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Optimization of Dual-Constrained Grasping Operation of Robotic Arm Based on Optimized 
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Feifei Zhao 

School of Intelligent Manufacturing, Zibo Vocational Institute, Zibo, 255300, China 

zhaoffzhaoff@163.com 

Abstract: With the continuous improvement of intelligent manufacturing and robot perception 

capabilities, traditional robotic arm grasping methods still face problems such as inaccurate posture 

prediction and poor task adaptability in dealing with dynamic scenes, complex objects, and 

functional action execution. Therefore, the research develops an optimized contact grasping 

network model that integrates scene constraints and task constraints. It combines UR5 six degree of 

freedom robotic arm, visual input, and Contact-GraspNet architecture based on point cloud, and 

introduces PointNet++ local feature enhancement mechanism and lightweight encoder design to 

effectively improve the spatial perception and action planning capabilities of grasping points. 

Experimental results show that on the GraspNet and YCB Dataset, the model achieves F1 scores of 

92.54% and 91.82% respectively, with average execution time reduced to 0.61 seconds. In 

functional operation scenarios involving door handles, kettle handles, and drawer pulls, grasping 

accuracy remained above 0.89, with task completion rates significantly outperforming mainstream 

baseline models. Under visual interference conditions with up to 75% occlusion rate, the average 

inference latency was controlled within 0.82 seconds. 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 precision, latency control, and deployment efficiency, and has the potential 

to be largely applied in industrial, service, and special task environments. 

Keywords: Robotic arm grasping; Scene constraints; Task constraints; Contact-GraspNet; Point 

cloud 

1 Introduction 

In the fields of automated manufacturing, service robots, and intelligent warehousing, the 
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robotic arm grasping system, as a key link in human-computer interaction and object manipulation, 

is gradually developing towards high precision, high robustness, and adaptive capabilities. In 

practical application scenarios, the grasping of robotic arms is not only limited by the physical 

environment of the scene, but also affected by the dual-constraint 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 complex environments. Therefore, how to 

introduce dual-constraint of task level and scene level while retaining the efficient feature learning 

ability of deep grasping networks is the core problem that urgently needs to be solved.  

(1) Research Progress and Limitations of Traditional Grasping and Visual Recognition Methods: 

Early robotic arm grasping primarily relied on methods based on visual detection, control 

strategies, and trajectory planning. For instance, Chiu Y J et al. 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 improving grasping accuracy [3]. Researchers like Geng H. enhanced robotic arm grasping 

stability and robustness through visual servo and fractional-order control approaches [4]. 

Concurrently, Yuan Y. improved adaptability to diverse objects by integrating multimodal 

information fusion and refining world models [5]. However, such methods generally rely on rigid 

geometric assumptions or explicit scene configurations, exhibiting limited adaptability to complex 

conditions like occlusion, deformation, and multi-object interference. Furthermore, they prioritize 

the “executability” of grasping actions while paying less attention to whether these actions fulfill 

functional task objectives, making it difficult to support functional operations such as opening doors, 

lifting, or rotating. 

(2) Deep Learning-Based Point Cloud Grasping and Contact Semantic Inference Research: 

With the advancement of deep learning, point cloud-based grasping recognition methods have 

emerged as a mainstream direction. Xu F et al. proposed a grasping pose estimation method 

integrating multi-scale residual networks with RGB sensors, maintaining high recognition accuracy 
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even in low-light environments [6]. 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 S et al. enhanced 

RGB-D feature extraction by incorporating attention and residual modules; Gilles M et al. achieved 

efficient grasping of unknown objects by integrating MetaGraspNetV2; Hoang D C improved point 

cloud denoising and grasp position inference stability through attention mechanisms and the 

VoteGrasp strategy [8-10]. While these approaches strengthen 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-functional 

constraints, failing to determine whether grasp poses match specific operational requirements. 

(3) Development 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 S et al.'s SCNet introduced a self-supervised mechanism in 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) [11]. 

However, most approaches still lack systematic modeling of task constraints and rarely address 

critical factors such as mechanical direction consistency, rotational axis constraints, or grasping 

torque requirements. Furthermore, existing 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 action 

stability. 

