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Abstract In 2010, Microsoft launched a depth camera named Kinect, which can synchronously provide the depth and
RGB information of a scene. Using sensing technique, robust depth information can be achieved at real time. One key
area of Kinect is object recognition. Most of the traditional object recognition techniques are limited in special situations,
such as gesture recognition, face recognition. Recent trend in computer vision is large-scale recognition. We can get the
RGB-D datasets from various scenes, categories, instances and viewpoints of real domestic and office environment by
Kinect. The RGB-D datasets can meet the need of practical applications. The depth information provides a strong clue for
object recognition. Compared with the previous methods, using depth information for object recognition has incomparable
advantage, which can greatly improve the accuracy of recognition. The four major components of this paper are as follows:
1) a detailed introduction of the technique to obtain depth information using Kinect; 2) review of the existing 3D Object
recognition methods; 3) an analysis and comparison of the existing 3D Datasets for testing; 4) summary of the article, and

the future development trend of the 3D object recognition algorithms and the 3D datasets for testing.

Keywords Kinect; 3D object recognition; RGB-D dataset

ESWE: WHCAZE TEEIH (0720112090) , =R =R % 54 (KI2012B001) ,  [HK AR = 5L (61102155) .

TEEE N TR, WULEITUE, W07 v SN . BB IS AC B 4R0kE GRIRIER) . 1L, BIE, 019007 m vk Sase . BB
G A, RPN . B, M4, E-mail: xgzhu@gmail.com; TF#4E, Ht, R, WIS BIGAAF, B
PO e, B, BT RO TSNS B R AL



6 341 TR, SF: Kinect FIREATESRMUEA S ILAE =2 H AR U 1B 2558 95

1 3| 5

AR, T IRBEAR KRBT TR,
YRR AL AR TR GUR T AATHR . IR LR AL
AR LT WOLHFE LI EN . AT
(Time-of-Flight) « J& T 5 5 40 B 57 AL 5 19 J7 vk
(Projected Texture Stereo) %5 . TH#K 1) Kinect %/
T HM T, HAE M Kinect B4 & T H AL
TERFEALH, N33 772N H . Kinect 5 H i
5 e et g ks, BT T2 N H
Ar 5t WA 2R Kinect &8 14 2 IMVR 15 B
KA VLT SERUAR B (1) OB i) 2 2 B h B R AT
Mo, ZE IR [4-61 P E D) Kinect A%/, @I
SRE R P A B S B AT = T s Sk R
M Kinect [RII3REL RGB AR FEAR EAF 3447
R AR B 22 3R (7] ¥ Kinect % kA3 fE —
PR, SRIC RGB-D #idis, A IX Lo g1 T4
TEFREFIMLAS % 2], ARG R LA NN — A B hr 4
ey AEALAS N JE LR B85 vhor 0 R e N E AR
Wik, ARTCHEVFZ A Kinect 1% B2 K BUAE
SUEAT 3D HARPAI N, S50 2 W R R FE A R
(1) 3D HARPUN R GEH B AT GF & E,  JF HARX
13 7B RO

Hl, T 3D HAR UM SER K2 8 3D £
PERAR AR E I Ny BR— A BRI, 5K
B PR — AL R IR . X 4L 3D Hm I AR AT H T
FRER R, W2 Z SRR o 1A Kinect 148
IR RGB-D $di g™ Wl 40 & K& H 3 A b
DL EH bR, e E N INATEE A
SRR, RERE T AL 3D H bR SEbr
N, AT A A A S

ASCH SRt HRFmAT 1 Kineet T AR BT
], HOOo HETEAT ) 3D HARR T VAR T 2%
W, XN IATH) 3D WA AT HA, e g
HNGS DU AR K IE 3D H AR U Eetts K A A )
TR R A AT RE B

