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Automatic data collection and annotation system for a pose estimation dataset designed

for grasping detection

CHEN Peng, BAI Yong™, SUN Hanxiang

School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China
DXACorresponding author, E-mail: b18234912627@163.com

ABSTRACT Robotic grasping has extensive applications in fields such as logistics sorting, automated assembly, and medical surgery.
Grasping detection is an important step in robotic grasping. Recently, with the decrease in their costs, depth cameras have been gradually
applied for grasping detection, which has promoted the application of pose estimation-based methods for robotic grasping. However,
most publicly available RGB-D image-based pose estimation datasets rely on equipment such as expensive 3D laser scanners to obtain
3D models of target objects. Meanwhile, the annotation process relies heavily on manual operation, which is time-consuming, labor-
intensive, and unfavorable for the creation of large-scale datasets. To address these issues, this study implements a dataset automatic
acquisition and annotation system aimed at developing RGB-D image-based pose estimation methods for robotic grasping. The proposed
system deploys easily and does not require an expensive 3D laser scanner. RGB-D image sequences are obtained only by an off-the-shelf
depth camera, and the system can automatically acquire the reconstructed 3D model of the target object, annotated pose information, and
2D image segmentation masks. During the process of developing the automatic annotation algorithm for the proposed system, a novel
minimum spanning tree-based normal propagation method is proposed to guarantee that consistent normal directions can be acquired so

that deformations or tearing on the reconstructed 3D surface caused by inconsistent normal directions can be avoided. During the
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experiments, the proposed system created a pose estimation dataset containing 84 objects with 8400 RGB-D images. 3D models, image
segmentation masks, and 6D poses were annotated by the system in every RGB-D image for each object. To evaluate the accuracy of the
annotated segmentation masks, the annotated segmentation masks and the corresponding manually labeled results were compared.
Furthermore, the accuracy of the annotation results was also assessed from the performance of an instance segmentation network trained
by the annotated image masks. To evaluate the accuracy of the annotated poses, a point cloud registration mission was launched to align
the model point cloud and the scene point cloud using the annotated pose parameters. Furthermore, a category-level pose estimation
network was trained using the annotated pose parameters, and its performance can directly reflect the accuracy of the annotation results.
The experimental results show that the overlapped area between the annotated mask and the manually labeled mask is greater than 98%.
Additionally, a 100% alignment rate can be achieved, meaning that the model point cloud can be aligned to any scene point cloud
through the corresponding annotated pose parameters. These results demonstrate that the designed and implemented system in this paper
can be used to sufficiently create a high-quality dataset for developing real pose estimation-related solutions. A solid data foundation can

be provided on the basis of the proposed system for future research and application of deep learning models aimed at robotic grasping

detection.

KEY WORDS grasp detection; automatic labeling; 3D reconstruction; pose estimation; segmentation mask
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Fig.3 Schematic of data collection: (a) shooting objects from multiple angles; (b) rotating the angle between the camera and the ground
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Fig.8 Target object segmentation effect: (a) original image; (b) seg-

mentation mask corresponding to the objects
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Fig9 RGB-D images of different objects in a homemade dataset:
(a) bottle; (b) can; (c) box
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Table 1 IoU calculation results %
Bottle Can Box Average
98.2 97.3 99.1 98.3
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Fig.11  Segmentation annotation visualization: (a) manual annotation;

(b) automatic annotation
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Table 2 MSE, inlier_rate, and alignment rate of the self-made datasets

Object MSE/mm’ Inlier_rate/% Alignment/%
Bottle 5.25 39.5 100
Can 7.48 32.6 100
Box 4.12 56.4 100
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GPV (Geometry-guided point-wise voting) &I
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Fig.12  Visualization of pose labeling experimental results: (a) bottle;
(b) can; (c) box
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Table 3 Test results based on the GPV model

Pose matching accuracy/%

Object 3DIoU75/% 3DIoU50/%
5°2 cm 5°5 cm 10°2 cm 10°5 cm
Bottle 95.5 98.6 78.7 82.4 93.6 99.6
Can 94.0 97.9 84.7 89.9 100 100
Box 95.2 98.1 85.2 90.6 100 100
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Table 4 Instance segmentation experimental results

Object APsy/% AP;5/% APys/%

Bottle 97.5 96.5 91.8
Can 982 96.8 925
Box 98.6 96.5 92.9

#5  HisHsEmai i

Table 5 Target detection experimental results

Object APsy/% AP75/% APys/%

Bottle 97.5 96.5 89.2
Can 98.2 96.8 90.9
Box 98.6 95.2 90.4

Bl 13 Mask RCNN Bl 5 R al ik, (a) BOWEER 1; (b) TINZER 2;
(c) TIMEER: 3; (d) PSSR 4

Fig.13  Visualization of Mask RCNN prediction results: (a) prediction
result 1; (b) prediction result 2; (c) prediction result 3; (d) prediction
result 4