In summary, although existing robotic arm grasping methods have made some progress in pose 

estimation and grasping pose inference based on point cloud, they still face performance 

degradation and insufficient robustness in handling geometric interference, adapting functional 
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operation constraints, and ensuring contact grasping stability in complex scenarios. Therefore, the 

research builds a robotic arm contact grasping strategy model that fuses an optimized 

Contact-GraspNet structure and a dual-constraint mechanism. This model improves the point cloud 

representation efficiency by introducing local feature extraction and channel lightweight clipping 

strategies based on PointNet++, and combines action mechanics models under task constraints to 

achieve functional target oriented grasping posture discrimination. On this basis, the research 

further integrates coarse registration 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 optimization, and functional feedback, 

providing a high-precision, high-efficiency, and engineering scalable technical solution for 

intelligent robotic arm operations under multiple constraint conditions. 

2 Methods and Materials 

To avoid confusion, the study first introduces the standard architecture of Contact-GraspNet to 

illustrate its fundamental workflow and input-output format. Subsequently, several proposed 

improvements are presented, including: ① a point cloud uniformity downsampling strategy, ② a 

local geometric feature enhancement mechanism based on PointNet++, ③ lightweight design for 

encoder channel pruning, ④ task-constraint-coupled grasp candidate filtering strategy, and ⑤ 

two-stage pose optimization based on Point Pair Feature Matching (PPF) algorithm + Iterative 

Closest Point (ICP). 

2.1 Construction of robotic arm grasping network model considering scene constraints 

The UR5 six degree of freedom robotic arm is selected as the operating subject for the study. 

The arm has a compact structure and high repeatability positioning accuracy (up to ± 0.1 mm). It is 

widely used in the operation and grasping research of complex objects [12-14]. The study first models 

grasping operations within a two-dimensional plane, assuming the target object rests stationary on a 

horizontal workbench. The schematic diagram of the two-dimensional grasp and the grasp pose 

diagram are shown in Figure 1 [15-16]. It should be noted that the introduction of the two-dimensional 
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grasping schematic (Figure 1) during the modeling phase is not intended to construct a 

two-dimensional grasping model. Rather, it serves to visually illustrate the geometric relationship 

between the robotic end-effector and the target object, including the grasping base point, gripper 

width, formation of the contact triangle, and definition of the pose vector. This flattened schematic 

serves solely to explain three-dimensional symbols, parameters, and grasp semantics, and does not 

involve subsequent algorithmic reasoning or experimental processes. 

Two-
dimensional 

plane

RGB cameraRobotic arm

Target

Mechanical 
claw

d

a

w

bc

    
  

   

 

Figure 1 Schematic diagram of 2D planar gripping and gripping position of the robotic arm 

(Source from: Author's self drawn) 

Figure 1 (a) displays the 2D plane grasping of the robotic arm, and Figure 1 (b) displays the 

2D plane grasping pose. Figure 1 presents a two-dimensional schematic of three-dimensional 

grasping parameters, serving solely to illustrate the pose definition method. Both model training and 

inference are implemented based on three-dimensional point clouds. In Figure 1 (a), the target 

object is stationary on a horizontal workbench, and the RGB-D camera is fixedly installed to obtain 

image data containing depth information. The robotic arm infers and executes the grasping point 

position and posture based on visual input. As shown in Figure 1 (b), the gripper establishes contact 

with the surface of the object through points a  and b  on both sides, forming a stable supported 

contact triangle. Parameter w  represents the width of the gripper, d  signifies the Euclidean 

distance from the gripper center to the reference coordinate origin. The pose direction of the gripper 

is represented by vector c . To efficiently predict grasping point position and posture, the study 

introduces Contact-GraspNet as the basic network model. This network is an end-to-end grasping 
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detection framework based on 3D point clouds, which can directly predict the feasible grasping 

pose of each point from the point cloud data generated from RGB-D images, and has excellent 

scene adaptation ability and contact semantic reasoning ability [17-18]. The training process is shown 

in Figure 2. 

