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RESEARCH ON KEY TECHNIQUES OF GRASPING
UNSEEN OBJECTS BASED ON ZERO-SHOT LEARNING

ABSTRACT

With the rapid development of the robot industry in recent years,
more and more scholars have paid attention to the field of robot grasping,
especially the detection and grasping of unknown objects, which has
become a hot topic in the field of robot intelligent grasping. In the
problem of unknown object grasping, detecting the position and pose of
unknown objects is very important. At present, the research on grasping a
single known object has made a great breakthrough and has been applied
in practice. However, in real environments, the unknown object model
still makes the grasping of unknown objects a great challenge.

Therefore, this paper studies the method of robot detection of
unknown objects based on zero-shot learning theory, and in order to
complete the robot grasping task efficiently, the pose estimation of
unknown objects is also studied. The main research contents include:

Firstly, unknown objects are detected based on zero-shot learning
model, visual features and semantic features are linked, image and text
are mapped to the same representation space, and the similarity and
difference between different image and text pairs are compared for
training. The feature representation with good generalization ability is
learned to improve the detection ability of the zero-shot learning model
for unknown objects. Secondly, enough matching point pairs of the
target image pair were obtained by local feature matching, and the depth
information was read as the initial point cloud of ICP for registration to

obtain the 6D pose of the target. Thirdly, a grasping network for
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unknown objects is designed and verified by experiments. Experiments
show that the average detection accuracy of the grasping system in the
actual scene is 90%, and the comprehensive grasping success rate is
79%.

KEY WORDS: zero-shot learning, unknown object, robot grasping,

pose estimation, point cloud registration
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SRS SCORRNE S 3, B TR FEAEBEAT 31 A o 388 3 VA DA 82 17 ff
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o, %o SCREM RSB ULIC TN IAME 552 brr B, NSRSk 6D R THEE
& RS
2.3.4 MZIZR

ASCNGLFE D NS, 55— D2k RAEH AT 2K 5 I 2R 42 )1 25 X 4%

Faster-RCNNI®%), Jf2: SRR A S8, Faster-RCNN Mg £/ Un&] 2-8 Ao o

ResNet 50/101
FPN

2-8 Faster R-CNN [ 4& 4 ¥4

Figure 2-8 Faster R-CNN network structure
585 A 14 T L2 PG, BRI, (LR Faster RONN BUELIIERT T {5
i, Faster-RONN JJF — 20005 268 5 I SR 026 B0 — /45 o OB 4
R KU, BNV, W, 85 0 08 SR, DI Rt R
¥y € ST AR S R T SEhs, BURRORE LR T 0] WK S . T
IR B 415 . RSO, Y RPN stride= 16, I, % T4 K%t
MR, RPN H2Hit 16 BRI 16 18 BRI BLE, Xt Qs
RO W HIBE R I AR AT, 58/ RO o3 ML /. AR
FER B HA SRS o BRI F30 o 5 E R IR, B4
PR RRERIRS, 555 AR 210,
L(obyvb") =argmin 3 (L, (0 7) + L, (0.0) (2-10)
Job @ M B o WAKA IR, T=NxR A N I &I i
ROI &8, b 16y 5 R BRI EL S FRE R B B A, y, FOR 8 | A
G TR

SRR L, AT 2-11 Fion.

cls
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L, (0,y)=4L,,(0,y)+(A-A)L,.(0,,8(»,)) (2-11)
Hor, HSH A H] T AR Z R R . AT $AT A4 B B H
PRALIAE S RABE E . BATNBLAEM T ILSVRC Al Hodh £ A S0 LR
1R [R NP e RN SRR FN ], AR B KA PRa ok L, FHoaIR B 2k
L, mAs, 258a52-12 1 2-13.

1
Ly (01, 9,) = —— log(l - (2-12)
030 = e B o, lo(1 + exp(0.—0,)

L,.(0,8(y)) = >, log(l+exp(o, —0,)) (2-13)

MIZ]

o, M =(M"\z, yMZ=1z, }, o FmkeS HMMPL. L,
R FE ST TR, MBS b S8 ok . 2 T, L, KR TR R A
B4 IF, IR A TER IR REEAE T L, SRR TR X
LRI, BITAG R A 5T RS, 35 B TR AR
TSR], T, TEH 5 SO TREA E AR I A P, 3o i X%
RAERA TR AR

7E [ 2-0 oft, 408 R R 26 B S AT | i B, T T 10805 (R
il 2SR KRR L, $AT B ROR, T &0 7

N

L, MR L, » AT AW E AR AT SORVBLIR S 50 S B A AE ke

® |Indoor
% o ° ® Musical
o "o R, c‘g foad
S __4o008P o . . g ® Electronics
Qfé% ¥ 8. Appliance
) @ cﬁ @  Kitchenitem
dg Furniture
oé’ Q Clothing
® invertebrate
® ® mammal
o Q @® non-mammal
® .Q ® Vehicle
® Sports

B 2-9 BRERAR XS 5 STHR N [ R
Figure 2-9 The effect of clustering loss on learning embeddings

TER B EXT A ST HR I SZ IR AR R, B in 5 shWIAH 5C i JeSRAETE X
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[A] R 2 AL, T ARG SR S o AR R e SR 2 B H Bz ) B
o IXMNIE I A o B TR T A I M RE B AR R . i 4h, 2T
TER TSR I AN 2 X GIPRLEEA I 3 T 5, 5 SR L, O BRSRER 27
L, M, B N0 EINEE S ABERKRL,, » AITEETR 1A 1
RFF STt

[BHHUR O 1B 2 RI2E ROL A FAE . XT84 £, BATFH4x S 1,
EANHRERA X RSB TLFHER 4 DSBS . 2 TS HUL I SRR T3
TRES R . R RES, BT ERAa B, B SR FIS #4718
FORETIE , AER RN AL BE AL 5 R BL ) C R SR AL BEAFAEAR 5%, AT Ld s — A
3 B 5 R N ) 3 DA 5% ) 2 RN SO0 G K38 FAE S ORI AL — SR FIX B
FHE A 22 30 2-14 50 2800 SRR et FIIAEL3E4T U — 4K

o

ENRNAD
2214 JA TR T 105 B 5 PR 2 (D A AR L E R
A 10 81 | 05 L KR 6, b ¢ < C BT,

(2-14)

