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TORM: Transparent Objects Reconstruction and
Manipulation with Multi-View Segmentation

Qiyuan Qiao1, Fuling Lin1, Huibin Zhao1, Bowen Xu1, Zhiqiang Chen1, Dong Xu2, Peng Lu1

Abstract—Transparent objects are common in daily life and
industry, necessitating that robots be able to perceive and
manipulate them. The physical properties of reflection and
refraction pose challenges for accurately reconstructing the 3D
geometry of transparent objects. Conventional methods, which
rely on simultaneous estimation of background ambient light and
complex refraction fields, lack robustness in real-world scenes,
thereby impeding robotic grasping performance. To address this
issue, this paper proposes TORM, a novel framework for robust
reconstruction and manipulation of multiple transparent objects.
TORM focuses on semantic information from transparent objects
and employs multi-view segmentation masks to constrain a
self-supervised multi-object deep marching tetrahedra (DMTet-
Multi) 3D fitting process. To mitigate the risk of the geometry
representation getting stuck in suboptimal solutions during multi-
transparent-object reconstruction, we design a novel loss function
that prevents marching tetrahedra from crossing boundaries.
By applying a connectivity determination strategy to the fitted
mesh, transparent objects can be processed in parallel by a grasp
perception network, predicting the end-effector configuration for
grasp tasks. Real-world experiments demonstrate that TORM
achieves an 88.8% grasping success rate in multi-transparent-
object grasping tasks.

Index Terms—Perception for grasping and manipulation;
Computer vision for automation; Deep learning for visual per-
ception

I. INTRODUCTION

THE reconstruction and grasping of transparent objects
are critical for robotics [1], augmented reality [2], and

laboratory automation [3], [4], where accurate 3D surface
estimation underpins effective manipulation. Given 2D images
from a camera, robots must reconstruct the 3D geometry
of transparent objects and execute interactive grasping tasks.
However, the lack of distinct features, coupled with surface
reflections in scenes with multiple transparent objects, com-
plicates shape perception and requires semantic understanding
for object differentiation and grasp pose planning.

Prior approaches to address these perception challenges in-
clude multi-view stereo [5], [6] and neural radiance fields [1],
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Fig. 1. TORM accepts multi-view RGB inputs and utilizes differentiable
mesh representations to achieve robust 3D reconstruction and pose estimation
for grasp tasks.

[7], which rely on visual cues but struggle with compu-
tationally expensive refraction modeling. Specialized depth
sensors, such as time-of-flight [8] or learning-based depth
completion [9]–[12], offer alternatives but introduce additional
costs and often lack sufficient annotated training data.

The complexity of modeling light propagation, including
parameters like surface glossiness and refractive index, further
hinders geometric estimation, as these are computationally
intensive and sensitive to disturbances such as vibrations
or temperature fluctuations [8]. Critically, existing methods
often fail to distinguish individual transparent objects from
each other or the background, providing only whole-scene
geometric data that necessitates re-perception for precise grasp
planning [10].

To address these fundamental challenges, our approach is
motivated by two key observations. Recent advances in large-
scale semantic segmentation models enable robust extraction
of transparent object silhouettes, providing stable geometric
cues that remain consistent across varying optical conditions.
Moreover, existing approaches face critical limitations when
handling multiple transparent objects: sequential reconstruc-
tion of individual objects increases computational cost, while
reconstructing the entire scene at once often leads to sub-
optimal solutions that fail to capture all objects and do not
separate individual instances. Based on these observations,
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we propose TORM, a novel pipeline for robust Transpar-
ent Object Reconstruction and Manipulation. Illustrated in
Fig. 1, a differentiable hybrid-encoded mesh representation
is optimized using the supervision of object silhouettes and
subsequently used for grasp pose generation.

Based on segmented silhouettes from different views,
we propose multi-object deep marching tetrahedra (DMTet-
Multi), which can constrain a deep 3D conditional implicit sur-
face reconstruction network for diverse objects. Our DMTet-
Multi encodes a discretized signed distance function (SDF)
and optimizes a deformable tetrahedral grid to generate the
explicit surface mesh representation. By applying multi-view
silhouette constraints to the deformable mesh and SDF field,
TORM emphasizes mask edges and distributes contributions
across viewpoints, preventing low-quality views from compro-
mising reconstruction fidelity.