Point cloud input Environment creation

RGB 
camera

Coding

Feature 
extraction

Contact-GraspNetDecoding

Grab posture 
prediction

Rendering

 

Figure 2 Training flow of Contact-GraspNet (Source from: Author's self drawn) 

In Figure 2, the training of Contact-GraspNet mainly revolves around four stages: encoding, 

feature extraction, grasping pose prediction, and loss feedback from the point cloud input 3NP R ×∈  

generated by the simulator. In terms of the workflow, we first explore using an RGB-D camera to 

capture depth images within the grasping scenario. By integrating this depth information, we 

generate a 3D point cloud as input for Contact-GraspNet. The input point cloud is voxelized into a 

3D voxel grid D H W CV R × × ×∈ , and its calculation form is presented in equation (1). 

1
( , , ) ( , , )

N
i

i
i

p oV x y z x y z f
r=

 −  = − ⋅    
∑    (1) 

In equation (1), ip  represents the i -th coordinate point. o  signifies the voxel grid origin. 

r  represents voxel resolution. if  signifies the local feature of the i -th point. Secondly, the 

network predicts the grasping transformation ˆ
jT SE∈  for each voxel center point jv , usually 

represented by the translation vector jt  and the axial rotation vector jω , as shown in equation (2). 

exp( )ˆ
10

j j
j

w t
T ×

   =  
  

   (2) 

In equation (2), exp( ) (3)jw SO
×

  ∈   represents the mapping from Lie algebra to Lie group. 
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jw
×

    represents the antisymmetric matrix form of vector jw . Then, Contact-GraspNet assigns a 

graspable score ˆ [0,1]js ∈  to each candidate grasping pose jg  during training. The regression 

uses binary cross-entropy, as calculated by equation (3). 

1

1 ˆ ˆ( log (1 ) log(1 ))
M

score j j j j
j

L s s s s
M =

= − + − −∑    (3) 

In equation (3), scoreL  represents the grasp rating loss. [0,1]js ∈  represents the true label, 

which determines whether it is feasible to grasp. ˆ js  represents the retrievable probability predicted 

by the network. M  represents the number of candidate samples to be grasped. The total loss 

function is the sum of the grasping score loss and pose regression loss, as shown in equation (4). 

total score pose poseL L Lλ= + ⋅    (4) 

In equation (4), poseL  represents the point-to-point translation error and the rotation angle 

error. poseλ  represents the weight coefficient of attitude loss. totalL  represents the total loss 

function. Although Contact-GraspNet has achieved good results in grasping prediction based on 

point cloud, its original model lacks a unified standard for inputting point cloud data, resulting in 

insufficient learning stability of target grasping features when object density changes significantly. 

Therefore, a point cloud down-sampling optimization based on distance uniformity is analyzed, as 

shown in equation (5). 

' ( , ), 1024P FPS P N N= =    (5) 

In equation (5), P  represents the original input point cloud. 'P  represents the sampled point 

cloud input. (_)FPS  represents the Farthest Point Sampling function. PointNet++ local feature 

encoding is used to replace single-layer global perception, as shown in equation (6). 

( )*

( )
( )

i
i j ij N p

f MLP p pφ
∈

= ⊕ −    (6) 

In equation (6), ( )iN p  represents a spherical neighborhood centered around ip . (_)φ  

represents the geometric encoding function. ⊕  represents the feature concatenation operation. 
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MLP  represents Multi-Layer Perceptron (MLP) processing. Finally, the overall channel and layers 

are trimmed and lightweight, and the calculation expression is shown in equation (7). 

1024 3 512 128 1024 64
Enc Dec

R R R× × ×→ →    (7) 

In equation (7), Enc  represents the encoder. Dec  represents the decoder. 1024  represents 

the number of points. 128 / 64  represents the number of feature channels. At this point, the 

improved Contact-GraspNet structure is shown in Figure 3. 

Capture baseline

Grab orientation

Score

Grab width

5×1024×3

Point cloud

Encoder Decoder

Downsampling5×512×320
5×128×640

1024 1024
5×128×640

5×512×128

 

Figure 3 Improved Contact-GraspNet structure (Source from: Author's self drawn) 

In Figure 3, the input point cloud is first unified into batch data of size 5×1024×3 and 

uniformly sampled using Farthest-Point Sampling. The encoder consists of three convolutional 

layers, producing feature maps of sizes 5×512×320, 5×128×640, and 5×512×128 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 5×1024×128. 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 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 the task adaptability and operational rationality of grasping actions, a task 

constraint mechanism is introduced to recognize the geometric feasibility of grasping positions, and 
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comprehensively judge whether the grasping actions meet the dynamic requirements of specific 

operational goals. 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 physics model and motion filtering 

operation diagram are shown in Figure 4. 