U SRV RN T 5t R — X R KT 6, , weU Hia T BME
a MAPENARIZE, HAR 2-15 ol LRIEZIHH 7%
Y, =argmaxg, s.t, > (2-15)
S A SR B b, B R FHER SR AR SR . R T A
TREI e 7 5 K PR KA FAE A AR R AR VA B Te 281 2 AR « 0 T AR AT
%, R HAE WU B g () 31T DO FTE A WLIIARZE 0 Bl — AN ek
FE—BERRIRIG LN, ELE AT RETCVESRIBCR AR S, B, AT LA 250
FAE FRFHERARCHE. RME., BREF R ERENEERA

W, e R®CVSRINZGEEANMELR, R ERKIAPRR L, » & XA 2-16.

L', (05,5) = 2o, log(l +exp(o, —0,)) (2-16)

| SNy
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B, ST — A%, mEeeR™ N4 MMMy E, MmEYS
KRG B, BATAIGAZEW,; T HARE, TATE R & o 145 HEF
WHEZRSIVRIMHFYRe , BAmAR 2-17.

0,1 =sort(0) s.t.,0,=0, (2-17)

SRIE K0 BYRT K A7 BUH (s.t,K <.8) S R A m] 7] B4 A~ 3 2-18 &

&=, 0 (2-18)
e, AR QAL B U IR, A M AT K A RIS M AL A 2
0 5 200 350 0 TR 1 e, T S 6 0 0 2 0 B A AR

B, Azt 2-19.

Y, = argmax cos(e,,Vv,) (2-19)

24 LWETH
2.4.1 BHEEIREL

A S B A R Bd 46 9 ILSVRC-2017 K BE 4, % BdE a4 200 4
SR K. FENGR T, BRI 456567 sk KGA 478807 ANFH St} R 92451 i)
A FHET R BUEEIE R 20121 TRIEME, SEVERE 7 200 MO REH], H
LG 55502 Xt Gl BENLERE T 23 MR, HAR 177 DEBIAN L
WYSIESNPS SR = N = R v malll S S % e e NN R CIIRVSIE I S e & S]]
MAAEA 19008 5K EHEAT 19931 AN FAE . 7855 25 H AT AL RN 25, IR
BT AR A PRSI B R 2-1 BT

x2-1 AERE
Table 2-1 Environment configuration
T R E
BIERS Ubuntul8.04
CPU Intel Xeon 4210R 2.4GHz
NAE 64G
R NVIDIA GeForce A40
CUDA Care CUDA 11.1/cudnn8.0.4
TR 2F STHESR Tensorflow2.4
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ILSVRC-2017 e il #od 48 B AR B 4l 2 IR 5, (EIFASRBPIREE M, AN
TN ENG, EEE T M=14, RKEHRLE S 200 517079 14 Do (B
People), 43%)°N Indoor, Musical, Food, Electronics, Appliance, Kitchenitem,
Furniture, Clothing, Invertebrate, Mammal, Non-mammal, Vehicle, Sports, People.
X1 ILSVRC-2017 A M 4R, AR ERSLBIECE N KR/, B 2-10
I

8 X104 T T T
+—dog
7
6 f—person -
g |
I N ]
¥ 4 kbird
%
30 ; .
Top 50% Long tail
2 F | |
1t&icar |
lizard :
0 lcream Lskunk pencilbox
0 11 50 100 150 200
% 5

& 2-10 ILSVRC- 2017 ¥4 4K B /A1
Figure 2-10 Long-tail distribution of ILSVRC-2017 dataset

ARVEH, 200 NS0 A 1 AN EATERSE, B 7oA iET 50%.
X3 A 77 Tz R W 2 R BOR 2 BRIk, EYIZRINEE 20, AT
SRR AR RIS A, AR AN R A A AR UL N 2K IR B P4 . 1E
85— B Bl 2 B2 P T 1000 73 A mini-batches Y v % 280 5
mini-batches H 758 Z B IR,  IFORUESEAN A AN MR — 7o 28 i HAth i 2 0
PRI ZE /D 10000 A48, (EF ek s, HpJE o i B 28 5 i 5
WAE] 10000, HBAERFMEYEFTER T, HEPFHZTE T 10000 4, K,
L\ IX e S 5 A e P BEALPEE 10000 NEE KT I g4, 280 J1
mini-batches H3 T~ B S MIVE 91 5
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2.4.2 1FEIEFR

AR SCASE I PPAR 8 3 R AN A 0 S IR ST 350K FE (AP R A AR 02K (17 394
FEmMAP). ARSI CRMMES, B AEPPA IR b, JRATIE A A R AT
FAT M (ZSMD)AE BEVE N VPN I — 375 o T|AEAR TR 24845 € — M EHR

xey”, AR EM—MRAFueU MEE—DERGIFFH LS RA AR

meM .
243 IWE5FERSH

B, M 2.3.4 WAL NI IE =R, YIZE Fast-RCNN JZ 1)
RPN AR PR 2%, 508 ) UG OR SF i % 600 18 %, RPN stride=16, —/~H
PRAEEEHI 128, 256 1512 5%, =Amvitt 1. 1, 1. 2812: 1, RS
(NMS)=0.7. AL AR 2 Adam, 7= HF 1075, $1=0.9 ZHEHE —H&
AT SRR OL R, B2=0.999, FHF 58 bl B & R UG AT A 1Y
98 JE I 2R IN 4

S B BN G5 a1 A A AT M AR (R v A A R 2 B

k7 —/NEUEH Faster-RCNN, {EiZMNZE R EH TSR —AHEFEoe R,
W A] L3 2 Faster-RCNN [PIAGIIRE B, ik $E ZSODU0, A — i iE 4T H g %o} L,

PR L, ~ L', TNHATSEIRIGUE, SR % 2-2.

