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Abstract— Estimating 7-DoF grasping poses (6-DoF with
gripper width) in cluttered scenes is a critical challenge for
robotic manipulation. In such environments, object edges often
contain many promising grasp candidates, but relying solely
on incomplete single-view point cloud to infer them is difficult.
While neural networks excel at learning edge features from
RGB images, simply combining these with point clouds often
fails to generalize to novel scenes. To address these challenges,
we propose EdgeGrasp, which enhances edge perception by
allowing each modality to contribute to the most suitable
edge information source for improving grasping performance.
The internal edge features are extracted through voxel-based
sparse 3D convolution on the aggregated point cloud from
the edge interior, ensuring a rich geometric representation
while mitigating incompleteness at the edge. For external edge
and junction, vision foundation model is employed to extract
local zero-shot semantic features, capturing fine-grained details
and improving cross-object generalization. Finally, edge spatial
attention fuses these features into edge-enhanced features by
encoding edge distance for estimating 7-DoF grasping poses.
Experimental results demonstrate our method’s effectiveness,
achieving state-of-the-art performance on the Graspnet-1Billion
benchmark. Real-world robotic experiments further validate its
practical applicability.

I. INTRODUCTION

Estimating grasping poses in cluttered environments rep-
resents a critical challenge for robotic intelligence, focus-
ing on the precise grasping of objects by adjusting the
gripper. Recent advancements have shifted from traditional
techniques that estimate the 6D pose of objects [1], [2], [3],
followed by grasping the object at predefined locations, to
direct estimation of grasping poses. This new approach [4],
[5], [6], [7], [8], [9], [10], [11], [12], [13], [14], [15],
[16], [17], [18], [19], [20], [21], [22], [23], [24], [25],
known as 7-DoF grasping pose estimation, includes both the
gripper width and the 6D pose of the gripper. This evolution
allows robots to grasp previously unseen objects, eliminating
the need for predefined grasping locations and even object
models. Point clouds, as a direct and effective representation
of 3D geometry, have become a common input form in
robotic tasks [26], [27]. State-of-the-art 7-DoF grasping pose
estimation methods [16], [28], [25] also use point clouds
as input, employing techniques such as PointNet++ [29],
Transformer [17], voxel-based 3D convolutions [16], [24],
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(a) (b)
Fig. 1. Illustration of the limitations of a single RGBD sensor. The blue
star icons represent the edge points to be estimated. (a) The point cloud
is incomplete at the object edges, making grasp pose estimation difficult.
(b) Our method’s strategy allows each modality to contribute to the most
suitable edge information source, with the green region representing the
internal edge and the red region representing the external edge.

[23] and graph neural networks [22] for feature extraction
to estimate 7-DoF grasping poses. This learning framework
has proven effective and is widely adopted by most methods
in the field.

Many grasp candidates along object’s edges exhibit great
force-closure metric [30], [4], a common and effective ap-
proach for evaluating 7-DoF grasping poses that calculates
the minimum friction coefficient required for force closure
between the gripper and the object. A lower friction coeffi-
cient, therefore, indicates better grasping performance [14].
When using a single RGBD sensor to capture the scene’s
point cloud, the object’s edges typically lie at its boundaries,
often corresponding to inflection points in its shape. How-
ever, point clouds captured by a single RGBD sensor are
often incomplete at these edges as shown in Figure 1(a),
making it challenging to effectively perceive the edges,
leading to suboptimal performance in these regions, espe-
cially in grasping tasks where accurate edge information
is critical [31], [32]. Neural networks excel at learning
edge features from RGB images, but simply and directly
fusing them with point clouds does not yield significant
improvements, as these features often fail to generalize well
to novel scenes.

