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Abstract—In recent years, with the increasing complexity of
robotic manipulation tasks, 6-DoF grasp detection has become a
key technology in robotic grasping. EconomicGrasp introduces
an efficient economic supervision strategy, significantly reducing
computational cost while improving grasp detection accuracy.
However, when dealing with large-scale variations and severe
occlusions, the method still suffers from limitations in fixed-
scale neighborhood modeling and geometric representation. To
address these issues, we propose MSGeoGrasp, a 6-DoF grasp
detection method based on multi-scale feature modeling and
geometric enhancement. We introduce multi-scale cylindrical
local feature modeling to enhance scale adaptability, and employ
geometric feature enhancement to improve geometric representa-
tion. Experimental results on GraspNet-1Billion demonstrate that
MSGeoGrasp achieves superior performance while introducing
only a negligible increase in model parameters.

Index Terms—point cloud, 6-DoF grasp detection, multi-scale
feature modeling, geometric feature enhancement

I. INTRODUCTION

6-DoF grasp detection has been widely applied to robots
and robotic arms for handling various tasks in industrial, ser-
vice [1], and household [2] scenarios [3]. The core objective is
to predict executable grasp poses from a single RGB-D image
and evaluate and rank the predicted grasp candidates [4].
Compared with 2D grasping, 6-DoF grasping enables pose
prediction in 3D space and exhibits greater flexibility in
complex scenarios [5]. However, in practical applications, the
model is required to generate stable and reliable grasp candi-
dates while maintaining strong generalization capability under
challenging conditions such as occlusions and clutter [6].
Therefore, improving prediction accuracy and generalization
has become a central problem in this field.

In recent years, with the development of large-scale datasets
and deep learning, 6-DoF grasp detection has achieved sig-
nificant performance improvements [7]. GSNet [6] leverages
dense supervision from the GraspNet-1Billion [8] dataset to
achieve high grasping accuracy. However, such dense su-
pervision models incur substantial training costs and often
suffer from slow convergence. EconomicGrasp [9] introduces
an efficient supervision strategy that reduces training cost
while improving grasp accuracy. Nevertheless, the method still
exhibits limitations in complex environments. Specifically, its
fixed-scale cylindrical neighborhood struggles to handle small-
scale objects, often introducing background and irrelevant

points, which degrades feature extraction accuracy. In addition,
the model mainly relies on implicit feature learning from point
clouds, making it difficult to capture geometric information,
thereby affecting grasp pose generation.

To address these issues, we propose MSGeoGrasp, a 6-DoF
grasp detection network based on multi-scale feature modeling
and geometric enhancement. Specifically, based on the Eco-
nomicGrasp framework, we introduce two key improvements.
First, a multi-scale cylindrical local feature modeling module
is proposed, which constructs cylindrical neighborhoods with
different radii to extract features at multiple scales and fuses
them via an attention mechanism to enhance scale adapt-
ability. Second, a geometric feature enhancement module is
introduced, which extracts geometric information including
normals, curvature, and density via covariance decomposition
and integrates them with the original features through a
lightweight mapping to improve geometric representation.

The main contributions of this paper are summarized as
follows:

• We propose a multi-scale cylindrical local feature mod-
eling module to enhance scale adaptability.

• We propose a geometric feature enhancement module
that integrates geometric features to improve geometric
representation.

• We build the MSGeoGrasp network upon the Economic-
Grasp framework to achieve effective fusion of multi-
scale and geometric features.

• Extensive comparative experiments and ablation studies
are conducted on the large-scale 6-DoF grasp detection
dataset GraspNet-1Billion to validate the effectiveness of
the proposed MSGeoGrasp network.