R 2-2 ZMKEE mAP &

Table 2-2 MAP values for each network
f£% ZSD ZSMD
. Faster- Faster-
Fk ZSOD OURS ZSOD OURS
RCNN RCNN

*ﬁ\gi ] (] '
I%] ézﬁ 36 Lcls L mm Lcls L mm 36 Lcls L mm Lclx Lclx

mAP 12.7 150 114 17.1 16.4 12.9 148 11.6 16.8 16.8

AILUE , £ ZSD AR5, AHECT Faster-RCNN, FE I ZRad 72 v 4 4044
JEVER) ZSOD BRI M FATI W 28 F RIS, R SRR T AR s AR &1

WIARIIRRE RS, L, 3RR T L, EEE mAP, KA L, RS2 A I 2
FE T ARENZEHEE LA ITRIIE s £E ZSD. ZSMD WAMES R, R e

72: Lt Faster-RCNN 5 ZSOD #RYEREAL 7, mAP E 772 16.4 5 16.8, BFATE
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ISR R AL L, R TR B 70385E SR8 SOR AR AL R AT Ik AT
FERT o

R 2-3 1, FANCS 7SI RFZAN AP, WA, 52
FSRALSEAR AR AR RISESRAG 1 S A IR ROR , EAAER AU RS A AR IS
Yok e, PSR R AL, AR IS B4, A IR R D9 Al — ek A
MIE KA Z S, FBOCHERA R LB IE, HEIIgGLES,
PR AR CRERICREER, FEHRIRCR — 8.

*2-3 LRHER
Table 2-3 Experimental results
P % Faster-RCNN ZSOD OURS
TR E B % Ly L', Ly L,
p.box 0.0 0.0 5.6 0.0 7.9
syringe 3.9 8.0 1.0 9.2 1.0
harmonica 0.5 0.2 0.1 0.2 0.1
maraca 0.0 0.2 0.0 0.2 0.1
burrito 36.3 39.2 27.8 41.2 28.8
pineapple 2.7 2.3 1.7 2.3 2.0
bowtie 1.8 1.9 1.5 2.3 1.6
s.trunk 1.7 32 1.6 3.3 1.7
d.washer 12.2 11.7 7.2 15.0 8.1
canopener 2.7 4.8 2.2 5.3 2.3
p.rack 7.0 0.0 0.0 0.0 0.1
bench 1.0 0.0 4.1 0.0 4.3
e.fan 0.6 7.1 53 8.2 5.6
iPod 22.0 23.3 26.7 27.8 27.6
scorpion 19.0 25.7 65.6 27.7 67.1
snail 1.9 5.0 4.0 5.2 4.0
hamster 40.9 50.5 47.3 54.9 48.6
tiger 753 75.3 71.5 79.2 72.7
ray 0.3 0.0 21.5 0.0 21.6
train 28.4 44.8 51.1 45.6 52.3
unicycle 17.9 7.8 3.7 8.0 3.8
goltball 12.0 28.9 26.2 30.0 28.6
h.bar 4.0 4.5 1.2 4.6 1.2

FARFIAIN AR A0 B 2-11 B o TN 70 BORAE 0.3 Sz Ik A% St Guts il o 4
FIHMEL(— R T 0.5)0 ROV T F A 2] B AR MDA DIHE I v T A
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7/

BN SRl R b B AR TR R SR S, 3000 ) A5 FEASRE R SRS A8
FESR . BEAh, He TR S AR RN ARG T 125 75 ZER ML RS 1R 5 A T 7 141
SCiA [ B A N, 3t A T o IR R S AR REOR,

lllll ;00 harmonica: 21

burrito: 27 _

B 2-11 s g it
Figure 2-11 Experimental results
Fah, FAMER 1A F] B S50 v B R LA IRATT I 7. 35—, AV AT
RN SRR, IR T RIABRRR AL, » N BEAT T A RIS EAR, B

1000 /i /> mini-batches, #E> mini-batches 4 —/NE%, 55T mAP =57,
mAP %[ — > 3 B2 5 R A g A 4 AR X Sk A B s Aol Rk, R T
TSI ZR TR, XA LIPS SOR B s 55—, fE M E TRk
BT EENARMEE, B3 T mAP=12.7. XEW, ETHESLFER L
SEAAGI T E P RRERNER; £, ERAALEKp, A softmax RKALH
KX RIAbrIR L, 138 mAP=13.8, TiASCHEHRADRREL I
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mAP =15, FJRLEH, AR E KPR K EE S T ZSD, FyEr LA
BB 47 7 2O AL R AEANE o M2 R, softmax 45346 10 R 55 0t AR AT %
FRSETE X, AR R B AR HISE N A28 4 B ok, B sise 28 S
* 2-4 FiuR.

&K 2-4 HEERER

Table 2-4 Results of ablation experiments

ik MERTIISGER HBRFTEESKARAE  Softmax ik OURS
mAP 5.7 12.7 13.8 15

U5 R, BE T FREAR S ST AR S AR U 0 2% L 4% 16 A A S 481 Fr i 0
TR E R AR NI I RE 7, )5 SRS A IIBOR S P Ik 4T 20 48t T
FLEEA
2.5 KENGE

TEARE T, RN T TR ST AR RN T TR AR 2 51 ok 1 e A
AR SE 3. SRR IT T BRA 2 5] 5 W ik, s i T B peA
2 SR AR R T s HRAS B A R T B REAR 27 SR S T AL 491 £
TS VPRI 2 o7 A 12K ) A S48 0 T 735, SR R R s 2 A7 ) S
S 3 BRPIRHEAT 6D LA ST T T RSLIIER
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3 E KREMK 6D E5MhTT

31 5l &

FEIAR LA H & AETE R, HLas AU C N — TEARAESS . WA S 3 HEE
(Six Degrees Of Freedom,6D)%23 &5 K /s WA AL FR Z AAHHIL A AR 28 2 [6] () J LA A 4,
FH =2 e A = e PR ALK, 6D B A TR ALE NS Bl i e b R —
R 2 TR 8 A B A FN P A 1) it _b XA AT 2 f B G SR AL, dit
Jr ARFAE U L 28 e 45 21 2 98 2 UL IEC sV E A ICP FSHERLAE W UG mi s, FdEAT
ICP FSHERC HEAS 2 H AR IR IK) 6D B4
3.2 MILZIEZRN B

