplete local surfaces, and spurious geometry.

Table 5. Computational efficiency on the BlendedMVS dataset. Training time, peak GPU memory
consumption, and peak Gaussian count are reported, averaged over the eight evaluated scenes.
Lower values indicate greater computational efficiency and a more compact representation. Bold
indicates the best result.

Method Time (min) GPU (GB) Gaussians (M)
GS2Mesh 8.27 2.20 0.55
GS-2M 19.60 2.18 0.44
PGSR 18.08 2.38 0.24
2DGS 8.76 0.71 0.35
Ours 7.64 0.43 0.11

Table 5 reports the computational efficiency results. Our method requires 7.64 min,
0.43 GB of peak GPU memory, and 0.11 M peak Gaussians, the lowest values among the
evaluated methods. Compared with the 2DGS baseline at 8.76 min, 0.71 GB, and 0.35M
Gaussians, this corresponds to reductions of 12.8% in training time, 39.4% in peak GPU
memory, and 68.6% in peak Gaussian count. GS2Mesh has a similar training time of
8.27 min, giving a smaller 7.6% reduction, but its 0.55M Gaussians and 2.20 GB of GPU
memory are reduced by 80.0% and 80.5%. GS-2M and PGSR require 19.60 and 18.08 min,
which the proposed method reduces by 61.0% and 57.7%. Relative to the 2DGS baseline,
the reduction in Gaussian count is more than five times the reduction in training time.
The method achieves object-level reconstruction quality comparable to or better than the
strongest baseline while using a smaller Gaussian representation.
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5.5. Mip-NeRF 360 Results

We finally evaluated the proposed method on the bonsai and kitchen scenes of Mip-
NeRF 360. These scenes contain cluttered backgrounds, complex appearance, and wide
camera trajectories, making them suitable for assessing object-level reconstruction in real-
world environments.

Figure 11 compares object-level reconstruction results in scenes containing substantial
background geometry. 2DGS retains numerous fragments around the target objects, while
GS2Mesh preserves even larger non-object structures, particularly near the object base and
surrounding background regions. PGSR and GS-2M achieve cleaner object-background
separation, but local leakage and boundary irregularities remain visible in the rendered
masks. In contrast, our method produces a more compact reconstruction with substantially
fewer surrounding fragments, and the corresponding masks more closely follow the target-
object silhouettes while preserving the principal object structures.

2

h
- §

GT Ours 2DGS PGSR GS-2M GS2Mesh

Figure 11. Qualitative mesh rendering results on the Mip-NeRF 360 dataset. GT, the proposed
method, 2DGS, PGSR, GS-2M, and GS2Mesh are compared. The first two rows show the bonsai scene
and the last two rows show the kitchen scene; within each pair, the upper row gives the rendered
object appearance and the lower row the corresponding mask.

Unlike the object-centric datasets, these scenes contain substantial background content
relative to the target objects, providing a more challenging setting for evaluating object—
background separation. The results show that the proposed object-aware optimization
suppresses background-associated geometry during training, reducing the need for a
separate post-reconstruction cleanup stage to obtain the target-object mesh.

Table 6 presents the quantitative object-region results. In both scenes, our method
obtains the highest mIoU and mACC. For bonsai, the proposed method achieves an mloU
of 0.9646 and an mACC of 0.9953, improving on the 2DGS baseline values of 0.8814 and
0.9847 by 9.4% and 1.1%, respectively. The strongest competing mloU is 0.9350 from
GS-2M, which the proposed method exceeds by 3.2%. The improvement in mloU is
consistent with a reduction in residual structures outside the target-object mask. For kitchen,
the proposed method achieves an mloU of 0.9511 and an mACC of 0.9943, corresponding to
improvements of 18.2% and 2.5% over the 2DGS values of 0.8044 and 0.9696. GS-2M obtains
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a closely comparable mlIoU of 0.9484, leaving a margin of only 0.3%, whereas GS2Mesh
reaches 0.5309 and is improved on by 79.2%. The relative gain over 2DGS is roughly twice
as large on kitchen as on bonsai, reflecting the greater amount of clutter and background
geometry retained by the full-scene baseline in that scene.

Table 6. Quantitative evaluation on the Mip-NeRF 360 dataset. We report mloU and mACC for the
bonsai and kitchen scenes. Higher values indicate better performance. Bold indicates the best result.

