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Target Position Detection Based on Bidirectional Fusion of Texture and Depth

Information

ZHANG Yawei, FU Dongxiang

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: Aiming at the problem of how to obtain accurate positional information of objects in unstructured
scenes by depth cameras with limited hardware device resources, a target position detection method based
on bidirectional fusion of texture and depth information is proposed. In the learning phase, two networks
adopt the full-flow bidirectional fusion (FFB6D) module, the texture information extraction part
introduces the lightweight Ghost module to reduce the computation of the network, and adds the attention
mechanism CBAM that can enhance useful features, and the depth information extraction part extends the
local features and multilevel feature fusion to obtain more comprehensive features. In the output stage, in
order to improve the efficiency, the instance semantic segmentation results are utilized to filter background
points, then 3D keypoint detection is performed, and finally the position information is obtained by the
least square fitting algorithm. Validations are carried out on LINEMOD, Occlusion LINEMOD and
YCB-Video public datasets, whose accuracies reach 99.8%, 66.3% and 94%, respectively, and the
amount of parameters is reduced by 31% , showing that the improved position estimation method can

canreduce the number of parameters while guaranteeing the accuracy.
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RGB-D i DenseFusion .BiCo-Net LA} FFB6D J5 15 4% B2 4 v, H G B 12 S 25 o X He DL 4 Fpor ik,
AR SCHEF W FEB6D 19 J5 WA SR e b AE sl 8 E 4T T 30%0, Hob5 i ADD(S) 845 F¥I{E M 99.7%
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Fig.10 Position detection results on LINEMOD dataset

F 1%L T PoseCNN ., DenseFusion.BiCo-Net X2 FFB6D X 4 f 57 ¥, 341 i} T LINEMOD %% 42
RSN B ADD (S) HER 28 . 38 3 52 50 FHE 7T DL & AR SCPT B 0 S A A TR B v T A R 2R T
B, B VA A 8 Wik 3 7 99.8%0 0 TE 2 AN U T A i (19 43R, A1 45 Bench vise .Camera,
Cat.Lamp .Hole puncher, 5 iE 7% 77 % HA B AR . £ 2 AT iE7E Occlusion LINEMOD
K% 5 PoseCNN . PVN3D \BiCo-Net A & FFB6D Yy H A 25 5, 2 p PVN3D . FFB6D J& 3 F 3D
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Table 1 Comparison of results of different algorithms on LINEMOD dataset %
Object PoseCNN DenseFusion FFB6D BiCo-Net Ours
Ape 77.0 92.3 99.1 97.3 99.4
Bench vise 97.5 93.2 100.0 98.8 100.0
Camera 93.5 94.4 100.0 99.6 100.0
Can 96.5 93.1 100.0 99.3 100.0
Cat 82.1 96.5 99.5 100.0 99.8
Driller 95.0 87.0 99.7 98.9 99.9
Duck 77.7 92.3 98.4 98.7 98.6
Eggbox 97.1 99.8 99.5 99.8 99.7
Glue 99.4 100.0 100.0 99.8 100.0
Hole puncher 52.8 92.1 100.0 99.2 99.9
Iron 98.3 97.0 99.9 100.0 99.8
Lamp 97.5 95.3 99.8 99.7 99.9
Phone 87.7 92.8 99.6 99.2 99.7

Mean 88.6 94.3 99.7 99.3 99.8
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WE B LR 2142 BIAE 5 AR [R5 1 W 3 24 Bi(c)"’N“ 22?

urs S

N 3 Fron , W REA SCT5 M Re s T Al 4 A,
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5 FFB6D — FE#f 2 T 6 B o5 A0 R AF @l 5 550 3k, mT DA 7 7™ B 3 P4 R R DG St A 22 180 G LT 56 2R fifi o7
B T RORE BE ST N fERf , H ADD-S I ADD(S) 43 il ik 81 96.7 % F194% . &l 11 /R T 76 YCB-Video %X
P 45 AT Jr v O B 2 5 IR b B R A S s R AR 2o A T RS S BOR A PL I S R
FH w5 2 1R J5 245 5% A TR 360 1 sSA 2R T ok R [R5, FH 20 A 3 50 8 A 44, an 28 1 %)
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Table 3 Comparison of results of different algorithms on YCB-Video dataset %
Object PoseCNN DenseFusion FFB6D 1CG Ours
ADD-S ADD(S) ADD-S ADD(S) ADD-S ADD(S) ADD-S ADD(S) ADD-S ADD(S)
002 _Master_chef can 83.9 50.2 95.3 70.7 96.4 80.7 89.7 66.4 95.7 81.1
003 _cracker_box 76.9 53.1 92.5 86.9 96.4 95.0 92.1 82.4 96.6 95.3
004 _sugar_box 84.2 68.4 95.1 90.8 97.7 96.8 98.4 96.1 98.0 97.1

