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Abstract— This paper addresses the challenge of perceiving
complete object shapes through visual perception. While prior
studies have demonstrated encouraging outcomes in segmenting
the visible parts of objects within a scene, amodal segmentation,
in particular, has the potential to allow robots to infer the
occluded parts of objects. To this end, this paper introduces a
new framework that explores amodal segmentation for robotic
grasping in cluttered scenes, thus greatly enhancing robotic
grasping abilities. Initially, we use a conventional segmentation
algorithm to detect the visible segments of the target object,
which provides shape priors for completing the full object mask.
Particularly, to explore how to utilize semantic features from
RGB images and geometric information from depth images,
we propose a Linear-fusion Attention-guided Convolutional
Network (LAC-Net). LAC-Net utilizes the linear-fusion strategy
to effectively fuse this cross-modal data, and then uses the
prior visible mask as attention map to guide the network to
focus on target feature locations for further complete mask
recovery. Using the amodal mask of the target object provides
advantages in selecting more accurate and robust grasp points
compared to relying solely on the visible segments. The results
on different datasets show that our method achieves state-
of-the-art performance. Furthermore, the robot experiments
validate the feasibility and robustness of this method in the
real world. Our code and demonstrations are available on the
project page: https://jrryzh.github.io/LAC-Net.

I. INTRODUCTION

Instance segmentation is crucial for enabling robots to
effectively grasp objects in predefined environments. While
prior research [1], [2], [3] has advanced visible object
segment estimation, understanding occluded object parts is
essential for successful grasping.

For example, consider a robot cleaning debris from a
beach, as illustrated in Fig. 1. Objects are often partially
concealed by sand, making it difficult to identify their
complete structure. Traditional visual masking algorithms
only estimate visible parts, problematic for objects of various
shapes and sizes. Relying solely on observable segments
limits the information available for grasping. Therefore, ac-
quiring comprehensive object masks enables well-informed
grasp point selections, significantly enhancing grasp success
rates, as shown in Fig. 1.

Estimating complete object masks is challenging for sev-
eral reasons. Firstly, perceiving occluded areas, whether for
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Fig. 1. Comparison between the instance segmentation method and amodal
segmentation for robotic grasp. We simulate the scene where the garbage
is buried in the sand. Unlike conventional instance segmentation methods
that predict solely the visible mask for selecting grasp points, our approach
leverages the amodal mask to identify more robust grasp points for the final
grasping action.

rigid or non-rigid objects, offers many plausible yet non-
unique possibilities. Secondly, real-world scenarios present
complex object categories and shapes, making it difficult to
pre-learn object shapes accurately. Consequently, estimating
the full mask from a single-view image remains an open
question.

To address the first challenge, we leverage both RGB and
depth information to create robust features, reducing ambigu-
ity through diverse modalities. For the second challenge, we
utilize shape priors as initializations to guide amodal mask
segmentation. Neural networks are employed to learn the
potential distribution of the target object.

Formally, this paper introduces a framework integrating
amodal segmentation to enhance robotic grasping in chal-
lenging, cluttered environments. Initially, we use off-the-
shelf segmentation algorithms like the Segment Anything
Model (SAM) [1] or Mask R-CNN [4] to estimate the visible
mask of the target object, providing shape priors with the
RGB image. Next, our proposed LAC-Net model leverages
color and depth information to transform the visible mask
into a comprehensive amodal mask. Finally, we determine
grasp points using RGB-aligned depth images combined with
the full mask of the target object.

In summary, this work makes the following contributions:
« We present a new class-agnostic framework aimed at

detecting both visible and amodal masks, enabling accurate

and efficient grasping of target objects in cluttered scenes.
o We introduce a novel component, Linear Attention Fusion,
designed to fuse multi-modal information with the goal of
improving the performance of amodal instance segmen-
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tation. Evaluation on the UOAIS-Sim and OSD-amodal
benchmarks [S] demonstrates state-of-the-art performance,
confirming the effectiveness of our approach.

« Additionally, we validate the real-world applicability of
amodal grasping in robotic settings, demonstrating its pre-
cision in grasping occluded target objects within complex,
cluttered environments.