Bonsai Kitchen

Method

mloU mACC mloU mACC
GS2Mesh 0.7501 0.9611 0.5309 0.8867
GS-2M 0.9350 0.9920 0.9484 0.9929
PGSR 0.9181 0.9903 0.9321 0.9913
2DGS 0.8814 0.9847 0.8044 0.9696
Ours 0.9646 0.9953 0.9511 0.9943

Table 7 jointly compares optimization time and rendered-mesh fidelity. On bonsai,
the proposed method requires 10.62 min and achieves a PSNR of 23.69, making it both the
fastest and the highest-PSNR method in this scene. The 2DGS baseline requires 29.75 min
for a PSNR of 19.95; the proposed method therefore reduces training time by 64.3% while
gaining 3.74 dB in PSNR. G5-2M obtains a comparable PSNR of 23.58, only 0.11 dB below
the proposed method but requires 25.77 min, so the proposed method reaches the same
fidelity 58.8% faster. On kitchen, the proposed method requires 12.18 min and achieves a
PSNR of 25.30, reducing the 31.73 min of 2DGS by 61.6% while raising PSNR by 6.07 dB.
GS-2M again provides the second-highest PSNR at 24.86, 0.44 dB lower, with a training time
of 26.20 min that the proposed method reduces by 53.5%. The pattern across both scenes
is that the accuracy margin over GS-2M is small, whereas the reduction in optimization
time is consistently above 50%. This separation is larger here than on the object-centric
datasets, which is consistent with the amount of background each scene contains: the
more of the captured volume that is irrelevant to the target object, the more optimization
the full-scene baselines spend on geometry that mesh extraction will discard. The com-
bination of shorter optimization time and higher PSNR is consistent with the proposed
loss reducing unnecessary background reconstruction. Overall, the Mip-NeRF 360 results
show that object-aware optimization remains effective in cluttered real-world scenes. The
proposed method provides the highest object-region metrics and rendered-mesh PSNR
while requiring the shortest training time in both evaluated scenes.

Table 7. Comparison of training time and mesh-rendering PSNR on the Mip-NeRF 360 dataset. Lower
training time and higher PSNR indicate better performance. Bold indicates the best result.

Bonsai Kitchen
Method
Time (min) PSNR (dB) Time (min) PSNR (dB)

GS2Mesh 45.32 16.39 53.43 15.89
GS-2M 25.77 23.58 26.20 24.86
PGSR 41.21 22.53 42.92 23.47
2DGS 29.75 19.95 31.73 19.23
Ours 10.62 23.69 12.18 25.30
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5.6. Ablation Study

The ablation study evaluates the contributions of the three mask-guided losses and the
two pruning criteria by replacing or removing each in turn from the complete formulation.
The ObjectMark Polarization Loss and ObjectMark Pruning are reported as a single ablation
entry, denoted —(Lpo + 0 Pruning), because the two are not independently separable in
this formulation. Since oy is used only during ObjectMark Pruning, retaining £, without
the pruning stage leaves the learned scores unused and reproduces that entry exactly. The
converse configuration, retaining the pruning stage while removing L, is degenerate;
with no gradient reaching oy, every score remains at its initialization, which coincides
with the threshold, so every primitive satisfies Equation (19) and the entire Gaussian set is
deleted at iteration 2500.

As shown in Table 8, the complete formulation achieves the highest performance,
with an mloU of 0.9839, an mACC of 0.9942, and a PSNR of 25.13. The corresponding
qualitative result in Figure 12 contains the most clearly separated object boundary and the
fewest visible background fragments. The £M — L. variant replaces the Masked L1 Loss
with the 2DGS photometric loss, restoring the Lp_sspv term, and yields an mloU of 0.9827,
an mACC of 0.9932, and a PSNR of 24.34 dB. When the Masked L1 Loss is replaced only with
the L1 loss, the E{VI — L1 variant achieves an mIoU of 0.9802, an mACC of 0.9923, and a
PSNR of 24.92 dB. Compared with £{VI — L., removing the Lp_ggpyv term increases PSNR by
0.58 dB but decreases mloU by 0.0025 and mACC by 0.0009. Nevertheless, both full-image
variants remain inferior to the complete formulation across all three metrics, supporting
the effectiveness of restricting photometric supervision to the target-object region.

