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With the continuous advancement of intelligent manufacturing and robot perception ca-
pabilities, traditional robotic arm grasping methods still face problems such as inaccurate pose
prediction and poor task adaptability when operating in dynamic scenes, handling complex ob-
jects, and executing functional action. Therefore, this research develops an optimized contact
grasping network model that integrates scene and task constraints. It combines a UR5 six-
degree-of-freedom robotic arm, visual input, and the Contact-GraspNet architecture based
on point cloud, and introduces a PointNet++ local feature enhancement mechanism and
a lightweight encoder design to effectively improve the spatial perception and action plan-
ning capabilities of grasping points. Experimental results show that, on the GraspNet and
YCB datasets, the model achieves Fl-scores of 92.54 % and 91.82 %, respectively, with the
average execution time reduced to 0.61s. In functional operation scenarios involving door han-
dles, kettle handles, and drawer pulls, the grasping accuracy remained above 0.89, with the task
completion rates significantly outperforming those of mainstream baseline models. Under vi-
sual interference conditions with an occlusion rate of up to 75 %, the average inference latency
was controlled within 0.82s. Under varying light intensities, the pose angle error remained
within the range of 1.21° to 1.87°. Therefore, this model exhibits comprehensive advantages
in grasping accuracy, latency control, and deployment efficiency, and has the potential to be
largely applied in industrial, service, and specialized task environments.

Keywords: robotic arm grasping, scene constraints, task constraints, Contact-GraspNet,
point cloud.

Copyright © 2026 The Author(s).
@ ® Published by IPPT PAN. This work is licensed under the Creative Commons Attribution License
BY CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

1. INTRODUCTION

In the fields of automated manufacturing, service robots, and intelligent
warehousing, robotic arm grasping systems, as a key component in human-
computer interaction and object manipulation, are gradually developing toward
high precision, high robustness, and adaptive capabilities. In practical applica-
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tion scenarios, robotic arm grasping is not only limited by the physical environ-
ment but also affected by dual constraints of task objectives [1, 2]. Traditional
contact grasping networks fail to consider these constraints simultaneously, often
resulting in issues such as mis-grasping, collisions, or grasping failures in com-
plex environments. Therefore, how to introduce task-level and scene-level dual
constraints while retaining the efficient feature learning ability of deep grasping
networks is the core problem that urgently needs to be solved.

1.1. RESEARCH PROGRESS AND LIMITATIONS OF TRADITIONAL GRASPING
AND VISUAL RECOGNITION METHODS

Early robotic arm grasping primarily relied on methods based on visual de-
tection, control strategies, and trajectory planning. For instance, CHIU et al. [3]
employed channel pruning to enhance You Only Look Once version 5 (YOLOV5),
integrating it with positioning algorithms and robotic arm motion planning to
achieve grasping. Their approach reduced the number of parameters while im-
proving grasping accuracy. GENG [4] enhanced robotic arm grasping stability
and robustness through visual servoing and fractional-order control approaches.
Concurrently, YUAN [5] improved adaptability to diverse objects by integrat-
ing multimodal information fusion and refining world models. However, such
methods generally rely on rigid geometric assumptions or explicit scene configu-
rations, exhibiting limited adaptability to complex conditions such as occlusion,
deformation, and multi-object interference. Furthermore, they prioritize the ex-
ecutability of grasping actions while paying less attention to whether these ac-
tions fulfill functional task objectives, making it difficult to support functional
operations such as opening doors, lifting objects, or rotating knobs.

1.2. DEEP LEARNING-BASED POINT CLOUD GRASPING AND CONTACT SEMANTIC
INFERENCE RESEARCH

With the advancement of deep learning, point cloud-based grasping recog-
nition methods have emerged as a mainstream research direction. XU et al. [6]
proposed a grasping pose estimation method integrating multi-scale residual
networks with RGB sensors, maintaining high recognition accuracy even in low-
light environments. Grasping strategies represented by Contact-GraspNet (CG)
enhance generalization capabilities for complex scenarios by inferring contact
points, grasp scores, and grasp poses from point clouds [7]. Related extension
studies include: YAN et al. [8] enhanced RGB-D feature extraction by incorporat-
ing attention and residual modules, GILLES et al. [9] achieved efficient grasping
of unknown objects by integrating MetaGraspNetV2, and HOANG [10] improved
point cloud denoising and the grasp position inference stability through atten-
tion mechanisms and the VoteGrasp strategy. While these approaches strengthen
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the end-to-end mapping from visual information to grasp semantics, two core
issues persist:
1. Networks remain vulnerable to point cloud density variations and noise,
leading to unstable geometric feature extraction.
2. Models primarily focus on the geometric feasibility of grasp actions while
lacking task-related functional constraints, making them unable to deter-
mine whether grasp poses match specific operational requirements.

