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Abstract

Although geometric reconstruction of general objects from
images has made remarkable progress in recent years, slender
structures remain largely underexplored, despite their criti-
cal importance in engineering, biomedical, and agricultural
applications. To bridge this gap, we propose a dedicated 2DGS-
based geometric reconstruction framework tailored for slender
structures, achieving accurate and faithful geometry recov-
ery. Our method first addresses the challenge that most slen-
der objects are texture-less, which hinders reliable feature
matching and pose estimation in traditional SfM pipelines. By
leveraging the curve-like nature of slender structures, we per-
form a curve-guided SfM process that provides robust camera
poses and accurate 3D curve initialization for Gaussian primi-
tives. To ensure SfM reliability, we introduce a high-precision
mask extraction strategy that integrates geometric priors with
a segmentation network, effectively handling self-occlusion
and thin geometry. Furthermore, to enhance fine geometric
recovery, we incorporate a differentiable Poisson reconstruc-
tion module to extract an initial mesh during training, which
is then refined via image-space iterative optimization using
differentiable mesh rasterization. In contrast to conventional
approaches that rely on differentiable Gaussian rasterization
followed by TSDF-based mesh extraction, our method avoids
the additional geometric errors and artifacts introduced dur-
ing the intermediate TSDF conversion, thereby improving the
overall reconstruction quality. Comprehensive experiments
on both synthetic and real-world datasets validate that our
method achieves superior reconstruction quality compared to
state-of-the-art approaches.

1 Introduction
Reconstructing 3D geometry from multi-view RGB images
is a fundamental task in computer vision and graphics, with
broad applications in virtual reality (Kamran-Pishhesari,
Moniri-Morad, and Sattarvand 2024), video games (Kargas,
Loumos, and Varoutas 2019), autonomous driving (Liu et al.
2023), and robotics (Lee et al. 2022). While existing methods
have achieved remarkable progress in general scene recon-
struction, accurately recovering slender structures remains a
persistent challenge. Such objects are often defined by thin
geometry, weak textures, ambiguous image boundaries be-
tween the object and the background, making conventional
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multi-view stereo (MVS) (Schönberger and Frahm 2016) ap-
proaches prone to incomplete structure, fragmented geometry,
and reduced accuracy.

Recently, neural radiance fields (NeRFs) (Mildenhall et al.
2021) and neural implicit surfaces (neural SDFs) (Wang et al.
2021) have advanced reconstruction quality by leveraging
continuous implicit representations and geometric constraints.
However, these methods typically require dense ray sampling,
resulting in high computational overhead and long optimiza-
tion times. In contrast, 3D Gaussian Splatting (3DGS) (Kerbl
et al. 2023) introduces a differentiable rasterization mecha-
nism that enables efficient rendering and fast optimization.
Nevertheless, due to the limited representational capacity of
3D Gaussian primitives, its geometric fidelity remains sub-
optimal. Further, 2DGS (Huang et al. 2024) extended 3DGS
by projecting 3D Gaussian primitives into the image plane
as 2D primitives, enhancing surface compactness and clarity,
especially in fine-detailed regions. Despite these advances,
existing Gaussian Splatting-based methods still struggle with
slender reconstruction, often leading to floating artifacts, dis-
continuities, or missing geometry. These problems primarily
arise from the absence of structural modeling and geometric
constraints specifically designed for the unique characteris-
tics of slender shapes.