II. RELATED WORKS
A. Amodal Instance Segmentation

Amodal Instance Segmentation [6] is a more complex task
than standard instance segmentation [4], [7], [8], [9], [10],
as it involves predicting not only the visible segments of
objects but also their occluded shapes. Obtaining accurate
masks of target objects is essential for robotic tasks such
as grasping [11], [12] and manipulating unseen objects [13],
[14]. Previous research [15], [16], [17], [18], [19], [20] has
often focused on modeling shape priors based on shape
statistics. Notably, VRSP [21] introduced a shape prior
module specifically for refining amodal masks. However,
adapting these models to open-world scenarios, especially
with complex long-tail object category distributions, remains
a challenge. AISFormer [22] uses transformers to capture
long-range dependencies and employs multi-task training
to create a comprehensive segmentation model. SaVos [23]
combines spatiotemporal consistency with optical flow for
amodal mask prediction, while UOAIS-ent [5] integrates
RGB-D images with multi-tasking techniques to improve
amodal mask predictions for robotic grasping. Our method,
using separate backbones and a linear fusion technique,
effectively integrates information from both RGB and depth
data, significantly enhancing the performance of amodal
mask completion.

B. Target-oriented Grasping in Clutter

Robotic grasping in cluttered environments remains a
formidable challenge. Significant strides have advanced the
state-of-the-art in cluttered object grasping [24], [25], [26],
[27], [28], particularly in generating 6DoF grasp propos-
als [11], [29], [30], [31]. Target-oriented grasping has also
progressed, incorporating target imagery [32], sketches [33],
language instructions [34], [35], and guided demonstra-
tions [36] to improve retrieval precision. Methods for target-
centric grasping in cluttered contexts have been demon-
strated [37], [38], involving navigation through obstacles
and pre-grasp operations like strategic pushing [39], [40],
[41], [42]. Reinforcement learning has further refined these
techniques [43]. Despite advancements, the dynamic and
unpredictable nature of cluttered environments—especially
those with additional hindrances like snow or sand—poses
unique challenges. Traditional obstacle-removal strategies
often fail in these conditions. Our approach introduces a
novel methodology leveraging amodal segmentation with
enhanced generalization capabilities, enabling accurate iden-
tification of comprehensive object masks and facilitating
the direct grasping of unseen target objects in challenging
environments.

I1I. METHOD
A. Problem Definition

The objective of amodal instance segmentation is to si-
multaneously segment both the visible and occluded parts of
an object. Consider an RGB-D image I = {R,U} capturing
scene S, where R € RW*Hx3 i the RGB image and U €
RW*H represents the depth image. Within this scene, objects
are typically comprised of two components: the visible
portion and the occluded portion. We represent the mask of
the visible part of an object as M, and the comprehensive
amodal mask, which includes both visible and occluded
sections, as M,. Our framework utilizes the visible mask
M,, alongside the RGB-D image I, to accurately infer the
amodal mask M, thus achieving a complete representation
of the target object.

B. Framework

Our framework consists of two main components: an
instance segmentation network and a network for amodal
mask completion. The instance segmentation network can
be any off-the-shelf model, such as SAM [1] or Mask R-
CNN [4], both of which can be trained for optimal results.
High-quality instance segmentation provides better visible
masks, which in turn leads to higher-quality amodal masks
in our model. This relationship is further detailed in the
subsequent ablation study.

C. Amodal Mask Completion

Overview. The network comprises two parts: (1) RGB-
D fusion backbone, (2) attention-guided completion head.
First, we crop the original RGB-D input 7 using the visible
mask to get 256x256 RGB and depth images of the object.
These are processed through the RGB-D fusion backbone to
generate combined RGB-D features. Next, attention maps are
generated using these features and the visible mask to ignore
occluders and better capture the object’s details. Finally, the
attention map, visible mask, and RGB-D features are merged
and fed into the completion head, which outputs the com-
pleted amodal mask. This ensures an accurate representation
of the object, unaffected by occlusions.

RGB-D Fusion Backbone. RGB images R can provide
color and visual texture information, while depth images can
U provide spatial distance and three-dimensional structural
data. Although both modalities are valuable for predicting
amodal masks, efficiently leveraging them together is chal-
lenging. To tackle this, we use two separate ResNet-50
networks to independently extract features from RGB and
depth inputs, retaining features from layers 1 through 4. We
then fuse the corresponding features from each layer using
four linear layers, resulting in a new set of features that match
the original ResNet feature dimensions. Our experiments
show that this approach of using dual independent backbones
combined with linear fusion effectively preserves both RGB
and depth features, enhancing the model’s generalizability
and robustness.