1.3. DEVELOPMENTS IN FUNCTIONAL GRASPING, TASK CONSTRAINTS,
AND POSE ESTIMATION RESEARCH

In task-relevant grasping research, scholars have gradually expanded their
focus from ‘whether an object can be grasped’ to ‘whether the task action can
be correctly executed.” For example, YU et al. [11] introduced SCNet, which in-
cludes a self-supervised mechanism for category-level pose estimation to enhance
the model’s transferability from simulation to reality. Other studies have focused
on action planning for deformable objects or functional scenarios (e.g., knobs,
handles). However, most approaches still lack systematic modeling of task con-
straints and rarely address critical factors such as motion direction consistency,
rotational axis constraints, or grasping torque requirements. Furthermore, exist-
ing grasping strategies typically fail to integrate pose alignment mechanisms for
coarse and fine registration, leading to amplified pose errors during functional
component manipulation. This significantly impacts grasping success rates and
operational stability.

In summary, although existing robotic arm grasping methods have made
some progress in pose estimation and point cloud-based grasping pose inference,
they still suffer from performance degradation and insufficient robustness in han-
dling geometric interference, adapting to functional operation constraints, and
ensuring contact grasping stability in complex scenarios. Therefore, this research
develops a robotic arm contact grasping strategy model that fuses an optimized
Contact-GraspNet architecture with a dual-constraint mechanism. This model
improves point cloud representation efficiency by introducing local feature ex-
traction and channel lightweight pruning strategies based on PointNet++4-, while
introducing action mechanics models under task constraints to achieve task-
oriented grasping pose discrimination. On this basis, this research integrates
coarse and fine registration algorithms to effectively optimize pose estimation
accuracy and operational consistency. The innovation lies in constructing an
end-to-end grasping control system that integrates perception, structural op-
timization, and functional feedback, providing a high-precision, high-efficiency,
and engineering-scalable technical solution for intelligent robotic arm operations
under multiple constraint conditions.
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2. METHODS AND MATERIALS

To avoid confusion, the study first introduces the standard Contact-GraspNet
architecture to illustrate its fundamental workflow and input-output format.
Subsequently, several proposed improvements are presented, including:

— a point cloud uniform downsampling strategy,

— a local geometric feature enhancement mechanism based on PointNet+-,

— a lightweight design for encoder channel pruning,

— a task-constraint-coupled grasp candidate filtering strategy,

— a two-stage pose optimization based on the point pair feature (PPF) al-

gorithm and the iterative closest point (ICP) algorithm.

2.1. CONSTRUCTION OF A ROBOTIC ARM GRASPING NETWORK MODEL
CONSIDERING SCENE CONSTRAINTS

A URS5 six-degree-of-freedom robotic arm is selected as the operating plat-
form in this study. The arm has a compact structure and high repeatability, with
a positioning accuracy of up to £0.1 mm. It is widely used in manipulation and
grasping of complex objects [12—-14]. The study first models grasping operations
within a 2D plane, assuming the target object rests stationary on a horizontal
workbench. The schematic diagram of the 2D grasp and the grasp pose diagram
are shown in Fig. 1 [15, 16]. It should be noted that the introduction of the 2D
grasping schematic (Fig. 1) during the modeling phase is not intended to con-
struct a 2D grasping model. Rather, it serves to visually illustrate the geometric
relationship between the robotic end-effector and the target object, including
the grasp base point, gripper width, formation of the contact triangle, and def-
inition of the pose vector. This simplified schematic serves solely to explain the
3D symbols, parameters, and grasp semantics, and does not involve subsequent
algorithmic derivation or experimental processes.

a) Robotic ar RGB camera

Mechanical
claw

2D planar

Target

F1G. 1. Schematic diagram of 2D planar grasping (a) and grasp pose (b)
representation of the robotic arm.

Figure 1 presents a 2D schematic of 3D grasping parameters, serving solely
to illustrate the grasp pose definition method. Both model training and infer-
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ence are implemented based on 3D point clouds. In Fig. 1a, the target object
is stationary on a horizontal workbench, and the RGB-D camera is fixedly in-
stalled to obtain image data containing depth information. The robotic arm
infers and executes the grasp point position and pose based on visual input.
As shown in Fig. 1b, the gripper establishes contact with the surface of the
object through the points a and b on both sides, forming a stable supporting
contact triangle. The parameter w represents the width of the gripper, d signi-
fies the Euclidean distance from the gripper center to the reference coordinate
origin. The grasping direction of the gripper is represented by the vector c. To
efficiently predict grasp point positions and poses, the study introduces Contact-
GraspNet as the basic network model. This network is an end-to-end grasp de-
tection framework based on 3D point clouds, which can directly predict feasible
grasp poses of each point from point cloud data generated by RGB-D images. It
demonstrates excellent scene adaptation ability and contact semantic reasoning
capability [17, 18]. The training process is shown in Fig. 2.