BATH H b2 N Gr— A 77 AT N TR Bt Homks 2%, i ILRE
i B S BIMIRR) 6D %35, AT SEBLX— 5, A1 RGB-D s M2 A
J7 AT IR BN R FEE B, R X e ] AR N R HE S LR AR &R T & gt
1T LoFTR J&) S AE VT AR 7SR EN L 05 22 FRS A 2 93 R R R UL 5 48, Sl
RGB-D [MIREAG BAF 2N 3D iz, 1EA ICPPIBLHEEVR VMG M, FiE
i ICP ¥ LA AL BE S AR T-HL 8 A K 3D M R Ak b, AR A 3-1
FFi7R o

AN
I
e
LoFTR AR Icp g*
HELETTHR —kﬁiﬁ B %Jgfbyﬁz? ﬁrEE’E
B

B 3-1 PR 28 SR B

Figure 3-1 Process For obtaining the pose
3.2.1 LoFTR [SEBY4FAEITAD

B, BAVEH LoFTR Ja R U R IR A3 BLATF VLT s 4R, B St 72
W& 3-2,
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fLoFTRbAs—
[lvi' WAW E . :
+7F | Module |,z EO—~M, ;
i G

i coarse prediction  final predictioni
(5,) € M. (7)€ My |

PN !

K 3-2 LoFTR J&&B4-E VL

dA

dB

Figure 3-2 Matching LoFTR local features
LoFTR JR#4FEVLEC /77548 F T Transformer 3 ER b i) 5 i 22 A HL T =
J7 R A 3 A AR N 28 Hh 7 5 1) 25 4 SR S AREALE
Transformer J& — P FVER LI FHIRAL, Wk 3-3 BiR. SE501RE
FRZE P 24 (RNN)FIG R A2 2% (CNN)AS[F], Transformer X8 F 3 = S pLH]
(self-attention) K AL B4 A Fe 5 A S i FP 21, DRI PT DAOFAT U5, AROK R & 11t
HHR . N2 Transformer [ VEZHARRE .

Input Thinking Machines

Embedding x[E [ X [

Queries i | g | we
Keys « [ <[]

Values w1 v2 I WV

P 3-3  Transformer %%
Figure 3-3 Transformer model
H V& IHLH] 2 Transformer MIRZ.0H5r, B RRVIEAAEAL TR P B, Kk
NFFFIH A o 5 H A e R AT LU, DUEAE AN [R] B  SCH IR Ak BE A
TOER o« HIE R TN A = SRR : EIAERE Q(query) A RE K(key)
MUEFERE V(value). X =AMEREHSE B AN FPHI S A [F] B 2 AR A3 201, 40
Kl 3-4 Fios.
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X wv \'

K 3-4 fAFERE
Figure 3-4 Input matrix
e, B Q HHME K IR AT —1 softmax K%, 238 —15
i N PP A EAR R MR 0 A, 1% 00 A R BN SO T A W M Q B EE # 1k
B, R AR MERERE V (R EER A E, RnBENIoRIE
B BEHIZER, n 3-5 Fros.

EEE

softmax(
Vdj

K 3-5 WA A T
Figure 3-5 Probability distribution calculation
CrossAttention SEPr I 2 a4 i & MARAD 85 Z M K2 XE BB . AKX —F
H, ARRG S 2o g b 2 A R AT R DR, DRSS A AR o B 5% ) 2
e fE e, kK 3-6 Fros.
CrossAttention [ 1572
(1) 2w i 25 N GEH 2K H a5 ) : S48 % 42K 75 9 enc_inputs,
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K/INH(batch_size, seq_len_enc, hidden_dim)s.

(2)fFRL 2 N (T AR BB 2 P 4): BT H 7R A dec_inputs,  K/h
“N(batch_size, seq_len_dec, hidden_dim).

Q)RR IR B 224 il — A B 10 B (query),  FISRTEZmAD 25 (¥ T A 47
BHATEE IR ET

(4) R 3 10 T I B4 2 P — 4L 1 (keys )RR 17 B (values) o

(515 F £ 1) [7] & (query) A [ & (keys)iZEAT s AR A, JRIIT softmax 64X
RIFE R IIE.

(6)F R IR SE A AR, FExT 25 SEFATRAN, 15 30 g i 25 A EE R

11 v
117
| K -
11111
IO oo - EEEEE
mm—— Q—-mm = oo
SRS oo+~ [oono
Attention
scores

Kl 3-6 ZZERNE
Figure 3-6 Cross attention

Transformer [}J7E LoFTR J&H3RFAETCHAC H 5 F KRB 7 ILEC AR, Rk
Fs H ARS8 LoFTR Ja 4R VT i ik 72

B, W MRRFIE S HER (DO 1/8 BUR LR 3 & IR, B 5
VUHCEAS B, R BT AH S 20k e AT B & oy MR AR = R, A
HA R R SCRIALEAS BIRRIE . thoth, Z2UGEH HEREMEERSEK
FOJULECAR e g, A8 HAEAREUHE | B S s G X E R A X, R AE sk
ERL. FEMR RIS R,

£ Linemod ™M #fa 4 _E i HARILEC AR 4l 3-7 Frzr,  Linemod 4l 84478
LGB B A, BT ORI HAR IR S iz s 45
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K 3-7 LoFTR J& ¥ 4FAF VT e 25 5

Figure 3-7 The effect of LoOFTR

ff FH FPN A SRR MW EG XS 11 . 17 TR R GG MG LERE 1/8 (ALK
RAE R F R F” L)% JEA EUG AR RE 172 TR BERF R F R, 9 T B S
BT SCH SRR B RRAE, W BN FP R — B IR IR B wi, ARG
f \ LoFTR 5t 1) Self-attention JZ. Cross-attention 237403, JEZHER
Nc W 5 TUCECAHSEAE £/ A EP , tFEH# 2 M EE 2 MHES , A 3-1
P o

S, j) =< F,'(0). F,} () > (3-1)

Horp <2 R AR

] SuperGlue H ¥ g A% 2 (OT)EATULHL, [RIBS7E S APE N4k F R A
softmax 32| —NEEHEP,, WA 3-2 Fias.