To address these challenges, we propose Slender3D, a
structure-aware optimization framework based on 2DGS, spe-
cialized in the high-fidelity reconstruction of slender objects.
First, we leverage the inherently curve-like nature of slen-
der structures and integrate a curve-based SfM method into
our pipeline. This module provides reliable camera poses
and 3D curve initialization, serving as geometric anchors
for the Gaussian primitives. To enhance the robustness of
both the SfM stage and subsequent optimization, we intro-
duce a structure-aware foreground extraction module that
combines a 2D segmentation network with 3D geometric
priors. This module produces high-precision masks capable
of handling thin geometry and self-occlusion, thereby re-
ducing background interference and improving multi-view
correspondence. Finally, to overcome the representational
limitations of Gaussian primitives in modeling fine structures,
we introduce a differentiable surface optimization strategy.
During training, we perform Poisson surface reconstruction
to generate an initial mesh from the current set of Gaussians,
which is then refined via image-space optimization using dif-
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ferentiable mesh rasterization (Laine et al. 2020). Rather than
relying on intermediate volumetric fusion (e.g., TSDF extrac-
tion) to finally reconstruct meshes from Gaussian primitives,
we directly optimize the surface geometry via differentiable
mesh rendering, significantly reducing artifacts and yielding
cleaner, more accurate reconstructions.

Extensive experiments on both synthetic and real data
demonstrate that our method significantly improves geomet-
ric accuracy, structural completeness, and surface smoothness
in slender structure reconstruction, achieving the state-of-the-
art (SOTA) performance.

Our main contributions are summarized as follows:

• We propose Slender3D, a novel optimization framework
based on 2D Gaussian Splatting, designed to address the
unique challenges of slender object reconstruction, in-
cluding thin geometry, weak textures, and frequent back-
ground confusion.

• We identify that slender objects inherently exhibit curve-
like structures, and leverage this insight to guide structural
initialization, which improves the robustness and effec-
tiveness of subsequent optimization.

• We propose a surface-based refinement strategy that
achieves higher geometric fidelity and fewer artifacts com-
pared to conventional TSDF-based approaches.

2 Related Works
Traditional reconstruction of slender structures Tradi-
tional methods for reconstructing slender structures can be
broadly categorized into three approaches: scan-based ge-
ometric reconstruction (Berger et al. 2014), image-based
multi-view reconstruction (Tabb 2013), and depth sensor
fusion techniques (Liu et al. 2021). Early scan-based meth-
ods employed structured light, LiDAR, or RGB-D cameras
to capture dense point clouds, which were then processed
using surface reconstruction algorithms such as Poisson re-
construction. However, these approaches are fundamentally
constrained by sensor resolution and the scale of the target
object, often leading to incomplete or inaccurate reconstruc-
tions (Fan et al. 2016; Wu et al. 2014). Image-based multi-
view methods (Hsiao, Huang, and Chu 2018; Li et al. 2018)
rely on geometric cues such as contours, edges, or curves
across views to perform structure recovery. Despite their po-
tential, these methods are sensitive to errors from camera
pose inaccuracies, self-occlusion, and insufficient texture,
which significantly limits their robustness in complex envi-
ronments. Depth-based methods like CurveFusion (Liu et al.
2021) avoid correspondence matching by directly extracting
curve skeletons from depth data for integration. Nonetheless,
their accuracy is heavily dependent on the depth sensor’s reso-
lution and noise characteristics, restricting their applicability
in practice. In summary, while traditional methods provide
effective solutions under controlled or simple conditions, they
remain inadequate for accurately reconstructing slender struc-
tures in real-world scenarios with complex topology, weak
textures, and severe occlusion.

Gaussian Splatting for Slender Structures In recent
years, Gaussian Splatting (Kerbl et al. 2023) has been widely

adopted for novel view synthesis and 3D reconstruction
tasks. 3D Gaussian Splatting employs learnable Gaussian
primitives to efficiently model scenes, but its reliance solely
on image supervision and lack of explicit geometric con-
straints often leads to disorganized Gaussian distributions,
particularly in geometrically complex regions such as slender
structures. To improve geometric accuracy, methods like Dn-
splatter (Turkulainen et al. 2025) and GSDF (Yu et al. 2024)
incorporate SDFs or explicit geometric priors as supervision.
However, these strategies mainly focus on global geometric
consistency and struggle to capture local structural details.

2DGS (Huang et al. 2024) simplifies 3D Gaussians into
planar 2D Gaussians, enhancing surface modeling perfor-
mance, especially in textureless areas. Nonetheless, its lack
of structural constraints on Gaussian positions and normals
leads to reconstruction errors in thin or blurred-edge regions.
Therefore, a key challenge in this field is how to introduce
explicit structural guidance into the optimization of Gaussian
primitives to better accommodate the geometric characteris-
tics of slender shapes.