Though the deformable mesh representation can theoret-
ically handle topological changes, it struggles when fitting
multiple disconnected objects due to complex loss landscapes
that trap the optimization in suboptimal local minima. To
address this, we propose a progressive loss to shrink the
mesh, initialized outside the reconstruction volume, inward to
envelop all target objects. This approach ensures that each
object’s topology is first captured as disconnected structures
before surface refinement, thereby avoiding solutions that only
cover a subset of objects.

Transparent object geometry is extracted in a single recon-
struction pass by applying a connectivity-based separation of
the fitted mesh, yielding distinct 3D point cloud represen-
tations for each object. These segmented point clouds are
then processed, along with their semantic identifiers and local
background context, by a grasp perception network to operate
in parallel to predict end-effector configurations for all targets
simultaneously. This strategy eliminates the need for repeated
per-object re-perception, enabling stable and efficient planning
of grasp poses for each transparent item within a scene.

Our main contributions can be summarized as follows:
1) A novel framework, TORM, is proposed for robust

reconstruction and manipulation of multiple transparent
objects, including the DMTet-Multi model for simul-
taneous multi-object reconstruction and a connectivity
determination strategy to separate the fitted mesh.

2) A specialized loss with a progressively decreasing en-
velope constraint is proposed to prevent DMTet-Multi
from becoming trapped in suboptimal solutions during
multi-transparent-object reconstruction.

3) Extensive experiments and comparative evaluations
against state-of-the-art methods are conducted in both
simulation and real-world settings, validated by a newly
constructed multi-view RGB dataset of transparent ob-
ject scenes spanning both environments.

II. RELATED WORK

A. Transparent Object Segmentation

The silhouettes, masks, or occluding contours are widely
used in 3D reconstruction and surface estimation [13], [14].
Early works [15], [16] utilize silhouettes for reconstructing the

shapes of reflective or refractive objects, which necessitate ac-
curate silhouette segmentation. Conventional silhouette detec-
tion methods, such as background subtraction [17] or edge de-
tection with the Canny operator [18], are often disrupted by the
background transmitted pattern. Recent approaches [19], [20]
advance the detection and segmentation of non-Lambertian
objects with deep learning methods. Conventional methods
are often trained on limited, domain-specific datasets [4] and
struggle with significant domain shifts in diverse real-world
environments, frequently requiring extensive retraining on new
data. Foundation models, such as the segment anything model
(SAM) [21], demonstrate remarkable improvements in silhou-
ette detection, primarily due to their large-scale pretraining on
diverse datasets, strong zero-shot generalization capabilities,
and unified visual representations that capture both global
context and fine-grained details without requiring domain-
specific optimization for transparent objects. In the field of 2D-
image-to-3D-model estimation, the surface normal is also an
important feature besides the mask. Some research [10], [12]
predicts the normal information for the 3D shape supervision.
However, the ground truth (GT) of the surface normal of
transparent objects usually relies on computer graphics simu-
lation, causing an unignorable domain gap in physical world
manipulation tasks. In contrast, our approach relies solely
on silhouette features for 3D reconstruction by leveraging
the power of a foundation model, thereby circumventing the
domain gap issues inherent in normal estimation while still
providing sufficient geometric constraints to recover the 3D
shape of transparent objects.

B. Deformable Tetrahedral Mesh Reconstruction
Selecting an appropriate representation for transparent ob-

ject reconstruction presents unique challenges that demand
specific capabilities from the underlying geometric model.
Mesh-based representation methods [22], [23] provide the
explicit manipulable geometry information for direct robotic
tasks. Implicit neural representations [24]–[26] offer greater
topological flexibility for 3D reconstruction. Implicit ap-
proaches such as DeepSDF [24] excel at representing arbitrary
topologies and enable end-to-end differentiable optimization.
Recent hybrid approaches combine the advantages of both ex-
plicit and implicit representations [27], [28]. The deep march-
ing tetrahedra (DMTet) approach [29] provides an elegant
solution by embedding an implicit SDF within a tetrahedral
grid and employing differentiable marching tetrahedra [30] to
extract explicit meshes with coarse point cloud inputs. It sup-
ports arbitrary topological structures, which are essential for
modeling complex transparent objects. Besides, this represen-
tation enables differentiable loss propagation from silhouette
supervision to the geometric model, making it suitable for
multi-view constraint-based 3D reconstruction. In this work,
we utilize DMTet to effectively reconstruct multiple objects
from multi-view silhouettes, while preserving the geometric
details necessary for robotic grasping.