P, (i, j) =soft max(S(i,-)) ; - soft max(S(, j)), (32)
FEA T 3-2 WA B DOk B EAE B S T 0, KIVLHS, 8t — B P AT B <6
(MNN)HER, 73R LR M, , A 3-3 B,

M, ={({,j)|V({,j)eMNN(P), P(i,)> 6} (3-3)
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o T4 — A HURLEE VTS 7y e v o SEFEARLRERS GE WS £ 0 £ E e
G BOREE, SRIEHT KN R weow R EBE 1, 4435 A — /NI LoFTR

BN ), AL R J O () SR RRAE B B () RTES () -

SRIGH B Gy Ben S FP ) T EBTA R SARSE, A A
heatmap, JEIT MRS MHNE, WLMBBIELL L FRA WG ENEEIRA
DB o BATHEMBEEITECI M , o LoFTR [ILECSS R0 3-8 fiTm.

input

P 3-8 LoFTR J& ¥4 Ak VL Fc 45 TR

Figure 3-8 The result of LoFTR matching
3.2.2 ICP 5 /R
FEAT B B 24 VL TN 22 ) P A SR O [ R R, & DL s e 9 035 =

P LB RN R s A={a,a,,...a,} 5 B=1{b.,b,,...,b,} , FFHAFNECHEHIHILG 2

o, SRR SINKEAHECHE ICP 535, SCHLH b RS AnBCHE, SR SEEM R AR R
BE, BRI 3-9 P,

 FE — BTHMRAY — HHERERK— HER T—

|

RERAERSE — 2 TREHE

= l
(=]

K 3-9 ICP KE4HRCHEURE
Figure 3-9 ICP fine registration process
ICP BB O AR IA AL AR [, (0 Rk 4 5 H A5 4R B Z 10 H)
R RN, TR RIEI. s AR e LS S = B IR IRER & &
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PR b, s N a, b AE AR B SO0, THRAR RS, SRETHRECERZ B(R,T) ,
W 3-4 Fiox. AL B b2 L R R A-FF2 H) & T 1453 BE(R, T) #t/) .
E(R,T)z%i”bi —(Ra+T) [ (3-4)

X, n ARZEE, &K R BRI .
B, RIEALRER, THEXMRES, A 3-5.

l <
MHa=— i1 ai

N (-5)
Hb = E i1 bi

THE e FE A PR B A AR ZE R B ER, T) , 15 HAH &/

TSR E BIE & A KIEARIREL Ninaxs ¢ E— BRI EEH T S 4,
BRI IAFECIE S = A", A B EER R %E d, AR 3-6, Hd<emliZm™
HOEARIRER T N, WIEEREE, SUPK A BB BT AT R R =,
HE FIRPIER, HBWEEES R,

1 N
=— '—B|* 3-6
d Nzi:]IIA Bl (3-6)

B0 R 2 B AE R RFAE SR B P 28 IR A, AR SOR FH R4 2R pR VRS 2 N6 29
PR sz Z (RS A R TR S S R P e 22« U = A B AR i R R L
TGS HRHIE 255 R 1 . A SCRAMWAS Sl Z RS L, 905K %I P> 5
= e R R, sl 3-7 Pis.

AB:i min || 4 — ! min||B — 3-7
Lo =g 2 ip 14 -8+ 3 min 1B~ | (3-7)

XF, a ZREB AT, b R-REAS BHIH—E, NEARHE. A
L FRBURHIE 5 2831 P i A4 31 iU 5 P HFAE , THE AN PS8R AE 1 BR LR A5
PR L, , Wazt3-8 fr.

Lo =[ f(4) - f(B) I, (3-8)
X SO Pt 200 2z P BIRFAE

FrbL, B2 A R BRI Liara G072 7K 3-9 BT
Leatar = Las + L (3-9)
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3.3 X5
3.3.1 BIFEES NIRRT

W 28 B4 I 5 7 iR %5 %% (3 F & 48 :Ubuntu 18.04 LTS, CPU:Intel Xeon 4210 R
2.4GHz, GPU:NVIDIA GeForce A40) 17

AR A SEHHEEE Linemod X 45 347 50 1UF » Linemod i 5 C bk 72 M
F TR BE 2] BAR LA AG T 808 8R4 th 8 H AR A 2 H AR A 1 23 SR 4
i A TEIEEAS 13 AT, TR R T 1300 5k5 1% H AR EIUEARK
R RE AU, 3D il fSC A DA K H b 3D AR AL o BEXT AN I O, 6D B HISE
8 S0 RIFERS Y O RIS o 12 52 F TPl 6D L35 Ah TH A 55 1) HE if
Bk —, WEITIRHCR 2B R G347 VR4 8384,

UbAh, T SUETEAER IS R YA 6D LA IR, ASUETINT
Occlusion Linemod #(#5£. X —¥(#a 5 21 Linemod ¥R &M HLAL F, @id A
BN SN VEGR BT G R 10, B FEREHUAS [F) R FE B R . A G
(RIERLFE BE R 2 AN |, TSR AL T & MR e A, A BT 2 v AL 341
AR AT RS 2 N BT R R I

INUEYMRLE A VT i I DA PR TR AR, Fo b — A R UE R A THES 1
I B (ADD), ‘B I E I H SRS MBS WK, 1R
Linemod %48 o F T3 B R4 . ADD HIHSE AR AR 3-10 fiR. 4
YRR B N TR ZEEN, AT 6D B IERI . ALK iR RE % E
R G IR R EAR I 10%.

ADDz%ZXGMH(RHT)—(ﬁerT)H (3-10)

X, [R,T]FE R ESZAA, [RT)ERMGIFES. M Fpmnt Gty
AP R = 4ERAL, x RBE AR M A, NEZ2SAsEE. BTFXHRyikE
B f B RN R s M, FRATTR F P24 BRI A P 5 (ADD-S) 1 SR X R 420 2 (1 VT v
WUl ADD-S V5 = 2y T B0 SRR b AR 5 5 T AR 2 [R] )P R, AUk
& XA 3-11.