2 Kinect K JRIE

2.1 Kinect

b RHL RIS, 72 WIS AT, — 251G
PR P A AR S L. 7 2010 46 11 ), B
(EAESEIE SR AT T —FH R 0 AR 8 % Kineet ™™,

Kinect A THIIN Xbox LRI ok, S
H AR 28 B 7 R 3K s . Kinect 7853 F)
H T LAt %)) PrimeSense 2 ] ff) PrimeSense 15 7% A1k
NS F PS1080, DU B A A S B T IR k4% Sk Th
Ae. WL RERB LR RGB 53k UL & 2 FE 51 2 v
HAEHERE R, 1S Xbox 1] LUBAITFI U Br 5K K S
23, BRI Y, S mlie ) m] ok
Kinect AT LABLifRk, 1y H i - HA2 (7 PR LU AR
e PRIER B B A5 Sk D e T A9 381 1 5L & Mo 5 R & A
PO, PRI Kinect B 32 3 W T T8 At 7 400
W RERITE TH SN LA SRR LA N 25 U0 R i K

Kinect £ 1 Prox, '©l—ANZ S22 08
v —A RGB #15k — MNAMEG LR —N 2 4b
R A . & TAEN /el RGB $#15 k U
A58, MM LLAMEGRIE AL A, SR )5 B Kinect
P EBAEAE S AT AR BRAS BVRFEAS o Kinect &FFDH] LLAh
30 WURIAEIESE S, AET 640X 480 MEE, WIEH
I 1.2~3.5 m.,

ARG RGBHHMZL AMERk  ZFEHIE K
1 Kinect 25K

2.2 Kinect 3REUREE EHRIE

Kinect f£/&%2%F) ] PrimeSense /A 7] Lighting
Coding Ot g 5) £ AR KK K E {5 B . Lighting
Coding"" F £ A 2 & (25 1) EA T 4, 48 CMOS
FEIRAS T R A 1 e, RIS 4 BT iX Lo g i,
ATV, R AN — IR R s EE B
. Bl 2 7" T Kinect SREGRBAS B AR P . Light
Coding AIA TAE4: 1 TOF 2 I eil &R A, ©
A5 FH AR 20 S I AR Rk, AN T R o R O s
o, R EEE G CMOS BOL F, X ik Rk

Scene Scene Depth Image
/Zm 3m 4m Sm 6m
IR light source

[ ]
|
Standard
Light Coding / MO8 Sefisor PS1080 SoC

Scene imﬁ' ted bi

K 2 Kinect HHOR RS E i g



96 £ % i YN 2013 4
AKFFMK. Light Coding /& ' 5 I HH 25 75 220 3D R K .

WA g S, AR IR RS AR . (S
(G5 R T VEAN R, B R H 2R B AN 2 — T ]
W G g, A B SRR Ak
it

Lighting Coding £ AR SCHEE FR I OL AT (Laser
Speckle) , IO HURT BRI (K40 AR B 27 35 6 I 0
Joi, STEMBENLIATS B, RO, & 3 BoRiZ
AR — AR O R . BB LA s B AL,
1T H P B 25 ISR 5, it 2 U 2 )
AT 75 e T AT P R A AN ) ) o SR A 21 )
BT AR, BT LA S A s e, R AT ik
I ECREE 2, BT DERC SRR AR E
Lighting Coding & H O I 25 1) HEA T 4w i 415 1) ik
JEr R, Kinect A ZLANE K AT AS WL A4
S, AR I T B Sk BT (R AR AR SR G A 0 o A 4
SHEM RS A, A I 2T AR B A s A 1A R )
FEANHEE, SREURGE RS, SR v SR

3 A

3 3D B#riRaI7GEELA

3D H AR A% O 0] Jgh s i o] R - Kinect 4%
TR IR IR AR AT H AR U0, HOCHE a2 IR
JEAR RS H R R IE R R 7, 8 H bR REIE S
R AARBNPIA, DL AER AT BT S BURRAE i iR
TSR . ARABRHERR T IA R, A b mT BLK

