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Abstract Vision-based grasp pose estimation is important and fraugh t with di culty in robotics, especially when dealing with ho usehold
objects of arbitrary shapes and positions. In this paper, we propose a novel single-stage rotated-anchor-based grasp d etection method.
We adopt a simple feature pyramid network and attach the pred e ned dense rotated anchors to t the diverse grasps. To enha nce the
model's generalization capabilities, we propose an automa tic grasp area labeling strategy that simulates the full gra sp attempt process.
Our labeling strategy simultaneously considers grasp veri cation, collision detection, and the robot's working spac e limitation. Thus, the
reliability and accuracy of ground truth can be improved com pared with previous computer-aided labeling that samples g rasp points and
then does force analysis or hand-only virtual grasp. For the objects, we scanned 98 complex-shaped ones to obtain their 3 D models for
the simulator rather than using synthetic objects, which ca n bring a smaller domain gap. We provide our full-process gra sp simulation
(Fsim) generated dataset for further research. Our detecti on algorithm achieves state-of-the-art accuracy and e cie ncy on the Cornell
Grasp Dataset, the Jacquard dataset, and the Fsim dataset. R eal grasp experiments further demonstrate the superiority of the Fsim
dataset and the proposed model.
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1 Introduction

Grasp is one of the most important abilities for a robot to interact wit h its environment. The robot can relocate, hand
over, and manipulate various daily objects by integrating this ability [ 1]. In addition, grasping is the foundation for
some advanced and complex tasks, such as robotic cookingj,[which requires the robot to accurately and e ciently
grasp a variety of cooking utensils, bottles, and ingredients. The dmestic robot also requires this ability to interact
with its surroundings, for example, opening the door B] by the handles during mobile manipulation. To grasp an
object precisely and e ciently, the robotic system should detect appropriate grasp areas. We focus on the robot
system equipped with a parallel gripper as the end e ector, shown inFigure 1(a), and the RGB-D camera as the
input sensor. In a typical grasp detection procedure, a group oadjacent antipodal points that have the same angle
and gripper opening width can be described as an orientated boundmmbox [4]. The grasp pose detection problem
can generally be regarded as an object detection problem plus an gle detection task.

Inspired by object detection [5, 6] in the computer vision community, a large number of grasp detectos [7{12]
have been proposed. Speci cally, the attention mechanism[3] and transformer technology fL4] are incorporated
into the model backbone for better feature reallocation. An adapive ltering strategy [ 15] and an adaptive residual
block [16] are proposed to e ciently extract the features to achieve faster grasp detection. Liu et al. [L7] designed
a global linear attention mechanism for higher model e ciency. Moreover, these grasp detectors usually regress
or classify the grasp angle and parameters of the horizontal bowting box, i.e., width, height, and center, in the
same way. In other words, the horizontal grasp and the rotationangle ranging from 0 to 180 are regressed in the
pixel location of the feature maps. The accuracy of the angle predtion su ers due to the arbitrary angles of the
object pose. In [L8], the rotated anchor box is embedded in a two-stage grasp deteicin pipeline [19]. Although the
rotated anchor strategy helps to increase detection accuracyhe complex two-stage network structure introduces a
signi cant number of additional parameters, which makes the modé more prone to over tting.
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Figure 1 (Color online) (a) The robot hand grasps an object from the mu Iti-object scene; (b) the simulation of a full-process gras p attempt;
(c) selected objects that we scan and load into the simulator for automatic label generation.

Another component that greatly a ects the accuracy of the deg grasp detector is the dataset. A high-capacity
grasp model must be fed with su cient high-quality training data tha t has a small domain gap with the real
situation. Manual [20] or synthetic labeling is employed to generate the grasp labels. Theysthetic methods
sample the potential grasp area on the object and then score byofce analysis 21] or virtual grasp [2224] in the
simulator. The datasets with camera-captured images provide thedentical input style during training and real
experiments but require tedious human Q] (or real robot [21]) e orts for image collection. The latest simulated
datasets R2{24] contain RGB-D images rendered from the full 3D model, which detemines the domain gap and
should therefore be close to the real-world object. These datatechoose the 3D models from the ShapeNeRp] or
YCB dataset [26]. However, the 3D model from ShapeNet is virtually generated, andhus most of the objects are
not commonly graspable for the robots, e.g., sofa, lamp, and tableThe YCB dataset scans daily objects, but their
shapes lack complexity and diversity. In addition, Ref. R2] sampled the grasp size and angle randomly, which is
inaccurate and thus cannot be easily extended to the multi-objectscene.

In this paper, we propose a novel single-stage grasp detection mpne with rotated anchors. We generate a series
of densely placed rotated anchors and directly predict the o setsbetween these anchors and the ground-truth grasp.
The rotated anchors can t the rotated grasps better than the horizontal anchors. The intermediate grasp proposal
stage is removed to improve e ciency. Despite evaluating the propsed grasp detection model on public datasets,
we propose a new Fsim dataset with labels generated by full-proceggasp simulation. Instead of considering only
the gripper-object contact during the labeling process, we simulat the entire process of the robot grasp. We load
the complete robot model instead of the robot hand, shown in Figue 1(b), and thus examine the collision, inverse
kinematics, and working space limitation during each grasp virtual atempt to increase the reliability of the ground
truth. Furthermore, we add exibility to the two grippers to locate the grasp contact point exactly, which further
increases the labeling accuracy. For the dataset, we scan 98 dailypfects that the domestic robot will usually meet.
Except for the basic primitives, i.e., cylinder, sphere, and cube, som of the objects have complex shapes that cannot
be classi ed as one of these primitives. We can observe from Figurgc) that the objects in our Fsim dataset have
a variety of materials and patterns. Extensive grasp experimentgrove the e ectiveness of our detection model and
the proposed Fsim dataset. In summary, we propose a novel autoatic robot system that contains all the required
units for a successful robot grasp of unseen daily objects. Theoatributions are concluded as follows.

(1) We propose a novel and robust single-stage rotated-anchdvased deep grasp model. The tedious intermediate
grasp proposal step is removed to improve e ciency, while multi-scde rotated anchors are attached to di erent
resolution maps, working as the references to reduce the regien di culty and output dense grasp predictions
directly.

(2) We create a 3D model set that only contains daily graspable objets. The accurate object geometric and
texture information remains, which reduces the domain gap betwee the training dataset and the real captured
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Figure 2 (Color online) General pipeline of vision-based deep grasp detectors. Current work focuses on designing the high-capa city feature
extractor for better score map generation, while our work em phasizes the grasp parameters, i.e., angle and width, estim ation, and training data
generation (red box).

scenes.