ADD—S:iZmin\|(Rxl+T)—(1ix2+T)|| (3-11)
leeMxZEM
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332 EWERSHH
NBAEAR LG ROR, B AR H ik 6D AL flitt Ik it
Joitk B ORI EAT 1 B A RT3 03] Oy BBSU#IEE Y . GDR-NETUSI
T )% PVNetl7Of5 8, LR 45 5Nk 3-1 AR .
# 3-1 Linemod EANFEHEK ADD(S)

Table 3-1 ADD(S) of different algorithms on Linemod

HiE BBS &7 GDR-NET #5%%] PVNet 157 Ours H#E#
Ape 40.4 38.2 43.6 43.1
Benchvise 89.1 84.1 99.9 89.3
Camera 84.2 82.3 86.8 86.1
Can 92.6 90.7 95.5 94.2
Cat 46.3 50.0 79.3 68.2
Drill. 68.2 68.1 96.4 74.5
Duck 32.1 34.2 52.5 47.2
Egg. 96.4 93.9 99.2 97.1
Glue 91.2 91.1 95.7 93.3
Hole 79.5 77.8 82.0 80.4
Iron 90.8 88.2 98.9 91.0
Lamp 83.7 80.3 99.3 87.3
Phone 84.6 73.0 92.4 87.6
Mean 753 73.2 86.3 80.0

Herfr, PN PVNet 48 78208 FH] 1 Linemod ¥ 48 7 1) 3 S 8dfa 304711 2%,
FIT LAAZ AR () 3 SRz 3 T BBS #57 . GDR-NET R DA S A SC (R, {ELAS S (1)
BERAE Ape. Camera. Can. Glue Z )48 7| #5115 T 5 PVNet S AH T ADD(S)
B, ASCHIERA T BB #7, ADD(S)# 5 T 4.7%, #H% T GDR-NET #: 7!,
ADD(S)#&%5 T 6.8%, {H{E Cat. Duck 5580 EMA b, AR SR AR L
S, BB AR T 21.9%. 15.1%, Lt GDR-NET 73 B2 1 18.2%.
13%, Ut HHA SCHORL R FE M)A SO K J LA 475 55 55 B R IRARE 57t o 20 # SR IR S A
SCHFTR F ) LoFTR JR SRR AE T AL 77V E B 1E B3 T Transformer (R34, If
B BE R E MR R Z R T e B R RR A, NS B 1 5 e 4
TR o AT VEAT R IR 4 JR e S SR VEAT R T 1 I E R, 1 2% AE S0
B55 AT/ I X IR AT ASE B B A2 UUAC . Linemod 4 S 45 S AT MR AL 4 ]
3-10 iR, ARHEHEREHEE R RSP ) & T B RS i ¥ 2, 6 L% 31 RGB
S W

46



LI TR RS S 38 5

Figure 3-10 Linemod data set visualization
Xy RGB-D AHFLE R s sl e 26 1 Ml &, A 52md RGB IR, Iix
FERMGBA M, N IS IEAR SCHI AR AE G IEAR AL T B, Al S ]
—3 5t RGB BRI s B AHREAT SE 56
FECIRAAL LA R (1 6D ZaS M THT AL S R A A 3-11 fra, Geid LEACRT LA
RIL, ZPEAE RIS IR AL SR AT T S A TR, FIAER I 1 Rk
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Ae o

B 3-11 JeRAR L TS THE R

Figure 3-11 Results of pose estimation under changes in lighting conditions

% 32 R T AN AE Occlusion Linemod FHE4E M SLI645 1, K 3-12 4
Occlusion Linemod #8445 B IO ATAL . A SCIIZE A 11 6D L2545 FR AL
Linemod ## 4 - ADD(S){E N 80.0%, 7E Occlusion Linemod % #%#E I~ ADD(S)
164 78.0%, ADD(S){RFRA 300 N FE, G Id o3 #7A2 DR D 2 o pL il 1D 0o 265 26 i
(v TR G R AU TR AR Y, fEAS0 B RAFAE R % . AR
N PVNet BUHE AT T BRI G R LB AR, (2 A SR ADD(S)fE Lt
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BBS8 M5 1 3.6%, t GDR-NET f8Y 1 5.2%. kB A SRR AEA ™ 5 1)
HERYFITE SRIBAEL T XA 6D L A5G I REAH BT HAR AR R R I SE AR =
# 3-2  Occlusion Linemod L ANFIE K] ADD(S)

Table 3-2 ADD(S) of different Occlusion Linemod algorithms

Jitk BBS %) GDR-NET ##! PVNet B Ours f##!
Ape 394 38.0 423 42.1
Benchvise 87.3 83.8 96.7 88.9
Camera 83.2 81.6 854 85.1
Can 91.9 90.4 94.5 93.9
Cat 453 49.5 78.1 67.9
Drill. 67.1 67.8 94.9 73.8
Duck 31.0 33.7 51.7 47.1
Egg. 95.7 93.5 98.3 96.5
Glue 90.6 91.0 94.2 93.0
Hole 78.5 76.9 81.3 80.1
Iron 89.7 88.1 97.6 90.4
Lamp 83.4 79.6 98.4 86.9
Phone 84.2 72.4 91.0 87.3
Mean 74.4 72.8 85.0 78.0

] 3-12 Occlusion Linemod % #E £ vl #i 4k,

Figure 3-12 Occlusion Linemod data set visualization
FAb, RSN W EEAERE S T PR 6D LA THRE LA 7 I IESES . ARP
Ji %K1, 2 RGB-D AL FCSEIA S i 2 BRI, 1 A 0ok 5 BB OS2l K
ORI R T R ME R B YR ZIREN LA EE &, L mm 8L, AR SCEE AR
Linemod % #5 5 1 TR 2 BB B BB H I InBE AL 7=, BE AL 7= S |y
(=25, 25), DUHORIGUEASCH) 6D LAl WL e/ () B bk . 8 3-3 o T
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Table 3-3 Network accuracy under random noise