C. Transparent Object Grasping Techniques
Robotic grasping of transparent objects presents unique

challenges due to their optical properties interfering with
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Fig. 2. Overview of the TORM pipeline, consisting of three main components: (1) multi-view semantic segmentation, (2) DMTet-Multi for geometric
reconstruction, and (3) object-level grasp planning based on split point cloud features via a connectivity determination strategy. The multi-view semantic
segmentation provides the silhouette information for the DMTet-Multi reconstruction, which is then used to generate point clouds for grasp planning.

conventional perception systems. Neural radiance fields and
3D gaussian splatting approaches [1], [31] often generate
artifacts or incorrectly fit transparent object shapes to back-
ground textures, while depth completion methods [10], [12]
struggle with unrealistic edge interpolation and unobserved
viewpoint gaps. In the grasping domain, research typically
employs point cloud feature extraction with PointNet++ [32]
backbone networks as seen in GraspNet [33], but the pipeline
of sampling depth maps into point clouds introduces additional
complexities for transparent objects due to sensor limitations.
In contrast, our approach bridges the gap between accurate
3D reconstruction and effective manipulation by sampling
high-quality point clouds directly from our tetrahedral mesh
reconstructions. Unlike methods that rely on single-view depth
maps, which inherently lose information and impede globally
optimal grasp pose estimation, our approach reconstructs com-
plete, topologically accurate 3D models based on only RGB
information. This allows us to overcome challenges, including
inconsistent depth readings and missing geometric features.
The integration of our deformable tetrahedral representation
with point cloud-based grasping techniques creates a robust
end-to-end solution for transparent object manipulation.

III. METHOD

The schematic in Fig. 2 presents the TORM workflow,
which unfolds in three key stages: (1) extracting multi-view
semantic silhouettes by harnessing cues specific to transpar-
ent objects (Sec. III-A); (2) reconstructing the geometry of
multiple objects via DMTet-Multi, guided by a tailored loss
function (Sec. III-B); (3) generating object-level grasp poses
based on the reconstructed 3D models (Sec. III-C).
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Fig. 3. Silhouettes extraction of transparent objects. Grounding DINO
predicts bounding boxes according to a text prompt from RGB images, and
the boxes serve as the prompts for silhouette extraction in SAM.

A. Transparent Object Segmentation

Fresnel reflectance, a physical phenomenon observable at
transparent object boundaries, can be exploited to robustly
extract silhouettes with semantic labels. Transparent objects
manipulate incoming light through refraction and reflection,
producing a highly reliable signal at the object boundary:
a bright, view-dependent rim caused by a sharp increase in
surface reflectance as the incident angle approaches grazing
incidence. This provides reliable supervisory signals for 3D re-
construction and shows strong robustness to noise and camera
calibration errors, which motivates us to develop a dedicated
segmentation approach for transparent objects.

Building on this physical insight, the silhouette extraction
employs a two-stage strategy as shown in Fig. 3. While task-
specific models for transparent object segmentation remain
viable, the impressive generalization and zero-shot transfer
abilities of recent foundation models enable more efficient so-
lutions. In the first stage, an open-set object detector, Ground-
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ing DINO [34], detects arbitrary objects based on text prompts.
By leveraging vision-language pretraining, prompts such as
“clear glass” and “transparent objects” are utilized to scan
multi-view images, enabling the integration of visual cues with
semantic understanding for effective localization in complex
scenarios. These bounding boxes serve as spatial prompts for
the subsequent stage, in which SAM [21] generates accurate
silhouettes based on the detected regions.

The extracted silhouettes serve dual purposes: providing
supervisory signals for optimizing topological structures of
transparent objects while filtering out background clutter to
facilitate downstream tasks such as grasp planning. Anchoring
perception to physically-grounded edge features bypasses the
complexities of full light-path modeling while preserving the
information essential for 3D shape recovery.

B. 3D Multi-Object Reconstruction

Our proposed DMTet-Multi extends the conventional
DMTet framework to address multi-object scenarios, overcom-
ing the premature convergence to object subsets caused by
local optima in deformable meshes. DMTet-Multi introduces
a strategic decoupling of topology formation from geometric
refinement through a temporally adaptive envelope constraint,
facilitating robust reconstruction of multiple disconnected ob-
jects. The framework utilizes a tetrahedral grid where each
vertex vi is characterized by an SDF value si ∈ R and a
deformation vector ∆vi ∈ R3, with a three-layer perceptron
f (vi) employed to predict these parameters under silhouette-
based supervision, thereby enabling concurrent optimization
of surface geometry and topological structure.