II. RELATED WORK

A. 6-DoF Grasp Detection

Existing 6-DoF grasp detection methods are typically based
on point cloud representations, where local features are
extracted to generate grasp candidates and predict grasp
poses. Early methods directly predict grasp poses from point
clouds. PointNetGPD [10] introduces PointNet [11] style point
clouds for local feature extraction. The large-scale GraspNet-
1Billion [8] dataset and its benchmark method [12] pro-
vide a unified evaluation protocol for 6-DoF grasp detection.



Fig. 1: Overall framework of MSGeoGrasp with multi-scale and geometric enhancement.

AnyGrasp [13] achieves efficient and robust grasp detection
through spatio-temporal modeling of grasp features. Based on
dense supervision, GSNet [6] introduces graspness to predict
graspable regions, significantly improving performance in clut-
tered scenes. However, such methods typically rely on dense
supervision and have high training costs. To address this issue,
EconomicGrasp [9] proposes an efficient supervision strategy
that maintains good performance while reducing training cost
through grasp label pruning and related strategies.

B. Multi-scale Feature Modeling for 6-DoF Grasp Detection

In 6-DoF grasp detection, local feature modeling has an
important impact on grasp pose generation. In real-world
grasping scenarios, object scales vary significantly, and single-
scale neighborhoods struggle to capture both detailed and
global features of objects. KPConv [14] uses deformable
convolution kernels on point clouds to extract features at
different scales. TSB [15] addresses the scale imbalance prob-
lem through multi-scale modeling and scale-balanced learning.
Wang et al. [16] enhance grasp perception for small-scale
objects by introducing multi-scale cylindrical grouping and
balanced sampling strategies.

C. Geometric Feature Modeling for 6-DoF Grasp Detection

Geometric feature modeling has an important impact on
grasp stability and pose generation in 6-DoF grasp detection.
Lu et al. [17] construct grasp confidence by integrating mul-
tiple physical constraints. FineGrasp [18] introduces surface
normals as priors to improve grasping performance for small-
scale objects. FlexLoG [19] proposes a locally guided grasping
framework with multiple guidance strategies, improving both
grasping performance and generalization ability.

III. METHOD

In this section, we present a detailed description of the pro-
posed MSGeoGrasp 6-DoF grasp detection method. Section
III-A provides an overview of the MSGeoGrasp framework;
Section III-B introduces the multi-scale cylindrical local fea-
ture modeling module; and Section III-C further describes the
design and implementation of the geometric feature enhance-
ment module.

A. MSGeoGrasp Framework Overview

MSGeoGrasp is a 6-DoF grasp detection method based on
multi-scale feature modeling and geometric enhancement. MS-
GeoGrasp is built upon the economic supervision framework
of EconomicGrasp [9] and enhances the feature extraction
stage of grasp candidates to address the limitation of single-
scale cylindrical local feature modeling.

The overall framework of MSGeoGrasp is illustrated in
Fig. 1. It follows the standard two-stage pipeline of 6-DoF
grasp detection. First, the input point cloud is preprocessed,
and grasp candidate points are sampled. Then, local neigh-
borhoods are constructed around each candidate point for
subsequent feature extraction and grasp pose prediction. In
the local feature modeling stage, a multi-scale cylindrical local
feature modeling module and a geometric feature enhancement
module are introduced. Finally, the enhanced features are fed
into the grasp head for pose regression and quality evaluation,
producing executable 6-DoF grasp poses.

B. Multi-scale Cylindrical Local Feature Modeling
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Fig. 2: Illustration of the multi-scale cylindrical local feature
modeling module.

MSGeoGrasp introduces a multi-scale cylindrical local fea-
ture modeling module at grasp candidate points to enhance
the model’s perception of objects with different scales. This
module models local point cloud structures using K cylindri-
cal neighborhoods at different scales, enabling the model to



capture both local details and global information of objects.
An illustration of the module is shown in Fig. 2.

