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Vision based target recognition and location for picking robot: A review

Zheng Taixiong, Jiang Mingzhe, Feng Mingchi

(College of Advanced Manufacturing Engineering, Chongqing University of Posts and Telecommunications, Chongqing 400065, China)

Abstract: The accuracy of target recognition and location is directly related to the picking efficiency, quality and speed of the picking
robot. In this article, the research works on target recognition and three-dimensional location of the picking robot in recent years are
systematically summarized and analyzed. Several main methods of fruit and vegetable recognition and location are summarized. For target
recognition, the methods include digital image processing technology, machine learning image segmentation and classifier and algorithm
based on deep learning. For three-dimensional location, the methods consist of monocular color camera, stereo vision matching, depth
camera, laser rangefinder and optical 3D camera based on flight time. The main factors that affect the accuracy of fruit and vegetable
recognition and positioning are analyzed, which include illumination change, complex natural environment, occlusion and imprecision
imaging under dynamic environment interference. Finally, the future development of target recognition and location of picking robot is
prospected.
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Fig.2 Research history of target detection and recognition technology
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Table 1 Comparison of experimental results of digital image processing technology
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Table 3 Comparison of experimental results of deep learning convolutional neural network
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vision 3D positioning

ANFEFJLART R B9 DG J7 25 374 DE B S50 3R 2R ) AR
PASR R AN RS 5 00 N EMAS EERARE , RAHLES A AE
SR IR v T AR s 0 20T e JB 300 S A7 s 2 R 7 K s
P, I, Genemola 2517 $ H 1] FH A H 7400 5 705 307
TRAAL A SR IAEE b PG 22 AR 4l i 2R T 1800 8 07, 1%
B AR AR R IR AL T — A IR AS SRR | A
JERIfRDL T2, 25 IR E] Z AL RE IS i &0 Y5 L, 2R U
LR EUGFEAEAR BB, Chen %570 5 gt 57 PUAS T AR HLAR
RGBT T S s B IEREEX LR G HE, LAt
BEG 1Y S S B R R e E R SR RS
2.3 EFREMNH=ZHEN

RGB-D AHMLIEIE T CAT I 0] 5 2k iR (L R AR AL,
AR OARML S AL RTOC A i, % A PR B (o
EUR , Bt T sh & ST M SR ML 32 2 A AR BUA
BRI,

RGB F A AL ARl SR i AL 2 A o d5 8 D ) £ J%
Ao MLl 0 IR AR BAEAE R 22, S IE, Vitzrabin
AR SN S A s D O B AR O B 5 8, 3
LA 1 O (B v S R AT 55 s ke e A i
ENHIE I, FARIAEE T A /K SR o 2 B AL A HLAS B
T b A= e | AR MG R 5 0 & 2 A SR SE A 0 S, BT XTI
[ A, Li 450 F) FH RGB-D FAMLAE Ay 14 S8 25 S L[] B A6
DN E LA T BB RS2 5 3, REHWL I A
JEAE R Xl R AR AR BT, (R AR AT 3 X S ) A
FIAR 7 55 FOMR = P BT TS S DAEA T B AR R R T A A
AR A R 2 A, W L, Matsuzaki %60 2 1 —
FhRE A B AH G B A5 2 7 B 0 SUAR 8RR B 3
ZOTIER R BE i 28 W 458 RGB-D B9 L5 SLAM g
SCAYENVBE R, R A A o SUPR 2 1Y) = 4k b [ SR S A
KT ks o e O, % F 7 PRk SR 85 v, SR A AL
e NAWIFERS B, T B AR HE R A AL 2% A B SE R &  H



40 U #H £ ¥ W

B4

PR SEHEAT E AV, Kusumam 45 134 5% F RGB-D AHALHI Y
—ANBERSAE BRI Sz € AL VG 2= A6 R GE, v F 24 AL
PP AR F A SR AR A R A
2.4 ETFTHECMEEME = 4EN