005_tomato_soup_can  81.0 66.2 93.8 84.7 95.8 88.1 97.3 73.2 97.3 89.4
006 _mustard _bottle 90.4 81.0 95.8 90.9 98.1 97.6 98.4 96.2 97.7 97.4
007 _ tuna_fish_can 88.0 70.7 95.7 79.6 97.2 91.3 95.8 73.2 96.9 91.6

008 _pudding _box 79.1 62.7 94.3 89.3 96.3 93.1 88.9 73.8 97.2 94.1
009 _gelatin_box 87.2 75.2 97.2 95.8 97.8 95.8 98.8 97.2 97.7 95.7
010 _potted _meat_can 78.5 59.5 89.3 79.6 92.6 89.8 97.3 93.3 91.2 89.7
011_banana 86.0 72.3 90.0 76.7 97.4 94.9 98.4 95.6 97.6 94.7

019 _gelatin_box 77.0 53.3 93.6 87.1 97.7 97.0 98.8 97.0 95.9 95.3
021 _bleach _cleanser 71.6 50.3 94 .4 87.5 96.5 93.7 97.5 92.6 97.3 93.7
024 _bowl 69.6 69.6 86.0 86.0 95.8 95.8 98.4 74.4 97.0 97.0
025_mug 78.2 58.5 95.3 83.8 97.5 95.3 98.5 95.6 97.7 95.1

035 _power _drill 72.7 55.3 92.1 83.7 97.3 96.2 98.5 96.7 96.9 96.0
036_wood _block 64.3 64.3 89.5 89.5 93.1 93.1 97.2 93.5 93.3 93.3
037 _scissors 56.9 35.8 90.1 77.4 98.1 97.1 97.3 93.5 97.8 96.4

040 _lager_marker 71.7 58.3 95.1 89.1 96.9 90.0 97.8 88.5 97.5 90.1
051 _large_clamp 50.2 50.2 71.5 71.5 96.8 96.8 96.9 91.8 96.6 96.6
052 _extra_large_clamp 441 441 70.2 70.2 96.1 96.1 94.3 85.9 96.9 96.9
061 _foam _brick 88.0 88.0 92.2 92.2 97.6 97.6 98.5 96.2 98.0 98.0

MEAN 75.8 59.9 91.2 82.9 96.6 92.7 96.5 86.4 96.7 94.0
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Fig.11 Position detection results on
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Table 4 Comparison of parameter counts and rates for different algorithms

BER Params/10° FLOPs/B ADD(S)/ %
ResNet34 21.8 4.0 88.0
Ghost-ResNet34 9.0 2.1 87.7
Ghost-ResNet34-CBAM 11.3 2.4 91.2

TE TR BE B HR 53, AR SCHE JRUR S0l 9 8 1 R iR A 23R 5 JF 64T 2 2 IR AR Rl &, O 17 360 o4 a2 30
G o A TR R 5 R R 0 TR R A S IR 4% AT
RSB, A B S R SR KIH AR AT T IR R D

x5 AzMERHAMEE

Table 5 Ablation experiments on point cloud net-

ZHAEMADD(S), fJLIA H DLFA t T K T works

& ICRFE 1) 18 52 BT, BT L RE HE 22 1 A A B i B e Params/ 100 ADD(S)/ %
4T M LA AE B A MHFF i # G815 3 T 2 LFA 3.3 92.7

L X UL 2 2 Rl A R A B BB R T RR DLEA 93 5 93 1

Y REAIE SR D FEH 1A 115 8 DLFA -+ MHFF 935 94.0

e, 0 TG T SR iR SR A R L
22 A FH A B A T R0 SIS A L L X B FEB6D 803 5 78 SCHT 48 07 15 R A7 38 47 3 1 7 10 1) LA, 4%
RWNFER 6 frn . ANERA T ER & FFBOD I ANE 5 5 52 (FBP) & LA I i R ZAFR 2, A3
()7 138 A7 o B AR HL JE AT B i T 30%0, BT s S 80 /0 o X2 B TG b ok 1T 5 S s i
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Table 6 Comparison of detection rates with and without background point filtering treatment

Method FBP Params/10° Runtime/(msframe )
FFB6D 33.8 142
FFB6D NG 33.4 100
Ours 23.5 137
Ours NG 23.2 93
3 HEXRIE

Bl XA S 2 R A B IR OIS G0, R R B AR AL A e R A AR 0 A o Al 14 07 5 15 8L B4
R TR ) i SRR R AR R FAR IR AL A Ty 1% o S e R B AR RS R R
Ghost B 5| A ResNet [ 2, fiff B T TUAFFAE [A]L, (5 190 265 54 31 30 0 A0 /0N o el 0 2 ik A\ Qe 5 1
I 1 CBAM A58 B R 23 T8 25 )45 L, 4 w77 480 o AR5 A1 A L 9 SRR B2 A A2 BB g B AR A O E RS
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