(3) Based on the realistic model set, we propose a novel automatihigh-accuracy grasp labeling strategy by
full-process simulated grasp attempt that works for both single- @ multi-object scenes. The full model of the
robot hand is loaded into the simulator, and we consider the grasp abck, collision detection, and working space
limitation simultaneously. Furthermore, we release the gripper movenent restriction to obtain the accurate contact
points, which generate tightly wrapped grasp con gurations on the objects, making the labeling able to extend to
multi-object scenes.

(4) Extensive experiments are conducted on two public datasets rad the proposed Fsim dataset. Our model
achieves the highest detection accuracy under the standard exgiment settings. Furthermore, the model trained by
our Fsim dataset achieves the lowest error rate in the real-world eperiment, which further proves the e ectiveness
of the proposed model and the high quality of the Fsim dataset.

The remainder of this paper is organized as follows. We rst introdue@ the robot grasp system and describe the
two important units, i.e., deep grasp detector and training data, and provide the related work. In Section 3, we
describe our deep grasp detector and automatic labeling proces3hen, the results of comprehensive experiments,
including datasets and real-world, are provided in Section4. In Section 5, we conclude this paper and discuss
directions for future research.

2 Related work

In this section, we review the deep learning-based grasp detectsr followed by the elaboration of grasp datasets.
The general pipeline and current focus of the grasp detectors arshown in Figure2.

2.1 Robot grasping

For domestic robots, the diversity of object sizes and shapes bemes the biggest challenge for robot grasp pose
detection. Liu et al. [27] proposed to generate the grasp areas of an object after prayding its pose, which inevitably
loses the geometrical details of the object. On the other hand, nay propose to directly generate the grasp areas
based on the shapes of the object28{30]. Specically, Lenz et al. [20] rst used the deep neural network to
detect grasps. They generated all the candidate grasp areas irné rst stage and then classi ed the candidates in
the second stage. Refs.1p, 29] proposed to use the horizontal anchors to generate the graspandidates. Ref. 1]
changed the horizontal anchors to oriented ones to increase theccuracy of angle prediction. Cheng et al.§] densely
fused di erent layer features for a more accurate grasp size t.All these methods can be categorized into two-stage
methods.

Although these two-stage methods achieve relatively higher accarcy at the early time, the additional intermediate
stage makes them time-consuming and hard to train, which limits the nodel capacity to be further improved. The
other methods, named keypoint-based methods, generate the@sp areas by a single-stage network directly, which
signi cantly increases the e ciency. Redmon et al. [31] rst used the regression strategy that directly outputs
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the grasp rectangle. Refs.T,28] deployed the encoder-decoder network to generate the gragmn guration images
(score, angle, width, and height). Refs. 12,30,32,33] adopted the encoder-decoder pipeline and presented designed
network modules for better feature extraction to improve detedion accuracy.

In summary, most of the current grasp pose detectors focus othe design of a higher capacity model backbone,
usually focusing on score map generation and neglecting the challeeg speci cally posed by the grasp pose detection
task. On the one hand, a complex deep network module introducesdalitional network parameters, leading to
e ciency concerns and possible over tting. On the other hand, the output units place less emphasis on the grasp
width and angle parameters, which are usually obtained from the simfe regressor or classi er and are not su cient
for an accurate grasp angle prediction. In this paper, we proposa novel single-stage rotated-anchor-based grasp
detector, which combines the strengths of two-stage and keypnt-based methods, i.e., high accuracy and e ciency.
Rotated anchors can better t grasp rectangles and reduce regssion di culty, while a single-stage structure reduces
computational time. Compared to [18], we remove the tedious intermediate proposal stage, and the gsp area is
directly generated with the rotated anchors as references, whitsigni cantly reduces the model complexity.

2.2 Dataset

To leverage the high-performance deep neural network, the Corell Grasp Dataset 0] and the Jacquard dataset 2]
are proposed. The Cornell Grasp Dataset includes 240 di erent ofects, and 885 images of these objects are taken
by a real camera from di erent angles, with the grasp areas being wi cially labeled. The Jacquard dataset is
much larger and contains 54000 rendered images of 11000 virtuabfects. For grasp labeling, the rotated grasp
rectangles are randomly sampled and then executed by a virtual pallel gripper for grading. Both datasets are
widely adopted by current grasp detectors ¥, 8,18, 28, 30, 32, 34{39].

With the development of the robot physics simulator, more synthetc grasp datasets are presented. The grasp
labels are generated by analytical methodsZ1, 39] or simulated grasp validation methods R3, 24, 40]. Although it
is e cient to classify the grasp only by the force-closure metric (analysis or simulation), it can still result in some
failed grasp attempts in the real world. For example, the grasp poitis out of the reach of the robot hand, meaning
the grasp pose should be within the working space and easily solved e motion planning algorithm. To this
end, we propose a full-process grasp simulation system that load$¢ entire robot model (shown in Figure 1(b))
rather than only the gripper, which automatically discards di cult-t o-reach grasp poses.

Grasp datasets by simulation methods 22{ 24, 40] select the object models from the ShapeNet2p] or the YCB
dataset [26]. The object models (table, car, and chair) in the ShapeNet datasehave signi cant shape di erences
from common household objects that can be manipulated by the robt hand (stapler, hand treatment, and gamepad).
Although the YCB dataset scanned real objects, the shapes offtese objects generally appear rather uniform and
lack diversity and complexity. Most of the objects in the YCB dataset can be categorized into three basic geometric
primitives. In contrast, we propose a dataset that contains comgex-shaped daily objects. In addition, some of the
objects are oversized for the robot hand based on the overall sipe but can be grasped via detailed components,
such as the handles of the game controller. These objects are thescanned by a high-accuracy and high-resolution
3D scanner to be loaded into the PyBullet simulator. The shape and sie diversity of our scanned objects will reduce
the domain gap between the training data and the real captured dé by the domestic robot during their tasks.
We compare our Fsim dataset with the existing datasets in Tablel [20{24, 39,40]. Fsim is the only dataset that
contains the dynamic grasp validation procedure for the multi-object scenes that are constructed by real-scanned
objects. The grasp labels are validated by a simulated full-processrgsp attempt, providing a more comprehensive
and reliable evaluation compared to methods using force analysi],39]. The virtual grasp attempt is carried
out by the complete robot arm model rather than only the gripper [22{24,40]. This setting automatically lters
out false grasp labels caused by collisions and working space limitationdMoreover, randomly overlapped multiple
objects provide enhanced diversity and nearly in nite variations in object relationships to the dataset. All object
models in the Fsim dataset are obtained through real scanning, withsome featuring complex geometries. These
properties make Fsim a reliable and realistic dataset for training deepgrasp detectors intended to be deployed in
challenging scenes.