/774
camera

Point cloud input  Environment creation Coding
Grasp pose Feature
prediction extraction

Decoding Contact-GraspNet
FiG. 2. Training flow of Contact-GraspNet.

In Fig. 2, the training of Contact-GraspNet mainly consists of four stages:
encoding, feature extraction, grasp pose prediction, and loss feedback from the
point cloud input P € RV*3 generated by the simulator. In terms of the work-
flow, we first explore using an RGB-D camera to capture depth images within
the grasping scene. By integrating this depth information, we generate a 3D
point cloud as the input for Contact-GraspNet. The input point cloud is vox-
elized into a 3D voxel grid V € RP*HXWXC " and its calculation is as follows:

(2.) Vs =3 [2=2] - @) -5

. T
=1

where p; represents the i-th coordinate point, o signifies the voxel grid origin,
7 represents the voxel resolution, and f; signifies the local feature of the i-th
point. Secondly, the network predicts the grasp transformation 7; € SE for each
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voxel center point v;, usually represented by the translation vector t; and the
axial rotation vector w;, as follows:

(2'2) fy _ eXp([(‘)’Vj]X) tlj 7

where exp([w;], ) € SO(3) represents the mapping from the Lie algebra to the
Lie group, and [wj}X represents the antisymmetric matrix form of vector w;.
Then, Contact-GraspNet assigns a grasp score 5; € [0, 1] to each candidate grasp
pose g; during training. The regression uses binary cross-entropy calculated as

M
1 —~ ~
(23) Lscore = *M E (Sj log S5+ (1 — Sj) log (1 — Sj)),
Jj=1

where Lgore represents the grasp score loss, s; € [0, 1] represents the ground-
truth label determining whether it is feasible to grasp, s; represents the re-
trievable probability predicted by the network, and M represents the number of
candidate samples to be grasped. The total loss function is the sum of the grasp
score loss and pose regression loss:

(24) Liotal = Lscore + )\pose : Lpose>

where L. represents the pose regression loss, including the point-to-point
translation error and the rotation angle error, A\pose represents the weight coef-
ficient of the pose loss, and Lyt represents the total loss function. Although
Contact-GraspNet has achieved good results in point cloud-based grasp predic-
tion, its original model lacks a unified standard for inputting point cloud data,
resulting in insufficient learning stability of target grasp features when object
density changes significantly. Therefore, a point cloud downsampling optimiza-
tion based on distance uniformity is introduced:

(2.5) P' = FPS(P,N), N = 1024,

where P represents the original input point cloud, P’ represents the sampled
point cloud input, and FPS(_) represents the farthest point sampling function.
PointNet++ local feature encoding is used to replace single-layer global per-
ception:

2.6 j=vip (e o)),

JEN(p:)
where N(p;) represents the spherical neighborhood centered at p;, ¢(-) repre-
sents the geometric encoding function, and @ represents the feature concate-
nation operation. MLP represents multilayer perceptron. Finally, the overall
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channels and layers are pruned to achieve a lightweight architecture, and the
calculation expression is

Enc Dec
(27) R1024><3 R512><128 R1024><64,

where Enc represents the encoder, Dec represents the decoder, 1024 represents
the number of points, 128/64 represents the number of feature channels. The
improved Contact-GraspNet structure is shown in Fig. 3.

— Downsampling

5x1024>3

Point cloud

Encoder Decoder

F1c. 3. Improved Contact-GraspNet structure.

In Fig. 3, the input point cloud is first unified into a batch data of size
5 x 1024 x 3 and uniformly sampled using farthest-point sampling. The encoder
consists of three convolutional layers, producing feature maps of sizes 5 x 512 x 320,
5 x 128 x 640, and 5 x 512 x 128, respectively. Each layer incorporates channel
compression to reduce redundant information while introducing a local feature
enhancement mechanism based on PointNet+-+ to extract key local geometric
structures in the third layer. The decoder progressively restores these features to
a spatial dimension matching the input point count, producing an output of size
5 x1024 x128. Based on this, the network predicts four parallel outputs: grasp
base point coordinates, grasp pose quaternion, grasp score, and grasp width.