# 1 3D BFrRAAZES TS LR

R e HkR 4 A
T m%%@aﬁmmﬁwﬁg,%%wggm |
I e HOG 1 I TRy 5% ELYRE (35 B9 o S e
- BN, BTN T R SR kN A
e A FH 15 SCAR— AN 4 B2 2 51
B Bl s SNHEAT S SIS PRI R 25 SR AT A 7k
- R
P — TR SN 5 PR 7, 4 MRS, TR
PHREE AR 1 FERR 2k 2 GlPERE IR
7 LU AL A AT A Y
| - 5 spintmage fF0—HKRRIEER o e T
Spintmage CRAEIEO ™ e e R
5, RS EAT TR
bR
TEAPAEWE S RIS 24
3D Shape Context (3D # ) ) X " . N
T HT 3D R BT SO A T ) BRUEH, AR
JET 3D Hf WRETFIO M :
S I IRG E
BRI PE RE R
Viewpoint Feature i . B . WA, feik
isogram CAHHER e D RS,
) 018 S AW ARV LA T
AR {1 A )
NARF(Normal Aligned NARF HF{EHiA TR T RO b RN T 34
Radial Feature)!'”! HRFEAR5S T TR




6 341 TR, SF: Kinect FIREATESRMUEA S ILAE =2 H AR U 1B 2558 97

3D HERBUMNKITES PR, BIIET 2D BRI U3
FLLORSEIL 3D HAS YU K5 EAAISE T 3D AR A I
Wk MR 1 Pizs. EWREIENILRZ AL, FA
AR MSRERIRIVR LA B SR H AR R AL, SR
RERFAEA IR TR BEAT H AR o

5T 2D BB RPN EERSEIL 3D H AR
JHEAFEETREE M HOG FRIEM 7% HLas¥
(RIS VERNR BERL A 7 M 5755 o XL )5 I AE I
A1 2D BB FUNFE R E, B TR BRI
RRAEBEAT BUN o X750 BoAT SEL ) 5L 2 PR
Fimio ZHICIRN3] R, FIAREREE T8 & ke
W, AESE R YL TR KK HOG H5 Ak Al &5 21
BHETREEIN HOG FFIEM %, X2 H1TH] Kinect
RS HARR R B R T, FEWE R AL A
PRIERI o B 4 JE7s T 73 0 3 1R (0 B RR 5 P 11
HOG $fEA s PEfe. b T imk i rtae, AR
JEAE BAT RIS, AEAGT A5 v R BT 38 L AN
W RER N R F AR TR, RO ME B
P AT RN B SEER R ITZ VA
37 RAEFIBCR, m TRNMERE. 22530k (7)
HFIBLES 2% >0 (R 5 R AT A S5 U8 1 5E 2H
HAR, M SRICHARIE e, KRR i A Lo
IR N, BEAT A ST, dJa A I 4
RBEAT R o WU g ik T s R E U
KRR, 25wk 014]F, 2B TR KRIE S
SRR, ZSCHREEH T S FRBERZ IR T (Depth
Kernel Descriptors) , 73 mll 32 AN F R 4R (H 5
IR/ TR GEE) , KRR LA IR T 45 &
K, D HAR USRI T oA kR, R 2 Won T
5 TR BEAZ IR 1~ 73 IAES R0 CAall— AN H b T
WIRAS2) AN SR CUUmI AN =] B8 H B S 451) T 8 U3
o IR, FET WA I H AR, KK
Mo T ARG VOGS, $2 T RZIIEHEE

Performance of baseline detectors

0.8
B color depth

0.6

0.

AP
(o)
[\S] I
-
1
i
—
|-
1
%
—
— A
|
ﬁ-
|
_} i

S

4 SMBETRAGRRIR S F HOG B5 LIRS ISR VERE 04 ™

=2 KBMREZMATE RGB-D i BiEE TR ="