RGBSR (R B R 5 A 280 B % 18 2] fr
JE 15 0 e SRR AR 0O T e 2 A T A 1Y ik
PO ORI AT LA FH A A IR AR R A A g i
FIIEE (S FE N B g fE Al A s b FpLes A H AR
H TEOEIEE A, 5 IEF] RGB ML S 32 B &4
L2 Z AR, Genemola 2517 Ui % 3 Hi I 350G 49 4
{L(MTLS) A RN A SR, XA 7 55T RGB &
B B 3AS RGN R AR AL, 20 B A R BOK SR = 4k o7 &
FEMBIMER, HAZ AR s, (01 07 XX+
H bR S S ARG FE AR, A T 2 R O G 3 1o G
TR B, Zhang 2517 SR L T 30T 21 A28 M 12 1) 485 oy 1 P
=2 R AL A0 RGeS IS SR 2R A2 )i
AU ENL, Bl , 8T 51 PR T X 3R = 4 o B
S B FR IS HEAT IR, Tanigaki 25 (i F £ 4N OG I
P SR8 Sl SR s S S 0 BB R 0 1 = AV IR E
U T AR v A 745 1912 Zh I, k5 55 B A4y & A i

H R, OGN A AT A7 76— S8 ) 8, — Jy T, O TT
RES P SRS S BOGERST 2 B bR b 55 —J7 i,
S R I K T BE 2 o O O ) N S B0 A% P RE
REAIG
2.5 ETFEID BV RITHREN=Z4#EM

FET RATAFIA] A = 4 2 V38 o & B £ AN AT LYY
Jik B A A A R T , SR I P ik Ak 2 T I S D ke
fR ek, 38 Sk MR BIL & 38 2 S [l ok 22 ]
HF DA A AIALE B I P AR A TR BERE RS ALY
RES7 RIBIEEE A S S TR i HAR SRR £ B (E LA
BT EARET P i) = 4E A b, AN, Karkee 251 SR H] TOF
ARHUH TR =R 200 LAk, T BEARIR BT
KA K Y 5% W0, Nakarmi 25 fdi Fi} TOF AHALAL 2 AH Y
[FRIBEALRR 4E, L R A OIS, v T 2K
el A7 BJS , Gongal 251 1| il RGB AHALFI TOF
AP A B R AR IR E R, Z RS T
RGB AIHLIRER MG 3% 2 LA K TOF AHAILEREU B 15 8
K BE R A 4R T EARSR S ARG

538 3D fRIERERAH L, 8 TOF A AL AT DL B P il
AT =4 A HAL R RGAR L AR BLAE — 4k
Tt BA S AS ] TOF AHHLAS AL AE 52 B H A
UG 08 ARic IR BRER AL G0, 25 TRk Ak 3
Z 5 IR RESE N = A AR 1Y, I HLRE S DLk 52 st H
FrEGIRS 5B R, (H B AT &% BT A B9 TOF tHML4 9%
R B, T 7E 5 2 HE Rk = R T, R B I

SRE MO AEFERR PSS LT, BAs R B2 N2
FEARAE SR M P EUR H
2.6 XEAWERE

LT LIS 4 Pros 8945 RO A SRR 45 R 15
5 PO A EEPE B 1) BT H R G AL
=HEE AR B R, 5 TR AR (E 7R Bk ]
S TR E — YRR ELIE RN I HL A AL 2R
8 TGO G IR AR 35 D SRR SRR (SRS JE ) 52 016 B A
JERRZNE  2) J T XA 8 2 F L Aot IE R Y A8 25 7E
TG 3 H A0 30T R 0 o 0 A G R s, R A T
ORI PR SO A S0, AR R BRI T AN REIE
AR, I HS7 A D BE AR SE S A PSS A TS ] 4
Ko 3) BT IRIEARPLAY =4 5 7 R 1 £ 3 U0 BE e i
L5KEe TOF )9y BT vk H BRI IR IR L5 B &%
A 80 2 A N O R R e, 0 3 PR AU
TE NG BEANAZ 6 IR 25 AR A2 AR H A 2 T SCR A 52 i, {H
 HARR IR, 5 %2 H s BOL RS2, JF B IR
JE PR 53 B3 R G D 52 (0 BORS FE BB , 4) S
RO BE S FR) = 4 5 437 ) DL s A T 000 B O 3
PR R AL T R (R e R ) S U AR
32 B B A SR S P I A B S B Bl TR
B, 5)FTOLHE 3D AHHL AT IR ] Ay = 2 oz 75 12 0
FERT ST HLRE 198 NS0t IR (LA ) TR S B ) 3
Wi (E IR RE 32 FIARR I 2 B R S B, 25 b BT ar ik
PUBE VT B AR BEAHLES 5 AR U 8 = 4E (s BB H R @
AHAIL HOCI BEAS LA KOG 3D AHALAY AT i 5] 500 57
TERAFHL AT ADLEF A E R GE B A 3, 722 % A I3
N RE KT T

