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6D pose estimation method based on light field decoupling

Ding Xiao Zhang Xudong Fan Zhiguo Sun Rui

(School of Computer and Information, Hefei University of Technology, Hefei 230601, China)

Abstract: Light field imaging technology can capture both the spatial and angular information of light in a scene simultaneously. It is
commonly used in various computer vision tasks. A two-stage 6D pose estimation method leveraging light field decoupled feature fusion is
proposed. The aim of this method is to overcome the limitations of RGB image pose estimation methods when predicting pose in complex
scenes with severe occlusion and truncation, illumination changes, and similarity between objects and backgrounds. Various feature
extractors are utilised to decouple the light field macro-pixel image and map it to the feature space. An attention mechanism is then
introduced to fuse the spatial, angular and EPI information to provide effective and reliable features for the downstream pose estimation
network. Additionally, the back-projection is applied to the keypoints prediction network to minimise information loss during feature
transfer. Experiments on the LF-6Dpose light field pose estimation dataset demonstrate that this method achieves 91.37% and 70. 12%
for the average closest point 3D distance for symmetric objects ( ADD-S) and 2D Project metrics, respectively. This represents a 12. 5%
improvement compared to existing state-of-the-art methods in 3D distance metrics and more effectively solves the problem of estimating
the 6D pose of objects in complex scenes.
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Fig.2  Schematic diagram of light field image decoding
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Table 1 Quantitative comparison of 2D Project using different methods

2D Project/%

ks Average Cone Crosscone Crosscuboid Cube Cuboid
YOLO6D 81. 82 81.13 83. 44 76.27 87.35 80. 89
PVNet 87.06 86. 89 87.09 85.62 88.91 86.77
GDR-Net 90. 37 89. 54 90. 24 89.02 92.21 90. 83
PFA 90. 64 92.18 89. 65 88.96 90. 88 91. 54
EPI-Pose 91. 97 91.73 90. 38 90.51 94. 86 92.38
AR5k 91.37 90. 31 92.47 90. 51 93. 14 90. 40
®2 ATEFER ADD-S EELLE
Table 2 Quantitative comparison of ADD-S using different methods

S ADD-S/% : :
Average Cone Crosscone Crosscuboid Cube Cuboid

YOLO6D 40. 50 26.02 32.43 30. 41 60. 38 53.24
PVNet 47.27 39.35 36. 17 32.56 65. 51 62.74
GDR-Net 53.61 42.70 47.55 43.63 69.55 64. 61
PFA 54.38 43.62 48.21 45.92 69. 63 64.52
EPI-Pose 57.61 42.56 53.97 48. 14 74.51 68. 87
RIT7 70. 12 56.75 71.55 65.42 81.70 75.17
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project b I BEAT 45 W 8 A9 ARk (H R FE = 4k 4845 ADD-
S FREMRT 8.50%, 6D I A% 1) vE B 15 0 FA 15 4
IR IEA G XU I T 6 i R AE F A RE S A XL

FRBOLT FGR I BERHE , I BEA ROUAR T 6D £ 24l
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3 A EEBRA 2D Project EELLE

Table 3 Quantitative comparsion of 2D Project of different modules

2D Project/ %

=
— Average Cone Crosscone Crosscuboid Cube Cuboid
SAIF+BackProj 89.52( 11.58) 89. 66 90. 68 87. 80 90. 07 89.39
SAFF+BackProj 83.2( 18.17) 78.01 88.47 84.92 83.53 84.17
SAFF+SAIF 90.02( | 1.35) 90. 04 91.63 89. 16 90. 20 89.07
SAFF+SAIF+BackProj 91.37 90. 31 92.47 90. 51 93.14 90. 40
F®4 TREERE ADD-S EEILE
Table 4 Quantitative comparison of ADD-S of different modules
Sy ADD-S/% : :
Average Cone Crosscone Crosscuboid Cube Cuboid
SAIF+BackProj 89.52( 1 1.58) 89. 66 90. 68 87.80 90. 07 89.39
SAFF+BackProj 83.2( 18.17) 78.01 88.47 84.92 83.53 84.17
SAFF+SAIF 90.02( | 1.35) 90. 04 91.63 89.16 90. 20 89. 07
SAFF+SAIF+BackProj 91.37 90. 31 92.47 90. 51 93.14 90. 40
RS5 AEAESBEUEMAVWES LR
Table S Quantitative comparsion of pose regression with different angle resolutions
R+ iz Average Cone Crosscone Crosscuboid Cube Cuboid
%3 2D Project/ % 91.05( 1 0.32) 90. 31 90. 58 88. 81 90. 52 94. 04
ADD-S/% 61.62( | 8.50) 46. 02 59. 41 58. 64 74.18 69. 87
55 2D Project/% 91.37 90. 31 92.47 90. 51 93.14 90. 40
ADD-S/% 70. 12 56.75 71.55 65.42 81.70 75.17
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Fig. 4 Qualitative experiments with masked or truncated scenes
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Fig.5 Qualitative experiments on object and background similarity scenes
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