x

y z

a

b

z

y

xF

y
x

Door handle

Rotary 
shaft

(a) Door handle motion 
physical model

(b) Schematic diagram of 
motion filtering operation

 

Figure 4 The physical model of door handle motion and the operation schematic diagram of 

motion filtering (Figure 4 (a) Source from: Author's self drawn) (Figure 4 (b) Source from: 

https://colorhub.me/photos/JP4m1) 

Figure 4 (a) shows the physical model of door handle motion, and Figure 4 (b) illustrates the 

motion filtering operation. As shown in Figure 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 distance R  

from that point to the axis, satisfying formula T F R= ⋅ . Taking the local coordinate system of the 

door handle as a reference, the angle relationship between each candidate grasping posture and the 

rotation axis and the consistency of the applied force direction are calculated. If the contact 

direction of a certain grasping point deviates too much from the expected force direction, it will be 

filtered out by the task constraint module, and only grasping candidates that meet both contact 

stability and effective action ability will be retained. To achieve higher accuracy in grasping 

execution while satisfying task constraints, this study further adopts a pose estimation optimization 

method on the basis of Point Pair Feature Matching (PPF) algorithm, which accurately perceives 

and models the actual pose in the pre-grasping stage. Subsequently, based on coarse registration, the 
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Iterative Closest Point (ICP) is introduced to finely align the model point cloud with the target point 

cloud, further optimizing the rigid body transformation parameters to minimize the matching error. 

The process of both is shown in Figure 5 [19-20]. 

Environmental 
point cloud PPF extraction Hash 

calculation Position voting Pose clustering Rough pose

PPF position Nearest point 
calculation

Rigid body 
transformation 

matrix

Registration point 
cloud transformation 

matrix
Out put

Reached the maximum 
number of iterations?

(a) Optimization process for pose estimation using the PPF algorithm

(b) ICP algorithm pose estimation fine alignment process

Y
N  

Figure 5 PPF and ICP processes (Figure 5 (a) Source from: Author's self drawn) (Figure 5 (b) 

Source from: Author's self drawn) 

Figure 5 (a) shows the pose estimation optimization process of the PPF algorithm, and Figure 

5 (b) shows the pose estimation fine alignment process of the ICP algorithm. As shown in Figure 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 shown in Equation (8). 

, , ,( ( ) ( ), , ,( ))ab a b a ab b ab a bx x n d n d n nΦ = − ∠ ∠ ∠    (8) 

In equation (8), ax  and bx  both represent the position coordinates of the point pair. an  and 

bn  represent the unit normal vectors corresponding to two point pairs. abd  represents the point 

pair direction. After establishing an index on the feature quadruple 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 shown in equation 

(9). 

( ) ( ( ) )k k m
F

S H Hδ ε
Φ∈

= Φ − Φ <∑    (9) 

In equation (9), kH  represents the k -th candidate rigid body transformation. mΦ  represents 

the model features. FΦ∈  represents the feature set extracted from the scene point cloud. δ  

represents the matching count function within the threshold. ε  represents the matching tolerance 
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coefficient. ICP aims to minimize the Euclidean distance between the target point cloud and the 

transformed model point cloud. A matching error function is constructed, as shown in equation (10). 

2

1
( )

N

i i
i

T y T zτ
=

= − ⋅∑    (10) 

In equation (10), (3)T SE∈  represents the rigid body transformation matrix to be optimized. 

iz  represents the points in the model point cloud. iy  represents the nearest neighbor 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 

shown in equation (11). 