2.2. CONSTRUCTION OF A ROBOTIC ARM CONTACT GRASPING NETWORK STRATEGY
MODEL INTEGRATING SCENE CONSTRAINTS AND TASK CONSTRAINTS

After constructing a robotic arm grasping network model that considers
scene constraints, to further improve task adaptability and operational feasi-
bility of grasping actions, a task constraint mechanism is introduced to recog-
nize the geometric feasibility of grasp positions, and comprehensively evaluates
whether grasping actions meet the requirements of specific operational tasks.
The so-called task constraints refer to additional restrictions on target function,
operation sequence, motion direction, and torque control, added to the grasping
behavior. Taking a typical door handle grasping task as an example, the motion
mechanics model and motion filtering operation diagram are shown in Fig. 4.
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F1G. 4. Physical model of door handle motion (a) and operation schematic diagram of motion
filtering (b) (picture source: https://colorhub.me/photos/JP4m1).

As shown in Fig. 4, the rotational torque T of the door handle is determined
by the normal force F' applied by the gripper at the contact point and the dis-
tance R from that point to the rotation axis, satisfying formula T" = F - R.
Taking the local coordinate system of the door handle as a reference, the an-
gular relationship between each candidate grasp pose and the rotation axis,
and the consistency of the applied force direction, are calculated. If the contact
direction of a certain grasp point deviates too much from the expected force di-
rection, it will be filtered out by the task constraint module, and only grasp
candidates that meet both contact stability and effective task execution will be
retained. To achieve higher accuracy in grasp execution while satisfying task con-
straints, this study further adopts a pose estimation optimization method on the
basis of the PPF algorithm, which accurately perceives and models the actual
pose in the pre-grasping stage. Subsequently, based on coarse registration, the
ICP algorithm is introduced to finely align the model point cloud with the tar-
get point cloud, further optimizing the rigid body transformation parameters to
minimize the matching error. The overall process is shown in Fig. 5 [19, 20].

a)

Environmental q Hash - . .
SR |—>| PPF extraction |—>| calculation |——| Position voting |—>| Pose clustering |—>| Rough pose |

b)

1 N
A Rigid body Registration point
" Nearest point
| PPF position |—’| calculafion |_’ transformation [~ cloud transformation
matrix matrix

Output

number of iterations?

Fi1c. 5. PPF and ICP-based pose estimation processes: a) optimization process for pose esti-
mation using the PPF algorithm, b) fine pose alignment process using the ICP algorithm.
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As shown in Fig. 5, the PPF method first calculates feature relationships
based on the distance, normal angle, and direction information of point pairs. It
then generates locally invariant point pair features based on these relationships.
The formal expression of the features is

(28) Doy = (Hxa - JIbH 74(na’dab)7 é(nbv dab)a é(nav nb))7

where x, and xp both represent the position coordinates of the two points in a point
pair, n, and n; denote the unit normal vectors corresponding to two point pairs,
and d,; represents the point pair direction. After establishing an index for the
feature quadruples in the hash table, PPF calculates candidate transformations
one by one and performs pose voting based on the feature set of point pairs
extracted from the query point cloud. The transformation score function is

(2.9) S(Hy) =Y 6(||® — Hi(Pn)|| <€),

decF

where Hj, denotes the k-th candidate rigid body transformation, @,, is the model
features, @ € F represents the feature set extracted from the scene point cloud,
¢ is the matching count function within the threshold, and e represents the
matching tolerance coefficient. The ICP algorithm aims to minimize the Eu-
clidean distance between the target point cloud and the transformed model
point cloud. A registration error function is constructed as

N
(2.10) (1) =) lyi—T-zl
i=1

where T € SE(3) represents the rigid body transformation matrix to be opti-
mized, z; denotes the point in the model point cloud, y; is the nearest neigh-
bor point in the corresponding observation point cloud. When the registration
error is below the set threshold or the transformation converges, ICP stops
iterating and outputs the final fine alignment transformation as

N

* : 2
(2.11) T = argrg}p; lyi — (R 2 + 1),
where T™* represents the final rigid-body transformation matrix. At this point,
the optimal solution is obtained by solving the covariance matrix through sin-
gular value decomposition, ensuring that the rigid-body transformation satisfies
the minimum mean squared error criterion, thereby achieving high-precision
fitting of the target point cloud pose. The pseudocode for the PPF and ICP
algorithms is as follows:
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Input:

Picene < scene point cloud
Puodel < model point cloud
Tinit < initial pose estimate (optional)

Output:

17:
18:

19:
20:
21:
22:
23:
24.
25:
26:
27:

28:

Thnal < final refined pose

Sample keypoints from Ppoder to obtain M = {m}
Sample keypoints from Picene to obtain S = {s;}

Build PPF hash table:
for each pair (mg, m;) in M do
Smodel + PPF(my, m;)
insert fmodel into hash table H