Specifically, for a grasp candidate point pc, K cylindrical
neighborhoods {Nk}Kk=1 with different scales are constructed
in the grasp-view-aligned coordinate system. Each cylindri-
cal neighborhood is defined by its radius rk, height range
[hmin, hmax], and the number of sampled points nk, and can
be formulated as:

Nk = {pi | ∥(pi − pc)⊥∥ < rk, hmin < hi < hmax} . (1)

Here, (pi − pc)⊥ denotes the projection of (pi − pc) onto the
grasp plane, such that only contact points near the grasp center
plane are considered. hi represents the coordinate of point pi
along the local height axis, which constrains the reachable
height range of the gripper.

In our implementation, we adopt K = 4 scales.
The corresponding cylindrical radii rk are set to
{0.0125, 0.025, 0.0375, 0.05}m, with the numbers of
sampled points nk set to {16, 24, 24, 32}, respectively. For all
scales, the height range is uniformly set to [−0.02, 0.04]m.

For each cylindrical scale, the local point set Nk is first
selected from the point cloud according to the cylindrical
constraint defined in Eq. (1), centered at the grasp candidate
point in the view-aligned coordinate system. The relative
coordinates of the points are then concatenated with their
original features and fed into a MLP for point-wise encoding.
Subsequently, a local self-attention module is introduced to
enhance the correlations among points within the neighbor-
hood. Finally, a pooling operation is applied to obtain the local
feature representation at the current scale. In this way, each
grasp candidate point is associated with a set of multi-scale
local feature vectors fk ∈ R256, which characterize object
information at different scales.

During the scale fusion stage, an attention mechanism
is employed to adaptively weight multi-scale features. For
each scale feature fk, a shared lightweight scale-attention
function is first used to compute its corresponding score. These
scores are then normalized across the scale dimension using a
softmax operation to obtain the attention weights αk. Finally,
the fused multi-scale feature fms ∈ R256 is computed as a
weighted sum of the scale-specific features:

αk =
exp (g(fk))∑K
i=1 exp (g(fi))

, (2)

fms =

K∑
k=1

αkfk. (3)

This scale fusion mechanism allows the model to dynamically
adjust the contribution of features from different scales ac-
cording to object characteristics, enabling more flexible and
effective multi-scale feature integration.

C. Geometric Feature Enhancement

After multi-scale feature fusion, MSGeoGrasp further intro-
duces a geometric feature enhancement module to strengthen
the model’s ability to represent object geometric shapes.

Geometric features are computed based on covariance analysis
of point sets within multi-scale cylindrical neighborhoods,
extracting normal, curvature, and density information, which is
then jointly modeled with the fused multi-scale features. All
geometric statistics are computed in the grasp-view-aligned
coordinate system to ensure spatial consistency with the multi-
scale features.

Specifically, for each grasp candidate point and its corre-
sponding cylindrical neighborhood at scale k, the local point
set within the neighborhood is first collected and transformed
into a relative coordinate system centered at the candidate
point, yielding the point set {p̃i}Nk

i=1. This process can be
expressed as:

p̄ =
1

Nk

Nk∑
i=1

p̃i, (4)

p̂i = p̃i − p̄. (5)

Subsequently, the covariance matrix of the local point cloud
is constructed as:

C =
1

Nk

Nk∑
i=1

p̂ip̂
⊤
i + ϵI, (6)

where ϵ is a numerical stability term and I denotes the
identity matrix. Eigenvalue decomposition is then applied to
the covariance matrix C, yielding the eigenvalues and their
corresponding eigenvectors:

λ1 ≤ λ2 ≤ λ3. (7)

Based on these eigenvalues and eigenvectors, the follow-
ing geometric features are constructed. The normal feature
n describes the local surface orientation around the grasp
candidate point. The eigenvector corresponding to the smallest
eigenvalue λ1 is regarded as the normal direction n of the
local surface. The curvature feature c is used to characterize
the flatness and edge properties of the local surface region:

c =
λ1

λ1 + λ2 + λ3
. (8)