2

, 1
* arg min ( )

N

i iR t i
T y R z t

=

= − ⋅ +∑    (11) 

In equation (11), *T  represents the final rigid body transformation matrix. At this point, the 

optimal solution is obtained by solving the covariance matrix through singular value decomposition, 

ensuring that the rigid body transformation satisfies the minimum mean square error criterion, 

thereby achieving high-precision fitting of the target point cloud pose. The pseudocode for the PPF 

and ICP algorithms is as follows: 

Input: 
    P_scene   ← scene point cloud 
    P_model   ← object model point cloud 
    T_init    ← initial pose estimate (optional) 
 
Output: 
    T_final   ← final refined pose 
 
------------------------------------------------------------ 
# Stage 1: Coarse Pose Estimation via Point Pair Features (PPF) 
------------------------------------------------------------ 
 
1:  Sample keypoints from P_model to obtain M = {m_k} 
2:  Sample keypoints from P_scene to obtain S = {s_l} 
 
3:  Build PPF hash table: 
4:      for each pair (m_k, m_j) in M do 
5:          f_model ← PPF(m_k, m_j) 
6:          insert f_model into hash table H 
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7:  Estimate coarse pose by feature matching: 
8:      for each pair (s_l, s_i) in S do 
9:          f_scene ← PPF(s_l, s_i) 
10:         retrieve matching entries from H 
11:         accumulate votes for each candidate transform T_c 
12:     T_ppf ← candidate transform with the highest vote count 
 
13:  if T_init exists then 
14:      T_coarse ← T_init ∘ T_ppf 
15:  else 
16:      T_coarse ← T_ppf 
 
------------------------------------------------------------ 
# Stage 2: Fine Pose Refinement via ICP 
------------------------------------------------------------ 
 
17:  Set max iterations K and convergence threshold ε 
18:  E_prev ← +∞ 
 
19:  for iter = 1 to K do 
20:      P_model' ← T_coarse(P_model) 
21:      C ← nearest-neighbor correspondences between P_model' and P_scene 
22:      E ← Σ || p' - q ||²  for (p', q) in C 
23:      if |E - E_prev| < ε then 
24:          break 
25:      ΔT ← optimal rigid transform estimated by SVD over C 
26:      T_coarse ← ΔT ∘ T_coarse 
27:      E_prev ← E 
 
28:  T_final ← T_coarse 

Additionally, scene constraints refer to restrictions in three-dimensional space that determine 

whether a grasping candidate pose ˆ jg  satisfies environmental geometry, object surface 

accessibility, and collision feasibility. Scene constraints are expressed as shown in Equation (12). 

ˆ1 ( , ) , 0
ˆ( )

0
j j j

scene j

ifd g O n s
C g

other
ε> ⋅ >

= 


   (12) 

In Equation (12), O  denotes the set of obstacles in the scene; ˆ( , )jd g O  represents the 

minimum distance between the grasping pose and the nearest obstacle; ε  denotes the safety 

margin threshold; jn  denotes the surface normal of the grasping surface; js  denotes the claw 

closing direction; j jn s⋅  represents the dot product of two vectors. A value greater than 0 indicates 
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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 grasping pose satisfies functional operation requirements (e.g., rotating door handles, 

pulling drawers, pouring kettles). These constraints ensure the grasping pose aligns with the 

intended force direction, as defined by the constraint function in Equation (13). 

max( )1 , ,
ˆ( )

0
j req j min

task j

if f f
C g

other
θ τ τ∠ < ≥

= 


   (13) 

In Equation (13), jf  denotes the force direction vector corresponding to the grasping posture; 

reqf  represents the desired force direction for the task (e.g., the rotation direction of a door handle); 

maxθ  indicates the permissible directional deviation; jτ  signifies the torque generated by the 

grasping action; minτ  denotes the minimum torque required to complete the task. A dual-constraint 

grasping operation model for a robotic arm based on scene constraints and task constraints is 

proposed, which integrates optimized contact grasping network. The process is shown in Figure 6. 

Environment 
creationRGB camera

Point cloud 
preprocessing Contact-GraspNet Feature 

extraction Grab line judgment

Task constraint 
modeling

PPF coarse 
matching

ICP fine 
matching

Decision makingAction verification

 

Figure 6 The dual-constraint grasping operation model process of the robotic arm based on 

the optimized contact grasping network (Source from: Author's self drawn) 

In Figure 6, firstly, the point cloud is obtained through RGB-D camera and uniformly sampled 

to construct a 2D scene model containing target object and obstacle information. Subsequently, 

based on the improved Contact-GraspNet, point cloud features are extracted, and the grasped base 

points, pose quaternions, scores, and grasp widths are output. On this basis, a task constraint 

module is introduced, combined with the functional attributes and operation direction of the target 

object, to construct a physical motion model and filter out grasping candidates that do not satisfy 
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the functional execution requirements. Next, the PPF is used for coarse registration, and the ICP is 

combined to complete point cloud fine registration, obtaining more accurate object pose estimation. 