3 Methodology

In this section, the robotic grasp pipeline is described, as shown in Figre 3. We then detail the generation of our
Fsim dataset.
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Table 1 Comparative analysis of grasp datasets.

Dataset Dynamic Multi-object Real—scanped Full robot

validation scene complex objects model
Cornell Grasp Dataset [ 20] 5 5 { {
GraspNet-1Billion [ 21] 5 3 { {
Wang et al. [ 39] 5 3 5 {
Jacquard dataset [ 22] 3 5 5 5
Eppner et al. [ 40] 3 5 5 5
Mousavian et al. [ 23] 3 5 5 5
ACRONYM [ 24] 3 3 5 5
Ours 3 3 3 3
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Figure 3 (Color online) Process of a single grasp trial from image inp ut to robotic execution. The red and green blocks denote the b ody and
output heads of the model, respectively. The blue blocks rep resent the external information and robotic actions.

o

(b)

Figure 4 (Color online) (a) The oriented bounding box represents a se t of grasp con gurations; (b) the sampled grasp angles at a gr asp point.

3.1 Grasp problem description

A single grasp con guration on the image can be described as a 3D v, i.e., [X;y; ], when the approaching
direction of the robot hand is perpendicular to the object, where k;y] is the location of the grasp point in the
image frame, and is the yaw angle of the robot hand. For a smooth-shaped object,tte antipodal grasp exists
in an area instead of a point. Furthermore, the opening width of the parallel gripper should be limited to avoid
collision with other objects in cluttered scenarios. The length of theantipodal area and the opening width of the
gripper can be represented byH;w]. Considering all the above factors, a grasping area can be represted by a
rotated rectangle denoted by a 5D vector X; y;w; h; ], shown in Figure 4(a). If the platform is equipped with an

RGB-D camera, each grasp pose on the image can be projected intospatial pose using the depth channel40].

3.2 Deep grasp estimation model

There are two main challenges to grasp the pose detection problentkirst, there are many di erent bounding boxes
due to the objects' variable sizes and diverse geometries. Secqrfdr some simple objects, such as a circular bowl,
there are many grasp candidates in di erent orientations, rangingfrom 0 to 180 . The grasp detector should detect
all possible grasp areas and attach a score for each grasp candiddo nd the best one. Inspired by [41], we solve
the above two issues using a carefully designed feature pyramid ngork (FPN) for size detection and embedding a
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Figure 5 (Color online) Overview of the model. We apply rotated ancho rs with the same ratio of 2:1 and di erent sizes as the referen ces on
di erent-resolution feature maps.

novel grasp angle detection module to each level feature map footation prediction.

3.2.1 Network structure

Traditional two-stage grasp detection methods B, 18,19, 29] mainly contain a rst-stage grasp proposal network
(GPN) and a second-stage re ning network. Their detection resit is highly dependent on the precise selection of
positive anchors by the GPN network. In contrast, we propose a pbvel single-stage grasp detector that combines a
feature pyramid strategy with a rotated anchor module to t the a rbitrary size and orientation grasp. In summary,
our model framework design not only considers the grasp score @diction but also focuses on improving the accuracy
of the grasp parameters, e.g., angle and width. Specically, a straigtforward fusion of di erent layer features
extracts both geometric details and semantic information. This degn facilitates retrieving the grasp areas from
local geometry and the contours of objects. Then, our model des not output the exact parameters directly, but
rather the o sets to a series of anchors that serve as regressidases. These anchors are generated by iterating over
prede ned angle and width sets. In particular, the rotated anchor strategy encapsulates a portion of the rotational
information and thus better accommodates the grasp areas, etiding the model to focus on ne-tuning the grasp
angle prediction. The overall structure of our model is shown in Figue 5.

When the convolution network is used to extract the RGB images' fature, the deeper the layer is, the bigger
the receptive eld will be. This relationship between the depth of the layer and the receptive eld indicates that
we can attach the anchor generation unit to each layer of the netwrk. The anchors in the lower layer have a small
receptive eld and can be used to t the small grasp rectangle; theanchors in the higher layer can be used to t the
large grasp rectangle for large objects. To connect the featurenap more e ciently, we adopt an FPN [ 41] strategy
to fuse the down-sampling feature maps and the up-sampling feate maps gradually. The FPN structure helps
create hierarchical feature maps from a single-scale input image dictly, without introducing much computational
burden. It can provide dierent resolution feature maps at the same time, which ts the grasp detection task
well, as there are multi-size grasp areas on a single object that areetermined by the ne geometry details. In
addition, we simplify the vanilla FPN and only attach the grasp detection head to 3 cascaded stages, while the
head itself is also constructed by fewer intermediate layers. All thee features ensure the high e ciency of our grasp
detector. Figure 6 shows samples of di erent resolution features, in which the featues cover the high-resolution
layer (lower layer, i.e., C3) that contains ne geometry details to the rich semantic information layer that focuses on
the contour of the object (higher layer, i.e., C5). Speci cally, we adpt the highly e cient ResNet-18 as the feature
extractor to meet the requirement of real-time robot tasks. We then fuse the intermediate stage feature maps with
di erent resolutions, i.e., a scale factor of the previous stage in sizeprogressively. In particular, the C3, C4, and
C5 stages of the ResNet, with a resolution reduction 0%, 116, and 1 > compared with the input image, are selected
correspondingly as the base to generate P5, P4, and P3 by convdllun or fusion. The fusion refers to a series of
processes, i.e., enlargement, concatenation, and 1 convolution with a depth of 128. The fusion generation can be
represented by

C1%(Ci); ifi=5
P = (1)

%R 2(Piyp ) + —0128 (Ci); otherwise
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Figure 6 (Color online) Images of the horizontal anchors, the rotati onal anchors, and the di erent resolution feature maps. Fro m left to right,
each column represents the input, ground truth, horizontal anchors, rotation anchors, and three di erent resolution f eature maps, respectively.