The density feature d is defined using a geometric dispersion
measure to describe the spatial distribution intensity of the
local point cloud:

d = log

(
1 +

λ1 + λ2 + λ3

r2k

)
, (9)

where rk denotes the radius of the cylindrical neighborhood
at scale k. The geometric feature vector at scale k is defined
as:

gk = [nx, ny, nz, c, d] ∈ R5. (10)

Across multiple scales, geometric feature vectors from differ-
ent scales are aggregated by average pooling to obtain the final
geometric enhancement feature g ∈ R5. The geometric feature
g is then concatenated with the fused multi-scale feature fms
to form a feature vector f ∈ R261, which is subsequently
projected back to the original feature dimension through
a lightweight linear mapping, yielding the final geometry-
enhanced feature fgeo ∈ R256.



TABLE I: Performance comparison on GraspNet-1Billion under the RealSense setting. CD denotes collision detection. The
best results without CD are highlighted in bold.

methods seen similar novel AverageAP AP0.8 AP0.4 AP AP0.8 AP0.4 AP AP0.8 AP0.4

GPD [20] 22.87 28.53 12.84 21.33 27.83 9.64 8.24 8.89 2.67 17.48
PointNetGPD [10] 25.96 33.01 15.37 22.68 29.15 10.76 9.23 9.89 2.74 19.29
GraspNet [8] 27.56 33.43 16.95 26.11 34.19 14.23 10.55 11.25 3.98 21.41
TransGrasp [21] 39.81 47.54 36.42 29.32 34.80 25.19 13.83 17.11 7.67 27.65
GraNet [22] 43.33 52.56 34.04 39.98 48.66 32.00 14.90 18.66 7.76 32.74
TSB [15] 58.95 68.18 54.88 52.97 63.24 46.99 22.63 28.53 12.00 44.85
GSNet [6] 65.70 76.25 61.08 53.75 65.04 45.97 23.98 29.93 14.05 47.81
EconomicGrasp [9] 68.21 79.60 63.54 61.19 73.60 53.77 25.48 31.46 13.85 51.63
MSGeoGrasp 72.93 82.62 70.32 62.86 73.72 57.64 27.09 33.62 15.43 54.29
MSGeoGrasp+CD 74.02 84.03 71.04 63.90 75.07 58.31 27.44 34.05 15.49 55.12

TABLE II: Performance comparison on GraspNet-1Billion under the Kinect setting. CD denotes collision detection. The best
results without CD are highlighted in bold.

methods seen similar novel AverageAP AP0.8 AP0.4 AP AP0.8 AP0.4 AP AP0.8 AP0.4

GPD [20] 24.38 30.16 13.46 23.18 28.64 11.32 9.58 10.14 3.16 19.05
PointNetGPD [10] 27.59 34.21 17.83 24.38 30.84 12.83 10.66 11.24 3.21 20.88
GraspNet [8] 29.88 36.19 19.31 27.84 33.19 16.62 11.51 12.92 3.56 23.08
TransGrasp [21] 35.97 41.69 31.86 29.71 35.67 24.19 11.41 14.42 5.87 25.70
GraNet [22] 41.38 49.84 33.86 35.29 43.15 26.89 11.57 14.31 5.24 29.41
TSB [15] 39.42 58.38 43.66 41.49 50.29 34.60 15.35 19.18 7.98 32.09
GSNet [6] 61.19 71.46 56.04 47.39 56.78 40.43 19.01 23.73 10.60 42.53
EconomicGrasp [9] 62.59 73.89 55.99 51.73 62.70 43.45 19.54 24.24 11.12 44.62
MSGeoGrasp 64.69 74.05 60.79 50.71 60.27 43.58 18.94 23.52 11.15 44.78
MSGeoGrasp+CD 66.41 76.18 62.03 52.50 62.56 44.80 19.90 24.72 11.60 46.27

IV. EXPERIMENTS

In this section, we conduct a comprehensive experimen-
tal evaluation of the proposed MSGeoGrasp 6-DoF grasp
detection method. Section IV-A describes the experimental
setup in detail; Section IV-B compares MSGeoGrasp with
representative methods; Section IV-C presents ablation studies
to analyze the contribution of each component; and Section
IV-D provides qualitative visualizations of grasping results.