Estimate coarse pose by feature matching:
for each pair (s;, s;) in S do
fscene < PPF(sy,s;)
retrieve matching entries from H
accumulate votes for each candidate transform 7%
Trpr < candidate transform with the highest vote count

if Tinie exists then

Tcoarse <~ 7—'init o TPPF
else

Tcoarsc <~ TPPF

Set max iterations K and convergence threshold e
Eprev < +00

for iter = 1 to K do
model < Tcoarse (Pmodel)
C < nearest-neighbor correspondences between P 40 and Pscene
B« S|y — q|? for (¢/,q) in C
if |E — Eprev| < € then
break
AT <+ optimal rigid transform estimated by SVD over C
Teoarse = AT o Teoarse
Eprev < E

Tﬁnal — Tcoarse
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Additionally, scene constraints refer to restrictions in 3D space that deter-
mine whether a candidate grasp pose g; satisfies environmental geometry, object
surface accessibility, and collision feasibility. Scene constraints are expressed as

[ 1if d(G;,0) >e,n;-s; >0,
(2.12) Cicene(95) = { 0 other,

where O denotes the set of obstacles in the scene, d(g;, O) represents the min-
imum distance between the grasp pose and the nearest obstacle, ¢ denotes
the safety margin threshold, n; is the surface normal of the grasping surface,
sj denotes the gripper closing direction, and n; - s; represents the dot product
of the two vectors. A value greater than 0O indicates that the angle between
the closing direction of the gripper and the normal direction of the surface is
less than 90°, thus meeting the geometric conditions for stable contact. Task
constraints determine whether the grasp pose satisfies functional operation re-
quirements (e.g., rotating door handles, pulling drawers, pouring kettles). These
constraints ensure that the grasp pose aligns with the intended force direction,
as defined by the constraint function:

~N 1 lf 4(fj7freq> < Hmax77—j 2 Tmin»
(213) Ctask(g]) - { 0 other,

where 0.« denotes the force direction vector corresponding to the grasp pose,
freq represents the desired force direction for the task (e.g., the rotation di-
rection of a door handle), 6,ax indicates the permissible directional deviation,
7; signifies the torque generated by the grasping action, and Ti, denotes the
minimum torque required to complete the task. A dual-constraint grasping op-
eration model for a robotic arm based on scene constraints and task constraints
is proposed, which integrates an optimized Contact-GraspNet. The process is
shown in Fig. 6.

<G8 — 2@

. )
RGB camera Environment Point cloud Contact-GraspNet Featu_re
extraction

. . Grab line judgment
creation preprocessing

!

o — - BBl

Action verification  Decision making ICP fine PPF coarse Task constraint
matching matching modeling

FiG. 6. Dual-constraint grasping operation model process of the robotic arm
based on the optimized contact grasping network.

In Fig. 6, the point cloud is first obtained through an RGB-D camera and uni-
formly sampled to construct a 2D scene model containing target object and ob-
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stacle information. Subsequently, based on the improved Contact-GraspNet,
point cloud features are extracted, and the grasping base points, pose quater-
nions, scores, and grasp widths are output. On this basis, a task constraint
module is introduced and combined with the functional attributes and operat-
ing direction of the target object to construct a physical motion model and filter
out grasp candidates that do not satisfy the functional execution requirements.
Next, PPF is used for coarse registration, and ICP is combined to complete
point cloud fine registration, producing a more accurate object pose estimation.
Ultimately, the system integrates grasp score, stability, and task feasibility to se-
lect the optimal grasping solution for path planning and action execution, and
achieves closed-loop grasping control through sensor feedback to improve the
overall grasping success rate and adaptability.

3. RESuULTS

3.1. PERFORMANCE TESTING OF THE NEW ROBOTIC ARM CONTACT GRASPING
NETWORK STRATEGY MODEL

The research is performed on the Ubuntu 20.04 platform to deploy the grasp-
ing model. The experimental environment is configured with an Intel Core i9-
12900K CPU, an NVIDIA RTX 3090 GPU, and a memory capacity of 64 GB.
The deep learning framework uses PyTorch 2.0, and the point cloud processing
part integrates the Open3D and PCL libraries. The GraspNet-1Billion dataset
(GraspNet) and the Yale-CMU-Berkeley Object and Model Set (YCB Dataset)
are used as the test data sources. GraspNet is currently the largest real-world 3D
grasping dataset. This dataset covers 190 different objects and generates over
1 billion grasp annotations, supporting RGB-D point cloud input and 6D grasp
pose output. The YCB Dataset includes 77 common object categories encoun-
tered in daily life, such as cups, nuts, scissors, pot lids, etc. It contains RGB
images, depth maps, segmentation masks, and object pose information. The
study conducted training, validation, and testing on two datasets: GraspNet-
1Billion and YCB Dataset. To ensure experimental reproducibility, GraspNet
employs the officially provided scene-wise split: all objects and poses from scenes
00000845 form the training set, scenes 0846—0888 constitute the validation set,
and scenes 0889-1000 comprise the test set. The training set contains 88.2 %
of the data volume, while the test set comprises 11.8 %. For the YCB Dataset,
the study employs an object-category-based splitting method: 70 % of objects
are allocated to the training set and 30 % to the test set based on object ID,
ensuring that the test objects do not appear during training to evaluate the
model’s cross-category generalization capability. No additional data augmenta-
tion is applied to either dataset. All point clouds underdo uniform cropping and
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normalization processing before entering the network. Both datasets are widely
used in robotic grasping, pose estimation, and action planning tasks. First, the
two types of hyperparameters that have the greatest impact on the model per-
formance are validated, and the selected values are shown in Fig. 7.
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F1G. 7. Test results of hyperparameter selection: a) pose loss weight coefficient,
b) matching tolerance coefficient.

