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Abstract

Robotic manipulation of unseen objects relies on zero-shot 6D pose estimation,
which typically requires a 3D mesh as a reference. While constructing accurate
meshes requires specialized scanning hardware and manual editing, recently pro-
posed Novel View Synthesis (NVS) techniques, such as 2D Gaussian Splatting
(2DGS) and Sparse Voxels Rasterization (SVRaster), produce accurate surface
reconstructions as a byproduct, potentially eliminating the need for specialized
equipment. This work presents an automated image-based mesh generation pipeline
that integrates object segmentation, camera registration, point cloud generation,
metric height estimation, and NVS mesh generation, eliminating the need for ex-
pensive hardware and human intervention. Leveraging 2DGS and SVRaster with
MASt3R-SfM or Visual Geometry Grounded Transformer (VGGT), the pipeline
produces accurate meshes in minutes, with the VGGT/SVRaster combination
reducing reconstruction time to seconds. Grounding near-view object-centric im-
ages with far-view scanning scene images using MASt3R yields consistent object
height estimates. On the BOP YCB-V benchmark, meshes generated with our
pipeline achieve competitive performance with state-of-the-art zero-shot pose es-
timation methods. Real-life robotic grasping experiments further indicate robust
performance even under moderate scale errors. The source code is available at
https://github.com/St333fan/meshgen-zeroshop.

1 Introduction

The rise of Machine Learning (ML) and Generative Artificial Intelligence (GenAI) has significantly
enhanced the ability of robotic systems to navigate complex and dynamic environments, moving
beyond the constraints of controlled settings [1]. However, planning and locomotion in robots are
of limited utility without reliable object detection to facilitate environmental interaction. Although
Vision-Language Models are increasingly embedding object representations within their parameters
[2], state-of-the-art (SOTA) zero-shot object detection, segmentation, and 6D pose estimation methods
still rely on reference objects, typically represented as 3D meshes for feature matching [3] [4] [5].
Figure 1 illustrates this with a robot detecting an object in a real-world scene, segmenting object-
specific pixels, and estimating its pose to enable grasp planning and manipulation.
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Figure 1: A robot extracts environmental information relevant to a target object for grasping. This
data, including image location and corresponding pixel values, is then used to infer both a 2D pose
(green) and a 6D pose (blue), defined within the robot coordinate system. Subsequently, this pose
information facilitates grasp planning for object manipulation.

Conventionally, meshes are acquired using specialized scanning hardware, followed by manual
refinement in a Computer-Aided Design program, or via Structure from Motion (SfM) algorithms [6],
which yield comparatively lower-quality results [7]. Unfortunately, hardware scanners are expensive
and SfM-based pipelines are highly feature-dependent, struggle with textureless objects, are scale-
ambiguous, and require long processing times [6]. Recent ML-based approaches leveraging Vision
Transformers for camera registration [8] [9] and scene reconstruction utilizing radiance fields [10]
[11] have significantly closed the gap to hardware-based scanning. Combined into an automated
pipeline, these methods eliminate the need for specialized scanning hardware and manual mesh
generation.

In this work, we present an automated mesh generation pipeline that uses Grounded-SAM [12]
for object segmentation, MASt3R-SfM [8] or VGGT [9] for camera pose estimation, and 2DGS
[11] or SVRaster [10] for mesh reconstruction, while leveraging MASt3R [13] to estimate object
height. All methods were tested on object data generated from the YCB-V subset of the Benchmark
for 6D Object Pose Estimation (BOP) [4]. Logically, BOP was also used to compare all meshes
within model-based tasks testing with SOTA open-source models CNOS [14], SAM-6D [15] and
FoundationPose [16]. Finally, the best-performing mesh generation method was applied to real-world
supermarket objects to generate accurate object meshes, which were subsequently validated through
robotic grasping experiments.

This paper is organized as follows: Section 2 provides an overview of related work in the domains
of 3D reconstruction, NVS, and pose estimation. Section 3 outlines the proposed automated mesh
generation pipeline. Section 4 details the experimental setup and presents the results. Finally, Section
5 summarizes the paper and suggests directions for future research.