where C128 () denotes the operation of 1 1 convolution and outputs 128 channels, and theR 2 means enlarge
the size of the feature maps twice. After we get all these featurenaps with di erent receptive elds, the orientation
grasp detection heads are attached. Speci cally, the model comsts of two separate heads, i.e., the grasp possibility
head and the grasp parameters head. Both contain intermediate lers of 128 3 3 kernels. The possibility head
outputs the grasp score of each anchor at the position. The pamaeters head outputs the corresponding grasp
con gurations, including size and angles. All heads are achieved bydmels of 3 3. The head of our model is
simple and requires fewer parameters, which achieves high e ciency

Unlike the two-stage method [L8], we remove the proposal network and make a single-step grasp guiction,
i.e., the model directly outputs the possibility of grasps and the coresponding parametersx; y;w; h; . Then, the
rotated anchors, i.e., rectangles with prede ned sizes, ratios, ath angles, are used as references to regress grasps.
These anchors are tiled on the entire input image. The proposed dese rotated anchors make the angle regression
head easier to train and can improve detection accuracy for arbitarily placed objects. Furthermore, rather than
distributing the rotated anchor in only one resolution feature map [18], three di erent sets of rotated anchors are
deployed in three resolution features. Figures shows the di erences between the horizontal anchors and the tated
anchors. The rotated anchors match the ground truth better than the horizontal anchors, with much larger rotated
intersection over union (loU) values and smaller angle di erences. i addition, we choose the anchors with the
largest overlap to match the ground truth grasps, resulting in the size also being matched well. For example, large
grasp areas are regressed by large anchors. Dierent resolutiofeature maps also play a role in the grasp size
regression: the higher-layer features generate large graspsdetl on the overall contour of the object, while the
lower-layer features provide the ne geometry details to genera¢ smaller grasps. Speci cally, their strides and sizes
are set as [816; 32] and [32 64; 128], respectively. The ratio of the grasp anchors is set adaptivelgccording to the
objects, which we choose to be 2:1 to better t most of the groundtruth among the objects. Then, the angle is
enumerated within 180 with a step of 15 . The step is set to ensure the existence of a close angle distancett®
ground truth while avoiding too many anchors. We attach 12 di erent angle anchors, all having the same size and
ratio, at each anchor point of each feature map. During model traning, only the anchors with rotated loU larger
than 0.5 and smaller than 0.45 are activated, which are regarded asgsitive and negative anchors, respectively. On
the other hand, the rotated angle also plays an important role in grap regression, and we limit the angle di erence
between positive anchors and ground truths to less than 15 In summary, all the states of the prede ned anchors,
Sa, are categorized as 8

> Pa; if GApy > 0:5 and GAange < 15

Sa = S Na; if GAjoy 6 0:45 or GAangie > 15 ; (2)

la; otherwise,

wherePa, Na, and | o represent positive anchor, negative anchor, and inactivated artwor, respectively. These active
rotated anchors that approximately match the ground-truth gr asp poses, shown in Figur&, are used to calculate
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Figure 7 (Color online) Active rotated anchors we used during traini ng.

the o sets with the ground truth. Rotated anchors t the groun d truth grasp more accurately than horizontal
anchors, which makes them more likely to yield higher loU values. Theycan signi cantly reduce the di culty of
grasp angle regression, which is one of the main challenges of grasgtection. Note that all these hyper-parameters
are set based on knowledge before training rather than ne-tuniig to avoid test set exposure and over tting. Our
model is trained to learn these o sets.

3.2.2 Loss

Based on the network structure, the total lossLtotq1  CONtains two components. One is the grasp classi cation loss
Lc, and the other is the grasp bounding box regression loslsg:

Ltota = Lc + Lg; (3)

where is the weight to balance the in uence of the classi cation and regresion loss. We conduct a series of
preliminary experiments on a small subset, 20% samples of the CorlieéGrasp Dataset, to nd the optimal value.
Based on the results of these experiments, we set= 0:5, which returns the highest accuracy. Meanwhilel ¢ and
0:5 Lgr keep the same scale after the losses are stable during training.

We use the focal loss41] to calculate L¢:

Le = (1 p log(p); if positive; y
T (@ )p) log(l p); otherwise (4)

The p is the estimated probability, and the = 0:25 and = 2 are the hyperparameters that address the class
imbalance and importance of loss. Focal loss can solve the positiveegative sample imbalance issue and make the
training focus on the easily false predicted samples. For the graspegression losd g, the target and the prediction
elements when calculating the loss are the o sets with the anchorsi.e., we rst calculate the o sets between the
predicted grasps and ground truth grasps with the correspondig anchors, and then reduce the errors between these
two o sets. Speci cally, the position, size, and angle o sets are dened as follows:

_ X Xanchor |, _ Y VYanchor .
Xoset = ————— Yoset = —/————, 5)
Wanchor Nanchor
h
Woset = log ; hoset =1log ; (6)
Wanchor anchor
_ ( anchor) .
oset = g5 @)
0 0
0 _ X Xanchor . . o _ Y VYanchor . 8
Xoset = W » Yoset — h ) (8)
anchor anchor
0 0
w h
0 - . 0 — .
Woset =100 W ; Noser =1log h ) 9)
anchor anchor
0
0 _ ( anchor) . 10
o set 180 ’ ( )

where the k;y;w;h; ], [XO; yo; wo ho, 0]1 and [Xanchor ; Yanchor s Wanchor ; Nanchor ; anchor ] represent the ground-truth
grasp, predicted grasp, and rotated anchor, respectively. Dung training, we use the smooth L1 loss to calculate
the Lr between the ground truth and predicted o sets.
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Figure 8 (Color online) (a) Some collected objects from the real worl d; (b) rendered RGB images of the objects.
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Figure 9 (Color online) Examples of the objects in the Fsim dataset. ( a) Only the handles and the joysticks (in blue) contain grasp able areas
due to the limited opening width of the robot hand; (b) a tall o bject usually collides with the robot hand itself if only con sidering the pairing
of the antipodal points.

3.3 Grasp data generation

A high-capacity deep grasp detector requires adequate and relidd training data to ne-tune the parameters. The

training data should be able to represent the real working scenaridor a domestic robot. It is preferable for the
selected objects to have complex shapes rather than basic primitesgeometry. Meanwhile, the labeling strategy
should consider collision detection and the robot's working space limitdon. In this subsection, we illustrate how
to employ full-process grasp simulation to generate reliable training dta.

