H31E H4W HL T 5 AR 2 4R Vol.37 No. 4
122 JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2023 4F 4 A

DOLI: 10. 13382/j. jemi. B2306247

ET3¢ti5 EP1 Bk 6D i Z it A&

& B KAk I s ExE
(BT ARG FE =B A8 230601)

& E LRI ] LR e SR GER IR 5 7 15 B, A BT RGB AL RERS B8 41 b 48 7 7 57 ) = Ak 4540 T L] e
fiE 46 HAR 6D AL Al 4 A MRe R3S, XTI RCB D BAGTH 7 IR A6 B 22 5 T RS B AR 5k 22 109 [ B, A% 3¢
HRAR I T —Fh T3 B i 3 i 45 AU 26 P 28 B R LAl Ok o 20 15 8 S8R F XU EPT gl B b SE I = i 4 8k
PR A O EPL RBARANG | AJK SRR B EPL BRVE T 18 xHe 28 184 B2 {5 B DG i B AR BE 1, I i L%
SCEEAE LA TR MR R R A BRI, LUK R T BB 22 1 RRIE SR A AR St ER I 9 K S AN 1 ) 6t EPT &
ERREREAT AR LR SCR A (o 45 7R TR AR 3R S i ) B T B A 34 A 2 Ry AR R AR 2R R o T e B A JE 1A, AR S
ffH Lytro Mlum YCHMPLRE LY M@ T — N F & B 5 E 406 0 S5k ——LF-6Dpose,, L0 LE IR 4L
LF-6Dpose _E [ 52 86 25 2R 0 1% )7 8548 ADD-S £ 2D Projection $855 I -S40 ZEAG MRS 1 73514 57. 61% 1 91. 97% , i T H:
fhFEF RGB Ayt 5 ik , BEAE HE A i ff U 2 2 5% T 1 HLAR 6D Ar A i m]

KA ;6D MLEAN T G A BEIRSE ; EPT BMEER ; FRIF R A5 ; SN

E4ZEE: TN9L;TP391. 41 XHEFRIRAG: A ERREFHSOEKRE. 510.4050

6D pose estimation method based on light field EPI image stack

Li Yang Zhang Xudong Sun Rui Fan Zhiguo

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

Abstract: A single shot of a light field camera can record the intensity and direction information of light at the same time. Compared
with the RGB camera, it can better reveal the three-dimensional structure and geometric characteristics of the scene and has unique
advantages in the field of object 6D pose estimation. Aiming at the problems of low detection accuracy and poor robustness in complex
scenes in existing RGB pose estimation methods, this paper proposes an end-to-end convolutional neural network object pose estimation
method based on light field images for the first time. In this method, the dual-channel EPI encoding module is used to process high-
dimensional light field data. By reconstructing the light field EPI image stack and introducing horizontal and vertical EPI convolution
operators, the modeling ability of the spatial angle information association of the light field is improved. Two-branch siamese network for
shallow feature extraction of light field images. Secondly, a feature aggregation module with skip connection is designed to perform global
context aggregation on the concatenated light field EPI shallow features in the horizontal and vertical directions, so that the network can
effectively combine global and local feature clues when predicting pixel-by-pixel key point positions. To solve the problem of insufficient
light field data, this paper uses the Lytro Illum light field camera to collect real scenes and constructs a rich and complex light field pose
dataset—LF-6Dpose. The experimental results on the light field pose dataset LF-6Dpose show that the average pose detection accuracy of
this method is 57. 61% and 91. 97% under the ADD-S and 2D Projection indicators, which surpasses other advanced methods based on
RGB and can better solve the target 6D pose estimation problem in complex scenes.
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Fig. 1 The network structure of the method
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Table 1 Quantitative results of ablation experiment
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Table 2 Quantitative comparison of different methods on ADD-S indicators

. ADD-S

ik AVG - -
Cone Crosscone Crosscuboid Cube Cuboid
YOLO6D 40. 45 24. 68 32.70 28.20 60. 46 56.22
PVNet 46. 89 38.75 36. 82 32.58 64. 64 61.67
GDR-Nett 52.87 40. 82 46. 44 42.63 69. 86 64. 61
PFA 54. 50 43.07 48.75 46. 96 68. 64 65. 08
AL 57.61 42.56 53.97 48. 14 74.51 68. 87




- 128 - G R - C I T 8375
*£ 3 A[EFFIETE 2D Projection iEir FHIEE LI
Table 3 Quantitative comparison of different methods on 2D projection indicators
2D Projection
Tk AVG

Cone Crosscone Crosscuboid Cube Cuboid
YOLO6D 80. 53 81.85 79.12 72.27 86. 82 82.61
PVNet 86. 90 86. 42 86. 62 86. 15 88. 61 86.72
GDR-Net 89. 61 89. 96 88.93 87.02 91. 88 90. 24
PFA 90. 78 92.18 89.01 90. 76 91.32 90. 62
AR 91.97 91.73 90. 38 90. 51 94. 86 92. 38
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Fig.5 3D bounding box visualization
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