Through this differentiable architecture, binary object sil-
houettes are rendered and gradients are propagated backward
to optimize the geometry encoded in per-vertex SDF values
and deformation parameters. The initial mask loss function is
formulated as:

Linit
mask =

1
N

N

∑
i=1

(
M̂i −Mi

)2 (1)

where M̂i and Mi denote the predicted and GT binary sil-
houettes at pixel position i, respectively, and N represents
the total number of pixels. This pixel-wise loss computation
encompasses the entire image domain, with resulting gradients
backpropagated to update both SDF values and deformation
parameters.

However, (1) presents a critical limitation: mesh extension
toward disconnected objects necessitates traversal through
background regions, consequently increasing the loss value
and constraining the optimization within local minima. To
circumvent this topological barrier, the proposed method ini-
tializes an oversized tetrahedral sphere and incorporates a
temporally adaptive envelope constraint coefficient αgt, refor-
mulating the envelope mask loss as:

Lmask =
1
N

N

∑
i=1

(
M̂i −αgtMi

)2 (2)

where αgt constitutes a scalar coefficient that undergoes tem-
poral decay according to:

αgt(t) =

{
αmax − αmax−αmin

T · t if 0 ≤ t < T
αmin if t ≥ T

(3)

where t denotes the current iteration, αmax and αmin define
the constraint bounds, and T specifies the decay duration.
This progressive relaxation strategy enables the deformable
mesh to initially establish correct topological connectivity
before converging to precise geometric configurations, thereby
maintaining individual object supervision throughout the op-
timization process.

The eikonal loss is utilized to constrain the implicit encoded
SDF in DMTet-Multi, enhancing the surface quality and
regularization of the SDF field. With vertex SDF value si
and displaced vertex position v′

i , the surface is detected based
on the sign transitions of si. For an edge with endpoints vi
and v j, when sign(si) ̸= sign(s j), the zero-crossing position

is computed via linear interpolation: v0 =
v′

is j−v′
jsi

s j−si
. For each

interpolated point v0 in the set of zero SDF values V0, we
apply eikonal regularization [35]:

Leikonal =
1
|V0|

(∥∇v fs(v0)∥−1)2 (4)

where ∇v fs denotes the gradient of the SDF output from the
network f with respect to the vertex position v.

The reconstructed mesh encompassing multiple objects is
optimized using the combination of the mask loss Lmask and
the eikonal regularization Leikonal:

L =
Nview

∑ λmaskLmask +λeikonalLeikonal (5)

where λmask and λeikonal are hyperparameters. Nview is the
number of supervision images involved in an iteration.

C. Object-Level Grasp Planning from Reconstructed Meshes
A mesh-based grasp planning method is proposed that

generates object-specific grasp poses for multiple transpar-
ent objects simultaneously, eliminating the requirement for
additional depth sensors while enabling targeted manipula-
tion. In contrast, previous approaches like GraspNet [33] and
AnyGrasp [36] require external depth cameras and can only
generate scene-level grasp configurations.

This object-level planning approach leverages the multi-
object meshes from DMTet-Multi reconstruction, which
provides complete geometric information beyond single-
viewpoint depth maps. A graph-based topological decomposi-
tion partitions the unified mesh into object-level components:
each triangular face forms a node in an adjacency graph,
with connected-component analysis identifying topologically
disjoint regions corresponding to individual objects.

The segmented meshes are uniformly sampled into point
clouds with equal point count for each object, enabling parallel
batch processing. A planar support surface representation is
added for collision-aware planning. By adapting GraspNet to
operate on these object-level point clouds, TORM can achieve
the simultaneous grasp generation for all objects through
single-pass inference.
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TABLE I
PERFORMANCE OF DIFFERENT LOSSES ON THE SYNTHETIC DATASET

Mask Loss in (5)
Silhouettes Average

GT Seg. Iteration IoU

Linit
mask ✓ — 0.151

Lmask ✓ 8000 0.876
Lmask ✓ 8000 0.808

IV. EXPERIMENTS

Evaluations on our self-constructed synthetic and real-world
robotic grasping scenarios validate the effectiveness of the
proposed TORM compared to existing methods.

