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Abstract: In the real world, hands inevitably interact with objects. Understanding the interaction behav-
iors and intentions between human hands and objects is of great research significance. This paper tackled

the low-accuracy pose-estimation issue during hand-object interaction, caused by mutual hand-object occlu-
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sion, hand self-occlusion, and complex backgrounds. A 3D pose-estimation method for hands and interact-
ing objects, which combined multi-modal features and structure awareness, was proposed. This method
exploited the multi-modal features of color and depth images for information complementarity, effectively
addressing complex backgrounds, hand self-occlusion, and hand-object mutual occlusion. Second, graph-
structure-based awareness modules for the hand, the object, and their interaction were designed to help es-
timate more reasonable and accurate 2D poses. Finally, the obtained 2D poses were merged with depth-
image depth information, and texture features were used to optimize the merged 3D poses for the final
hand-object interaction 3D pose. To verily the method’s effectiveness, experiments were conducted on da-
tasets like FPHA and HO-3D. The hand and object pose errors are reduced to 9. 62 mm and 14. 37 mm,
respectively. Results show the proposed method outperforms existing ones and has strong robustness and
generalization.
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Tab.1 Dataset of hand-object interaction pose estimation

nd
Dataset  Year Image | Object label ~ Type

FPHA-HO 2018 21501 Joint Pose, Mesh RGB-D
HO-3D 2021 77 558 Joint Pose RGB-D

3.2 iFfhfELR

WA SCHk o A T S S B R R R
i 3+ J7 ¥ L A SC o3 S T 3 4 35 % 22 (Hand
Pose Error, HPE) ¥ & % 4 12 2 (Object Pose
Error, OPE) . & IF #ff 5¢ 5 &5 & 43 H (Percent-
age of Correct Keypoints, PCK) LA K& ¥ { 1E #f &
A 43 b (Percentage of Correct Pose, PCP) 4
VEAL $8 b5 Al 3 B T3 5 28 B AR 5 A A R
TTPEHr . T30 3D PCK i 4 4 #itil i) G HE s 5
LS OC e Y BE S /N T 45 B (B R 20K )
{14 Lo 81 s 9 1 2D PCP il 2k 2 4 TU 6D 9y 14 14 25
15 2D W 85 05 B AR TR 22/ T — E BE
(AR ZE) M. BeAh, i S fik 7 538 3D
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der the Curve, AUC),
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Tab.2 Testresults of the FPHA-HO dataset (mm)

Method HPE OPE
H+0" 15.81 24.98
HOT-Net'"*" 15.18 21.37
HOPE-Net™! 15.04 21.33
Zhang'™' 14.97 23.07
Zhuang'*?! 12.53 19.09
Ours 9.62 14. 37

Kl 6 2 FPHA-HO 04 £ 76 6] B 46 & 19
w8 3D PCK i 2k . M tha] LIE H 75 45 5 1Y O~
80 mm 1Y |5 {EL 7 il A, A< SC 7 125 8 AR B 200 T
i 38 5 3¢ BRSO, TR AL
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Fig.6 3D PCK curve of hands in the FPHA-HO dataset
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Fig.7 2D PCP curve of objects in the FPHA-HO dataset
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Tab.3 Test results of the different interaction scenarios

(mm)

Juice Liquid Soap Milk
HPE OPE HPE OPE HPE OPE
HOPE-Net™ 12.27 19.40 14.92 22.57 18.12 27.03
Zhuang™*”’ 9.82 17.54 12.19 18.23 14.87 19.60
Ours 8.34 11.47 9.98 13.25 12.24 15.25

Method

T AT A R R AN [R] T 28 B AR ) R
1A T ROR  TF R T VX b se g, 45 SR
K8 s, Hov, A ZRbn T 19 O EL(H, B (L 4
SR Y S TN CF2 B DL IR 7 ) o DA SE
55 25 B b Al LU 48 Lk T HOPE-Net, Zhuang
S5 NHE Y T i AR SO TR RE A8 T 4 b A 4 T
FAZ B YA 3D %35, Ju HJE X5 T W AR JE R i
Ho R AT AT IR B ARER o,
JIF A 7 AR RR A S I A T T S A A AR S
J7 A€ F-48 PIP F DIP 5C K W A Ay o5 Ak
THE8E ST Ry A, R O T 958 R 4 R ) A O AfE T
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Fig.8 Qualitative comparison experiment of the FPHA-HO dataset
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Fig. 9 Qualitative experimental results of different hand-object interaction scenarios
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Tab.4 AUC experimental results of different datasets

AUC on AUC on
Dataset Method

3D PCK 2D PCP

HOT-Net'"*"! 0.829 0.595

FPHA-HO Zhang"™ 0. 839 0. 654

Ours 0.851 0.748

HOT-Net"“" 0.819 0.567

HO-3D Zhang™" 0.805 0.583

Ours 0.837 0.601
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Tab.5 Experimental results of different modules of the

network (mm)
Method HPE OPE
Zhuang!*® 12.53  19.09
w/o Depth 12.23 18.17
w/0 RGB 11. 38 16. 52
w/o Adaptive fusion module 10.91 16. 44
w/o Interactive learning module 11.07 16.49
w/o0 3D Optimization module 9.85 15.28
Ours 9.62 14.37
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Tab.6 Experimental results of different input images of the network (mm)
HPE OPE
Image
2D(zy) z 3D 2D(xy) z 3D
RGB 9.54 8.24 12.23 14.17 12. 26 18.17
Depth 9.13 4.80 11. 38 13.25 7.39 16.52
RGB-D 7.68 4.74 9.62 11.48 7.08 14.37
4 2 FPHA-HO, HO-3D % B A7 — 5 10 3R 1% 19 B dls

A SCHR H — R R 2 B R AR 5 25 4 B
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