3 Preliminary
The key innovation of 2D Gaussian Splatting (2DGS) (Huang
et al. 2024) is to represent 3D surfaces using planar 2D Gaus-
sians (elliptical disks), simplifying scene modeling while
enabling accurate geometry reconstruction without mesh re-
finement. Each disk lies on a local tangent plane and is param-
eterized by a center pk, two orthogonal tangent vectors tu,
tv, and scaling factors (su, sv) that control the spread. The
normal is given by tw = tu × tv , forming a rotation matrix
R = [tu, tv, tw], and the scale matrix is S = diag(su, sv, 0).
A 2D Gaussian can thus be expressed as:

P(u, v) = pk + sutuu+ svtvv = H(u, v, 1, 1)⊤ (1)
where H ∈ R4×4 denotes the homogeneous transformation
matrix representing the 2D Gaussian geometry:

H =

[
sutu svtv 0 pk

0 0 0 1

]
=

[
RS pk

0 1

]
(2)

In the Gaussian’s tangent frame (u, v), the Gaussian value
at position u = (u, v) is:

G(u) = exp

(
−u2 + v2

2

)
. (3)

Each Gaussian is projected to the screen via the world-to-
camera matrix W:

x = (x, y, z, z)⊤ = WH(u, v, 1, 1)⊤ (4)
To compute the Gaussian-ray intersection in (u, v) space,

two planes are defined per pixel: hx = (−1, 0, 0, x) and
hy = (0,−1, 0, y). These are transformed as :

hu = (WH)⊤hx, hv = (WH)⊤hy. (5)
The intersection point (u(x), v(x)) on the 2D Gaussian splat
can be computed by applying a homography transformation,
as follows:

u(x) =
h2
uh

4
v − h4

uh
2
v

h1
uh

2
v − h2

uh
1
v

, v(x) =
h4
uh

1
v − h1

uh
4
v

h1
uh

2
v − h2

uh
1
v

(6)

where hi
u and hi

v are the components of the transformed
planes in the Gaussian’s tangent frame.

10119



Figure 1: Overview of Slender3D. Our pipeline consists of three stages: (1) Multi-view images are first processed by a depth
estimation network and IS-Net to obtain foreground-filtered depth maps and fine-grained segmentation masks. (2) We then
perform curve-guided joint pose optimization to extract geometric priors, yielding accurate initial point clouds and camera
poses. (3) Finally, we reconstruct an initial mesh via differentiable Poisson sampling and Marching Cubes, and refine it through
differentiable rasterization along with Gaussian primitive optimization. This compact pipeline leverages structured priors and
geometry-aware optimization to improve 3D reconstruction for textureless, slender objects.

4 Method
Given multi-view images I = {I1, I2, . . . , In}, we aim to
accurately reconstruct slender objects. To this end, we first de-
sign a two-stage foreground extraction module that integrates
geometric priors with a segmentation network to produce
high-quality masks M = {M1,M2, . . . ,Mn}, which im-
prove both the SfM stage and the subsequent optimization
process (Sec. 4.1). Next, we incorporate a curve-guided SfM
approach that jointly estimates camera poses and sparse 3D
curves through cross-frame curve matching, providing reli-
able geometric anchors for initializing Gaussian primitives
(Sec. 4.2). Finally, we propose a mesh-based optimization
strategy that generates an initial surface via differentiable
Poisson reconstruction (Peng et al. 2021) and refine it using
differentiable mesh rasterization (Laine et al. 2020), which
in turn updates the positions and normals of the Gaussian
primitives during training (Sec. 4.3). The overall pipeline of
our method is illustrated in Fig. 1.

4.1 Foreground Segmentation
Accurate foreground segmentation is essential for 3D re-
construction of slender structures. Without explicit masks,
background clutter with a similar appearance can lead to re-
construction errors such as shape distortion, fragmentation,
or complete failure.