Two additional variants examine the respective roles of the two pruning mechanisms.
The —ay Pruning variant disables the inherited alpha-based pruning while retaining Ob-
jectMark Pruning, and achieves an mloU of 0.9827, an mACC of 0.9914, and a PSNR of
24.43 dB. Conversely, the —(Lpo + 0 Pruning) variant removes both terms while retain-
ing the inherited alpha-based pruning, yielding an mIoU of 0.9836, an mACC of 0.9941,
and a PSNR of 24.93 dB. Both variants perform below the complete formulation across
all three metrics, indicating that the two pruning mechanisms provide complementary
contributions. The larger degradation observed when alpha-based pruning is removed is
consistent with their distinct roles: the inherited pruning eliminates Gaussians with low
opacity, whereas ObjectMark Pruning removes Gaussians with low object relevance learned
through mask-guided supervision.

Table 8. Ablation study on the DTU dataset. The variants either replace the Masked L1 Loss
with the 2DGS photometric loss (ﬁi\/f — L) or unmasked L1 loss (LI{VI — L1), or remove the
inherited alpha-based pruning (—ay Pruning), the ObjectMark Polarization Loss with its pruning
stage (— (EPO + o Pruning)), or the Alpha Polarization Loss (=Lpa)- The baseline is 2DGS, and all
values are averaged over the 15 evaluated scans. Higher is better, and the best results are shown
in bold.

Variant mloU mACC PSNR (dB)
Full 0.9839 0.9942 25.13
LY — L. 0.9827 0.9932 24.34
,Ciw — L 0.9802 0.9923 24.92
—ay Pruning 0.9827 0.9914 24.43
—(Lpo + 0f Pruning) 0.9836 0.9941 24.93
—Lpa 0.9028 0.9585 23.25
Baseline 0.9033 0.9624 20.91
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GT —ay Pruning
Full —(£Lpo + 0k Pruning)

LY >, —Lpa

LM - L, Baseline

Figure 12. Qualitative ablation comparison on the DTU dataset. The panels show the ground truth,
the complete method, the five ablation configurations reported in Table 8, and the 2DGS baseline. The
enlarged regions show boundary errors, residual background geometry, and local surface artifacts.

Removing the Alpha Polarization Loss produces a substantial reduction in all metrics.
The resulting variant obtains an mlIoU of 0.9028, an mACC of 0.9585, and a PSNR of 23.25.
Its mask-based metrics fall back to approximately the level of the 2DGS baseline, which
achieves an mloU of 0.9033 and an mACC of 0.9624, although the variant’s PSNR of 23.25
remains 2.34 dB above the baseline value of 20.91. This result shows that alpha-level polar-
ization is central to the proposed formulation. Without £p,, the accumulated opacity is not
explicitly encouraged to approach one in object regions and zero in background regions.
Consequently, the remaining ObjectMark-based supervision and pruning cannot fully com-
pensate for the absence of opacity separation, and the object-background overlap returns
to baseline level even though rendering fidelity is partly retained. Figure 12 highlights this
failure. Without Lp,, the reconstruction moves back toward the baseline, with boundary
errors and residual background surfaces reappearing around the object, whereas the two
photometric variants and the two pruning variants remain closer to the complete method.
Because the 2DGS baseline optimizes a photometric loss over the entire image, it neither
restricts appearance supervision to the target object nor forces background Gaussians to
have low accumulated opacity or low object relevance. Therefore, it retains background-
induced geometry and irregular object boundaries, and the complete method improves
on it by the margins reported in Table 2. The comparison among the variants confirms the
complementary roles assigned to the loss components in the proposed formulation.

6. Discussion

The experimental results show that the proposed method is effective for object-level
mesh reconstruction. Our method improves geometric reconstruction, object-region con-
sistency, and mesh rendering fidelity while reducing training time, GPU memory con-
sumption, and the number of Gaussian primitives. These results indicate that suppressing
background-related primitives contributes not only to computational efficiency but also
to the geometric quality of the extracted object mesh. The Masked L1 Loss restricts pho-
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tometric supervision to the target-object region. The Alpha Polarization Loss aligns the
accumulated opacity with the binary object mask, thereby suppressing background opacity
while preserving object regions. The ObjectMark Polarization Loss introduces a sepa-
rate primitive-level relevance attribute, allowing object-background discrimination to be
learned independently of the alpha parameter used for visibility and color compositing.
The ObjectMark Pruning then removes background-related Gaussians with low ObjectMark
scores. Removing the Alpha Polarization Loss produces the largest performance degrada-
tion, showing that alpha-level separation is central to stable object-focused optimization.
The Masked L1 Loss improves object-region consistency by limiting appearance reconstruc-
tion to the object mask, whereas ObjectMark Pruning provides an additional refinement by
removing low-relevance primitives that remain after optimization. The results show that
the proposed components perform distinct and complementary functions.

