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Survey of Rigid Object Pose Estimation Algorithms Based on Deep Learning

GUO Nan, LI Jingyuan and REN Xi

School of Computer Science and Engineering, Northeastern University,Shenyang 110167, China
Abstract Rigid object pose estimation aims to obtain 3D translation and 3D rotation information of the rigid object in the camera
coordinate system,which plays an important role in rapidly developing fields such as autonomous driving,robotics and augmented
reality. The representative papers on rigid object pose estimation based on deep learning from 2017 to 2021 are summarized and
analyzed. The rigid object pose estimation methods are divided into coordinate-based, keypoints-based and template-based me-
thods. The rigid object pose estimation task is divided into four sub-tasks:image preprocessing, spatial mapping or feature ma-
tching, pose recovery,and pose optimization. The subtask realization of each method and its advantages and problems are intro-
duced in detail. The challenges of rigid object pose estimation are analyzed,and the existing solutions and their advantages and
disadvantages are summarized. Based on the rigid object pose estimation method, the articulated object and deformable object pose
estimation are analyzed. The common datasets and performance evaluation indexes of rigid object pose estimation are introduced,
and the performance of existing methods on common datasets is compared and analyzed. Finally, the future research directions of

pose tracking and class rigid object pose estimation are prospected.

Keywords Computer vision,Rigid object,Pose estimation,Pose optimization,Deep learning
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Table 2 Implementation of rigid body pose estimation subtask based on deep learning and its advantages and disadvantages
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Fig. 1 General process of coordinate-based rigid object pose

estimation method
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Fig. 3 General process of template-based rigid object pose estimation

method
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Table 5 Comparison of typical template-based rigid object pose

estimation methods
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Table 6 Typical rigid object pose estimation method solutions
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Table 7 Introduction to common datasets
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Table 8 Performance indicators on LineMOD and LineMOD Occlusion

datasets of each method

. LineMOD Occlusion
i ADD(-S)/ % FPS ADD(-S)/ % FPS
Brachmann et al.
(z0165017] 32.30 2 — —
Brachmann et al.

(2017)43] B N 76.70 B
PoseCNN(2017)[34] — — 24,90 4
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SSD-6D(2017)133] 76. 30 12 — -
Heatmaps(2018) 28] — — 25. 80 4
YOLO-6D(2018)[39] 55.95 50 6.42 —
CDPN(2019)[41] 89. 86 33 — —
DPOD(2019)L24] 82.98 40 32.79 -
DenseFusion(2019)L101 86. 20 20 — —
PVNet(2019)27] 86. 27 25 40.77 -
Hu % (2019)[15] - — 27.00 20
Pix2Pose(2019)22] 72.40 8~10 32.00 —
G2L-Net(2020)[25] 98. 70 23 — -
Hu % (2020)[16] — — 43.30 45
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AAE(2020)32] 31. 41 42 — -
PVN3D(2020)L31] 99. 40 5 — —
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FS-Net(2021)L70) 97. 60 20 — -
SD-Pose(2021) 48] 94. 30 — — —
SSD-6D* (2017)L33) 90. 90 10 — —
Heatmaps * (2018)28] - — 30. 40 —
DPOD* (2019)[21) 95.15 33 47.25 —
DenseFusion * 94. 30 16 o B

(2019)[10]

# 9 KA YCB-Video BUHE 4 (1M RE 45 45

Table 9 Performance indicators on YCB-Video dataset of each method

ADD(-S) ADD-S

7k ADD(-S)/% ADD-S/% AUC/ Y% AUC/% FPS
PoseCNN(2017)[34] — — 61.3 75.9 5.0
DeepIM(2018)L38] - — 81.9 88.1 —
Heatmaps(2018)[28) 33.6 53.1 - 72.8 —
PVNet(2019)27] — — 73.4 — —
Hu % (2019)[15] 39.0 — — - —
DenseFusion(2019)[10] - 95.3 — 91.2 20.0
G2L-Net(2020) 25 — — — 92.4  21.0
Hu % (2020)16] 53.9 — - - —
PVN3D(2020)31] - — 91.8 95.5 —
MorcFusion(2020)42] — — 91.0 95.7 -
GDR-Net(2021)L23] 60.1 — 84. 4 91.6 —
PoseRBPF(2021)71] — — — 75.4 11.5
PoseCNN* (2017)[31] — 93.2 — 93.0 0.1
DenseFusion* (2019)L10] - 96.8 — 93.1  16.0
CosyPose * (2020)[59] - — 84.5 89.8 —
PVN3D* (2020)31) — — 92.3 96. 1 —
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