To address the above issues, we propose EdgeGrasp, which
improves grasping performance by enhancing edge percep-
tion. Specifically, it assigns the extraction of internal edge
features to the point cloud and external edge features to the
RGB image, allowing each modality to contribute to the most
suitable edge information source as shown in Figure 1(b).
We input RGBD data into the Internal-External Edge Feature
Encoder, which separately encodes the point cloud and RGB
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image as different edge feature source. The encoder mitigates
the interference caused by incomplete point clouds at the
edges by voxelizing the region inside the edges of the point
cloud and aggregating its geometric features using sparse
3D convolutions [33]. For external edge and junction, the
encoder extracts local zero-shot semantic features [34], [35]
using foundation vision models like DINOv2 [36], capturing
fine-grained local details at edge junctions and extracting
features that extend outward from the edge, contributing to
preserving generalization across different objects. Addition-
ally, to fully integrate the features mentioned above and form
edge-enhanced features, we propose a edge spatial encoding
attention mechanism. This mechanism guides the fusion of
these features using residuals of the coordinates and edges
encoding, resulting in edge-enhanced features for 7-DoF
grasp pose estimation.

In conclusion, the key contributions of this work can be
outlined as follows:

1) We propose EdgeGrasp, a novel RGBD-based frame-
work that enhances edge perception and improves
grasp performance through a strategy that clearly dis-
tinguishes the sources of edge features.

2) We propose edge spatial encoding attention mechanism
for guiding the fusion of different edge feature sources.

3) Our method attained state-of-the-art performance on
benchmark GraspNet-1Billion dataset[14] and demon-
strated its practicality in real-world robotic experiments
across diverse scenes.

II. RELATED WORK

A. 7-DoF grasping pose estimation based on point cloud

Conventional 6-DoF grasping methods begin by estimat-
ing an object’s 6-DoF pose [1], [2], [3], followed by the
determination of the final 6-DoF grasping pose based on pre-
calculated poses for known objects. These methods, however,
struggle with objects that lack predefined models in new
environments. To enable grasping to work on novel objects,
2D planar grasping mothods [37], [38], [39], [40], [41], [42],
[43], [44], [45], [46], [47], [48], [49] that represent grasping
pose by an rectangle are proposed. But the grasping of this
kind of method can only approach the object in a top-down
direction. In response, newer methods have been developed
that directly estimate 7-DoF grasping pose for parallel-jaw
grippers [14], [15], [16], [17], [18], [19], [21], [20], [28],
[50], [51], [23], [22]. This advancement bypasses the need
for 3D models of the objects to be grasped. Point cloud is
an intuitive and effective representation of 3D data, which is
widely used in the field of robotics [26], [27], including 7-
DoF grasping. As a landmark work, GraspNet-1Billion[14]
provides a large-scale grasping pose estimation benchmark
and a PointNet++based [29] baseline. Subsequently, many
works emerged to improve the performance of grasping pose
estimation based on point cloud. In addition to continuing
the use of PointNet++ from Grasp-1Billion as in [52], [19],
voxel-based 3D convolutions [16], Transformer [17], and
graph neural networks [22] have also been employed. In

addition, there have been recent efforts to introduce self-
supervision into this field [25]. Unlike the aforementioned
works, we address the problem of hindered edge perception
caused by the incomplete edge point cloud from a single
RGBD sensor, improving grasp performance by distinguish-
ing the sources of edge features.

B. Robotic Grasping based on RGBD

RGB images are commonly used in 2D planar grasping
mothods, with many methods directly concatenating RGBD
images as input. Although there are still some attempts to
introduce RGB in 7-DoF grasping [15], [19], most methods
still retain the point cloud learning framework. RGBMatters
[15] uses RGB solely to predict the orientation of objects,
reducing the reliance on high-quality depth maps. Symmetry-
Grasp [19] utilizes RGB images to identify the precise parts
of objects. Unlike the aforementioned works, we leverage
foundation vision models [36] to extract local zero-shot
semantic features from RGB images to capture fine-grained
local details at the edge junctions.