Ultimately, the system integrates scoring, stability, and task feasibility to select the optimal grasping 

solution for path planning and action execution, and achieves closed-loop grasping control through 

sensor feedback to improve overall grasping success rate and adaptability. 

3 Results 

3.1 Performance testing of the new robotic arm contact grasping network strategy model 

The research is based on the Ubuntu 20.04 platform to deploy a grasping model. The 

experimental environment is configured with Intel Core i9-12900K CPU and NVIDIA RTX 3090 

GPU, with a memory capacity of 64GB. The deep learning framework uses PyTorch 2.0, and the 

point cloud processing part integrates Open3D and PCL libraries. The GraspNet-1Billion dataset 

(GraspNet) and the Yale-CMU-Berkeley Object and Model Set (YCB Dataset) are used as test data 

sources. GraspNet is currently the largest real 3D grasp dataset. This dataset covers 190 different 

objects and generates over 1 billion grasping annotations, supporting RGB-D point cloud input and 

6D grasping pose output. The YCB Dataset dataset includes 77 common object categories in daily 

life, such as cups, nuts, scissors, pot lids, etc. It is equipped with 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 0000–0845 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 test objects do not appear during training to evaluate the 

model's cross-category generalization capability. No additional data augmentation was applied to 

either dataset. All point clouds underwent uniform cropping and normalization processing before 
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entering the network. It is widely used in robotic grasping, pose estimation, and action planning 

tasks. Firstly, the two types of hyperparameters that have the greatest impact on the model 

performance are validated, and the selected values are shown in Figure 7. 
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Figure 7 Test results of hyperparameter selection (Source from: Author's self drawn) 

Figure 7 (a) displays the pose loss weight coefficient poseλ , and Figure 7 (b) displays the 

matching tolerance coefficient ε . According to Figure 7 (a), as the number of iterations increased, 

all three sets of weights gradually increased the success rate, but the difference gradually became 

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 final success rate, and the final success rate remained 

stable above 0.93, which was better than the 0.25 and 0.75 groups. The latter had convergence 

fluctuation or over-fitting trend. According to Figure 7 (b), the curve converged the fastest when the 

matching tolerance was 0.6, reaching a success rate of 0.94 after about the 100th iteration and 

maintaining high stability. When the tolerance was 0.3, the convergence speed was significantly 

slower and the final success rate was slightly lower. Although the initial convergence is rapid with a 

tolerance of 0.9, it is prone to excessive mismatches in the middle and later stages, which can affect 

the judgment accuracy. After comprehensive consideration, 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 ˆ , ,( )j j j jg t q w=  output by the network, the parallel gripper is first instantiated into 
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position ( ),j jt q  with an initial opening width 
maxw . The predicted grasp width 

jw  is truncated to 

the interval 
max min[ , ]w w . Subsequently, the distance between fingers is gradually reduced along the 

gripper closure 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 surface without colliding with the environment, it is recorded as a stable 

closure 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 
minw , 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 closure, it is considered a successful grasp and 

counted toward valid grasp counts and metrics like Precision/Recall/F1; otherwise, it is deemed a 

failed grasp. The entire closure 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, as presented in 

Figure 8. 
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Figure 8 Ablation test results (Source from: Author's self drawn) 

Figure 8 (a) displays the results on the GraspNet dataset, and Figure 8 (b) displays the results 
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on the YCB dataset. In Figure 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 uniformity downsampling and PointNet++ local feature enhancement over the original model; 

IContact-GraspNet-PPF denotes the model with a coarse registration module based on Point Pair 

Features (PPF) added to IContact-GraspNet; IContact-GraspNet-PPF-ICP denotes the final version 

of the research model, which incorporates an Iterative Closest Point (ICP) fine-alignment module 

after PPF coarse alignment to achieve the highest pose estimation accuracy and grasping stability. 

Here, the “I” indeed stands for “Improved,” indicating that this model is an enhanced version 

of the original Contact-GraspNet. From Figure 8 (a), the original Contact-GraspNet model had an 

effective grasp count of 2.8 at 1,024 input points. while the IContact-GraspNet model was increased 

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 times at the same input points, with an increase of 35.7%. 