3 HkEREREKTTRE

3.1 RiEVERA BRSNS E LR

1) FUR, 2% i SR 52 A6 I U0 580 0% 5 2 sl A A7 7E —
SE HYJRy PR, HG T D PR SR A BIL A N A A R
RIRTTH ARG R IR A PR AR 32 016 IR RS 4 52
Wi LA B SRV T R R o o) B A BRI 2% RE AR
B3t At e 1 A 0 R ) ] AT {2 o 22 0 8% % T )1
G SRS N A NIER RIS O NN ]
Ko MeAh, AR BARRE A A R B T A0k R
SR S AR RN TR 5 1, 3 T TR 2 ) 1 2 B 22 0
e As AL EARIBAF R R DR 22 . RS2 H AR 3F
b Z ST RE AR LSRG A SRR AR L A
ICEASEN AR CEAL g OSSN DIV
14 W0 25 S5 R LRSS 2% am AT TH S ) G, S LA
PL0E 28 B8 SR AR 52 W SRAF 0%



oM FEARME 45 B TSE 00 RAEHLES A B AR U 5 5 ik i R 4Rk 41
=4 BIR=#HEMEWERTLE
Table 4 Comparison of experimental results of 3D target positioning
paes \‘E iy 7 R
ey 35 e ot O
mm J&E /%

SR SER T AR 5 T 400~ 1 500 JEEHE PRI BTN W B R AR 8101 SCHR[ 141-142]

AL P I TR E SR BE 2O IR AR AL IR AR

e FEG 43 3% 23 R AT B 0 2 G IRAR AL H AR SO R R | 7 SR

Zis 17

— WA RS B e, 7T DLz F# 300~1500  BEFARREIEH TAE, SCRVCERCAbRE SRR 83~95  SCWR[127,131]

e S S W 2 P I
TR A T A v SR A [
~ 5% FAR T OGN IR EE R 43 .

HTIRE REARZOCIRAM LM BERE  400~1 000 86 ~94 K[ 54,134

TUREAL AR ‘Hﬁrwﬂcfr Bk R R 1R o K5 i 0 SCHRL ]

LAl
SFRoem TN B I8 R T R PR 1 0001 500 IR B KA 5 S8R 48, Z IR §7-00  SCHA[136-137]
FEAX S A o ol i SR SR I A (R
% Hbr T ‘%2““,?5‘

JETHUIEID - WERER SRR A %@;&i@iﬁé?:&?gj] 82-89 K[ 138, 140]
HBL AT I i e SRS f AN (SO B ) - ‘ a o