Attention guided completion head Common amodal mask
prediction networks often directly concatenate the visible
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Fig. 2. The workflow of our proposed amodal instance segmentation method for robotic grasping. Given a prompt depicting the target object within the
scene, we employ Grounding DINO [44] in conjunction with the Segmentation Anything Model [1] to localize the visible portion of the target object.
Subsequently, the visible mask is fed into the coarse-to-fine amodal segmentation module to estimate the complete shape mask of the object. Finally, the
robot performs a top-grasp action on the target object using the derived full mask of the target object in conjunction with depth images.

mask with extracted RGB features or RGB-D features, or
they perform element-wise multiplication before proceeding
with further processing, such as using an upsampling CNN
to obtain the amodal mask. However, we propose a more
effective way to utilize the visible mask in conjunction with
the features. By applying an attention mechanism, we use
the visible mask as guidance to calculate attention maps
in combination with the RGB-D features. These maps are
then concatenated with the visible mask and RGB-D features
before being fed into the subsequent completion head. This
method refines the feature representation, enabling a more
informed and precise completion of the amodal mask. Our
completion network is primarily composed of multiple con-
volutional layers. It progressively interpolates and convolves
the composite of previously extracted features, the mask, and
the attention map. Ultimately, the network branches into two
outputs: one for visible mask and another for amodal mask.
The final loss function is simple, as to minimize the binary
cross-entropy loss for both the visible and amodal masks
simultaneously, .# := BCE(M,,M,) +BCE(M,,M,).

D. Grasp Point Generation

Given the ease of capturing RGB-D images with an RGB-
D camera, we can conveniently extract the depth pixel
corresponding to the target object using the estimated amodal
mask. By calculating the center of this mask and utilizing
the camera’s intrinsic parameters, we back-project this center
into a 3D point. For our grasping scenario, we employ a top-
grasp strategy, concentrating solely on the object’s center for
robotic grasping.

IV. EXPERIMENT
A. Amodal segmentation

Datasets. We evaluate our methods on UOAIS-Sim and
OSD-amodal benchmarks. UOAIS-Sim [5] features 50,000
RGB-D images from 1,000 cluttered scenes with amodal
annotations. Created using photorealistic rendering with
BlenderProc, it includes 375 3D textured models of house-
hold and industrial items. Objects vary in number (1-40)
and are placed on textured surfaces, captured from random
camera angles. The dataset is divided into training and test
sets in 9:1 and 4:1 ratios, respectively.

The OSD-amodal [45] dataset consists of 111 RGB-D

images capturing diverse scenes, such as Boxes, Stacked
Boxes, Cylindric Objects, Mixed Objects, and Complex
Scenes. It is split into 45 training and 66 validation images,
with annotations including amodal masks, visible masks, and
occluded masks for all objects in each scene.
Evaluation Metric. For evaluation, we firstly employ the
mean Intersection over Union (mean-IoU) to assess the
accuracy of the predicted amodal masks, considering both
the full mask (denoted as mloUygy);) and the occluded region
(mloUge). The occluded mloU is particularly insightful,
offering a direct evaluation of the segmentation quality in the
occluded portions of the objects, which is a critical aspect
in amodal segmentation studies.

On the OSD-amodal dataset, we further measured the
Overlap P/R/F, Boundary P/R/F, and F @.75 for amodal and
invisible masks [46], [47]. Overlap P/R/F provides insights
into the total area overlap, while Boundary P/R/F reflects
the precision of the boundary contours in the predicted
instance masks, following Hungarian matching. The F @.75
metric quantifies the percentage of segmented objects with
an Overlap F-measure above 0.75. For additional insights,
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refer to [46], [47]. The accuracy (ACCp) and F-measure
(Fp) of occlusion classification were also calculated, where
ACCo = L, Fo = 31072, with Pp = 4§, and Ro = 2. Here,
o is the total number of matched instances, § and 7y
represent the count of occlusion predictions and ground truth
instances, respectively, and O signifies the correctly predicted

occlusions.