According to Fig. 7a, as the number of iterations increased, the success rates
of all three weight settings gradually increased, but the difference gradually be-
came apparent after about 150 iterations. When the pose loss weight was set
to 0.5, the model achieved a good balance between convergence speed and fi-
nal success rate, and the final success rate remained stable above 0.93, which
was better than for the 0.25 and 0.75 settings. The latter produced convergence
fluctuation or overfitting trend. According to Fig. 7b, the curve converged the
fastest when the matching tolerance was 0.6, reaching a success rate of 0.94
after about 100 iterations and maintaining high stability thereafter. When the
tolerance was 0.3, the convergence speed was significantly slower, and the final
success rate was slightly lower. Although the initial convergence was rapid with
a tolerance of 0.9, it was prone to excessive mismatches in the middle and later
stages, which could affect matching accuracy. After comprehensive considera-
tion, the study ultimately chooses a pose loss weight of 0.5 and a matching
tolerance coefficient of 0.6 as the default hyperparameter settings.

To simulate the closing process of a mechanical gripper in offline evaluation,
this study adopts the parallel gripper closing model consistent with the official
GraspNet evaluation. For each grasp candidate pose g; = (¢;, qj, w;) output by
the network, the parallel gripper is first instantiated at the pose (t;, ¢;) with an
initial opening width wmax. The predicted grasp width w; is truncated to the in-
terval [Wpax, Wmin|. Subsequently, the distance between the fingers is gradually
reduced along the gripper closing direction at a fixed step size (1 mm). Collisions
between the gripper finger surfaces and the object/scene mesh are detected at
each iteration step. When both finger surfaces make contact with the object
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surface without colliding with the environment, the grasp is recorded as having
reached a stable closing state, and the clamping width at this point is locked.
If, during closure, either finger surface intersects with the table surface or other
obstacles, or if effective contact cannot be achieved on both sides before reaching
Wmin, the grasp candidate is deemed an infeasible grasp. Based on this, grasp
success is calculated according to the rules defined in the GraspNet benchmark.
If the closed pose simultaneously falls within the annotated grasp tolerance for
both position and orientation, and no illegal collisions occur during the clos-
ing process, it is considered a successful grasp and counted toward valid grasp
counts and metrics such as precision, recall, F'1; otherwise, it is deemed a failed
grasp. The entire closing and evaluation process is conducted entirely within
the simulation environment, independent of real hardware testing. This ensures
consistent evaluation conditions across different models. The research conducts
ablation tests on the proposed model to further determine its performance,
as presented in Fig. 8.

a) b)
I Contact-GraspNet Contact-GraspNet
I |Contact-GraspNet IContact-GraspNet
Il |Contact-GraspNet-PPF Il |Contact-GraspNet-PPF
5 Il |Contact-GraspNet-PPF-ICP 5 Il |Contact-GraspNet-PPF-ICP
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S 4 >
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2 2 =
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Point cloud data size Point cloud data size

F1a. 8. Ablation test results: a) GraspNet, b) YCB Dataset.