A. Experimental Setup

a) Dataset: We evaluate our method on the large-scale
6-DoF grasp detection dataset GraspNet-1Billion [8]. This
dataset contains cluttered real-world scenes captured by two
popular RGB-D sensors, RealSense and Kinect, across 190
scenes. It comprises 97,280 RGB-D images and over one
billion grasp poses. Following the official training and testing
split, the first 100 scenes are used for training, while the
remaining 90 scenes are used for testing. The test set is further
divided into three categories based on object characteristics:
Seen, Similar, and Novel, each containing 30 scenes.

b) Baselines: We compare MSGeoGrasp with eight
representative 6-DoF grasp detection methods, including
GPD [20], PointNetGPD [10], GraspNet [8], TransGrasp [21],
GraNet [22], TSB [15], GSNet [6], and EconomicGrasp [9].
All experiments follow the official evaluation protocol of
the GraspNet-1Billion dataset, using average precision (AP)
as the evaluation metric. The AP score is computed by
averaging APµ over multiple friction coefficient thresholds
µ ∈ {0.2, 0.4, 0.6, 0.8, 1.0, 1.2}.

c) Implementation Details: Our model is implemented
using the PyTorch framework, and both training and evaluation
are conducted on a single Nvidia RTX 5070 Ti GPU. The
Adam optimizer is adopted for training, with a cosine learning
rate decay schedule. During the training stage of the multi-
scale cylindrical local feature modeling module, the batch size
is set to 4 with an initial learning rate of 0.001, and the model
is trained for 10 epochs. Subsequently, the geometric feature
enhancement module is fine-tuned based on the previous stage,
using a batch size of 2 with an initial learning rate of 0.0003
for 8 epochs.

B. Comparing with Representative Methods

Table I and Table II report the quantitative comparison
results of MSGeoGrasp against the eight representative meth-
ods on the GraspNet-1Billion dataset under the RealSense
and Kinect settings, respectively, where the best results are
highlighted in bold. MSGeoGrasp achieves competitive per-
formance under both camera settings, with especially strong
results on the RealSense setup.

Under the RealSense setting, MSGeoGrasp improves the
average AP by 2.67% compared to EconomicGrasp, with
the most significant gain of 4.72% observed in the Seen
category. Improvements of 1.67% and 1.61% are achieved in
the Similar and Novel categories, respectively. These results
demonstrate that the proposed method can effectively improve
grasp detection performance under high-quality point cloud
conditions.

Under the Kinect setting, due to higher noise levels and
increased sparsity in the point clouds, the overall performance



(a) EconomicGrasp (Scene 110) (b) EconomicGrasp (Scene 149) (c) EconomicGrasp (Scene 176)
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Fig. 3: 6-DoF grasp pose visualization.

of all methods decreases. MSGeoGrasp achieves a 0.16%
improvement in average AP over EconomicGrasp, with a
notable gain of 2.10% in the Seen category, while slight
decreases are observed in the Similar and Novel categories.
These results indicate that the performance of the proposed
method is affected under low-quality point cloud conditions,
but MSGeoGrasp still maintains competitive performance in
most scenarios.

C. Ablation Studies

We conduct systematic ablation studies on the GraspNet-
1Billion dataset to evaluate the effectiveness of the multi-
scale cylindrical local feature modeling and geometric feature
enhancement modules. The results are presented in Table III.

TABLE III: Ablation study of MSGeoGrasp on GraspNet-
1Billion under the RealSense/Kinect settings.