To obtain these masks, a straightforward approach is to
utilize an existing SOTA 2D image segmentation network for
prediction. Therefore, we first experiment with Dichotomous
Image Segmentation (DIS) (Qin et al. 2022), a high-precision
binary segmentation method based on the IS-Net (Qin et al.

2022) architecture. DIS has demonstrated strong performance
in extracting fine structures such as cables and fences, par-
ticularly on well-annotated datasets like DIS5K (Qin et al.
2022).

However, when applied directly to real-world images con-
taining slender objects, DIS often fails to produce reliable
masks. As illustrated in Fig. 2(a), the segmentation result
may contain missing parts or include erroneous background
regions when the background shares similar textures with the
foreground. These defects significantly limit the quality of
reconstruction results.

To address this limitation, we introduce a depth-guided pre-
filtering step using Depth-Anything V2 (Yang et al. 2024),
a monocular depth estimation network. Although originally
designed for depth prediction, its predicted depth maps
implicitly separate foreground and background regions
through relative depth cues. We repurpose these cues to
guide the first stage coarse segmentation.

Given a predicted depth map D , we define a global thresh-
old τ to filter out distant background pixels:

Mdepth(x, y) =

{
1 if D(x, y) < τ,

0 otherwise.
(7)

τ is a depth value satisfying:

|{D(·) | D(·) ≤ τ}|
N

= 0.85 (8)

where D(·) are all valid depths, N is the number of D(·).
We apply the binary mask to the original image to obtain a

filtered version as a coarse segmentation result, formulated
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Figure 2: Comparison of foreground masks. (a) Result of
applying DIS directly on raw images. (b) Output of our
two-stage pipeline with depth-guided pre-filtering, showing
clearer boundaries and less background leakage.

as I′(x, y) = I(x, y) · Mdepth(x, y), which is then fed into
the DIS network to perform final segmentation with reduced
background interference, ultimately producing the desired
fine-grained mask M .

This two-stage strategy improves both the completeness
and boundary accuracy of the masks, thereby providing a
more reliable geometric prior for the reconstruction of slender
objects (see Fig. 2(b)).

4.2 Curve-guided Initialization
Traditional structure-from-motion (SfM) pipelines such as
COLMAP (Schönberger and Frahm 2016) are known to per-
form well on textured, rigid scenes. However, when applied
to slender and textureless objects, these methods often en-
counter difficulties. The absence of distinctive appearance
features leads to unreliable keypoint detection and sparse
or unstable correspondences, resulting in inaccurate camera
pose estimation and incomplete 3D reconstructions.

To address this, we observe that slender objects inher-
ently exhibit a curve-like geometric structure, which of-
fers a more stable representation than sparse keypoints in
low-texture scenarios. Motivated by this insight, we incor-
porate the Vid2Curve algorithm (Wang et al. 2020) into
our reconstruction pipeline as an initialization module. Un-
like point-based SfM methods that rely on dense textures,
Vid2Curve leverages the geometric continuity of curve struc-
tures for alignment and reconstruction. It exploits stable 2D
skeletal curves instead of appearance features, making it par-
ticularly suitable for slender, low-texture scenarios where
traditional methods fail. In our case, the accurate multi-view
foreground masks M obtained in Section 4.1 enable the
precise extraction of single-pixel-width 2D skeletal curves
via skeletonization. We denote the resulting curve set as
C = {C1, C2, . . . , Cn} , where each Ck represents the skele-
ton extracted from the k-th view. These curves provide clean
and structurally meaningful constraints that support the ini-
tialization process.

The process begins by selecting a pair of keyframes with
a large parallax. Pixel-wise curve correspondences are esti-
mated using a combination of curve matching and optical
flow, followed by a two-view bundle adjustment to jointly
estimate the relative poses and triangulate a sparse set of 3D
points denoted as P.

To recover a structured 3D curve, a variant of Kruskal’s al-
gorithm (Kruskal 1956) is used to form a minimum spanning
tree over the 3D points P, resulting in an initial curve graph
C = (P,E), where P = {pi ∈ R3} and E denote the curve
points and their connectivity, respectively.