3.3.1 Objects selection

We collect 98 real-world objects whose lengths are within the graspange of the Franka Emika robot hand. We
choose the objects to cover most daily objects that the domesticobot may interact with. These objects are diverse
in shapes, colors, materials, and patterns, as shown in Figur&(a). All objects are scanned by a low-cost but
su ciently accurate scanner, EinScan-SE Shinning 3D, to obtain the corresponding 3D models with textures. The
scanner, with a scanning accuracy of less than 0.1 mm, is accurat@e@ugh for the 3D model generation of the daily
objects. The embedded 130-megapixel (MP) RGB camera can capte the ne textures of the objects. Then, we
obtain the watertight mesh and output the 3D model as the \.OBJ" le. The number of faces and vertices of these
models is reduced by the Blender software to increase the procesg e ciency in the PyBullet simulator. These
3D models are loaded into the PyBullet simulator and rendered as botrRGB images and depth images, as shown
in Figure 8(b), to interact with the virtual Franka Emika robot.

The collected objects contain two kinds of challenging objects forlie grasp detection task.

(i) Objects with complex shapes that cannot be categorized as comon shape primitives. Most of the objects



Cheng H, et al. Sci China Inf Sci January 2026, Vol. 69, Iss. 1, 112204:10

have concave shapes with small functional parts or geometric detls, such as the \gamepad" shown in Figure9d(a).
These objects usually have small and ne geometric details on which @ny antipodal hands exist, but they tend to
collide with robot grippers easily. The width of the gamepad is nearly 80mm, which reaches the maximum opening
width of the Franka Emika robot hand. Thus, the gamepad can collidewith the grippers easily. Labeling the grasp
area on the RGB images of complex objects, such as the gamepad,dsallenging for humans because the precise
size and geometrical shape are unknowable.

(ii) Objects with a positive grasp pose according to analytical methals [21,39], but cannot be grasped in the real-
world experiment, like the bottle shown in Figure 9(b). The body of the bottle has a tall region in which antipodal
grasps exist when standing on the experiment table. Although thes grasps will establish the force-closure according
to the analytical methods, the robot hand unavoidably collides with the bottle spout when grasping from the top,
and thus these grasps should be eliminated

In summary, we choose daily objects in a household environment anthcrease the proportion of complex-shaped
ones. Compared to the object models fromZ5,26], our object models are more reasonable to appear in the real world
and without the size-adaption procedure. Furthermore, some ofects are at risk of exceeding the maximum opening
width of the robot hand. Labeling the grasp areas on these objest by humans P0] or analytical methods [21, 39]
can easily result in a collision between the grippers (or body of the robt hand) and the objects.

3.3.2 Single-object labeling

In this subsection, we detail how to retrieve the grasp areas on acginned object using the PyBullet simulator.

(i) Pre-settings. First, we load a 1.5 m 1.5 m experiment table with real texture and bound the active area
(objects outside this area are removed) within a 40 cm 40 cm rectangle. Each time, one of the object models
in Subsection 3.3.1 is randomly loaded at the middle 1/5 of the active area with a height of £ cm above the
table and then dropped onto the table. The initial orientation is also random. The dropping of the object further
increases randomness. All of these setups are aimed at capturiragbject images with diverse poses. The camera in
the simulator is xed 50 cm above the center of the active area, poiting directly downward. The camera extrinsic
matrix Ty can thus be determined. The camera intrinsic matrixK is set as

2 3 2 3
fx 0 540 0 32

K:§0fycyé:§o 540 246 : (11)
001 0 0 1

With K and T; , we can then render the RGB image or depth image of a randomly plackobject and obtain the
grasp rectangles on it based on the 3D grasp poses.

(i) Simulated grasping. First, the candidate grasp center is sampledrom the point cloud P constructed by the
rendered depth image. For each candidate grasp centés = [ Gx; Gy; G;], we nd its corresponding normal vector
ne =[ng,;Na,;Ns,] and calculate the angle di erence ¢ with the normal vector n, =[0;0; 1], and we constrain

c in [0; 5] to avoid the center point of the robot tool being away from the center or axis of the object when
grasping. Then, we control the virtual Franka Emika robot to move its hand 20 cm above the sample point, i.e., the
initial grasp preparation pose G, =[Gy; Gy; G, + 20]. The orientation of the robot hand is set to O, =[0;0; ],
where s is the rotation angle of the robot hand and should be within [Q ). For the initial opening width of the
gripper, W, rather than iterating or setting to maximum [ 24], we sample its value by a Gaussian distribution:

W = 0:08 N (0:6;0:1): (12)

This Gaussian sampled method restricts the opening width to avoid cthding with the other objects (for the multi-
object scene). The opening width for large objects can also be cered. We then restrict vertical-down grasping to
reduce the sampling space and thus set the approaching vector talign with n,. Speci cally, we move the robot
hand along with n,, from the initial point G, to G.

After the robot hand moved to the speci ¢ pose, i.e., sampled candidte grasp pose;Tgc =[G;Oy], if there is no
collision detected, we close the grippers with consistent force (50 )\and lift the robot hand back to G, vertically.
We check the success of the grasp attempt by the nal opening with of the gripper. An object is considered to
be grasped if the width of the gripper is greater than 0.1 cm. If the gipper width is less than or equal to 0.1 cm,
or the gripper collides with the object, the grasp pose is decided as false grasp con guration. Unlike previous
work [22], which marks the initial opening width as the grasp width, we release he restrictions that the two ngers
should move simultaneously. Speci cally, we freeze the nger immeditely after its rst contact while continuously
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Figure 10 (Color online) Labeled contact points (blue) and grasp cent er points (orange) on the objects in the Fsim dataset.

moving the other one until the second contact occurs. This procss is shown in a vided. In this way, not only
does the object remain stationary, but we can also obtain a more mcise contact point, which can lead to more
accurate grasp con gurations that clutch the object. The grasp position is then updated as the midpoint of the two
contact points. As shown in Figure 10, the contact points wrap around the object accurately and compehensively.
Meanwhile, we discard the sampled grasp in \unreachable" poses, vith is achieved by setting a time limitation of
0.5 s and pose tolerance error dt = [Ep;Ea] =[0.5 mm, 1 ]: if the robot tip frame cannot reach the target region
(position error larger than Ep or angle error larger thanEp) in 0.5 s, the sampled grasp pose is labeled as false.

For each G, the grasping-checking procedure is repeated several times awding to the number of ¢, which
is set to iterate uniformly with a step of =18 in our simulation, shown in Figure 4(b). Thus, there are 18 grasp
con gurations sampled and evaluated for eachG. The total number of sampled candidate grasp centers for a
speci ¢ object pose is 400. For an object, we drop it 32 times, whiclis consistent with the number of CPU threads
for parallel simulation.