2 Related Works

The industry-standard reconstruction pipeline utilizes COLMAP [6] for camera registration and sparse
point cloud estimation. The resulting point cloud is subsequently densified and meshed using Poisson
Reconstruction [17]. While performing best with feature-rich or large objects, it suffers from lengthy
processing times and relies on good initialization. Its successor GLOMAP [18] addresses processing
time with comparable reconstruction quality, yet both rely on handcrafted features increasingly
replaced by ML-based foundation models such as CroCo [19]. Notable integrations include DUSt3R
[20], MASt3R [13], and MASt3R-SfM [8], whose learned features are more robust than handcrafted
alternatives and increasingly used for feature matching [21] [8]. Importantly, MASt3R, trained on
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metric data [13], is able to estimate scene scale; however, its performance is validated primarily for
large-scale environments and has received limited testing in small-scale scenarios. Other specifically
trained approaches include VGGT [9] and VGGSfM [22] for camera registration and point cloud
generation. Currently, MASt3R-SfM and VGGT generate the most viable initial point clouds and
camera positions, though both may remain inconsistent for direct mesh reconstruction. On the
RealEstate10K benchmark [23], MASt3R-SfM and VGGT perform comparably, while VGGT with
Bundle Adjustment (BA) achieves SOTA performance; however, reconstruction quality drops under
extreme input rotations [9].

While these methods provide camera positions and an initial sparse point cloud, the resulting data
is often incomplete or misaligned. NVS methods address this limitation by optimizing a scene
representation from the input images, minimizing the rendering error across all views. The scene
is encoded as radiance fields, which can subsequently be used to densify the point cloud [24] [25]
[26]. This has been further addressed by 2DGS [11], which applies 2D Gaussian surfaces placed in a
3D space, ensuring alignment with the surfaces of a scene. This results in dense, on-surface-aligned
points, where each point represents the midpoint of a Gaussian surface. Alternatively, SVRaster
[10] adopts a different approach, initiating reconstruction from registered camera frames and directly
generating view-consistent voxels, later fused into a mesh. Sun et al. [10] also presented comparative
evaluations of NVS methods, demonstrating a favorable balance between accuracy and inference time
for both SVRaster and 2DGS. Beyond rendering alignment, integrated loss functions also leverage
object surface alignment guided by segmentation masks, typically extracted using methods such as
Segment Anything Model (SAM) [27], Grounded-SAM [12], or Grounding DINO [28]. Following
NVS reconstruction, post-processing into a mesh typically involves Poisson Reconstruction [17] or
Marching Cubes [29], with texture either registered from source images or increasingly generated via
diffusion models [30].

The reconstructed meshes are then used as reference models in model-based zero-shot object detection,
segmentation, and 6D pose estimation. Among the available methods benchmarked in BOP [4], three
stand out in terms of performance, open-source availability, and ease of integration: CNOS [14],
SAM-6D [15], and FoundationPose [16]. CNOS combines DINOv2 [31] for zero-shot detection
with SAM [27] or Fast-SAM [32] for segmentation in a straightforward pipeline. SAM-6D [15]
extends CNOS by adding a geometric matching term for improved detection and segmentation,
with subsequent pose estimation employing a two-stage point matching model. FoundationPose
[16] offers a unified framework for 6D pose estimation and tracking of novel objects, supporting
both model-based and model-free scenarios via LLM-aided synthetic training and a neural implicit
representation. Controversially, the synthetic training data is subject to copyright issues, and a version
trained without it has been released, potentially at the cost of reduced accuracy. For subsequent
evaluation, the de facto benchmark is BOP [4], offering both 3D object models and real-world
counterparts from its YCB-V subset. However, as open-source datasets [4] [33] [34] [35] are often
included in model training data, novel data should also be considered.