Implementation Details. Our amodal segmentation model
is implemented using PyTorch to ensure reproducibility and
facilitate comparative analysis. We adopt two segmentation
strategies to conduct a fair comparison. The first strategy
utilizes dataset-provided ground truth masks to gauge the
model’s optimal performance. The second employs the visi-
ble bounding boxes and masks detected by UOAIS-net (akin
to Mask R-CNN) for a consistent baseline comparison. For
preparing RGB-D images and masks, we crop them using
bounding boxes of visible areas, expanded by a factor of 2,
and standardize these inputs to a resolution of 256 x 256. We
augment the masks with morphology dilation, erosion, and
Gaussian blur. We use the AdamW optimizer with a learning
rate of 3e-4 and batch size of 32, training for 100K iterations
on the UOAIS-Sim training set. Performance is evaluated on
both the UOAIS-Sim test set and the OSD-amodal dataset.

Performance on Amodal Segmentation. We compared
our method with state-of-the-art instance segmentation ap-
proaches, all trained on the UOAIS-Sim dataset’s RGB-D
data. For our method, we trained separately using depth,
RGB, and RGB-D data, and benchmarked all methods on the
OSD-amodal dataset. ASN and UOAIS-net directly output
occlusion status, for other methods and ours, occlusion is
determined based on the ratio of V to A (occlusion O =1
if V/A < 0.95). Experimental results show that our method
outperforms all baselines across all metrics. Notably, even
our models trained with solely RGB or depth data achieved
commendable results. When trained with RGB-D data, our
method surpassed baselines in nearly all metrics, demonstrat-
ing high accuracy without a dedicated occlusion prediction
branch.

Ablation study. We analyzed the impact of two key factors:
visible mask quality and RGB-D feature fusion methods.

a) Visible mask: We compared results using visible
masks detected by UOAIS-net (similar to Mask R-CNN)
against those using ground truth visible masks. As shown in
Table I, using ground truth masks significantly improved IoU
on both UOAIS-Sim and OSD-amodal datasets, highlighting
that higher quality visible masks enhance amodal mask
completion effectiveness.

b) RGB-D Fusion: We tested three RGB-D feature
fusion methods: (1) merging RGB and depth into a 6-channel
image for ResNet-50 input, (2) fusing features from ResNet-
50 for RGB and depth using 1x1 convolutions, and (3) our
final model’s approach, fusing RGB and depth features via
linear layers. Linear fusion outperformed the other methods,
demonstrating robust training results and superior general-
ization on the unseen OSD-amodal dataset.

TABLE I
OUR LAC-NET V.S. UOAIS-NET BY USING VARIOUS INPUTS. {*}
DEMOTES USING GROUND-TRUTH VISIBLE MASK AS INPUTS.

UOAIS-sim OSD-amodal
Method I Ul ToU oce | ToU full  ToU oce
UOAIS |RGBD | 8551 5304 | 8173 4531
LAC-Net | RGB | 9274 5763 | 8132 5434
LAC-Net | D 9241 5005 | 8210  48.97
LAC-Net | RGB-D | 9321 6216 | 8381  58.03
LAC-Net' | RGB | 9657 7335 | 9141  70.10
LAC-Net' | D 9423 7104 | 9442 7698
LAC-Net' | RGB-D | 97.01  77.03 | 9514 8130

_ QB Tj

Fig. 3. Test object collection used in our robotic experiment. We choose
15 instances with different shape for testing.
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B. Real-world amodal grasping

Hardware Experimental Setup. In our robotic experiment,
we used a KINOVA Gen2 robot with a 6-DoF curved
wrist and a KG-3 gripper. An arm-mounted RealSense D435
camera provides RGB-D streams of the scene. The system
runs on a desktop equipped with an NVIDIA GTX2080
GPU and leverages pre-trained Grounding DINO and SAM
models.

To closely simulate real-world scenarios such as snowy
terrains, deserts, and marshlands, we used 5-6mm foam
spheres as scene fillers to obscure the objects to be grasped.
These foam spheres are highly pliable, allowing us to ar-
range them manually for intricate occlusion effects, thereby
enhancing our ability to create complex occlusion scenarios.
Principle of Human-robot Dialogue. In real-world robotic
experiments, experimenters engage in dialogue with the sys-
tem. The system encapsulates the experimenter’s preferences
into target instructions in the format of “[color] [category]”,
such as “blue bowl”. These instructions are subsequently
conveyed to the visual grounding system.