In Fig. 8, the four model names represent different refinement stages: Contact-
GraspNet denotes the original Contact-GraspNet baseline model, IContact-
GraspNet refers to the proposed Improved Contact-GraspNet (abbreviated
as ‘IContact’), which incorporates point cloud uniform downsampling and
PointNet++ local feature enhancement into the original model. IContact-
GraspNet-PPF denotes the model with a coarse registration module based on
PPFs added to IContact-GraspNet, IContact-GraspNet-PPF-ICP denotes the
final version of the research model, which incorporates an ICP fine-alignment
module after PPF coarse alignment to achieve the highest pose estimation accu-
racy and grasping stability. Here, the ‘I’ indeed stands for ‘improved,” indicating
that this model is an enhanced version of the original Contact-GraspNet.
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From Fig. 8a, the original Contact-GraspNet model had an effective grasp
count of 2.8 at 1024 input points. while the IContact-GraspNet model increased
this value to 3.2. After introducing PPF, it was increased to 3.5. Finally, the
integrated PPF+ICP model achieved the highest grasp count of 3.8 at the same
number input points, indicating an increase of 35.7 %. Under 512 input points,
the model also achieved an effective grasp of 3.4, significantly better than other
model versions. In Fig. 8b, on the YCB dataset, with 720 input points, the
IContact-GraspNet-PPF-ICP model had an effective grasp count of 3.6, which
was higher than that of Contact-GraspNet (2.9), representing a performance
improvement of over 24 %. Advanced grasping models were introduced for com-
parison, such as the grasp pose detection (GPD) model, the generative grasping
convolutional neural network (GC-CNN), and the grasping residual convolu-
tional network v2 (GR-ConvNet v2). Table 1 presents the test results, taking
precision, recall, F'1-score, and average execution time as indicators.

TABLE 1. Performance results of different models.

.. Average
Dataset Model Precision Recall Fl-score execution time
% | | g
GPD 85.73 82.45 84.06 0.94
GraspNet GC-CNN 88.22 85.36 86.77 0.68
GR-ConvNet v2 89.91 87.52 88.74 0.72
Our model 93.67 91.44 92.54 0.61
GPD 83.48 80.13 81.78 0.98
YCB Dataset GC-CNN 86.75 84.02 85.36 0.71
GR-ConvNet v2 88.66 86.19 87.41 0.74
Our model 92.88 90.75 91.82 0.63

In Table 1, on the GraspNet dataset, the precision of the proposed model
reached 93.67 %, a recall was 91.44 %, and an F'1-score reached 92.54 %, which
was significantly better than GPD (F'l-score of 84.06 %) and GR-ConvNet v2
(F'1-score of 88.74%). Meanwhile, its average execution time was only 0.61s,
better than GC-CNN (0.68s), demonstrating strong computational efficiency.
On the YCB dataset, the model still maintained its lead with an F'l-score of
91.82 %, which was about 10 % higher than GPD. In addition, its precision and
recall both exceeded 90 %, indicating that the model also has high robustness
and good generalization capability in general object grasping scenarios. Through
comprehensive comparison, the optimized contact grasping network is superior
to the current mainstream models in terms of accuracy and real-time perfor-
mance, and has significant advantages.
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3.2. SIMULATION TESTING OF THE NEW ROBOTIC ARM CONTACT GRASPING
NETWORK STRATEGY MODEL

All functional grasping simulations were implemented based on the standard
DH parameters and dynamic model of the UR5 six-degree-of-freedom robotic
arm. The corresponding motion execution performance metrics, such as grasp-
ing success rate, pose error, and energy consumption, are presented in Fig. 9,
Fig. 10, and Table 2, respectively. To verify the practical performance effect of
the proposed model, three typical grasping objects are randomly selected from
the GraspNet dataset to evaluate whether the model can meet the functional
execution requirements in operations with task objectives. The results are shown
in Fig. 9.
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F1G. 9. Test results of functional operational adaptability: a) door handles, b) kettle handles,
¢) drawer pulls.

As shown in Fig. 9, the proposed model maintained the highest precision
throughout the entire recall interval, especially in the 0.4-0.8 recall segment,
where the precision remained stable above 0.85, while the precision of GPD
dropped below 0.6 in this segment, showing the weakest performance. In the
kettle handle grasp task, the proposed model still achieved a precision of 0.88
when the recall was 0.6, significantly higher than those of GC-CNN (0.74) and
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GR-ConvNet v2 (0.79), demonstrating stronger stability and anti-interference
ability. The drawer pull test results displayed that the proposed model main-
tained a precision of around 0.90 in most of the recall intervals. Even at high
recall rates (above 0.9), there was no significant decrease in precision. However,
the other three models showed a significant decrease in precision in this area,
indicating that this model had stronger adaptability and robustness for edge
grasping and functional component operation. The study continues to verify the
average time latency of grasp prediction using different methods under different
occlusions, and the results are shown in Fig. 10.
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Fi1G. 10. Average latency results of grasp prediction of different methods under visual occlusion
conditions: a) 0%, b) 25 %, ¢) 50 %, d) 75 %.

As shown in Fig. 10, the proposed model consistently had the lowest grasp
prediction latency and faster computational response under various occlusion
conditions. Even in complex scenes with an occlusion rate of up to 75 %, the av-
erage latency of the system was still controlled within 0.82 s, far lower than other
mainstream models whose latencies generally exceeded 1.4s. In contrast, GPD
and GC-CNN showed a significant increase in latency as the occlusion intensi-
fied, with larger fluctuations and insufficient stability. Although GR-ConvNet v2
showed a certain anti-interference ability, its latency still remained above 1s in
high occlusion situations. Relatively speaking, the inference process of the pro-
posed model was more robust in occluded environments, reflecting the synergis-
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tic advantages of structural optimization and lightweight coding. It is therefore
more suitable for deployment in application scenarios that require high real-time
performance. Finally, the grasp pose angle error, model parameter count, and
energy consumption per grasp of each model under different lighting intensities
were verified, as displayed in Table 2.