%% Y B/mm 0 5 10 15 20 25
s 99.4% 99.4% 993% 99.2% 99.1% 99.1%

3.4 KB

AR ZETHNS 52 A% AR 45 Mg AL BRE R T A 60470 A 5 45 i R 10 B, T 7 8t 3
TR R AR DT IE 5 5 25 O v 1) S 2 A 1 190 2% DU T R AN IR i B A it
S, FIAT LoFTR Ja BASAE UT E 332 3R UL 08 22 FRRAE SO A5 215 3 A TL T 4
4, J@3d RGB-D [IRFE(S BB 3D 2, ¥ HAE A ICP Rk
VG s AR ARE AR o SEB, 12%077 145 7T LA 08 S TCP St FE gt
B, R TIRARRCE, R TR S . T S EE R 6D
YIS B BB IR, MRk T 1% 0 B AT DU AR TR AN 5 6D A TR
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F4E MRARGEESSH

41 5| 5

BSRT AR ST R T B AR 2 5] B R AR U 7 7%, BATTHE 2 T WL A
WUR G, FEAT 1A DR S5 DASRAIE FE T AT 1 o % FE BT 55 11 52 s VAN R S 1,
WA T — FUE P ERNLAE N Baxter HLAE NHHT LR IAE. RN, FATE
PR 575 B AN SR — B A 1) oA S A A 0 ) 28 0 HITCE A% 38 2 1 9 285 1EAT 1 525
BAIE .

4.2 HEAMEREISEH
4.2.1 HlEAIMELELE T SN 43

AICHIBLE NI 50 6 Wi 4-1 Az, B EAIHL. Kinect #HHL. Baxter
PLEE N A TR I = K 2 R, 3RATTRF A Kinect 845 Sk i
1TREE. BEJE, Baxter HLas N S 5T MOk B HENLEGE, X Seldiime: 7 H
PRALER L I B S HI AR A RS B o T XS, ML KRG
WU HE VB PAAT T H AR IR R A

K 4-1 Hlas AR E T &

Figure 4-1 Robot grasping experimental platform

ASCHAT SIS AR, BRI EAIHL ARS8 5 BT SR ZR . S s T 1Y
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THENEEME. £ 4-1 ZRZITENT SR AAKEEERR .

K41 HHENEE
Table 4-1 Computer configuration
T R E
BIERG Ubuntul8.04
CPU Intel Xeon 4210R 2.4GHz
NAE 64G
R NVIDIA GeForce A40
CUDA Care CUDA 11.1/cudnn8.0.4
TR 25 STHESR Tensorflow2.4
Baxter & —/MUWE IMENLZE N, BARE B WER 4-2 Fros.
Z 4-2 Baxter S{HE B
Table 4-2 Baxter part information
FLigas N A
PR H 7
R R TR 104 cm
ENREE +/- 5 mm
I3 K R iy £ 4% 22KG
FHKE 62 mm
FHavE 15 mm
6 9 3-11 cm
P A7 B 10N

FENLEF NIEEAS TR AR o AR I B % TR AT &, sl 1 Rl EEE T,
MR ZE RTINS . AENL &8 N2 T B AR AC 1 Kinect #1585k, JFI5 90
WA HA FIAT IR 1, AT DAHER RIS IR A ) = 4E MR AE R, XA
A JRAEAF B a8 NAESATINBUE S5, Be 8 A it R I 80E H sk, Jyitt—
DAY ERAE BRI, KA e A B PIUBAE 55 80 5 78 -5 e R AL AR [R] v F
SR _EREAT, XA A L ANIUBUE 55 I 5, A e gt 1 3
PATRE . B NERAE RGROS) AL EEHL A N5 _EALHLZ (8] H3d A5, I L

flf 8 3B B 2R @Ay IKRUTIR sz

N T WRARDL &8 AAESAT I 551 Be 0 HE R U O 8 Ar B ARid, 7 20K
37 22 AR R B S 5 R A R 2 e R LA N AR 28 T S A LM, 132 R ks

TR AR Kinect AHALEBEAT AL AR 5 BIAH R T 5715

FALERE B 2R ARBLARSR 28T 0 H AR KR e B BN LA N AR RS 2R R o £
PLE NALSE R GE T, IREEAHDLA 22407 A 2 A IRAE T 5 IRAE AN PR AR . A
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SR FE THRAE T, BRESIR AN 2R T LA AN R G e Ak, IX 22 275 =
RERE R ORAR AL S ALEs AR i PAT 23 10 KB A, ML S e (5 S A0 S P A0 v
i . Kinect PR FEEAHNL 22500 4-2 Fios.

Kl 4-2 IREF

Figure 4-2 Eye in hand

FEARSCHINLES AR R GEH =AM MbR 2, 2 HHLEE N AR 2 O X, Y, Z, ,
FBUAERR 2R O X Y Zy » FFFRALFR R O,X,Y,Z, , W 4-3 FiR, &NBbRRT7
] B SE L3 4-3 P

Kl 4-3 PLES NARHR R

Figure 4-3 Robot coordinate system
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Table 4-3 Coordinate system representation and definition
Abn &R # REIRR T HEE
X, 7 B A7

Y IET R ML AT

OrXrYrZr Fr
Z EJ7E: Hlgs AN ETT
SRR O, s R G
X IETTH 551 bs R X Hh-PAT
Y, E77 1A 5EUEFIRIALFR R Y BhTAT
0,X,4Y,Z, F¢
Z,ET71A): AL T 1)
JRR Oy MPLGOALE
X, WA T -R/RAFR R €
Y, AT T IR A T ) HLAR LA A 2 ]
0,X,Y,Z, pe

Z, AET7I 4RI B e RF AR T

JRUL Oy« It e I T S 8] o7 B

FLrPARALAL bR 22 R B B A0 R A% T T AL b R 48 12 Kinect IR FE ARG IS 72
I ALRR R, BARINE 4-4 FoR.