MS Geo Seen Similar Novel
68.21/62.59 61.19/51.73 25.48/19.54

✓ 71.48/65.37 62.13/52.25 27.16/19.55
✓ 70.07/65.08 60.91/51.21 25.24/19.35

✓ ✓ 72.93/64.69 62.86/50.71 27.09/18.94

The ablation results demonstrate that introducing the multi-
scale cylindrical local feature modeling module leads to con-
sistent performance improvements under both the RealSense
and Kinect settings. Specifically, under the RealSense setting,
the average AP increases from 51.62 to 53.59, while under
the Kinect setting, it improves from 44.62 to 45.72. These
results indicate that the proposed module effectively enhances
the model’s adaptability to object scale variations and remains
effective even under low-quality point cloud conditions. When
introducing the geometric feature enhancement module alone,
improvements are observed in the average AP and the Seen
category under both settings, while slight decreases occur

in the Similar and Novel categories. This may be because
geometric features are more sensitive to noise and distribution
variations in point clouds.

We further evaluate the combined effect of the two modules.
Under the RealSense setting, the two modules exhibit strong
complementarity, with the average AP further improving from
53.59 to 54.29, and gains observed across all three cate-
gories. In contrast, under the Kinect setting, the combined
improvement is limited. Although the multi-scale cylindrical
local feature modeling module improves performance, further
introducing geometric enhancement results in an overall per-
formance drop. This phenomenon may be attributed to the
higher noise and lower density of Kinect point clouds, which
affects the reliability of geometric feature estimation.

D. Efficiency Analysis

Table IV presents the inference time comparison between
MSGeoGrasp and EconomicGrasp. Here, MS denotes the
multi-scale cylindrical local feature modeling module, and Geo
denotes the geometric feature enhancement module. Although
MSGeoGrasp introduces two additional modules at the feature
extraction stage, the overall number of model parameters
increases by only 7.18%, from 15.76M to 16.89M.

TABLE IV: Inference time comparison on GraspNet-1Billion
under the RealSense/Kinect settings.

Methods Inference Time(s)
Seen Similar Novel

EconomicGrasp 0.2795/0.2671 0.2819/0.2646 0.2827/0.2645
MSGeoGrasp 0.2887/0.2814 0.2885/0.2813 0.2865/0.2813

During inference, MSGeoGrasp achieves nearly the same
runtime efficiency as EconomicGrasp, with inference time in-
creasing by only 2.31% under the RealSense setting and 5.99%
under the Kinect setting. Although multi-scale cylindrical local



feature modeling introduces additional computational over-
head, this computation can be highly parallelized. As a result,
in practical evaluations, the inference time of MSGeoGrasp is
only slightly higher than that of the original model, while still
meeting the requirements for real-time applications.

E. Qualitative Results

Fig. 3 presents qualitative comparisons of grasp poses
generated by MSGeoGrasp and EconomicGrasp. One scene
is selected from each of the Seen, Similar, and Novel cate-
gories in the GraspNet-1Billion dataset, and the top 30 grasp
poses with the highest scores are visualized. Compared with
EconomicGrasp, MSGeoGrasp produces more concentrated
grasp poses that are better aligned with the object geometry.
For objects with complex geometric structures, MSGeoGrasp
is still able to generate valid grasp poses, demonstrating its
superior performance in complex geometric scenarios.

V. CONCLUSION

In this paper, we propose MSGeoGrasp, a 6-DoF grasp
detection method based on multi-scale feature modeling and
geometric enhancement. Built upon the economic supervision
framework of EconomicGrasp, MSGeoGrasp improves the
perception of objects with varying scales and complex geo-
metric structures by introducing a multi-scale cylindrical local
feature modeling module and a geometric feature enhance-
ment module. Experimental results on the GraspNet-1Billion
dataset demonstrate that MSGeoGrasp achieves competitive
performance under both RealSense and Kinect sensor settings.
Future work will explore adaptive strategies for integrating
multi-scale and geometric features under low-quality point
cloud conditions, with the goal of further improving robustness
and generalization across different sensors.
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