(iii) Post-processing. After screening all grasp poses and obtaingnthe positive one, noted afG*; I, W*g, we
should transfer the 6 DoF grasp to a 2D grasp rectangle on the dep image or the RGB image. Since the virtual
depth and RGB camera are loaded at the same pose, the rendered@® and depth images are aligned, meaning
that these two modalities share the same 2D grasp rectangles. Takg the RGB image as an example, the grasp
center is calculated as

TG G*
X —r - 13
byl TG G* iz (13)
The gripper opening width and the grasp area length, J; h], is calculated as
[w;h]=f [W,W¢];f = fy = fy =540; (14)

where W; represents the width of the gripper nger, and it is 0.018 m in our sydem. Thus, for a single simulation-
checked grasp con guration,h = 10 pixel length grasp area is labeled. The angle of the grasp rectayle on the
image is identical to . After the above conversion, a grasp con gurationfG*; ;W™ g generated from a point
cloud P is paired exclusively with a xed-length grasp rectangle,gs = [X;y;w;h; ], on the image.

In general, the object loaded into the simulation system will be autonatically labeled with dense grasp areas on
its RGB and depth images. The label is examined by a virtual grasp trid, collision detection, and working space
constraints. This is close to what happens in real-world robot labeling

3.3.3 Multi-object scene

We then extend the single-object labeling strategy to the grasp lakl generation of a multi-object scene, making it

more closely aligned with real robot tasks. The virtual grasp exection and evaluation processes remain unchanged,
while the candidate grasp point is sampled from multiple objects. Althaugh this extension can be easily achieved by
the simulator based on the single-object grasp labeling pipeline, it drenatically increases the dataset scale because

1) https://fsimdataset.pages.dev/videos/contactpoint.m pa.
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Figure 11 (Color online) Samples of multi-object scenes with grasp ar ea labels.

of the diversity of the combination of di erent objects. In addition , the multi-object scenes, shown in Figurell,
are more challenging as the objects are densely stacked and oveylaach other.

Speci cally, we droppedM, M N (4;1), scanned object models described in Subsectid®3.1in random poses
from a xed height of 40 cm to form one of the S stacked scenes. Then, 1000 grasp points are sampled and chetke
for each of these scenes. The generation qf, such multi-objecteses is straightforward and powerful, yielding a
large number of di erent scenes, i.e.Stotai = i, Cho» Where NO is the number of the total objects and is 98 in
our system andi is the number of dropped objects and might be 3, 4, or 5, or more. & example, the number of
possible scenes can reach approximately 6 million for only 60 object$n practical implementation, S is set as 2478
for the consideration of both the active area coverage and the sialation e ciency. The automatic labeling of all
these 2478 1000 grasp points takes 123 h for a server equipped with an Int&l Xeon E5-2630 CPU @ 2.4 GHz 32
processors. We adopt these images and labels o ine, meaning thatite generation process does not a ect the model
training and the real grasp experiment. The grasp area generatio on the multi-object scenes shows the scalability
of our simulated grasp labeling strategy, which is a distinguishing progrty compared to the human (or real robot)
labeling methods. We name our dataset Fsim, which emphasizes the spialty of the full-process grasp simulation,
and the single-object scene and multi-object scene datasets adenoted as F-single and F-multi, respectively. The
Fsim dataset is provided at the websité) .

4 Results

In this section, the metrics for positive prediction and the experiment pre-setting are rst introduced. Then, we
compare our models with others in two public datasets, i.e., the Cornk Grasp Dataset and Jacquard dataset, and
our Fsim dataset. Real-world experiments are conducted to evalua the e ectiveness of the Fsim dataset and the
performance of the grasp system in challenging cluttered scenaiso

4.1 Metrics and experiment settings

The metrics and experiment settings should be kept the same in thewaluation of di erent grasp detectors, including
cross-validation and split strategy, the criterion for positive prediction, and accuracy metrics. Note that non-
standard settings can result in incorrect high reported accuracy Thus, we reproduce state-of-the-art detectors
[7,8,28,32] with their own released codes and keep these settings and metrissandard.

Speci cally, we adopt the 5-fold cross-validation technique to testall samples in the Cornell Grasp Dataset and
the Fsim dataset, which is di erent from only randomly selecting 20% samples as a test set adopted by the larger
Jacquard dataset. For each dataset, an object-wise splitting sttegy is applied to ensure the mutual exclusiveness
of the objects from the training and test set. Finally, the selection criteria of the checkpoint saved for evaluation
should be pre-set or set an extra validation set as the indicator, maning that we should not print the test accuracy
during training, which has the risk of test set exposure. To deternine whether a grasping area is a correct prediction,
the position, size, and angle should be considered:

The angle disparity between the prediction and the ground truth should be within 30 ;
The Jaccard index (loU) values of these rotated grasp boxes shuid be greater than 0.25.

The metrics were rst introduced alongside the Cornell Grasp Dataset for evaluating grasp detection performance
[20]. This determination is widely adopted by most of the current grasp detectors. Finally, the accuracy of the
model A is calculated as the ratio of the positive predictionsN, to the total test samples Nest, i.€., A = Np=Nest,
while the e ciency is represented by the average processing time oéach image. All experiments are implemented

2) https://fsimdataset.pages.dev/
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Table 2 Model details and results on the Cornell Grasp Dataset.

Algorithm Accuracy (%) Time (ms) FLOPs (G) Size (M)
Morrison et al. [ 7] 75.9 12 3.90 0.67
Kumra et al. [ 32] 77.8 21 13.5 1.90
Wang et al. [ 30] 91.3 27 66.8 68.1

Cheng et al. [ 8] 93.3 29 93.1 33.3
Cheng et al. [ 28] 95.4 9 27.2 13.5
Ours 97.5 6 4.82 12.1

Table 3 Results on the Jacquard dataset.

Algorithm Modality Split Accuracy (%)
Morrison et al. [ 7] Depth 0.8:0.2 88.9
Kumra et al. [ 32] RGB-D 0.8:0.2 89.1

Cheng et al. [ 8] RGB 0.8:0.2 89.6
Cheng et al. [ 28] RGB 0.8:0.2 91.8
Ours RGB 0.8:0.2 94.5

on a server with an NVIDIA Titan X graphics card, an Intel ® CoreTM i7-5930K CPU @ 3.50 GHz 8 processor,
and 32 G memory.