3 Methodology

Building on the prerequisite of avoiding specialized scanning hardware, the developed meshing
pipeline relies solely on a generic camera and ML methods. Figure 2 illustrates the four main stages
of object generation: object segmentation, camera registration and point cloud generation, metric
height estimation, and meshing supported by NVS. Each step is described in detail in the following
sections.

3.1 Data Acquisition and Object Segmentation

To enable reliable 3D reconstruction and accurate segmentation, it is necessary to acquire images
that provide complete and uniform coverage of the object surface. A camera should move along a
trajectory encircling the object at multiple elevations, consistently maintaining focus on its center.
The first image captures the frontal view to establish the coordinate axes. In addition, capturing data
as a video stream accelerates acquisition, promotes consistent illumination, and allows flexible frame
extraction. Note that capturing the object solely from a top-down perspective leaves a hole at the
bottom of the resulting mesh. Once captured, the object is segmented from the background using
Grounded-SAM [12], a zero-shot promptable segmentation model. Using the prompt "object in the
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Figure 2: Object generation proceeds in four stages: Object Segmentation generates image masks
from a video, followed by Camera Registration and Point Cloud generation, which estimates camera
poses and a sparse point cloud. Metric Height Estimation then isolates object-specific 3D points from
masked front-view images to estimate the object dimensions. Finally, the point cloud is densified and
meshed using the NVS methods 2DGS and SVRaster.

middle." on the first frame, it tracks and generates the object mask across all frames, as seen in Figure
2, enabling accurate segmentation for diverse objects.

3.2 Camera Registration and Point Cloud Generation

Starting from an unordered collection of scene images without known camera intrinsics and extrinsics,
it is possible to estimate these parameters while reconstructing 3D scene geometry, as seen in Figure
2. To solve this, MASt3R-SfM integrates an ML stereo model into a conventional SfM framework
by using MASt3R features for image retrieval and pairwise matching, followed by camera pose
estimation and point cloud reconstruction within a COLMAP-based optimization stage. This hybrid
design reduces matching complexity from quadratic to linear, enables robust registration even under
purely rotational motion, and avoids reliance on RANSAC, while still benefiting from BA for global
consistency. In contrast, VGGT adopts a fully feed-forward approach that jointly processes multiple
images to directly predict camera poses, depth maps, point tracks, and 3D point maps in a single
forward pass. This yields significantly faster inference and eliminates explicit correspondence search
and incremental reconstruction, but requires higher GPU memory and exhibits reduced robustness
under large viewpoint changes. While MASt3R-SfM trades runtime efficiency for scalability and
accuracy through optimization, VGGT prioritizes real-time performance by learning geometric
reasoning end to end from large-scale data.

3.3 Metric Height Estimation

While VGGT does not estimate metric scale, MASt3R-SfM and MASt3R fail to recover the correct
scale from near-view object-centric images alone. The solution integrates both near-view object
and far-view scene images into a single reconstruction using MASt3R, chosen for its computational
efficiency. Since scale is an optimization parameter across image pairs [13], scene images must
outnumber object images. A good compromise uses four scene and two object images; the latter
being the minimum required by the stereo backbone of MASt3R, producing a point cloud of the
full scene with the object registered within it, as shown in Figure 3. Object height is estimated by
projecting the point cloud into the reference camera coordinate frame, applying the object mask, and
subtracting the lowest from the highest point coordinate. Crucially, scene images can be captured
without the object present.

3.4 NVS Mesh Generation

In the last step of Figure 2, a mesh is generated with 2DGS and SVRaster, followed by post-processing
with texture, given a pose based on the first reference frame, and scaled to the estimated dimensions.
2DGS and SVRaster utilize the registered cameras, the point cloud, and object masks to iteratively
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Figure 3: To generate an accurate metric scene point cloud, four scene images (excluding the object)
are registered with two images of the object using MASt3R. Subsequently, the first registered image
and its corresponding object mask are utilized to extract object-specific points, which are then
employed to estimate the height of the scanned object.

reduce loss functions [11] [10], representing the object as densified 2D Gaussian disks or voxels. The
radiance fields are then converted into a dense object-specific point cloud and meshed with Poisson
Reconstruction (2DGS) or Marching Cubes (SVRaster).