A. Experiment Setup

Due to the lack of suitable datasets for multiple transparent
object reconstruction and manipulation, we create a new
benchmark consisting of 12 synthetic scenarios (Syn1-12)
and 8 real-world scenarios (RW1-8). Scenarios Syn1-9 and
RW1-6 feature moderately spaced objects, whereas Syn10-
12 and RW7-8 present densely packed transparent objects
to better reflect real-world applications such as laboratory
automation and household transparent object handling tasks.
In these crowded scenarios with frequent object occlusions
across multiple viewpoints, the inter-object spacing is reduced
to about half the object width or less, while still allowing
minimal clearance for gripper access.

1) Synthetic Dataset: To validate the reconstruction com-
ponent of our pipeline, a synthetic dataset is generated in
Blender, comprising 12 scenarios representative of challenging
tabletop grasping of transparent objects. Each scenario con-
tains 2-10 randomly placed objects with highly specular and
transparent material properties, forming complex arrangements
that feature challenges like irregular geometry, textureless
areas, strong specularity, and heavy occlusion. For each of the
12 scenarios, we render 100 multi-view images. To emulate
the operational viewpoints of a camera in a typical robotic
grasping setup, the camera poses are sampled on an upper
hemisphere with a radius of 0.5m. The images are rendered
at a resolution of 2160×1440 pixels using the Cycles engine
with 4096 samples per pixel, ensuring high-fidelity, noise-
free results. The virtual camera’s field of view is set to 91.5°
to align with the RGB stream of the Intel RealSense D455
depth camera used in our real-world experiments. Sample
images for each simulated scenario are shown in Fig. 4,
where the occlusion ratio (OCC), defined as the proportion
of images across multiple viewpoints in which at least one
object is partially occluded by another, is also indicated for
each scenario. GT depth maps and object masks are extracted
directly from the rendering pipeline.

2) Real-World Dataset: For the real-world dataset, each
scenario is captured with 50 RGB images at a resolution
of 1280×720 from varying viewpoints using the RealSense
D455. After hand-eye calibration, the camera’s coordinates in
the world coordinate system can be obtained by the robot arm
configuration through kinematic calculations. The experiment
on physical grasping reported in Sec. IV-E shows the list of
real-world datasets.

Syn1 - OCC: 17% Syn2 - OCC: 30% Syn3 - OCC: 22%

Syn4 - OCC: 26% Syn5 - OCC: 52% Syn6 - OCC: 56%

Syn7 - OCC: 17% Syn8 - OCC: 23% Syn9 - OCC: 25%

Syn10 - OCC: 75% Syn11 - OCC: 91% Syn12 - OCC: 100%

Fig. 4. Synthetic multiple transparent objects dataset with occlusion.
These scenarios are generated using Blender rendering and feature various
transparent objects, rich background textures, and crowded scenarios with
frequent object occlusions across multiple viewpoints.

B. Evaluation on Envelop Constraint

Table I presents a quantitative comparison of different en-
velope constraint strategies for multi-object transparent object
reconstruction on the synthetic dataset. The intersection over
union (IoU) is used as the evaluation metric to measure the
overlap between the 2D projection of the fitted mesh and
the supervision masks (GT or segmented silhouettes). The
reported IoU values in the table are computed by averag-
ing the projection IoU results from the final five training
cycles across our experiments. The initial mask loss, Linit

mask,
with GT supervision achieves a low average IoU of 0.151,
indicating poor performance due to its tendency to converge
to suboptimal solutions. On our synthetic dataset, Linit

mask with
GT masks frequently suffers from excessive mesh contraction,
often causing the mesh to collapse entirely by about 10k
iterations, leading to a failure of the fitting process. In such
cases, the final IoU for the affected experiment is recorded as
0. To mitigate this collapse, a lower learning rate is applied for
Linit

mask in our experiments. In contrast, our proposed envelope
constraint, Lmask, significantly improves performance, reaching
an IoU of 0.876 with GT supervision and 0.808 with seg-
mented silhouette supervision after 8k iterations. Fig. 5 further
demonstrates the training dynamics on the Syn5, showing IoU
and loss curves for different strategies. The performance of
Lmask with segmented masks is nearly as effective as GT
supervision, underscoring the strength of our DMTet-Multi in
achieving high-quality reconstruction.