Under 512 input points, the model also achieved 3.4 iterations, significantly better than other 

structures. In Figure 8 (b), 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), with a performance improvement of over 24%. Advanced grasping 

models have been introduced for comparison, such as the Grasp Pose Detection (GPD) model, 

Generative Grasping Convolutional Neural Network (GC-CNN), and Grasping Residual 

Convolutional Network v2 (GR-ConvNet v2). Table 1 presents the test results, taking precision, 

recall, F1 score, and average execution time as indicators. 

Table 1 The index test results of different models 

Dataset Model Precision/% Recall/% F1 score/% Average execution time/s 

GraspNet 
GPD 85.73 82.45 84.06 0.94 

GC-CNN 88.22 85.36 86.77 0.68 
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GR-ConvNet v2 89.91 87.52 88.74 0.72 

Our model 93.67 91.44 92.54 0.61 

YCB Dataset 

GPD 83.48 80.13 81.78 0.98 

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, the precision of the proposed model reached 93.67%, the recall 

was 91.44%, and the F1 score reached 92.54%, which was significantly better than GPD (F1 score 

of 84.06%) and GR-ConvNet v2 (F1 score of 88.70%). Meanwhile, its average execution time was 

only 0.61 seconds, better than GC-CNN (0.68 seconds), demonstrating strong operational efficiency. 

On the YCB dataset, the model still maintained its lead with an F1 score of 91.80%, which was 

about 10% higher than GPD. In addition, its precision and recall both exceed 90%, indicating that 

the model also has high robustness and generalization ability in general object scenarios. Through 

comprehensive comparison, the optimized contact grasping network is superior to current 

mainstream models on precision and real-time performance, and has significant advantages. 

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 grasping success rate, pose error, and energy consumption

—are presented in Figure 9, Figure 10, and Table 2, respectively. To verify the practical application 

effect, 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 Figure 9. 

PRE-P
ROOF P

UBLIC
ATIO

N

PR
E

-PR
O

O
F PU

B
L

IC
A

T
IO

N
 E

N
G

IN
E

E
R

IN
G

 T
R

A
N

SA
C

T
IO

N
S 



19 
 

0.0 0.2 0.4 0.6 0.8

0.2

0.0

0.6

0.4

0.8

1.0

Pr
ec

is
io

n

1.0
Recall

0.0 0.2 0.4 0.6 0.8

0.2

0.0

0.6

0.4

0.8

1.0

Pr
ec

is
io

n

1.0
Recall

0.0 0.2 0.4 0.6 0.8

0.2

0.0

0.6

0.4

0.8

1.0

Pr
ec

is
io

n

1.0
Recall

(a) Door handles (b) Kettle handles

(c) Drawer pulls

Our model
GR-ConvNet v2
GC-CNN
GPD

Our model
GR-ConvNet v2
GC-CNN
GPD

Our model
GR-ConvNet v2
GC-CNN
GPD

 

Figure 9 Test results of functional operational adaptability (Source from: Author's self drawn) 

Figure 9 (a) displays the grasping test results on door handles, Figure 9 (b) displays the 

grasping test results on kettle handles, and Figure 9 (c) displays the grasping test results on drawer 

pulls. From Figure 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 GPD dropped below 0.6 in this segment, showing the weakest performance. In the grab 

task of the kettle handle, the proposed model still achieved a precision of 0.88 when the recall was 

0.6, significantly higher than that of GC-CNN (0.74) and GR-ConvNet v2 (0.79), demonstrating 

stronger stability and anti-interference ability. The drawer pull test results displayed that the 

proposed model maintained a precision of around 0.90 in most 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 in edge grabbing and functional component operation. The study 

continues to verify the average time latency of grasping prediction using different methods under 
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different occlusions, and the results are shown in Figure 10. 
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Figure 10 The average latency results of grasping by different methods under visual occlusion 

conditions (Source from: Author's self drawn) 

Figure 10 (a) compares the grasping latency under 0% occlusion, Figure 10 (b) compares the 

grasping latency under 25% occlusion, Figure 10 (c) compares the grasping latency under 50% 

occlusion, and Figure 10 (d) compares the grasping latency under 75% occlusion. As shown in 