Nevertheless, the proposed method has several limitations. Its performance depends on
the accuracy and multi-view consistency of the input object masks. Mask errors may exclude
valid object regions or include portions of the background, simultaneously affecting the masked
photometric loss, accumulated alpha response, and ObjectMark supervision.

To examine this dependence directly, we retrained the proposed method on the Blend-
edMVS bust scene shown in Figure 9 using deliberately perturbed object masks, dilating
and eroding the ground-truth masks at two strengths each while keeping every other
setting fixed. Figure 13 compares the resulting meshes with the ground truth and with the
mesh obtained from the unperturbed masks. Dilated masks label part of the background
as object, so background material is no longer suppressed and survives as fringes and
thin residual surfaces attached to the silhouette and to the base of the bust. Eroded masks
exclude true foreground pixels near the object boundary, causing silhouette geometry to be
lost and resulting in missing portions of the hair along with holes in the remaining hair
region. Accordingly, mask dilation and erosion expose complementary failure modes by
degrading the reconstruction in opposite directions: dilation introduces background arti-
facts by including regions outside the true object boundary, whereas erosion damages the
reconstructed object by excluding valid foreground regions. Further evaluation is required
for dynamic scenes, inaccurate camera poses, severe occlusion, and objects containing thin
or reflective structures.

Overall, the experiments support the central assumption of this work: object-level
mesh reconstruction benefits from an optimization loss that distinguishes object-relevant
Gaussian primitives from background-related primitives. By introducing this distinction
into both the loss and the pruning procedure, the proposed method produces a more
compact representation and cleaner object-level geometry.
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Figure 13. Effect of perturbing the ground-truth object masks on the reconstructed mesh. D and
E denote dilated and eroded masks, respectively, and the trailing number is the size of the square
structuring element. D5 and E5 use a 5 x 5 kernel, while D10 and E10 use a 10 x 10 kernel. Colored
boxes identify regions containing boundary distortions, missing object mesh geometry, or residual
background geometry.

7. Conclusions

This study has presented a mask-guided object-level mesh reconstruction method
based on 2D Gaussian Splatting. The proposed loss combines a Masked L1 Loss, an Al-
pha Polarization Loss, and an ObjectMark Polarization Loss, which respectively restrict
appearance supervision to the target object, enforce alpha-based object-background separa-
tion, and learn primitive-level object relevance, after which ObjectMark Pruning removes
those primitives that score low. Across the DTU, BlendedMVS, and Mip-NeRF 360 datasets,
the proposed method obtains the highest object-region accuracy among the compared meth-
ods, lowering the mean Chamfer Distance on DTU from 0.92 to 0.74 and reducing training
time relative to the 2DGS baseline by 36.5%. By suppressing background Gaussians during
optimization and concentrating the reconstruction process on the target object, the method
enables efficient extraction of clean target-object meshes without complex postprocessing.
Despite these encouraging results, there is further space for improvement. Future work
will investigate uncertainty-aware mask supervision and the joint optimization of object
segmentation and Gaussian reconstruction, so that reconstruction quality is no longer
bounded by that of a fixed input mask. Extending the evaluation to more challenging
capture conditions such as dynamic scenes, inaccurate camera poses, and severe occlusions
also remains open.
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Abbreviations

The following abbreviations are used in this manuscript:

2DGS  Two-Dimensional Gaussian Splatting
3DGS  Three-Dimensional Gaussian Splatting
GT Ground Truth

mACC  Mean Accuracy

mloU  Mean Intersection over Union

MSE Mean Squared Error

NeRF  Neural Radiance Fields

NVS Novel View Synthesis

OC-GS  Object-Centric Two-Dimensional Gaussian Splatting
PSNR  Peak Signal-to-Noise Ratio

SAM Segment Anything Model

SAM2  Segment Anything Model 2

SDF Signed Distance Field

StM Structure-from-Motion

TSDF  Truncated Signed Distance Function
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