JHF s ohaRs T

2) KA HLAR A FIUCAR AR IR T ARSI E (LR E
VAU B A S AT e SO Rl R GERI I 47, A R
U EHAT f A BET AT UAR AN — R 107 B0 22 , (H 25 H AR R
SR A R A M A T I I, 2 S EUR ST
AT I, M B SR S48 0 LD B R S AT 45 O
TEAR S RAT A5 B Sl 1 1), B S 15 EL7a ZEAN T 58T B 1 5
ST AR S BB B 7 1) Z 5, i 5 2 AL
e NI B Bhaf  FFA B IR AT A R A X2 %
HOBAHLAF AT E T ISR I T 412 30
A8 LA A 808 P B SR il = o7 8 (R TR I A T i
BEIT) AT LB RS B SR AR 7 AL 5E D E RE 4
P e BRI A FE  (ELDE e AR A AR HAF A Nl =
SRS 5 2GRS AR RE IR OGN BE A 5 A %2
AR EE, BAT AR A5 OORS BE  (HZ R GE R R O T
18 ELBA R WP BBl TS GABLATR AT BIL A il
B BORN RSERATG HEAT RE AL, NI AT BE LA foe /N T 58 o
AT R . RV S TRAILAY 73 Bk 3 52 2 BRI, {3
AR BRI RS IR R SR A
PR AR A — S, A Ji (D AT 48 i — 4RS00 KA 7 R
1 = AE SRR ZR 58 B9 T AR SZ SR A 1 5 52 19 e R PR A IR 3R
Z—s

3)FEHLER B AE H AR5 E L rh, R 2 4% I
17 Rl B BE 8 5 b £ i IR RS 2, B A £ 5%
2%, PR AR 1R S, R SN 4 IR0 M AR BOR 4
PLEF N BOME R, 455 e e B9 H AR R0 5 10 5500k mT LAY
AR IR B E G, HoAT SRR B SR . AR E
BITAT R /K SRR B3 75 B SRR 15 % 2 R IR Ak PR R vk

FTF 2 0 K SRR Bl 0 E 7 — A Pk AR
K, T80 TOF AL, SEIARL AN 2 38 22 e A AL A5 1Y
P A T B 5 | S MR 8 2 BT 58 3 10 O T X 4 1 Uk
v FA9 I FH A Lo 2 B A 1) P SR SR B B8l D DR SR A HIL A
NTAEERE A AR SR B TR & A A R B B
AR EIOR L SR Z A AR R 22 57 22 R 25 )|
TR, 2 MR M ACRAR T, B DL B 5 %
Y675 R A BE T A, XoF SR 4R B A 2R PR AR R AT IR 8
R SIS BUREHSY BRI N3 G SN N AF
AE, A F R DX, P X A 4 B0 IR A% 1R 2 R
AT RTS8 B AR U E AL ad B, ) A R0
Ul /BN S 1) 7 SR DA R 8 000 2% 11 T OR a4  0 2%
NGRmbe] . Bl R 9 frs

4) RAHLAF N T AEZ IR QRN T AR fr e %
SMFETUMBHLZE , 22 XEHLAR A5 RE AL 2 GE 3 AR 1 B
PLIRZZ  IF HoX S22 (U LR ORI . LIk, BIL
e L5 AR 28 5 2 T ) MR 8 A B 4 R i BF 5
X T W R R BEPLAT R A A 275 BRI
SRS, I 2R 58 2 RE AN iy L S0 B 0 5 1 RS A9 D 0
B, 1 ARH RIS Sk W A2 i A P AR AN T, Xk AR R Y
BERL IR ZEXE LM

P54k FRURT I 265 1 5 P& PP ) EL AR SR SR 52 X
P NI B AR 22 IF IR IR E R 1, X LeiR 2
JEAEZS ARG 0 Ak BR300 A PR By (7] i g 7
WaFIREIT R E, REZEMLBIETT T P RAE S 2
W, PRI e ZEA o FIAILR B3 [R] A TR 2] TE 4% il A 20 g i3
2, EEE W N A fr it — L 05, a5 22 Bl



2 fiC s & = B4

BB fr B
B Bk 2
TN -
fE 52
o
A . 2 YRR ST iR
, EGHEY % S | || st | —> i
VR 25T P SR il
F BTN Ze e
n‘ﬁ‘ﬁ“ﬂ“ =
T wemsmas '

K9 ARG SR a i

Fig. 9  Multi-sensor information fusion process
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Fig. 10 Target detection and identification combined with big data cloud platform
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