Ya

Y
p(ug,vq)
Bl

B 0,

0g ‘, A .
1 S Zy
o | x
X

K 4-4 Kinect IR EAINLEAZ 1L 72

/]

"(ll'v.(:‘) Uy P(X:lr}’dllu)

Figure 4-4 Kinect depth camera imaging process
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Baxter | FH -k ik 45 AT AR ELHE I TR s 2 15 0., I [FJ B 3R HL Kinect
FHBLE) il = 28

A L FPIRAGALEE, JRATRT DAAS 325 ) SO S B, XL U0 vHE i e Ik
THLER NALAR R F'={q,,q,,.-,q, } FIAENLAERR R F'={p,.p,,....p, } Z [B][FIAEX o7 B

KR FET XU ST EHE, AT LAE— 2011 B4 AL bR ZR 8] 1) e 4 AR B R A-F
BiET, BEAEMEEREmGE- DR,

(R,T) =arg g, min 3" [(Rp,+T) - ¢, |° (4-1)

A, n EEL ATRMS SN FOAE PR ARRR R NI EHERE T = (R,T) »

i F IE I8 ) 2 3R A5 A 0 JETIE FrARKR R AL R, A3 BARMLIE FARFR R T
WA LT = (R, T) » #120(4-2)FTR .

T="T4T (4-2)

R4E BB, 1930 7 HARRTENLZS N AR R T IR 280, X — el
FERAOR T B8R P HERR A — B0k, )5 SR TR R AR (1 1 AT SE R LA
4.2.2 MBURIZN 4R

A SE LA Ubuntu 18.04 #1E RGRF &, WKIEHLE NI R4 ROS 5K
ILEAHLA B E N . ROS RGTZHLAT N ST S AR BB L H R,
FABT WIS AN NI R F A — AN S BT 6 o ARSI RE s — &
55 = BN R IT N EUR IR PR A7 2 Ak T DA B A LA E RO 1) g A
R, X LR [F R BT SR 1R O B

I ME ) ROS REMARIEH, TN T & B v AR, B T
SRR RS VP A SERT . R4, ROS RGEAMNARME T 2 REAL ) T A i
P, IR SRR B S 1 Re, HALZFRIE T, AR T A RS
M5 R H. B 4-5 TRAfRR 7 & BIURIMIBE G R, #—PWIE T ROS R4t
TE S0 v R DR A S A

£ ROS 815 RG T, DIREEPUE N CHIIEEHRIT, SRR R, REE
ZRELEIER . AT SH B — T AR IRAF, AT RAERE ] R G AL
H.
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Kl 4-5 Blas NIUEGRAE
Figure 4-5 Robot grasp process

ZRGRML T =M E R REEE I BN IR L BIEAT -
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W, B PATHN R, R A R ZE R SER Rmi4a % P, 5346, ROS &4/
ARANIAEL LS AT AL T H, Rviz, KOKRTTAE 1S # v i iak A A Th g .

A EEE ROS 25, A H AT BRSREUE ZITBOR LRI ) 76 B #
PR 8RR, Rz b R IT VR ek
(1) EZ SR BUpR

A SCE S A Kineot A% AR SR H AR O LR EIE . Hrp, BT
FREA S S AR FN AU AL 2 1 o B JR AR AR DL B B ot -2 R T
ALk T b ) ICP R vHE G 4 DA R TR

ABHAE MRS , AB ROS 1R IEE L], K Kinect KA B %1%
£ ROS RGN . BHEHHE, AEYATHIHEE, RIS HON SR 16
BRI AR B ERAE, B T R UE . S s TRESEI . K I 5 1 BB
Bl fors Ja i, LBt — Byt it sl 18 4-6 TR 1 izAtm
AN 5ok & B BARGAE .
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Figure 4-6 Input/output relationship of the image acquisition module
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Figure 4-7 Data Transmission on the object identification module
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Figure 4-8 Data transmission of the pose estimation module
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M2 50° (k1. Hlas NFE N RARIZE T LA 4-9, ko TE ST,
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Figure 4-9 Kinect depth camera motion path
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LU RN UE B33, R SEBU UL 55 HOAR i P2
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Figure 4-10 The robot arm grabs the planning module
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Vi AURERS S LA A RGOS AL B, & Movelt! IR O AL 4y . i FH
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P S e — ST S5 R R, TSR LA N AR [ s F AT AT SE % . Gazebo
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fe
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Figure 4-11 Gazebo's Baxter robot
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Figure 4-12 Software framework of Gazebo
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Table 4-4 Results of simulation experiments

L1374 IECREL RN AT RS PLE A THEER 3 B TH 2
1 100 92% 90% 85%
2 100 91% 91% 84%
3 100 91% 90% 86%
4 100 91% 90% 83%
5 100 90% 91% 84%
#it 500 91.0% 90.4% 84.4%

PIRSEIR I EE R CVENSI T B3R, BAREEEMT : H bR Bk i v A 5
BET 91.0%, A72 Al T 1 #E B R AR =X 90.4%, 1M fie 2% 1 UL Zh =6 )0
84.4%. IXEEHE TS o T HLER NAEIUAE 55 R PERER B -

4.4 HMENSLEY

N T P BAEAS VR T B AR R 2% A R, AR 4.2.1 T TR LGS
NI S AT S . SR, S R T REACE T R AR
TR 73 IR FISE PR T BT 5 AR B H A, 73 5 9 BERHIL /N 253
WBHLE DFEABE T RREESRYAREEAT 20 KA, AERRRAMESE SR
FATRIC T o ELREHLATCE T3, B DR B A AR S b 5 LA SR i

SrGETt 1Ot 5 RIS B (e I AE A AP T =R o Mo, A
B2 VE AR AEAE T-HL s T2 75 BERE R B V00 3 b AU H A, JF BTt
A BRI RR Dl 28 ) i ol v SR 2 N SR TR D U I 28 e 4k 22
20 JEK =, ELAARAE B R A R VR 0 EEB SR SE T

@4B%TT&%%W%S*%%%

wEVE

K 4-13  IEUR B

Figure 4-12 Grasping example
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Table 4-5 Results of the grasping experiment

Wtk Brom MR UPEN&E ARATE #T /it

UL 20 20 20 20 20 100
R0 A i R 90% 91% 91% 89% 89% 90.0%
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