Fig. 6 visually compares the reconstruction process in sce-
narios with multiple transparent objects. The top and bottom
rows illustrate deformable mesh fitting for two-object and
three-object scenarios, respectively, where gray patterns repre-
sent target silhouettes and pale violet patterns show 2D mesh
projections. With Linit

mask, the mesh often shrinks excessively
and converges to a local optimum, reconstructing only a
subset of objects. For instance, in a two-object scenario, it
successfully fits only one object, and after 2k iterations, the
deformation field struggles to expand to the second object
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Fig. 5. Training dynamics comparison in IoU and loss on Syn5. The
labels indicate the type of envelope loss and the corresponding supervision
source in the DMTet-Multi training.

t = 10k t = 17k t = 40k

t = 500 t = 3k t = 8k

t = 1.5kt = 500 t = 6k

t = 1k t = 30kt = 2k

Fig. 6. Effects of different mask losses. The top and bottom blocks show
deformable mesh fitting for two-object and three-object scenarios, respectively.
t represents the iteration steps. Gray patterns are silhouette targets, and pale
violet patterns are 2D mesh projections. Linit

mask causes excessive shrinking and
local optima, while the proposed Lmask ensures correct topology generation.

TABLE II
DEPTH ESTIMATION RESULTS ON THE TORM SYNTHETIC DATASET

Method RMSE(↓) AbsRel(↓) MAE(↓) δ1.05(↑) δ1.10(↑) δ1.25(↑)

Dex-NeRF [1] 0.065 0.090 0.036 66.8 76.1 89.3
3DGS [37] 0.036 0.053 0.021 71.2 87.4 97.1

MODEST [38] 0.306 0.739 0.297 0.8 1.5 3.5
MVTrans (5-view) [5] 0.222 0.516 0.199 9.3 17.6 37.2

TORM (Ours) 0.030 0.031 0.013 88.7 93.2 97.0

due to a steep loss gradient caused by non-target regions.
Our envelope constraint, Lmask, addresses this by gradually
reducing the constraint coefficient αgt, enabling simultaneous
reconstruction of all objects with correct topology.

C. Reconstruction Comparisons on Synthetic Dataset

We evaluate the depth estimation performance of our TORM
against Dex-NeRF [1], 3DGS [37], MODEST [38], and MV-
Trans [5] on the synthetic dataset. Depth maps are rendered
from reconstructed 3D models and assessed using GT masks
to focus on transparent object regions. The evaluation metrics
include root mean square error (RMSE), absolute relative error
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Fig. 7. Depth estimation results from different methods. Depth maps
and pixel-wise absolute error maps are calculated, and four views from the
experiment are shown.

(AbsRel), mean absolute error (MAE), and accuracy thresholds
δ1.05, δ1.10, and δ1.25, which represent the percentage of pixels
with estimated depth within 105%, 110%, and 125% of the GT,
respectively. Table II summarizes the results averaged across
all synthetic scenarios, each with 100 viewpoints. TORM out-
performs baselines, achieving the lowest errors (RMSE: 0.030,
AbsRel: 0.031, MAE: 0.013) and the highest δ1.05 accuracy
(88.7%). As shown in Fig. 7, TORM produces artifact-free
reconstructions without requiring prior depth information, even
on smooth and highly transparent surfaces.

D. Qualitative Analysis of Grasp Planning

Fig. 8 shows the grasp planning results for 2 simulation
scenario and 4 real-world scenarios. After connectivity detec-
tion is completed, each individual object is uniformly sampled
with a sufficient number of densely spaced sampling points.
The cyan grasp pose notations correspond one-to-one with the
reconstructed objects, and their distribution avoids collision
with the table or other objects in the scene while ensuring the
grasp quality. Even in the relatively cluttered scenarios (Syn12,
RW7, and RW8), TORM can reconstruct objects accurately
and generate end-effector grasp poses that are physically
feasible and executable, highlighting the robustness of our
framework under challenging conditions.

The average time consumption of TORM is analyzed in
the real-world test. The semantic silhouette extraction takes
29.0 s to process 50 RGB frames. The deformable mesh opti-
mization achieves a sufficiently good geometric representation
in 5k steps, taking 177.3 s. The module for grasp planning
can complete the generation of grasp poses for every target
transparent object in the scenarios in 14.5 s.