4 Hie

AR SCE AT I S BT — T ) PICBCRS: I Ay 3 T
RGB-D EIME M AL B A 11804 5 A 8 R E bR iE &R
45, % F %M RGB-D KL Hl H s REF & 5%
Pt 5 F Bl A 1 R0k T R 4 A8 . HOR T A A
& B B 1) = AEHOG R OR SR E bR AR ) = 4
RS Al B R 8 AH ML R 48 RGB-D BIHE Y %1, IF
i 2 XF % RGB-D E& )7 511 43, RIaT [ s A5
HARYIAR I = SRR | (L EBHL, LL L RR r EE
. BeAh, TR A shhR R AE T, O T
TR LR T 1A AN — BN BOAY = 28 2 1 R A L B
AR T o 24 A5 B, AR SCIR AR T — 3 T B
A AR P 7 A Rk S Al A S
B B S REVRTE RS, L H & AT L

Gy OBV . A SR BARX 4, HilME T —
A~ H A7 8400 7K RGB-D EIR B4R, 43 % 1% %k
P 5 vh 3 BRSO B SR bR T B AT T T
i, BB H bR 25 a0 1 96 N TARTESS R, 5K
3 K SC e B B £ Y T GPV LA Mask
RCNN A5 B {4 11 25 Al it ot 72 o, & BH e 3R A
(1) o 24 A R0 LA 5 v I TS R, 156 BH Pl AR S
BT Y 3R 45 AR 08 50 0 B0HE 45 0 & T ROR AR S A%
T, BEAE Sy T 1) PICHROR 0 114 % 5 2 20 A5 784 (1 F 5
Jo7 FH R A B e 1 500 il

2 % x #t

[1] XulJ,LiuN,LiDP, etal A grasping pose detection algorithm for
industrial parts based on grasping clusters and collision voxels.
Robotics, 2022, 44(2): 153
(BRitk, 0, 2480, 55, —RhIE THUBGR A REHE AR #9 Tolk %
PTG SR . HLER A, 2022, 44(2): 153)

[2] Xia HY, Suo S F, Wang Y, et al. Object grasping detection
algorithm based on keypoint RCNN improved model. Chin J Sci
Instrum, 2021, 42(4): 236
(BT, BWE, I, %. 2T Keypoint RCNN #5154
PRI AXRRRAAIE, 2021, 42(4): 236)

[3] Mao L B, ShiJ L, Zhou Z Q, et al. Robot grabbing method based
on single-view key point voting. Comput Integr Manuf Syst, 2023,
29(11): 3572
CERE, 24T, JH kR, 5. BT KOG R BER P A
IT7 k. A 2R 5, 2023, 29(11): 3572)

[4] Tremblay J, To T, Sundaralingam B, et al. Deep object pose
estimation for semantic robotic grasping of household objects
//2nd Conference on Robot Learning (CoRL). Zurich, 2018: 306

[5] Wan Y D. Research on Stable Grasping Pose Estimation Based on
Deep Learning [Dissertation]. Harbin: Harbin Institute of
Technology, 2022
T3t 2. HE T2 2] R e UL A THRIFSE [ A0 .
W RIS : IRV ol K%, 2022)

[6] LiSF,ShiZL, Zhuang C G. Deep learning-based 6D object pose
estimation method from point clouds. Comput Eng, 2021, 47(8):
216
(ZE7%, AR, RN BT URBEE T R R s S de i
it ik, HHEHLTAR, 2021, 47(8): 216)

[7] He X, LiJ C, Jin L, et al. A synthetic dataset and performance
evaluation for 3D template tracking. Chin J Comput, 2022, 45(3):
585
(f5%, 252, o7, 4. = HERIMER B A0 SR & OB R SR A
RS LR, 2022, 45(3): 585)

[8]  Wu F D. Research on Image Enhancement Algorithms for Uneven
Illumination and Low Illumination at Night Based on Deep
Learning [Dissertation]. Hangzhou: Zhejiang Gongshang Univer-
sity, 2022


https://doi.org/10.11897/SP.J.1016.2022.00585
https://doi.org/10.11897/SP.J.1016.2022.00585

- 1468 -

TRERLF2ER, 26 46 5, 5 8 1

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

(RIUT . FETIREE A 2] (AR 229 01 BRI 18] 0% HE 2 ) fs i
TR LS. BN WL TR, 2022)

Hinterstoisser S, Lepetit V, Ilic S, et al. Model based training,
detection and pose estimation of texture-less 3D objects in heavily
cluttered scenes // Computer Vision—-ACCV 2012: 11th Asian
Conference on Computer Vision. Daejeon, 2012: 548

Li HY, Lin J H, Jia K. DCL-net: Deep correspondence learning
network for 6D pose estimation // European Conference on
Computer Vision. Tel Aviv, 2022: 369