HHIE SRS 2R
K/NFEAE 32.0 60.0+3.3
TEARFEAE 29.5 50.242.9
LA 28.8 64.4+3.1
B BERFAE 39.8 69.0+2.3

JRHR AR AT REAE 36.1 66.3+1.3
PLE 5 FRHESA T
N 543 78.842.7

AL THE T 2D EHR R IR ok SEBE 3D HAx
VUM 5ok U, 36T 3D RRAE 00 Jy v 3 2 S0 %
J&: HEAIH Kinect /K419 2R EE B, T HHRRE
FE32) 3D fin s, 5 3D M rh i
3D FFIESGIA 1, d5 e A XL 3D RRAEREAT H BRI
Ao IXRTTEAGEH T B A5 TR HFS N, 1M
HAEAFAE SR 75 ()b 5t T EH, X RIVE A
B AR BE R B e, BRI Z AN H bR 1) [R] 1R
e ZHECER16]H, #th TRk T HbrZKI0 3D
TEARII B k. %775 H Spin Image (g4 &%)
FREAHEAT W AR 1t s A UEAL,  Forf Spin Image S M
3D Mo BRI TR AE IR 1, SEER R WAL
RETE LR S R A AR R 1 3 5 1 ST 2 H AR 1) [
POl J34h, 16 3D TSN A rh, AT I R
AFEL T, I 3D HbRE AN AP PER )
Mo ZEERI17]9, BT —FILT 3D BR BT
(3D Shape Context) FFAE IR 1, 1% 77 1L AR
JPFEARLG, FEAFAEE SR LL R AL 37 50 N HAT T
mEPONER . SR 18], -1 T —F ) 3D
FFHEHIA T VFH (Viewpoint Feature Histogram) , VFH
F T4 H bR LT AR A5 S . VEH FFIESE 1
X AR H bR 2 7 75 A KR e 5 A Gl /D R BEAS TR
BT, HAIRG A E e . Z 7R B R
REFN PRI TS RE S, A A b, U R S
AJ DLIK B S R0, [R5 vk mT U T AR
AN U E B FR . ZE IR 119], hdg
TR OGRS RFAE$E T 72 NARF (Normal
Aligned Radial Features) . NARF $#fif 1A 10 75 70
U8 H bR L A BATIAAHE B AL B NARF A4
HER ML A H AR AN ARG R, A H A U $ it
TORA MR ML, JET 3D KRR Tk RE
ORI Hh i AR S 0% . A AR S RS b 50 R I H

BRI i) L



98

E

ES N 2013 4

4 3D NREEEE

Hur, HRZHTHARRBIE 3D MR Hh 4.
3D MR BIER A S H AR RGB-D 15 &, RUEA-IR
R 5 A AmrE e mEEE.,

(a)
K5 Bk ), BrEEE o)™

(b)

T JiAERET 3D HARRB ST, ADRIHL
e gt TR T p St A, H AT AR T A Kl
45 Solutions in Perception Challenge Dataset?"’ |
RGB-D Object Dataset" ", Berkeley 3D Object
Dataset'* R At - FH5 5K 19 3D $editdE. i
X4 3D LR A e, B 6 Eas TR A
A 3D IR S 1 8 0 i

(1) Solutions in Perception Challenge Dataset: X
NEE SRR T Willow Garage, {ES H bR SEH .
ZHIRERIE A 27 DANE SRR 35 DANED)
WAL, e SRR TR

(2) RGB-D Object Dataset: X 24 Ky T [ b
WFFEHLR AT e R, B 300 MR E
Wik, XEEYIRIS N 51200, BEADNIOINA 4 2 6 A4
SEBI. BRI E T 26 B, A
Kinect 3D $5A% Sk LARERD 30 Wil k1 E [R AR SR 1 [ 1
AL S, AE AR AN AR W] AR AR

(3) Berkeley 3D Object Dataset: XA FE 0 &
KEAFZAM D, HAENIHA V2 AR 155
Bl o XA B NA B E AR, e
AW I, B O AT RS TN 75 A
AN T AREL) 849 K Fr, I 50 N RAE
PERIAN RIS A . REI AR IATICE T2 456
W&, TMREAE RIS TR M AL, HAE SRk
T, IR RO IR AR IR AR . IX LR Y