4.2 Public datasets results

We evaluate our model and the state-of-the-art grasp detectrs under identical experiment settings on two widely
adopted public datasets. The input modality and size of the compard methods are chosen in the same way as their
highest accuracy settings. The grasp detection accuracy and eciency are provided in Tables2 and 3. The FLOPs
represent the required oating point operations for the model to generate all grasp predictions for an image, which is
also related to the model input rather than only the model structure. The size of the model, on the other hand, is the
number of trainable parameters in the model, which is dependent ontie model structure and re ects the capacity
of the model to some extent. Although Refs. 7,32] are relatively simple, their accuracies fall behind those of other
methods, likely due to the insu cient capacity of their feature extr actors. The other methods, on the contrary,
adopt the ResNet as the feature extractor and signi cantly improve accuracy at an acceptable computational cost,
showing that it should be unnecessary to specially design the sophisated network operations or modules for the
grasp detector. Furthermore, our model simpli es the ResNet-B as the feature extractor, which signi cantly reduces
FLOPs compared to the two-stage methods§], and adopts the common loss to train the network parameters, with
still gets higher accuracy than the other methods. This indicates hat the grasp detector should focus on size and
angle detection by fusing the feature maps and reducing angle regssion di culties.

The results of di erent models are reimplemented, trained, and evéuated on the same PC, with identical hardware
settings, thus with comparability. Speci cally, the \Time" in the table means the entire processing time for the
model to generate the nal grasp predictions, including pre-pro@ssing of the image, model forward calculations,
and post-processing to obtain the highest score grasp predictian We report the average time of all the prediction
processes of the samples from the 5-fold test sets, iterating thentire Cornell Grasp Dataset. The \Time" also
shows the e ciency of deploying the model in real-world experiments From the two tables, we can observe that our
model reports the highest detection accuracy and e ciency (shater prediction time) on both datasets compared
to other methods, including keypoint-based single-stage methodsnd the anchor-based two-stage method. This
demonstrates the e ectiveness of the proposed single-stageteded-anchor-based grasp detector.

Furthermore, according to the metrics described in Subsectior.1, we analyze the causes of the failure cases
of the Cornell Grasp Dataset and then split them into two categories: loU error (IoU-E) and angle error (A-E).
Compared with [8, 28], where the former regresses the angle parameter directly while thlatter encodes the grasp
angle by the rotated Gaussian bump, the ratio of loU-E and A-E, i.e.,lIoU-E/A-E, of our model is 15/7, which is
superior to that of 34/25 and 25/16 of [8] and [28], respectively. Our detection result shows a signi cant reduction
of the angle errors, in absolute number or as a proportion of the ttal errors. We also examine a variant model
based on 8], changing the horizontal anchor to the rotated anchor to exploe the performance of the two-stage
network structure, and the loU-E/A-E is 31/24. The decrease in A-E is not signi cant, which may be caused by
the di culty of training the intermediate proposal network and set ting appropriate hyperparameters. Based on
the classi cation and analysis of the error cases, we show the e @¢weness of the proposed model structure and
anchor module. Speci cally, the reduced number of the loU-E indicges that our feature fusion model and multi-
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Figure 12 (Color online) Selected false detection visualizations on the Cornell Grasp Dataset. (a) loU-E; (b) A-E.

size anchor strategy can generate proper-sized grasp basebus improving the grasp size prediction. In addition,
the A-E count is signi cantly reduced: both the number and ratio among the total errors are the lowest among
the compared methods. This result proves that the rotated anclors can reduce the di culty of the grasp angle
regression. The selected detection results of the loU-E and A-Era shown in Figure 12. Most false cases of loU-E,
shown in Figure 12(a), tend to generate oversized grasp areas based on the conts of the objects. The reason
could come from the inconsistent labeling standard of the Cornell Gasp Dataset, as the manual labels cannot check
whether the opening width is suitable for the robot hand, thus producing non-negligible side e ects on the model
training. For the A-E cases, shown in Figure 12(b), the di erences between the predicted angles and the ground
truth exceed 30, which is larger than the maximum angle threshold described in Subseion 4.1. Some A-E failures
are acceptable for single-object real grasp attempts, as no obws gripper collision is observed. In addition, force
closure can still be established by considering possible object rotatn during gripper closing. Reducing the size and
angle step settings of the anchors, described in Subsectia®2.1, could help generate more accurate grasp areas,
but at the cost of a heavier computational burden.

4.3 Fsim dataset results

Following the same experiment settings of the Cornell Grasp Datage we compare our model with the other models
on the generated Fsim dataset, including single-object scenes andulti-object scenes. The results are provided
in Table 4, and our model also reported the highest accuracy. In addition, dr each method, the accuracy of the
multi-object scene drops compared to that of the single-object &ene, meaning the former generated scene is more
challenging.

We show some qualitative results of the proposed model selectedofin the three evaluated datasets in Figurel3.
Our model can nd the possible grasp areas well, including the complexsshaped objects and multi-object scenes,
and gives dense grasp orientation predictions. Furthermore, maof the generated grasp areas in multi-object scene
images fall on the edges of the object stacks, meaning that our dector tends to nd the grasp pose with larger
blank spaces for the gripper. A possible reason for this promising seilt is that we consider the collision between
the gripper and the objects, which is easily triggered by the grasp @&ndidates located in the densely overlapping
area when generating the grasp label through the simulator.

4.4 Real-world grasp experiment

We design real-world grasp experiments to evaluate the e ectivengs of the proposed grasp detector and the Fsim
dataset. Three kinds of models that are trained by di erent datasets are deployed: (a) by the Cornell Grasp Dataset,
(b) by the Jacquard dataset, and (c) by the Fsim dataset (F-sinde and F-multi, respectively). Experiments (a) and
(b) will compare the performance of di erent methods, while expeiment (c) is mainly used to check the usefulness
of the generated dataset. We rst compare the results of our mehod with those of existing grasp detectors trained
on the same dataset to evaluate the e ectiveness of the model ineal-world environments. Then, we compare
the experiment results of each grasp detector trained on di ereh datasets. This comparison re ects the quality
of the training set. In other words, the domain gap of each dataseis evaluated and compared through real-
world experiments, where grasp detectors trained on these datets are tested in an unseen real-world environment.
Speci cally, a smaller domain gap between the dataset scene and thesal-captured scene tends to yield a trained
model with a lower false grasp rate in real-world experiments.

We collected 85 daily objects for the real experiments, as shown inigure 14(a). Due to the limited active area on
the table, these objects are divided into 6 groups, each containind0 or 15 objects. The relative positions between
the robot, camera, and experiment table are identical to the setings in the simulation. For each experiment, one
group of objects is placed in the box, shaken evenly, and placed orné¢ experiment table to formulate the overlap.
The real collected objects are diverse in shapes and contain challging complex-shaped objects other than standard
shape primitives, e.g., those with cascaded components or oversi®bjects with graspable geometric structures.
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Table 4 Detection accuracy on the Fsim dataset.