Figure 10, the proposed model consistently had the lowest grasping prediction latency and faster 

computational response under various occlusion conditions. Even in complex scenes with an 

occlusion rate of up to 75%, the average latency of the system was still controlled within 0.82 

seconds, far lower than other mainstream models that generally exceed 1.4 seconds. In contrast, 

GPD and GC-CNN show a significant increase in latency when occlusion intensifies, with larger 

fluctuations and insufficient stability. Although GR-ConvNet v2 has a certain anti-interference 

ability, the latency still remains above 1 second in high occlusion situations. Relatively speaking, 

the inference process of the proposed model is more robust in occluded environments, reflecting the 

synergistic advantages of structural optimization and lightweight coding. It is also more suitable for 

deployment in application scenarios that require high real-time performance. Finally, the grasping 

pose angle error, model parameter count, and single grasping energy consumption of each model 
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under different lighting intensities are verified, as displayed in Table 2. 

To quantify the energy consumption differences among various models during the grasping 

action, this study employs a method based on integrating joint torques and angular velocities to 

estimate the energy per grasping cycle. Specifically, during the entire process of the UR5 robotic 

arm moving from its initial standby posture to the target grasping posture and completing the 

closure, the torque ( )i tτ  and angular velocity ( )i tω  of each joint were recorded at a frequency of 

1 kHz. The mechanical energy consumption per grasping action is defined as shown in Equation 

(14). 

0

6

1
( ) ( )ft

t i i
i

tE t dtτ ω
=

=∑∫ ∣ ∣    (14) 

In Equation (14), ft  and 0t  denote the start and end times of the current grasp trajectory, 

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, as shown in Equation (15). 

6
*

1
( ) ( )i i

i k
E k k tτ ω

=

= ∆∑∑    (15) 

For each lighting condition and each model, 50 successful grasps were performed repeatedly 

under identical initial poses and trajectory planning strategies. The average value obtained is listed 

as “Energy per Grasp (J)” in Table 2. 

Table 2 Test results of model indicators under different light intensities 

Illumination Level Model 
Pose angle 

error (°) 

Model parameters 

(M) 

Energy per 

grasp (J) 

Low Light 

GPD 3.87 34.78 11.32 

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 

Normal Light GPD 3.02 34.78 10.25 
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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 

High Light 

GPD 3.55 34.78 11.87 

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 

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 other comparative models, reflecting the stable prediction ability of the 

model for grasping posture under complex visual conditions. Its model parameter count was 

controlled at 18.53M, which was more compact and computationally efficient compared with GPD 

(34.78M) and GC-CNN (28.32M). In terms of energy consumption performance, the new model 

had the lowest average energy consumption per grasp, only at 7.84J (normal light), 8.45J (low light), 

and 9.27J (high light), further verifying the efficiency and practicality of the model in resource 

limited scenarios. Overall, the proposed model outperforms mainstream methods on accuracy, 

structural complexity, and energy efficiency, demonstrating strong practical potential. 

4 Conclusion 

This study proposed an optimized contact grasping network model that integrated scene 

constraints and task constraints to satisfy the practical needs of robotic arm grasping operations in 

complex unstructured environments. By introducing point cloud downsampling, lightweight 

encoder design, and PointNet++ local feature enhancement mechanism, the improved network had 

a precision of 93.67% and an F1 score of 92.54% on the GraspNet, with an average execution time 

reduced to 0.61 seconds. Its performance was significantly better than 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 
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pulls. At a recall rate of 0.6, the precision exceeded 0.88, verifying its adaptability and robustness in 

executing constraint actions. Under visual interference conditions with an occlusion rate of up to 

75%, the model still maintained an average inference time of less than 0.82 seconds, displaying 

strong anti-interference ability. Under different lighting intensities, the lowest attitude angle error 

was only 1.21°, the model parameters were controlled at 18.53M, and the lowest single energy 

consumption was reduced to 7.84J. The above results indicate that the dual-constraint grasping 

strategy not only has comprehensive advantages in accuracy, response speed, and resource 

efficiency, but also significantly improves the perception and execution ability of the grasping 

system for dynamic task targets, and has good engineering deployment potential. However, this 

study has not yet focused on fine small objects. 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 multitasking concurrent operations and dynamic scene 

adaptation. 
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