(a) (b)
Fig. 2. (a) Schematic of the 7-DoF grasping pose. It contains 3 translation
components, 3 rotation angles and a gripper opening width (b) Schematic
of 7-DoF grasping poses in cluttered scenes. A series of grasping poses in
the current cluttered scene, where each gripper has the same 7 degrees of
freedom as in (a).

III. PROBLEM STATEMENT

Given the RGB-D image of the scene I = (C,D), where
C, represented as ∈ RH×W×3, denotes the RGB image, and
D, denoted by ∈RH×W , signifies the depth image. The goal
of 7-DoF grasping pose estimation is to find the grasping
configuration P= {pk ∈R7}N

k=1 to manipulate objects, which
consists of 6-DoF pose with parallel-jaw gripper opening
distance. Specifically, where pk = (rx,ry,rz,x,y,z,w) consists
of the rotation rx,ry,rz, the translation x,y,z, opening distance
w of the parallel-jaw gripper as illustrated in the Figure 2.

IV. PROPOSED APPROACH

A. Overview

The overall approach of our work is illustrated in Figure 3.
First, we extract internal edge features from the point cloud
within the edge and external edge features from the RGB of
the outer edge and junctions using the Internal-External Edge
Feature Encoder. Then, to effectively fuse these features and
enhance grasping, we introduce an edge spatial encoding
attention mechanism, which leverages residuals of the co-
ordinates and edges encoding to guide the fusion process.
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Fig. 3. Overview of our method including Internal-External Edge Feature Encoder, Edge Spatial Encoding Attention Mechanism and Heads for 7-DoF
Grasping Pose Estimation.

Fig. 4. Details of Edge Spatial Encoding Attention Mechanism. Fd is
derived from the position encoding related to the edge distance, which is
used to guide the fusion of features from different sources.

Finally, the fused features are used for 7-DoF grasping pose
estimation in cluttered scenes.

B. Internal-External Edge Feature Encoder

For the input pair (C,D), we first utilize the foundation
vision model DINOv2 [36] to extract local zero-shot se-
mantic features [34], [35] from C. The features from the
last layer of DINOv2 are then fed into the Graspable Head,
implemented with ResNet, to predict a graspable map with
confidence values in the range [0,1], thereby determining the
object edge. This can be represented as:

Ĝ = Graspable Head( flast)

where Ĝ is the predicted graspable map with confidence
values in the range [0,1].

Meanwhile, to extract the external edge features, we
employ a learnable network, denoted as Next, that outputs the
external edge feature map Fext. The intermediate-layer fea-
tures { f1, f2, f3}, where f1 ⊆ R192×H

4 ×W
4 , f2 ⊆ R384×H

8 ×W
8 ,

and f3 ⊆R768× H
16×

W
16 , are first aligned to the size of f1. This

alignment is achieved using learnable upsampling CNNs,
U2 and U3, for f2 and f3, respectively. After upsampling,
the features are concatenated along the channel dimension.
The concatenated feature map is then passed through a
convolutional layer to fuse the information. Following fusion,
the resulting feature map is upsampled to match the original
image size using another learnable upsampling operation.
The extracted external edge features are represented as:

Fext = Next( f1, f2, f3) (1)

Next, based on the Graspable Head prediction, we only
quantize the points inside the object’s edge region to avoid
interference caused by incomplete point cloud data at the
boundaries. This quantization process can be expressed as
follows:

V = {v = q(xi,yi,zi) | Ĝ(xi,yi,zi)> S1} (2)

where q is the quantization function from the Minkowski
Engine [33], which maps the point clouds’ coordinates
(xi,yi,zi) from depth map D to the nearest voxel center. In
this process, Ĝ(xi,yi,zi) refers to the confidence score of the
point (xi,yi,zi) predicted by the Graspable Head, and S1 is
the threshold above which the points are called graspable
points Pg. After quantization, we apply 3D voxel convolution
to aggregate the features from this region, resulting in
the internal edge features, denoted as Fint. The process of
extracting the internal edge features can be represented as:

Fint = Nint(V ) (3)

where V is the set of quantized points inside the object’s
edge region, and the 3D ResUNet network Nint aggregates
these features to produce the internal edge feature Fint.