Test Object Collections. To validate the effectiveness of
our method, we deliberately selected fifteen diverse object
types with varying shape distributions for grasp, as illus-

TABLE 11
PERFORMANCE USING DIFFERENT CROSS-MODAL FUSION METHODS.
UOAIS-sim OSD-amodal
Method ‘ Iou full  Iou occ | Iou full Iou occ
RGB-D 6 channel 95.71 73.72 94.96 80.74
RGB-D 1xlconv 96.75 75.17 94.95 80.24
RGB-D Linear Fusion 97.00 77.01 95.05 81.22
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TABLE III
OUR MODEL PERFORMANCES ON OSD-AMODAL. {} DENOTES THAT THEY ARE PREDICTED PARALLELLY. — REFERS THE HIERARCHY IN PREDICTION

HEADS. OV: OVERLAP F, BO: BOUNDARY F

. Amodal Mask (A) Invisible Mask (IV) Occlusion (O)

Method Tnput | Hierarchy Order | ,y"""g k@75 | OV BO F@.J5 | FO  ACCO
Amodal MRCNN | RGB-D {B, V, A} 824  66.6 82.5 509 284 41.9 74.5 81.9
ORCNN RGB-D {B,V, A} - IV 83.1 67.2 84.1 492 258 33.6 75.5 83.1
ASN RGB-D {B, 0} — {V, A} 80.7 67.0 84.5 42.0  20.7 38.0 59.1 65.7
UOAIS-Net RGB-D | B>V —>A—0 | 821 68.7 83.7 55.3 32.3 49.2 82.1 90.9
LAC-Net(Ours) RGB V—>A—-0 87.6 734 89.7 55.3 30.3 38.9 79.7 85.2
LAC-Net(Ours) Depth V—->A—->0 85.6 60.2 88.0 514 19.7 37.6 67.0 71.6
LAC-Net(Ours) | RGB-D V-A—=O0 89.0 79.0 89.4 649  40.6 60.1 85.0 90.9

Electric
Stick Balloon Hammer Banana Bottle Bowl drill

LAC-net
(Ours)

Fig. 4. Qualitative Results of amodal segmentation in real-world Scenes: We present the original RGB image, the visible mask estimated by SAM, and

the amodal mask results from both UOAIS-net and our method, respectively.

trated in Fig. 3. These grasping targets encompass fourteen
distinct object classes: stick, box, balloon, hammer, cup,
banana, bottle, bowl, mug, telephone model, knife, mouse,
screwdriver and electric drill. Among these, eleven classes
were employed in the single-object scene, while fourteen
classes were utilized in the multi-object scene grasping
experiment. It is worth noting that all fourteen classes were
employed for qualitative visualization purposes, enhancing
the comprehensiveness of our evaluation.

Evaluation Metrics. The object’s full mask is divided into
three equal sections along its axis. The middle section,
comprising one-third of the full mask area, is designated as
Region A. The remaining two sections, occupying two-thirds
of the full mask area, are collectively referred to as Region B.
Based on this definition, the grasping results are categorized
into three types. Good: The robot successfully grasps the
object stably, with the center of the gripper positioned within
Region A. Poor: The robot successfully grasps the object
stably, but the center of the gripper is located within Region
B. Fail: The robot fails to grasp the target object, either
missing it entirely or being unable to maintain a grip.
Grasping Experiments in Single-object Scene. In cluttered
scenes covered with foam, we conducted grasping experi-
ments on six object categories, comparing our results with
UOAIS-net under identical conditions. Detailed quantitative
results in Table IV highlight our system’s performance. Our
method achieved 90 successful “Good” grasps, significantly
surpassing UOAIS-net’s 23, a margin of 67. Including both
“Good” and “Poor” grasps, our method totaled 96 successful

screwdriver box bowl cup

.r-lL .r—‘ -
LAC-net(Ours) F ’.‘f' \ | r' N

banana balloon hammer stick

L-H_ ;.._‘.,.u._‘
}—

Fig. 5. Comparison results of the robotic grasping between the baseline
method and our method in single-object scenes. In the comparison of robotic
grasping methods, the baseline UOAIS-net method often tends to grasp
the edge portions of the target object, primarily due to the limitations in
recovering the amodal mask. In contrast, our approach excels in grasping
the object’s center, as our method can estimate an approximate full mask
of the target object, thereby ensuring a higher rate of overall success.

LAC-net(Ours) y

'\ _.‘a«

L

UOAIS-net

grasps, outperforming UOAIS-net’s 58 by 38 grasps.

The failures in UOAIS-net can be attributed to several
factors related to object characteristics. For instance, grasp-
ing sticks and boxes often fails due to imprecision, while
heavy objects like filled water bottles and hammers cause
tilting and dropping when grasped at one end. Additionally,
curved objects like balloons and bowls are prone to slippage,
particularly near the edges, highlighting the system’s struggle
with varied shapes and weights.