The estimated C and camera poses (Rk,Tk) are then
jointly refined by minimizing a projection-based alignment
loss, which encourages consistency between the 3D curve
and the 2D skeletons across views:

F (Rk,Tk; C) =
∑
k

dist2(c′k, ck), (9)

where c′k = π(Rk,Tk; C) denotes the projection of the 3D
curve onto view Ik, and the distance is defined as:

dist2(c′k, ck) =

∫
p∈c′k

min
q∈ck

|p− q|22. (10)

In this expression, p and q denote points on the projected 3D
curve c′k and the 2D skeleton curve ck in image Ik, respec-
tively.

The remaining frames are then incrementally integrated
through an alternating optimization process, jointly refining
both the global camera poses and the 3D curve structure.

This initialization yields a globally consistent and struc-
turally faithful 3D curve representation C along with reliable
camera pose estimates, which naturally provide geometric
and volumetric guidance for subsequent modeling stages.

4.3 Surface Optimization
Most 3DGS-based methods rely on TSDF fusion for sur-
face extraction by aggregating depth maps rendered from
Gaussians. While effective for general scenes, this approach
struggles with slender objects due to its dependence on accu-
rate depth. Slender structures typically occupy small image
areas and contain sparse, unevenly distributed Gaussian prim-
itives, especially around fine regions. As a result, the rendered
depth maps are often noisy or incomplete, leading to notice-
able discontinuities and floating artifacts in the TSDF-fused
surfaces.

To fundamentally address the limitations of TSDF fusion,
we propose a differentiable reconstruction pipeline that by-
passes TSDF entirely and directly optimizes mesh geome-
try. We first apply the differentiable Poisson solver to esti-
mate the indicator function χ(x) from the current Gaussian-
based normal field. Then we extract the initial mesh utilizing
differentiable Marching Cubes (Wei et al. 2025). This mesh is
then projected back to the image plane via Nvdiffrec (Laine
et al. 2020), and optimized by RGB and mask supervision.
The above pipeline forms a positive feedback loop: image-
space supervision improves the mesh, which enables more ac-
curate gradients to flow back to the Gaussian primitives. The
refined Gaussians lead to better mesh extraction via Poisson
and Marching Cubes, which in turn simplifies and enhances
downstream optimization through Nvdiffrec. Through this
formulation, our approach achieves significantly improved
surface continuity and fine-grained geometric detail, without
relying on precise depth rendering or TSDF fusion.
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Method Tree VMR

Acc↓ Comp↓ Prec↑ Recall↑ F1↑ Acc↓ Comp↓ Prec↑ Recall↑ F1↑
GOF 0.0507 0.0207 0.3607 0.8363 0.4989 0.0181 0.0636 0.2585 0.4721 0.3211
SuGaR 0.0930 0.0488 0.5195 0.8611 0.6362 0.0452 0.0110 0.4794 0.7361 0.5661
2DGS 0.0386 0.0188 0.4935 0.7760 0.5969 0.0156 0.0781 0.5219 0.6871 0.5932
PGSR 0.0374 0.0214 0.5447 0.8521 0.6549 0.0146 0.0191 0.4558 0.6026 0.5123

Ours 0.0271 0.0211 0.6729 0.8889 0.7573 0.0113 0.0095 0.7011 0.7914 0.7432

Table 1: Performance comparison across different datasets and scenes. For Acc and Comp, lower is better (↓). For Prec, Recall
and F1, higher is better (↑). The best results in each column are highlighted in bold.

Let I denote the input ground-truth RGB image, and Î
the predicted RGB image rendered from the mesh via differ-
entiable rasterization (Laine et al. 2020). Similarly, Let M
denote the set of refined binary masks obtained in Section 4.1,
and M̂ the predicted mask obtained by rasterizing the mesh.
Then, the mesh-related loss can be formulated as:

Lmesh = Lrgb + Lmask = ∥I − Î∥1 +BCE(M ,M̂). (11)

where BCE(·, ·) denotes the binary cross-entropy loss, which
measures the pixel-wise difference between the predicted
mask M̂ and the ground-truth mask M .