4 Experiments and Results

To assess the quality and robustness of the proposed pipeline, four sub-goals were examined. First,
camera registration and point cloud generation with VGGT/MASt3R-SfM and 2DGS/SVRaster to
determine which configuration reconstructs the greatest number of YCB-V objects. Second, the
MASt3R scaling method was applied to real-world objects and the estimated scale was compared to
the true object height. Third, the standardized BOP benchmark was used to validate the object meshes
in 2D segmentation and 6D pose estimation tasks. Finally, robotic manipulation was examined in
real-world settings using CNOS and FoundationPose.

4.1 Mesh Generation Reconstruction Rate and Quality

To evaluate the automated mesh generation pipeline, the optimal combination of MASt3R-SfM,
VGGT, 2DGS, and SVRaster is identified based on reconstruction success. The best configuration is
subsequently evaluated on real YCB-V and supermarket objects to assess reconstruction differences
using real-world data.

4.1.1 Virtual YCB-V Objects

To establish a baseline for the mesh reconstruction success rate, all 21 virtual YCB-V ground-truth
(GT) object models were rendered in BlenderProc [36] to generate scene images. Additionally, scenes
were differentiated by high- and low-feature surfaces, with masked object images also included to
assess the necessity of surface information for camera registration and NVS. The first two cases
comprised 20 images each, while the masked case, unconstrained by surface limitations, yielded a
denser representation of 30 images, including views from below. The render scenes are depicted in
Appendix A.

The reconstruction success achieved per combination is detailed in Table 1, where both registration
methods exhibit distinct strengths. In particular, MASt3R-SfM with high-feature surfaces is the
only combination achieving successful reconstructions for all objects. Although VGGT surpassed
MASt3R-SfM in the segmented task, it failed to reconstruct the featureless YCB-V bowl object.
Figure 4 visualizes qualitative differences in mesh quality between 2DGS (left) and SVRaster (right)
across three geometrically distinct objects, using MASt3R-SfM initialization. In summary, SVRaster
generates meshes with object dimensions comparable to 2DGS but with a less smooth surface, while
training in seconds compared to minutes for 2DGS.

4.1.2 Real Supermarket Objects

Given that only MASt3R-SfM successfully reconstructed all virtual YCB-V object scenes, it was
selected for evaluation on real-world objects. As detailed in Section 3.1, a video was recorded,
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Table 1: 2DGS and SVRaster mesh reconstruction success initiated by VGGT and MASt3R-SfM,
utilizing the rendered data from the 21 BOP YCB-V GT objects. The surface task is divided into a
low- and high-feature surface, and seg indicates registration utilizing object masks.

MASt3R-SfM VGGT

low high seg low high seg

2DGS 20 21 16 20 18 20
SVRaster 20 21 15 19 18 20

Figure 4: Overview of the reconstruction quality of three geometrically distinct YCB-V objects. For
each pair, the left object is from 2DGS and the right from SVRaster.

20 equally spaced frames were extracted, and processed through the pipeline. All objects were
successfully reconstructed as meshes; examples are depicted in Figure 5 with 2DGS (left) and
SVRaster (right). Upon application of the texture, no apparent differences are visible. All generated
meshes and an example of surface quality are provided in Appendix B.

Figure 5: Overview of the reconstruction quality of objects that are used in the grasp evaluation. For
each pair, the left mesh is from 2DGS and the right from SVRaster.
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4.2 Object Scaling

The height of real YCB-V and supermarket objects were estimated following the procedure from
Section 3.3; the results are shown in Figure 6 with the real height plotted against the percentage
error. The results indicate an estimation error within ±10% for most objects, with a tendency for
estimation error to decrease with increasing object height. A notable exception is the "toothbrush",
which exhibits a disproportionately large error. The complete results are provided in Appendix C.
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Figure 6: The relationship between the real object height and the absolute measurement error in
percent for real YCB-V and supermarket objects. Individual measurements are represented as blue
points, with a red line indicating the trend of decreasing error as object height increases.