Grasping Experiment in Multi-object Scene Multi-object
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(a)

UOAIS-net

(b)
Visual
(C) Grounding
Failures
Fig. 6. Examples of the robotic grasping between the baseline method

and our method in multiple-object scenes. (a) Successful grasps. (b) Failed
grasps. (c) Instances of visual grounding failures.

TABLE IV
QUANTITATIVE RESULTS ON REAL-WORLD SINGLE-OBJECT SCENE. G, P,
F DENOTES GOOD, POOR, AND FAIL GRASPING.

lass UOAIS-net Ours
class G P F G p F
Stick 6/20  14/20  0/20 | 1720  3/20 0/0
Box 820 1120 120 | 2020 020 020

Bottle 3/20 7/20
Hammer 1720 3/20

10/20
16/20

18/20 1/20 1720
11/20 2120 7/20

Balloon 2/20 0/20 18/20 8/20 0/20 12/20
Bowl 3/20 0/20 17/20 16/20 0/20 4/20
All 23/120  35/120  62/120 | 90/120  6/120  24/120

scenes present greater challenges than single-object scenes
due to potential detection interference and the risk of colli-
sions between the gripper and nearby objects. Table V shows
our method achieving 58 successful “good” grasps compared
to UOAIS-net’s 18, a margin of 40. Overall, we achieve 63
total successful grasps, surpassing UOAIS-net’s 43 by 20.

Fig. 6 illustrates varied outcomes of our method. In (a), we
show examples of successful object grasping by UOAIS-net
and LAC-net. In (b), we explore cases where close-proximity
objects obstruct the robot’s gripper, leading to failure, despite
our method’s accurate amodal mask generation. Our method
significantly outperforms UOAIS-net by generating central
grasp points, reducing peripheral grasp failures.

In (c), we showed some visual grounding errors, such as

misidentifying “yellow bottle” when the system focuses on a
red mug, highlighting challenges in complex environments.
Overall, our method advances robotic grasping by accurately
identifying central grasp points, despite issues in object
proximity and visual grounding.
Qualitative Results As illustrated in Fig. 4, our amodal
segmentation technique consistently yields higher quality
masks compared to those produced by UOAIS-net. We find
that UOAIS-net often mistakes the visible mask for the entire
object, leading to a propensity for grasping at the extremities
of objects. In contrast, our method generates more compre-
hensive and precise amodal masks. These improved masks
better guide the robotic arm to grasp at the object’s center,
resulting in a higher success rate and improved grasping
quality.

TABLE V
QUANTITATIVE RESULTS ON REAL-WORLD MULTIPLE-OBJECT SCENE.
G, P, F DENOTES GOOD, POOR AND FAIL GRASPING.

UOAIS-net Ours
G P F G P F

Stick 4/20 7/20 9/20 9/20 1/20 10/20
Box 3/20 7/20 10/20 15/20 0/20 5120
Bottle 4/20 3/20 13/20 14/20 0/20 6/20
Mug 5/20 8/20 7/20 13/20 4/20 3/20
Bowl 2/20 0/20 18/20 720 0/20 13/20
All 18/120  25/120  57/120 | 58/120  5/120  37/120

class

In Fig. 5, we demonstrate the efficacy of our system
with examples of single-object grasping in cluttered settings.
These examples highlight that successful grasping in such
scenarios hinges on accurately targeting the obscured centers
of objects, rather than just their visible peripheries.

V. CONCLUSIONS

In this work, we introduce a novel framework for amodal
instance segmentation. By extracting and linearly fusing
RGB and depth features, we obtain robust RGB-D charac-
teristics. Utilizing the visible mask, we calculate guided at-
tention, which, through a convolutional completion network,
yields the completed amodal mask. Our experiments demon-
strate that our method achieves state-of-the-art (SOTA) re-
sults on UOAIS-Sim and OSD-amodal benchmarks. Further-
more, we have applied our method to a physical Kinova robot
for conducting robotic grasping tasks on objects submerged
in white foam. The experimental outcomes underscore our
method’s exceptional real-world amodal grasping capabili-
ties, showcasing its particular effectiveness in applications
like debris removal by cleaning robots in sandy contexts. Fu-
ture work aims to delve further into exploiting our method’s
potential for beach cleaning scenarios.
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