AR N EE AT RIS, A5 R A R
W, DRI B IR A PR A RS A

(4) oAb T4 3k M 0 3D Hedidiz: 1 T kT
X B AE LLAL B — BRI 4 ] TR R 1
IS O PR S E A e ST NG R0 B
a5, RV R A B A X R B AR AN T TR
H BRI R o

ta

(b) RGB-D Object Dataset

(c) Berkeley 3D Object Dataset

Bo %A 3D MR B 4R 1 H > Hodhs e 7R 18

N 3 s, ¥5A 3D MR E S W 5
S AR WA SE 2 A Ty AR T LR 2y
Bro A HAR U EOR AN A RN, 7% A 51
TIPANELT, WEANsR Z2AMA TR KR
F HAFA SRS 22 FEAL K 5238 3D il Kot
SRR BATPT R A Bt 5

HAT, 75 CA XL 3D R Hdhs A it St bl
AR 3D HARUMSERIITERE, JLPPHbrifE - 2240
4 DNTTMRI N, RIER R 5 P HTAVUNA 18
AP s T AR R FEA WS I35 3
RPN RIS AR EAR T A . X
PR AR T LR EDWL A AN R A Z R LS s

&3 53D MIKEIERAIXTLL

3D Hidhidk Y5t Nl XYL MAAAAL BROEEE
Solutions in perception Challenge 27 35 - -
RGB-D Object Dataset 51 300 T BRI A ARk HH
Berkeley 3D Object Dataset =75 =50 LA AL 2 i




6 341 TR, SF: Kinect FIREATESRMUEA S ILAE =2 H AR U 1B 2558 99

5 %R

ALVEMANH T Kinect MIFAJRE, FEXTIA
(1) 3D H xR 7 ESEAT fa] L2k, [ I A 1
3D WRREH SRy AT T AT e, A iRt T
— AN N SRR T Kinect BEAR K 3D PR 1 HIL
Kot HAT, C@ABOREZ KR TS &R
7 Kinect WyEZAER], 7R RS, BT Kinect KT
FAEBEUON . TFENNE . RIS ANLAS BA5
UK A T A A R B ST ) 2012 A E OF A
BUEESAE RSP T CARITTH PRI 8E) 55T Kinect
WS N O SCHEF RN ZN) , X 3] E N AT
Kinect [FRFAIF 70 IEEAKTIR AP,

TEARK, 13T Kinect RHLK 3D WA ks
TN s R RN . 2. 220
1. SEBIFE 2RI H R AT L E AR sE i,
A LLE AT AR . S54h, 3D HAR I
F% Lo sl A R ERI R B B Hh S URF AR R R 1, d
X 3D HARRBIEMZER T LUE H, 3D £l feig i
PR Z A I HARZeR, W HAx KA. JBIR. 14
FrAE, M\ 3D FdE T S BT Y) 3D RHAER A 1R
AR R REHEF s AN 7853 255 K A SN RGB 17
B RS MR IE R IR 1 455 ok DLIdE— P4y B AR
RGN AR VERURG R B AR 2 3 — PRI ) 240 ] i

& X X W

(17 ERFR, 582, Bahblas NWOn & S8 i = 4k vl Ak s
5 ] S MOR 22224 (5 B RFEAR) , 2004, 22(4): 411-414.

(2] VROGHY. BTN IA) AT VR R A S o — 2 A (0 A
JU [D]. #ipk: MO, 2011

[3] Konolige K, Garage W, Park M. Projected texture stereo [C] //
Proceedings of IEEE International Robotics and Automation,
2010, 3: 148-155.

[4] Lai K, Bo L, Ren X, et al. A large-scale hierarchical multi-view
rgb-d object dataset [C] // IEEE International Conference on
Robotics and Automation, 2011: 1817-1824.

[51 g, VPSR, Wy . JE T GPU M Kinect (¥ pRas4) {4
@ [0]. BB FAR, 2012, 38(8): 1288-1297

(6]  Fkifgst. T =YL ) TR ER AN AR [D].
Fiat: BRURAE, 2011

[7] Tian L, Putchakayala P, Wilson M. 3D Object Detection with
Kinect [OL]. http://www.cs.cornell.edu/courses/CS4758/2011sp/
final projects/spring 2011/Li_Putchakayala Wilson.pdf.