To better preserve the fine-grained structure of the mesh
surface, we incorporate a mesh Laplacian regularization term
to penalize local curvature variations. Specifically, we com-
pute a uniformly weighted differential value δi for each vertex
vi, representing the difference between vi and the mean posi-
tion of its neighboring vertices. The Laplacian regularization
term is defined as the mean squared value of δi over all mesh
vertices, where n denotes the total number of vertices:

Llap =
1

n

n∑
i=0

∥δi∥2, δi = vi −
1

|Ni|
∑
k∈Ni

vk (12)

4.4 Loss Function
Let L2dgs denote the photometric supervision term originally
introduced in 2DGS, which aims to minimize the discrepancy
between the rendered and input images. Our final training
loss function L is thus defined as:

L = L2dgs + λrgbLrgb + λmaskLmask + λlapLlap (13)

where Lrgb and Lmask denote the mesh-related RGB and
mask losses.

5 Experiments
5.1 Experimental Setup
Dataset and metrics. We evaluate our method on both syn-
thetic and real-world datasets. The synthetic set includes six
virtual models: three tree-like structures and three vascular
geometries from the Vascular Model Repository (VMR) (Wil-
son, Ortiz, and Johnson 2013; Walker et al. 2025), all ren-
dered using a custom Blender pipeline. Real-world data

is captured with consumer devices and covers four com-
mon slender object types.However,Ground-truth geometry is
not available for the real-world datasets.We report standard
metrics—Accuracy (Acc), Completeness (Comp), Precision
(Prec), Recall, and F-score (F1) to assess deviation, coverage,
and geometric fidelity.overage, and geometric fidelity.

Baselines and implementation. To evaluate our model’s
capability in reconstructing slender structures, we conduct
comprehensive comparisons against several state-of-the-art
methods, including 2DGS (Huang et al. 2024), GOF (Yu,
Sattler, and Geiger 2024), SuGar (Guédon and Lepetit 2024),
and PGSR (Chen et al. 2024). Our implementation is pri-
marily built on the PyTorch framework, and all experiments
are carried out on an Nvidia 3090 GPU. Most hyperparame-
ters follow the default settings of 2DGS.We set λrgb = 2.0,
λmask = 1000, and λlap = 1000 in our experiments. Our
pipeline is trained for 30k iterations. To ensure the positions
and normals of 2D Gaussian primitives better conform to
object surfaces, we introduce a differentiable Poisson Solver
(DPSR) module and differentiable Marching Cubes at the 15k
iteration mark to extract mesh geometry from the Gaussian
primitives. The DPSR module requires an average of 19 GB
GPU memory and approximately 64.5 minutes of runtime,
which is comparable to existing methods while significantly
improving geometric detail. For mesh rasterization, we adopt
the Nvdiffrast library and utilize an MLP network to store
vertex color information. The final supervision combines
dual rendering losses from both Gaussian and mesh-based
renderings.

5.2 Quantitative Comparisons
To evaluate the quality of the reconstructed mesh, we first con-
ducted quantitative comparisons on synthetic datasets. Given
the geometric properties of slender structures, we adopted
different distance thresholds when computing evaluation met-
rics: 3 cm for tree-like datasets and 1.2 cm for the medical
VMR dataset. Since the COLMAP (Schönberger and Frahm
2016) results are suboptimal on some datasets and could neg-
atively affect evaluation, all methods listed in Table 1 employ
curve-based SfM for camera pose estimation.