Kaskman R, Zakharov S, Shugurov I, et al. HomebrewedDB:
RGB-D dataset for 6D pose estimation of 3D objects //
Proceedings of the IEEE/CVF International Conference on
Computer Vision Workshops. Seoul, 2019: 15

Tyree S, Tremblay J, To T, et al. 6-DoF pose estimation of
household objects for robotic manipulation: An accessible dataset
and benchmark // 2022 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS). Kyoto, 2022: 13081

Wang H, Sridhar S, Huang J W, et al. Normalized object
coordinate space for category-level 6D object pose and size
estimation // Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Long Beach, 2019:
2642

Garrido-Jurado S, Mufioz-Salinas R, Madrid-Cuevas F J, et al.
Automatic generation and detection of highly reliable fiducial
markers under occlusion. Pattern Recognit, 2014, 47(6): 2280

Li W T, Wang Y C, Shao Y, et al. TrackPuzzle: Efficient
registration of unlabeled PDR trajectories for learning indoor route
graph. Future Gener Comput Syst, 2023, 149: 171

Choi S, Zhou Q Y, Koltun V. Robust reconstruction of indoor
scenes // Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Boston, 2015: 5556

Niedzwiedzki J, Lipinski P, Podsedkowski L. IDTMM: Increm-
ental direct triangle mesh mapping. /EEE Robot Autom Lett, 2023,
8(9): 5416

Li J L, Saydam S, Xu Y Y, et al. Class-aware tiny object

[19]

[20]

[21]

[22]

23]

[24]

[25]

[26]

[27]

28]

recognition over large-scale 3D point clouds. Neurocomputing,
2023, 529: 166

Han J L, Liu Y Z, Rong M, et al. FloorUSG: Indoor floorplan
reconstruction by unifying 2D semantics and 3D geometry. ISPRS
J Photogramm Remote Sens, 2023, 196: 490

Kazhdan M, Hoppe H. Screened poisson surface reconstruction.
ACM Trans Graph, 2013,32(3): 1

Ma X L, Xue H R. Point cloud normal vector estimation method
based on iterative least squares. Comput Simul, 2023, 40(7): 363
(Th2a 3, B Al B TR AR/ 3 5 2 s 1) s A 7 ik
HHLG B, 2023, 40(7): 363)

Cheng J K. Remote Sensing Image Feature Classification Based
on Deep Learning [Dissertation]. Xi’an: Xidian University, 2022
ORI JE T B ) BRI R ) /3 2K [E AR ). V%
P RHE R, 2022)

Wang Q M. Research on Improved Methods of Intersection and
Union Prediction in Target Detection [Dissertation]. Wuhan:
Huazhong University of Science and Technology, 2022

(EJE . B AR b 22 3 Lo 0 9 et 5 i 98 [ i 3]
BB AR RHRAE, 2022)

Duan D Y, Qiu W G, Cheng Y J, et al. Reconstruction of shield
tunnel lining using point cloud. Autom Constr,2021: 103860

Lyu Z, Kong Z, Xu X, et al. A conditional point diffusion-
refinement paradigm for 3D point cloud completion // Interna-
tional Conference on Learning Representations. Vienna, 2021

Li W, Wang C, Lin C, et al. Inlier extraction for point cloud
registration via supervoxel guidance and game theory optimiz-
ation. ISPRS J Photogramm Remote Sens, 2020, 163: 284

DiY, Zhang R D, Lou Z Q, et al. GPV-pose: Category-level object
pose estimation via geometry-guided point-wise voting //
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. New Orleans, 2022: 6781

He K M, Gkioxari G, Dollar P, et al. Mask R-CNN // Proceedings
of the IEEE International Conference on Computer Vision. Venice,

2017: 2961


https://doi.org/10.1016/j.patcog.2014.01.005
https://doi.org/10.1016/j.future.2023.07.019
https://doi.org/10.1109/LRA.2023.3293751
https://doi.org/10.1016/j.neucom.2023.01.094
https://doi.org/10.1016/j.isprsjprs.2023.01.020
https://doi.org/10.1016/j.isprsjprs.2023.01.020
https://doi.org/10.3969/j.issn.1006-9348.2023.07.069
https://doi.org/10.3969/j.issn.1006-9348.2023.07.069
https://doi.org/10.1016/j.isprsjprs.2020.01.021

	1 RGB-D图像数据自动采集平台
	2 数据集自动标注算法
	2.1 算法总体流程
	2.2 点云配准与对齐
	2.3 获取完整场景点云
	2.4 目标物体表面重建
	2.5 获取分割掩码
	2.6 标注目标物体6D位姿

	3 实验结果与分析
	3.1 自制数据集
	3.2 分割掩码标注准确度实验
	3.3 位姿标注准确度实验
	3.4 基于GPV模型的测试
	3.5 基于Mask RCNN模型的测试

	4 结论
	参考文献