[8] RGB-D Object Dataset [OL]. http://www.cs.washin gton.edu/
rgbd-dataset/index.html.

9] B3DO: Berkeley 3-D Object Dataset [OL]. http:/ki nectdata.com/.

[10]  Kinect Introduction [OL]. http://en.wikipedia.org /wiki/Kinect.

[11]  Kinect % JE15 B3R FE [OL]. http://www.futurepict ure.
org/?p=116.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]
[26]

[27]

[28]

[29]

[30]

[31]

Kinect @i ¥5 LK SCf#EHT [OL]. http://tv.078.com/
20101108/13625_3.shtml.

Janoch A, Karayev S, Jia YQ, et al. A category-level 3D object
dataset: putting the kinect to work [C] // Proceedings of IEEE
International Conference on Computer Vision Workshops, 2011:
1168-1174.

Bo L, Ren X, Fox D. Depth kernel descriptors for object
recognition [C] // Proceedings of IEEE/RSJ International
Conference on Intelligent Robots and Systems, 2011: 821-826.
Bo L, Ren X, Fox D. Kernel descriptors for visual recognition [C] /
Advances in Neural Information Processing Systems, 2010.
Johnson AE, Hebert M. Using spin images for efficient object
recognition in cluttered 3D scenes [J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 1999, 21(5): 433-449.
Frome A, Huber D, Malik J, et al. Recognizing objects in range
data using regional point descriptors [C] // Proceedings of the
European Conference on Computer Vision, 2004: 224-237.
Rusu RB, Bradski G, Hsu J, et al. Fast 3D recognition and pose
using viewpoint feature histogram [C] // Proceedings of the
IEEE/RSJ International Conference on Intelligent Robots and
System, 2010: 2155-2162.

Steder B, Rusu RB, Konolige K, et al. Point feature extraction
on 3D range scans taking into account object boundaries [C] //
Proceedings of IEEE International Conference on Robotics and
Automation, 2011: 2601-2608.

Solution in perception challenge [OL]. http:// opencv.
willowgarage.com/wiki/http%3A/opencv.willowgarage.com/
wiki/Solutions In Perception Challenge.

Lai K, Bo L, Ren X, et al. A large-scale hierarchical multi-view
rgb-d object dataset [C] // Proceedings of IEEE International
Conference on Robotics and Automation, 2011: 1817-1824.
Ford campus vision and lidar dataset [OL]. http://robots.engin.
umich.edu/Downloads.

Walk S, Schindler K, Schiele B. Disparity statistics for pedestrian
detection: combining appearance, motion and stereo [C] //
Proceedings of European Conference on Computer Vision,
2010: 182-195.

Ess A, Leibe B, Gool LV, et al. Object detection and tracking
for autonomous navigation in dynamic environments [J].
The International Journal on Robotics Research, 2010: 1707-
1725.

Microsoft Kinect [OL]. http://www.xbox.com/en-u s/kinect.
AR, JE T Kinect i) =2 STy HIMTST S 2L [D]. b
A BTS2, 2012.

UBC Robot Vision Survey [OL]. http://www.cs.ubc. ca/labs/Ici/
vrs/index.html.

Helmer S, Little JJ, Lowe DG, et al. Multiple viewpoint
recognition and localization [C] // Proceedings of Asian
Conference on Computer Vision, 2010: 464-477.

Sun M, Xu BX, Bradski G, et al. Depth encoded hough
voting for joint object detection and shape recovery [C] //
Proceedings of European Conference on Computer Vision,
2010: 658-671.

Rusu RB, Blodow N, Beetz M. Fast point feature histograms(fpth)
for 3D registration [C] // Proceedings of IEEE International
Conference on Robotics and Automation, 2009: 3212-3217.

Lai K, Bo L, Ren X, et al. A large-scale hierarchical multi-view
RGB-D object dataset [C] // Proceedings of IEEE International
Conference on Robotics and Automation, 2011: 1817-1824.