Accuracy (%)

Type Algorithm RGB Depth RGB-D
Morrison et al. [ 7] 89.0 90.1 92.1

Kumra et al. [ 32] 93.2 94.1 93.8

F-single Cheng et al. [ 8] 96.5 96.4 96.6
Cheng et al. [ 28] 96.5 96.1 97.2

Ours 98.4 98.9 98.3

Morrison et al. [ 7] 335 56.7 48.1

Kumra et al. [ 32] 69.4 72.7 79.4

F-multi Cheng et al. [ 8] 93.9 95.7 95.9
Cheng et al. [ 28] 92.2 94.0 93.2

Ours 96.3 98.0 96.9

Figure 13 (Color online) Results of the grasp area detections generat ed by our model. For each row, from top to bottom, the input ima ges
are from the Cornell Grasp Dataset, Jacquard dataset, F-sin gle, and F-multi in the Fsim dataset.

Furthermore, the scene with randomly and heavily overlapped objets introduces additional diversity and imposes
further accuracy requirements on the grasp detector, as an inacurate grasp pose will result in the collision between
the gripper and the object, leading to a false grasp attempt immedigely. This arti cially created cluttered scene is
designed to be more challenging than most domestic or warehouseweronments and can be regarded as a benchmark
experiment to evaluate the grasp detector. Then, RealSense D&3takes the depth image right above the table,
and the grasp detector generates the grasp con gurations fnm the depth image. Finally, the parallel gripper of
the Franka Emika robot is controlled to reach the grasp pose and clse the nger to grasp, lift, and transfer the
object. Figure 14(b) shows a typical grasp attempt procedure. We provide a video ¢ show the details of the robot
platform, the object we collected, and the process of the graspteempt ®. We count the number of false graspsNg
until all the objects are grasped. The false grasp attempt rateRg is then calculated asRg = Ng =(Ng +85). We
repeat the grasp experiments three times on each group of objexcand report the nal average Rg, summarized in
Table 5. Four other methods [7, 8,28, 32] are retrained based on the settings of their best results.

It can be observed that our method achieves the lowest error ras compared to all other methods, regardless of
which dataset is used for training. This demonstrates both the stong generalization capability and the e ectiveness
of our grasp detector working in a real-world scenario. Speci cally,compared to [7,8,28,32], our method drops the
average error rate on the two public grasp datasets by 8%; 11:9%; 3:9% and 31%. When focusing on each method,
i.e., each row of Table5, only Ref. [32] failed to grasp all objects when trained on the Fsim dataset. The model
cannot generate a su ciently large opening width for some objectsor keeps grasping the corner of the camera view

3) https://fsimdataset.pages.dev/videos/fsimexperiment .mp4 .
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Figure 14 (Color online) (a) Snapshot of all objects in the real grasp e xperiment. (b) The process of a single grasp attempt in a mult i-object
scene. From left to right, the images show the steps of taking an image, grasping an object, and lifting the object.

Table 5 False grasp attempt rates Rg (%) in real-world experiment.

Training dataset

Algorithm
Cornell Jacquard F-single F-multi
Morrison et al. [ 7] 23.0 21.8 18.0 17.7
Kumra et al. [ 32] 27.6 25.0 { {
Cheng et al. [ 8] 18.5 18.0 18.8 16.1
Cheng et al. [ 28] 18.3 16.7 17.2 13.6
Ours 14.7 14.1 11.1 10.5

on the table, which may be caused by the complicated model structte and over tting issue. For the other three
methods, we see the competitive accuracy of the F-single data cquared to the large-scale Jacquard dataset and
the lowest error rates trained by the F-multi among all the datasds, demonstrating the superiority of the proposed
Fsim dataset and its smallest domain gap to the real-world environmet Speci cally, F-multi can reduce the error
rates of [7,8,28] and ours by 03%; 2:7%; 3:6% and Q6% compared to F-single. F-multi more accurately re ects real
experimental conditions by taking into account not only the grasp d a single object but also potential collisions
between the gripper and other objects, as well as the reachabilitpf the grasp poses.

To further demonstrate the e ectiveness of our grasp labeling stategy, we change the total number of scanned
objects to generate a small-scale F-multi dataset. Note that thesmall-scale" refers to the total number of objects,
not the generated images of scenes. Speci cally, 5, 25, 45, and 60the 98 scanned objects are randomly selected to
generate around 1000 scenes for each group of them. Our modslthen trained by these datasets. The error rates
for these four datasets are 19%; 14:1%; 13:9%, and 126%, respectively. The decrease in error rate with an increase
in the number of objects shows the potential improvement in perfomance if more objects are scanned. Meanwhile,
the low error rates when the number of total objects is 5 or 25 shw the superior capability and robustness of
adopting our proposed simulation-based grasp area collection sttagy. In other words, only a very small number
of objects are needed to create a high-quality grasp dataset, vith achieves competitive accuracy in real-world
experiments.

5 Conclusion and future work

This work focuses on two key points to improve the success rate @fsion-based robot grasping: grasp pose prediction
and training data generation. We propose a single-stage rotate@nchor-based grasp pose detector, yielding improved
detection accuracy and e ciency. Our straightforward network shows that a complex feature extractor is not
required for grasp detection. On the contrary, a lightweight network not only saves computational resources but
also has high generalization capability. As for the grasp labeling, we clen that quality is as important as quantity.
The full-process grasp simulation and the real scanned objects nka our dataset outperform human-labeled datasets
or other large-scale synthetic datasets. Our grasp prediction mdel trained on the generated dataset sees only the
rendered image and simulated grasp areas without any reality imagesnd arti cial labels during training. In
real-world cluttered scenes, the trained model achieves the lowesrror rates.
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In the future, tactile sensing can be fused with the vision system. Tis sensing can provide additional perception
of the material, rigidity, and weight properties of objects, together with real-time force feedback during the contact
between the gripper and objects. This information helps to generee a closed-loop robot grasp policy that further
increases the grasp success rate. From the perspective of thatdset, di erent property settings can be assigned
to the substructures of a single daily object. For example, handlesare usually designed to be non-slip and thus
have large friction. The density can vary across di erent regions & the object. The sub-property di erentiation
can further increase the diversity and reality of the Fsim dataset and fully leverage the dynamic grasp evaluation
property of the simulator.
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