As shown in Table 1, the experimental results clearly
demonstrate that our proposed method achieves consistently
superior performance across various evaluation metrics and
diverse scenarios. It is noteworthy that some baseline meth-
ods attain relatively high Recall but suffer from significantly
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Figure 3: Qualitative comparison of reconstruction results. Our method achieves cleaner and more complete reconstructions on
both synthetic and real-world datasets, including Tree-0, Heart, Cerebral Arteries, Real Tree, Toy, and Ping Twig.
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Figure 4: Comparison between our point cloud and the one
generated by COLMAP. Our method produces cleaner and
more structured results.

lower Precision. This indicates that although these methods
tend to broadly cover the target regions, they struggle with
accurate localization and boundary delineation, resulting in a
higher false positive rate. Such a tendency towards ”Recall
over Precision” is often observed in models lacking effective
structural awareness of slender objects, leading to suboptimal
performance in fine-grained reconstruction.

In contrast, our method achieves strong performance in
both Precision and Recall, demonstrating its ability not only
to reconstruct the full extent of slender structures but also to
delineate them accurately. This balanced performance can be
attributed to our task-specific design and the incorporation
of geometric constraints tailored to thin, elongated objects,
enabling more accurate and reliable 3D reconstructions.

5.3 Qualitative Comparisons
We qualitatively compare our method with several state-of-
the-art approaches on both synthetic and real-world datasets,
including the synthetic tree (Tree-0), vascular structures
(Heart and Cerebral Arteries), and three real examples: Real
tree, Toy, and Ping Twig (Fig. 3). Our method produces
cleaner reconstructions with minimal noise and achieves supe-
rior completeness. Notably, it demonstrates strong structural
awareness by faithfully preserving the thin and elongated
features of slender objects.

5.4 Ablation Studies
Efficacy of the Curve-Guided SfM and DPSR We per-
form ablation studies to assess the contributions of curve-
guided SfM and the differentiable Poisson solver (DPSR)
for slender structure reconstruction. As shown in Fig. 4,
curve-guided SfM reduces noise and floating points, produc-
ing point clouds better aligned with slender contours, while
DPSR enforces surface continuity and improves accuracy. Ta-
ble 2 demonstrates that both modules enhance performance,
and their combination achieves the best results, highlighting
their complementary roles.

Ablation Study on Mask Extraction Strategy. We com-
pare two settings to assess our mask extraction strategy: (1)
using masks from a standard segmentation network without
geometric priors, and (2) using our full two-stage pipeline
with geometric cues. As shown in Figure 5, the baseline
suffers from background noise and missing thin structures,

Method Acc↓ Comp↓ Prec↑ Recall↑ F1↑
w/o curve sfm 0.0775 0.0650 0.2793 0.3487 0.3018
w/o dpsr 0.0372 0.0265 0.5418 0.8528 0.6530

Full Model 0.0271 0.0211 0.6729 0.8889 0.7573

Table 2: Quantitative comparison on the synthetic tree dataset.
We conduct ablation to assess the effect of curve-guided SfM
and the DPSR module. Curve-guided SfM improves pose
estimation for slender, low-texture branches, while DPSR
enhances geometric consistency and completeness. For Acc
and Comp, lower is better (↓); for Prec, Recall, and F1, higher
is better (↑).

Figure 5: Comparison of final reconstructed meshes. (a) Us-
ing single-stage masks without geometric priors results in
background noise and missing structures. (b) Using our two-
stage mask extraction with geometric priors improves fore-
ground completeness and detail, confirming the benefit of
geometric guidance.

degrading reconstruction quality. In contrast, our method
effectively suppresses clutter and preserves slender details,
highlighting the importance of geometric priors for reliable
SfM and reconstruction.

Conclusion
We present Slender-3D, an efficient framework for recon-
structing slender structures. By exploiting their inherent
curve-like geometry, we introduce a curve-guided Structure-
from-Motion (SfM) pipeline that enhances feature matching
and camera pose estimation under textureless conditions,
enabling accurate initialization of Gaussian primitives. To
further improve segmentation in cluttered scenes, we incor-
porate a geometry-aware mask extraction strategy. During
training, Slender-3D integrates differentiable Poisson recon-
struction with image-space mesh rasterization to achieve fine-
grained, globally consistent optimization. Extensive experi-
ments demonstrate that our method delivers state-of-the-art
performance in terms of geometric completeness and detail
preservation.
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