C. Edge Spatial Encoding Attention Mechanism

To integrate the different sources of edge information,
Fint and Fext, we design a edge spatial encoding attention
mechanism. The spatial relationship between the points to be
grasped and edges is used as fusion clues, which guides the
fusion of the two into edge-enhanced features for grasping
as shown in Figure 4. First, the internal edge features Fint
and external edge features Fext are aligned in the graspable
point space. The internal edge features Fint are aligned by
inverse mapping through the voxelization process, resulting
in F ′

int, while the external edge features Fext are aligned based
on the graspable map, where points are selected using the
threshold S2, resulting in F ′

ext. The dedge denotes the distance
from each grasping point (in the UV plane) to the nearest
edge determined by Ĝ and graspable points’ coordinates,
computed in pixel space and normalized by the image width
and height to avoid the influence of incomplete edge point
clouds. To incorporate spatial information, we compute the
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Methods Seen Similar Novel
AP AP0.8 AP0.4 AP AP0.8 AP0.4 AP AP0.8 AP0.4

GG-CNN [47] 15.48 21.84 10.25 13.26 18.37 4.62 5.52 5.93 1.86
Chu et al. [46] 15.97 23.66 10.80 15.41 20.21 7.06 7.64 8.69 2.52

GPD [4] 22.87 28.53 12.84 21.33 27.83 9.64 8.24 8.89 2.67
PointnetGPD [5] 25.96 33.01 15.37 22.68 29.15 10.76 9.23 9.89 2.74

Graspnet-baseline [14] 27.56 33.43 16.95 26.11 34.18 14.23 10.55 11.25 3.98
RGBMatter [15] 27.98 33.47 17.75 27.23 36.34 15.60 12.25 12.45 5.62

SSCL [52] 36.55 47.22 19.24 28.36 36.11 10.85 14.01 16.56 4.82
Transgrasp [53] 39.81 47.54 36.42 29.32 34.80 25.19 13.83 17.11 7.67

GraNet [22] 43.33 52.56 34.03 39.98 48.66 32.00 14.90 18.66 7.76
HGGD [24] 59.36 - - 51.20 - - 22.17 - -

Scale-Balanced [28] 58.95 68.18 54.88 52.97 63.24 46.99 22.63 28.53 12.00
Graspness [16] 66.83 79.98 59.23 58.41 72.18 48.19 25.15 31.03 13.08

GraspContrast [25] 67.22 - - 55.91 - - 25.79 - -
Graspness w. RGB 68.61 80.16 63.08 58.64 71.54 49.21 26.17 32.79 14.62

Graspness w. ResNet 69.81 81.99 63.90 56.60 69.79 45.84 27.05 33.84 15.11
Ours 73.39 84.53 69.21 62.08 74.81 54.03 27.54 34.56 15.98

TABLE I
EVALUATION RESULTS OF REALSENSE CAMERA DATA ON THE GRASPNET-1BILLION BENCHMARK COMPARED WITH OTHER METHODS, ’-’

INDICATES THAT THE RESULTS ARE NOT AVAILABLE.

Method Seen Similar Novel
IEFE ESEA AP AP AP
× × 66.83 58.41 25.15

w.o.Srategy × 68.35(+1.52) 55.37(-2.54) 24.94(-0.21)
w.Srategy × 71.67(+4.84) 61.74(+3.33) 26.30(+1.15)
w.Srategy ✓ 73.39(+6.56) 62.08(+3.67) 27.54(+2.39)

TABLE II
ABLATION STUDY RESULTS OF KEY COMPONENTS.

positional encoding PE(dedge) for each distance dedge, and
then concatenate it with the distance:

PE(dedge) =
[
sin

(
dedge ·2k ·π

)
,cos

(
dedge ·2k ·π

)]
(4)

where k ∈ {0,1, · · · ,9}. The concatenation of the distance
and positional encoding is then passed through a Multi-Layer
Perceptron (MLP) to obtain the feature V :

Fd = MLP(concat(dedge,PE(dedge))) (5)

Next, a Cross-Attention mechanism [54] is used to inte-
grate the internal edge features F ′

int and the external edge
features F ′

ext. The mechanism ensures that the most relevant
information from both feature sets is combined based on the
spatial relationship of the grasping points to the edges. The
edge-enhanced feature Ffused for each grasping point is then
obtained through an MLP that processes the fused features,
allowing for non-linear transformations to refine the feature
representation for grasping pose estimation:

Ffused = MLP(CrossAttention(F ′
int,F

′
ext,Fd)) (6)

D. Heads for 7-DoF Grasping Pose Estimation

Here, we have obtained the graspable point with the
edge-enhanced feature Ffused. Next, this feature is used to
estimate the 7-DoF grasping pose at Pg, which is decomposed

into graspness estimation, approach direction, rotation angle,
gripper width, and approach depth, following the process
in [16]. We define graspness and use a graspness head to
predict it. Pg values greater than the threshold S2 are filtered
and denoted as P′

g. Next, we use the Approach head to predict
the predefined viewpoints classification [14] for these P′

g.
Except for the gripper width, all other aspects are treated as
classification problems, consistent with previous work [16].
The above heads are all composed of MLPs.

E. Loss Function

The loss function is as follow:

L = λ1Lgraspness +λ2Lview +λ3Lpos +λ4Lwidth (7)

Lgraspness is for point-wise graspness metric. Lview is for view-
wise graspness metric. Lpos is for grasping scores of different
preset rotations and depths. Lwidth is for gripper opening
width. We use smooth-l1 as the loss function for all tasks. λ1,
λ2, λ3, λ4 are the weights to balance the multi-task learning
loss. The rest of the details are the same as [16].

V. EXPERIMENTS

In this section, we conduct experiments to compare our
method with SOTA methods. We first describe the evalu-
ation metrics for 7-DoF grasping pose estimation and the
implementation details of our pipeline. Next, we conduct
main experiments, ablation experiments, quantitative anal-
ysis, and qualitative analysis on the benchmark GraspNet-
1Billion [14] dataset. Finally, real robot experiments across
multiple scenes and targets verify the effectiveness of im-
proving grasping performance by enhancing edge perception.
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(a) (b)
Fig. 5. (a) Physical robotic arm AUBO-i5 with realsense D435 depth
camera andDH AG-95 parallel-jaw gripper. (b) Various objects we used for
experiments.

A. Experimental Setup

1) Dataset and Evaluation Metrics: We conduct experi-
ments on the benchmark GraspNet-1Billion dataset [14] and
use its metrics to evaluate our results. The metric uses non-
maximum suppression and evaluates the top 50 predictions,
using the average accuracy over a range of assumed dif-
ferent friction coefficients (µ ∈ {0.2,0.4,0.6,0.8,1.0,1.2})
APµ , and the average value of APµ is AP. The GraspNet-
1Billion [14] dataset contains 190 scenes, of which 90 scenes
are used for testing and are divided into the same, similar
and novel, and each scene has 256 RGBD images. For robot
experiments, we evaluate success rate (SR) and completion
rate (CR) same as [17], [20]. Denote Nsa, Nta, and Nno
represent the number of successful attempts, the total number
of attempts, and the number of graspable relevant objects in
the scene.