4.3 BOP with NVS Meshes

To evaluate the suitability of the reconstructed meshes for object segmentation and pose estimation,
a benchmark validation was conducted using the BOP framework. Official YCB-V performance
scores from previous work [4] serve as a reference. As a first step, the Average Precision (AP)
and Average Recall (AR) [37] scores reported in the original papers using virtual GT objects from
the YCB-V dataset were reproduced. Subsequently, the reconstructed objects from Section 4.1.1
were used to benchmark each method and assess whether comparable accuracy could be maintained.
These reconstructed objects were generated with BlenderProc scenes, they possess an arbitrary
scale and were therefore aligned to their corresponding GT counterparts using the ICP algorithm to
ensure the correct height. Importantly, the CNOS mask filtering used in the original FoundationPose
implementation was not publicly available and had to be re-implemented. As a result, GT masks
were also used to evaluate FoundationPose. To analyze how the generated meshes affect the AP score
for segmentation and the AR score for pose estimation in relation to the official BOP meshes, four
distinct scenarios were defined:

• CNOS on GT/NVS meshes, with FastSAM

• Instance Segmentation Model (ISM) SAM-6D on GT/NVS meshes, with SAM

• Pose Estimation Model (PEM) SAM-6D with ISM masks on GT/NVS meshes

• FoundationPose with GT/CNOS masks on GT/NVS meshes

AP/AR scores are presented in Table 2, divided into segmentation and pose estimation tasks, with the
submission row reporting the official scores of the BOP benchmark. Focusing on the segmentation
task, the AP scores of both methods, CNOS and SAM-6D ISM, were successfully reproduced.
When employing NVS-generated meshes, all methods exhibit a comparable decrease in performance,
with only a marginal deviation relative to the scores obtained using SVRaster meshes. When using
FoundationPose on GT masks, the GT BOP meshes achieve performance that exceeds the official AR
score. Furthermore, the 2DGS and SVRaster meshes exhibit only a minor decrease in performance.
When employing CNOS-based segmentation, the accuracy decreased across all evaluated scenarios.
In addition, the official reported scores could not be fully reproduced, and the performance gap
between the GT BOP meshes and the 2DGS/SVRaster meshes increased further. In comparison, the
official SAM-6D PEM scores were almost reproducible and exhibited a smaller performance gap
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compared to 2DGS and SVRaster than FoundationPose/CNOS. However, the difference between
2DGS and SVRaster is slightly greater than that observed in the FoundationPose evaluation.

Table 2: Official YCB-V BOP AP (segmentation) and AR (pose estimation) scores compared to
reproduced scores across different mesh datasets. FoundationPose was additionally benchmarked
with GT masks because the official filtering of the CNOS masks is not publicly available.

Segmentation Pose Estimation

CNOS ISM (SAM-6D) FoundationPose PEM (SAM-6D)

Submission 0.599 0.605 0.882 0.845

GT CNOS

BOP 0.6 0.603 0.915 0.731 0.832
2DGS 0.56 0.561 0.889 0.543 0.751
SVRaster 0.541 0.567 0.877 0.539 0.71

4.4 Robotic Object Manipulation

After evaluating mesh quality, the influence of the height estimation of Section 3.3 on segmentation
and pose estimation remains to be examined. Therefore, we evaluated real reconstructed meshes
within a robotic grasp pipeline. Based on preliminary experiments, FoundationPose with CNOS/SAM
was adopted for pose estimation and evaluated with a grasp success test using the meshes depicted
in Figure 5, each manually annotated with grasp positions. The test scenario is defined as follows:
each object is positioned at the same location in front of the robot, within its grasping range, and
then rotated four times by 90◦ around the z-axis. Subsequently, the object is flipped onto its top and
rotated four times again, resulting in a total of eight distinct poses per object. An attempt to grasp is
classified as successful if the robot establishes a stable grasp and lifts the object. In instances where
the pipeline fails at any stage, it is re-executed; this repeated execution is defined as a re-grasp.