E. Real-World Test for Manipulation

To evaluate the practical effectiveness of our approach in
robotic manipulation tasks, we conduct grasping experiments
using hardware consisting of an Inovo robotic arm, a Robotiq
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TABLE III
GRASPING SUCCESS RATES FOR TRANSPARENT OBJECTS IN REAL-WORLD SCENARIOS

Scenario OCC Objects Dex-NeRF [1] GraspNet [33] TORM
(Ours) Scenario OCC Objects Dex-NeRF GraspNet TORM

(Ours)

RW1 0% Cylinder failed 3/10 10/10 RW5 28% Ball
Cup (Opaque) failed 0/10

8/10 10/10

RW2 0% Cup (Opaque) failed 8/10 10/10 RW6 2%

Ball
Heart

Ice Cube
Toothpick Box

failed failed 6/10

RW3 10% Cylinder
Hexagonal Prism failed 3/10

2/10 9/10 RW7 46%
Ball

Cylinder
Toothpick Box

failed failed 9/10

RW4 16%
Ball
Cube

Toothpick Box
failed failed 9/10 RW8 42%

Cylinder
Pyramidal Frustum

Toothpick Box
failed failed 8/10

In real-world scenarios, OCC denotes the average occlusion ratio over 10 trials.

Syn4 - OCC: 26% RW3 - OCC: 10% RW4 - OCC: 16%

Syn12 - OCC: 100% RW7 - OCC: 46% RW8 - OCC: 42%

Fig. 8. Grasp planning examples of TORM in challenging multi-object
occlusion scenes. For each separated object in the reconstructed scenes, a
grasp pose with the highest score is retained.

gripper, and a RealSense D455 camera. Fig. 9 shows the third-
person view of our experimental setup. Supplementary video
material is provided to illustrate the experimental setup and
the grasping tasks. All 8 real-world scenarios in our self-
constructed dataset are used for evaluation. For each scenario,
10 trials are conducted to evaluate the grasping success rate.
A successful grasp is defined as lifting the target object 25 cm
above the table surface, followed by a 20 cm lateral translation,
before lowering and releasing it back onto the table.

For the baseline methods that lack the capability to si-
multaneously generate grasp poses for multiple objects in a
scenario, we evaluate their grasp success rates for individual
objects. The real-world manipulation test results are provided
in Table III. The proposed TORM framework achieves an
average 88.8% success rate across all test cases. Notably,
for scenarios with occlusion ratios exceeding 40% (RW7
and RW8), our method still attains high success rates. Dex-
NeRF [1] struggles with severe artifacts in reconstruction due
to noise in RGB images and camera pose errors during real-
world robotic experiments. GraspNet [33], which incorporates

RGB-D Camera

(Intel Realsense D455)

Parallel Manipulator

(Robotiq 2F-140)

Arm

(Inovo Robotics Modular Arm)

1 m

20 cm

25 cm

25 

cm

Grasping

Task

Fig. 9. Settings of our physical world validation system. The camera,
gripper, and reconstruction space are all calibrated and aligned to the world
coordinate system with the robot base as the origin.

an external depth camera, incurs additional sensor costs and
calibration challenges while struggling with highly transparent
objects with low texture.

Despite the overall high performance of TORM, a few
failure cases are observed. These failures primarily stem from
three scenarios: (1) occasional gripper slippage on the smooth
glass surfaces (e.g., RW3 and RW4); (2) grasping very small
objects, such as the ’Heart’ in RW6, where the gripper pre-
maturely contacts the table, inadvertently displacing the target
object; (3) conservative collision checking in densely cluttered
scenes (e.g., RW7 and RW8), which can incorrectly prune
viable candidate poses, leaving some objects without grasping
configurations. These occasional failures highlight specific
challenges but do not undermine the overall effectiveness of
TORM, providing valuable insights for future improvements.

V. CONCLUSION

In this paper, we presented TORM, a novel framework that
addresses transparent object reconstruction and manipulation
challenges by leveraging multi-view semantic segmentations to
guide a self-supervised DMTet-Multi fitting process. Our ap-
proach focuses on semantic information and silhouette features
to achieve robust reconstruction. TORM’s key contributions
include a novel loss function that prevents marching tetra-
hedra boundary crossings and a connectivity determination
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strategy that enables parallel grasp planning for multiple
transparent objects. Comprehensive experiments demonstrated
TORM’s effectiveness with an 88.8% grasping success rate,
representing a significant advancement in robotic transparent
object manipulation capabilities. We believe that our work
contributes to advancing robotic capabilities in understanding
and manipulating transparent objects in real-world grasping
scenarios. Building on this foundation, future work will aim
to improve the runtime efficiency of TORM, enabling faster
reconstruction and grasp planning to better support real-time
robotic applications and extend to dynamic environments.
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