SR =
Nsa

Nta
, CR =

Nsa

Nno
(8)

2) Implementation Details: In the training phase, we use
the masks of all graspable objects to segment them, retaining
the weights of DINOv2 (ViT-B version) while training the
other modules, which is completed on an RTX8000. The
model is trained for 15 epochs on a dataset collected with
a Realsense camera, using a batch size of 4. The learning
rate is multiplied by 0.95 at each epoch. Adam is used as the
optimizer, with an initial learning rate of 1e-3 for all ablation
studies [55]. In the test phase, farthest point sampling (FPS)
is uniformly applied to select 1,024 points for evaluation, as
per the benchmark [14], without any post-processing, such
as collision detection. The above process unifies the number
of point clouds to 25,000 through random downsampling.
Other parameters include the threshold values S1 set to 0.98,
and S2 set to 0.1. The number of channels in Fext and Fint
is 256. The weight coefficients for the losses in section IV.E
are λ1, λ2, λ3, and λ4 set to 10, 100, 15, and 10, respectively.

B. Main Results

We compare our proposed method with different meth-
ods on the GraspNet-1Billion benchmark, achieving state-
of-the-art performance as shown in Table I. In terms of
grasping performance, compared with the previous state-
of-the-art method GraspContrast [25] without instance la-
bel, our pipeline not only achieves performance gains of
+6.17/+6.17/+1.75 AP on the seen, similar, and novel test
sets, respectively. Additionally, we modified Graspness with

Method Seen Similar Novel
AP AP AP

Baseline 41.37 35.89 16.18
Ours 47.60 40.20 18.76

TABLE III
QUANTITATIVE ANALYSIS OF THE IMPACT OF ENHANCING EDGE

PERCEPTION FOR 7-DOF GRASPING POSE ESTIMATION

two extra versions, where we directly supplemented the point
cloud with the original RGB and RGB features extracted by
ResNet, to validate the effectiveness of our use of multimodal
information based on the code here1. The results show that
our strategy of allowing each modality to contribute to
the most suitable edge information source more effectively
utilizes the RGBD information.

C. Ablation Study

To analyze the effectiveness of our two key components:
Internal-External Edge Feature Encoder and Edge Spatial
Encoding Attention Mechanism, we designed a series of
ablation studies, as shown in Table II. "IEFE" stands for
"Enhanced Edge Local Features" and "ESEA" stands for
"Edge Spatial Encoding Attention Mechanism".

1) Srategy of distinguishing the sources of edge features:
To verify the effectiveness of the Strategy of distinguishing
the sources of edge features, we conducted experiments
on the Internal-External Edge Feature Encoder as shown
in Table II, where the rows with "ESEA is ×". Here,
w.Srategy refers to the strategy that separately encodes
the point cloud and RGB image as different edge feature
sources, while w.o.Srategy refers to the strategy where the
features extracted from both modalities are directly added
without distinguishing. The experiments show that simply
using features extracted from a foundation vision model may
hinder generalization for both "similar" and "novel" cases
(-2.54,-0.21)AP, while our strategy leads to better general-
ization and improved performance for the RGBD modalities
(+4.84,+3.33,+1.15)AP for seen, similar and novel.

2) Edge Spatial Encoding Attention for Fusion: To effec-
tively fuse different edge feature sources into edge-enhanced
features, we designed the Edge Spatial Encoding Attention
mechanism and performed an ablation study as shown in
Table II, where the rows with "IEFE is w.Strategy". Ex-
perimental results demonstrate that the introduction of this
mechanism (ESEA is ✓) effectively utilizes the distance
difference between grasp points and edges as a cue to fuse
the internal and external edge features. This results in an
improvement of (+1.72/+0.34/+1.24) AP compared to the
direct summation fusion strategy (ESEA is ×).