Considering only a single grasp attempt, the pipeline using 2DGS meshes achieved a grasp success
rate of 85.9%, while the pipeline using SVRaster achieved 89.1%. When re-grasps were included,
the success rate for 2DGS increased to 93.8%, while that for SVRaster increased to 90.6%. The two
primary outlier cases were the inverted "toothbrush", which was not detectable using CNOS, and
the upright "soap", for which FoundationPose consistently estimated the pose as lying horizontally.
In addition, the following observations were made: CNOS exhibited difficulty in segmenting the
"gelatin_box"; the robot lost its otherwise stable grasp on the "mustard_bottle" twice during lifting;
and the "razors," which were meshed in a compressed configuration with an underestimated object
height, appear to be affected by the cumulative error in one specific pose.

5 Conclusion

The proposed automated mesh generation pipeline, which integrates Grounded-SAM, MASt3R-
SfM/VGGT, and 2DGS/SVRaster, consistently produces geometrically accurate meshes that al-
low accurate zero-shot object pose estimation. Grasping experiments conducted with a robot and
CNOS/FoundationPose demonstrated that the NVS-generated meshes and their associated scaling are
adequate for real-world object manipulation. However, this approach has limitations when applied to
deformable, low-profile, or semi-transparent objects. These shortcomings are primarily attributable
to scaling inaccuracies, incomplete mesh reconstruction, or unreliable robotic sensory data.

Future work will focus on improving the reconstruction of occluded surfaces and extending the
pipeline to transparent objects such as glass and plastic. Another promising research direction
involves rendering NVS in conjunction with depth information predicted by ML depth models and
using GenAI models for missing parts. Finally, testing the generated meshes in a supermarket, where
hundreds of objects appear across long, interconnected tasks, would further validate the robustness of
our approach.
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A Rendered BlenderProc Scenes

Figure 7: YCB-V object rendering with high/low feature surface and extracted segmented RGB
masks; rendering angles of 0◦, 45◦, and −45◦ to the horizontal plane.

B Real Reconstructed Objects

Figure 8: Reconstructed YCB-V objects, with the left/upper object illustrating reconstruction using
2DGS, followed by SVRaster.
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Figure 9: Mesh quality comparison between 2DGS and SVRaster on real-world data, showing top
and bottom views, with 2DGS yielding more accurate surfaces.

Figure 10: Reconstructed supermarket objects, with the left/upper object illustrating reconstruction
using 2DGS, followed by SVRaster. Upon application of the texture, no apparent differences become
visible.
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C Metric Height Estimation

Table 3: Comparison between the actual heights of YCB-V objects and those estimated using the
MASt3R registration method.

height [m] mast3r-height [m] difference [mm] difference [%]

mustard_bottle 0.192 0.2031 11.12 5.79

potted_meat_can 0.084 0.092 8.04 9.57

bowl 0.055 0.0601 5.1 9.28

cracker_box 0.22 0.2244 4.42 2.01

master_chef_can 0.14 0.1413 1.34 0.96

gelatin_box 0.075 0.0819 6.89 9.19

large_marker 0.122 0.1259 3.85 3.16

extra_large_clamp 0.036 0.0334 -2.6 -7.22

Table 4: Comparison between the actual heights of the supermarket objects and those estimated using
the MASt3R registration method.

height [m] mast3r-height [m] difference [mm] difference [%]

soap 0.158 0.148 -10.0 -6.33

ahorn_sirup 0.163 0.15 -13.0 -7.98

tomato_paste 0.195 0.208 13.0 6.67

kokos_can 0.113 0.1215 8.5 7.52

hand_cream 0.135 0.1468 11.8 8.74

wet_wipes 0.108 0.1058 -2.2 -2.04

razors 0.195 0.1756 -19.4 -9.95

balsamic 0.196 0.202 6.0 3.06

toothbrush 0.027 0.0312 4.2 15.56
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