TABLE 2. Test results of model indicators under different lighting conditions.

Pose angle Model Energy
Illumination level Model error parameters per grasp
] M) 1]
GPD 3.87 34.78 11.32
Low light GC-CNN 3.15 28.32 9.85
GR-ConvNet v2 2.93 22.14 9.36
Our model 1.64 18.53 8.45
GPD 3.02 34.78 10.25
Normal light GC-CNN 2.41 28.32 8.98
GR-ConvNet v2 2.05 22.14 8.42
Our model 1.21 18.53 7.84
GPD 3.55 34.78 11.87
High light GC-CNN 2.84 28.32 10.34
GR-ConvNet v2 2.42 22.14 9.63
Our model 1.87 18.53 9.27

To quantify the energy consumption differences among the various models
during grasp action, this study employs a method based on integrating the joint
torques and angular velocities to estimate the energy consumed in each grasping
cycle. Specifically, during the entire process of the UR5 robotic arm moving from
its initial standby pose to the target grasping pose and completing the closing
motion, the torque 7;(t) and angular velocity w;(t) of each joint were recorded at
a frequency of 1kHz. The mechanical energy consumption per grasping action
is defined as

(3.1) E= ‘ | Ti(t)wi(t) | dt,

where t; and ¢y denote the start and end times of the current grasp trajec-
tory, respectively. The absolute values are used to prevent positive and negative
work from canceling each other out. During actual computation, the integral is
discretized into a sum over sampling points:

6
(3.2) E* =) |n(k)wi(k)| At.

i=1 k
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For each lighting condition and each model, 50 successful grasps were per-
formed repeatedly under identical initial poses and trajectory planning strate-
gies. The average energy consumption value obtained is listed as ‘energy per
grasp [J]” in Table 2.

According to Table 2, in terms of pose angle error, the error of the proposed
model under low-light, normal-light, and high-light conditions was 1.64°, 1.21°,
and 1.87°, respectively, all significantly lower than those of other comparative
models, reflecting the stable prediction ability of the model for grasp pose un-
der complex visual conditions. The model parameter count was controlled at
18.53 M, which was more compact and computationally efficient compared with
GPD (34.78 M) and GC-CNN (28.32M). In terms of energy consumption, the
new model had the lowest average energy consumption per grasp, only at 7.84 J
(normal light), 8.45J (low light), and 9.27 J (high light), further verifying the ef-
ficiency and practicality of the model in resource-limited scenarios. Overall, the
proposed model outperformed the mainstream methods in terms of grasp pose
estimation accuracy, structural complexity, and energy efficiency, demonstrating
strong practical potential.

4. CONCLUSION

This study proposed an optimized contact grasping network model that in-
tegrates scene constraints and task constraints to satisfy the practical needs
of robotic arm grasping operations in complex unstructured environments.
By introducing point cloud downsampling, a lightweight encoder design, and
a PointNet++ local feature enhancement mechanism, the improved network
had a precision of 93.67 % and an F'1-score of 92.54 % on the GraspNet, with an
average execution time reduced to 0.61 s. Its performance was significantly better
than that of mainstream models such as GPD, GC-CNN, and GR-ConvNet v2.
In the functional grasping task test, the proposed model maintained accuracy
advantages in three types of objects: door handles, kettle handles, and drawer
pulls. At a recall rate of 0.6, the precision exceeded 0.88, verifying its adapt-
ability and robustness in executing task-constrained grasping actions. Under
visual occlusion conditions with a rate of up to 75 %, the model still maintained
an average inference time of less than 0.82s, displaying strong robustness to
occlusion. Under different lighting conditions, the lowest pose angle error was
only 1.21°, the model parameters were controlled at 18.53 M, and the lowest
energy consumption per grasp was reduced to 7.84 J. The above results indicate
that the proposed dual-constraint grasping strategy not only has comprehen-
sive advantages in grasping accuracy, response speed, and resource efficiency,
but also significantly improves grasp pose estimation and task execution perfor-
mance in complex task-oriented grasping scenarios, and shows good potential for
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engineering deployment. However, this study did not focus on grasping small ob-
jects. Future research will further combine multi-sensor fusion and reinforcement
learning mechanisms to enhance the decision-making intelligence and execution
stability of the model in multitask concurrent operations and dynamic scene
adaptation.
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