D. Quantitative Analysis

To further demonstrate how the proposed method enhances
edge perception by allowing each modality to contribute to
the most suitable edge information source for 7-DoF grasp
pose estimation, we compare our method with the baseline

1https://github.com/rhett-chen/graspness_implementation
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Fig. 6. Qualitative Analysis. Red represents valid grasps, while blue represents invalid grasps. Compared to the baseline method, our approach enhances
edge perception, effectively reducing invalid grasps of object edges.

where the proposed strategy of distinguishing the sources
of edge features and Edge Spatial Encoding Attention for
Fusion are removed, as shown in Table III. Using the FPS
algorithm, we retain a sufficient number of 8192 points per
scene and evaluate the AP of object edge points solely based
on the real values of the mask. Experimental results show that
our method can enhance the pose estimation performance
of object edges. The AP gains of object edges on the
seen, similar, and novel test sets are (+6.23/+4.31/+2.58).
Additionally, as shown in Table II, we can conclude that the
performance improvement achieved by our method is largely
due to the enhanced grasping at the edge.

Scene Number of objects Attempt SR CR
scene1 6 6 100% 100%
scene2 6 6 100% 100%
scene3 10 10 100% 100%
scene4 5 6 83.33% 100%
scene5 6 6 100% 100%

Average 7 7.33 95.50% 100%

TABLE IV
EXPERIMENTAL RESULTS OF CLUTTERED SCENE GRASPING ON REAL

ROBOT. SR IS SUCCESS RATE. CR IS COMPLETION RATE.

E. Qualitative Analysis

We further present some qualitative results in Figure 6
to illustrate the relationship between enhanced edge percep-
tion and 7-DoF grasp pose estimation. We observe that by
enhancing edge perception, our proposed method reduces
invalid grasps (such as collisions or empty grasps) of object
edges, which in turn improves grasping and leads to an
overall increase in the grasp pose score of the scene.

F. Experiments on Robotic in the Real World

We conducted grasping experiments in cluttered scenes
on a real robot. As shown in Figure 5, we mounted an Intel
Realsense D435 depth camera on an AUBO i5 robotic arm
and performed the experiments using a DH AG-95 parallel
gripper. The robotic arm’s planning algorithm is provided
by the AUBO manufacturer. The final executed grasp pose is
determined based on the task setup, which includes both pop-
ular unordered grasping experiments and ordered grasping
experiments that we designed to increase the challenge. The

Scene Number of objects Attempt SR CR
setting1 10 10 100% 100%
setting2 10 10 100% 100%
setting3 10 11 90.91% 100%
setting4 5 5 100% 100%
setting5 5 5 100% 100%
setting6 5 7 71.43% 100%
Average 7.5 8 93.75% 100%

TABLE V
PHYSICAL ROBOT EXPERIMENTAL RESULTS ON DIFFERENT SETTINGS IN

CLUTTERED SCENE. SR IS SUCCESS RATE. CR IS COMPLETION RATE.

computing platform is a machine equipped with an NVIDIA
GTX 2080Ti GPU, an Intel i7-7800X CPU, 32GB of RAM,
and the Ubuntu 18.04 operating system. We selected twenty-
eight objects commonly found in everyday life, as shown in
Figure 5. We set up two settings to comprehensively evaluate
our multi-task object manipulation pipeline. Table IV shows
the experiments of unordered grasping, where we execute the
grasp with the highest confidence from the pose estimation
and re-estimate the best grasp pose after each completion.
Table V shows the experiments of ordered grasping, where
we use Grounding DINO [56] to sequentially grasp target
objects based on pre-defined prompts for different settings.

VI. CONCLUSION

In this paper, we propose EdgeGrasp, which enhances
edge perception by allowing each modality to contribute
to the most suitable edge information source for improving
grasping performance, achieving state-of-the-art performance
on the GraspNet-1Billion benchmark. We use the Internal-
External Edge Feature Encoder, which separately encodes the
point cloud and RGB image as different edge feature sources.
Additionally, to fully integrate the features mentioned above
and form edge-enhanced features, we propose an edge spatial
encoding attention mechanism. Through sufficient experi-
mental analysis, we show that these key components are
indispensable and significantly improve the performance of
grasping pose estimation at the edge of the object. The
high-precision complex grasping capabilities demonstrated
in real-world robotic experiments highlight the potential of
our method to improve the ability of intelligent robots to
manipulate objects.
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