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Learning of Object Concept and Application to Object Recognition
Using Clustering and Logistic Regression
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Abstract: In general, CNN (Convolutional Neural Networks) is used as the method with high recognition
accuracy. In CNN, however, several tens of thousands images are required as learning data for each category.
Also, huge learning time is required. Another drawback is that we cannot understand what CNN focuses the
features when recognizing, in fact, it has been reported that well-trained CNN has recognition results that
are out of human intuition. In contrast, after a human just look at several objects in a category he can get
something like its general object concept. Furthermore, a human can represent the concept by words. In this
article, a new concept learning method based on clustering and logistic regression is proposed. The proposed
method learns object concepts from multiple low-dimensional features, e.g., color, contour, and size based on
which it generates classifier with high accuracy and readability. Effectiveness of the proposed method was
demonstrated by comparison with the conventional method using RGB-D Object Dataset.
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Fig. 1 High-level vision and low-level vision of human being [11].
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Count the number of categories included in the cluster
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Calculate the rate of categories included in the cluster
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Fig. 4 Procedure for calculating the ratio of categories

included in each cluster.
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Fig. 5 Procedure for calculating the categories of membership.
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Size (short)).
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Fig. 7 RGB-D Object Dataset [13].

TENDLZ LD, ZOEHI, FHIL->THOGNS
EAODPEREREO T 2T RAL TnDL I8R5,

4. REFEOFHEOFIR

RETIE, REFEOFFMICHAT A7y b T
% RGB-D Object Dataset [13] & $& 5T DM fE 12>
WS,

4.1 RGB-D Object Dataset

RGB-D Object Dataset i, TIRT L)%, RET
FLRBND 51 77T 300 EOWE L R-> T 5D
Shbb, BUAT I ICEROEE S S, 72L 21X
YIADHT IV T, FW) L TEOHEND L.
RGB-D Object Dataset 1%, 25 DWIRIZH$ 25T —
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R1 EHT7TVOT—H
Table 1 Number of data of each category.

category name number of data category name number of data category name number of data
Apple 607 Food can 822 Orange 710
Ball 783 Food cup 786 Peach 674
Banana 699 Food jar 768 Pear 674
Bell pepper 634 Garlic 780 Pitcher 549
Binder 710 Glue stick 801 Plate 712
Bowl 806 Greens 728 Pliers 590
Calculator 632 Hard towel 783 Potato 634
Camera 573 Instant noodles 771 Rubber eraser 784
Cap 668 Keyboard 709 Scissors 625
Cell phone 544 Kleenex 804 Shampoo 783
Cereal box 570 Lemon 593 Soda can 628
Coffee mug 555 Lightbulb 578 Sponge 631
Comb 558 Lime 630 Stapler 595
Dry battery 567 Marker 806 Tomato 681
Flashlight 605 Mushroom 778 Toothbrush 595
Food bag 788 Notebook 798 toothpaste 813
Food box 787 Onion 792 Water bottle 561

W%, FREEEG, WEBO~ A 2GR LT -5 £y
FNCHDH. WEDOEZIZIE KINECT ZHWTBY), 715 —
W% & FEEEE SRR IS ST, Fg o, W
HE T =T —=TNVICKREL, WK 5 1.0m BN 725HT
2o 3EBOEITHWRLESOT— % ZHFL T35,

A TIlE, RGB-D Object Dataset @ 51 77 T D%
HTT)Hs, M7TOWGETRT IHEEEZNIBL, I

23 2 B oG & = E LB TR T 4.
FZHTFTVOF =7 HER 1IRYT. EBRICHWL5H
HoOF—%+1y M E#MHOTF—% 2y bOFEMZ LTI
FLIRT A, FEEBE A SE L E OB
A72012, FEBBIEEH T T 10T 2005 100 89
DF T, 10 MHATLEALERE D, S8 LN 5 W%
FORITHES WX 12T 4, 728 21E, BEH 607 T
%%Awmmﬁrzu%umﬁmﬁﬁf%ﬂéﬁt%n,
FRBIXTR & 7 A WRIZFR D @ 607 — 100 = 507 AL & 7

4.2 FHEHEICONT

AR T, 3LITHICBIT A T TV IREEZEIHT 2
OO ) EE &, 3.2.1 HIC TéwT:UMEFW
BAEEAOOTY AT 4y Z[fIZEB%ED, 25
D DOFEDD D,

BT TVIRBEZFHET A 72008 T, S0
BHF—%756, FCCH, P 7 —1) =iihk+, EFTHIND
KEE, HFHHOKEED 4 DO ZH L. AP 2
LB 5250 v TRITV, FNENOEMT, 75 R%
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ol e, 7 TVEG w; *FEHT 5.

AT ITVIREEDODEAAEGLIZDODFETIE, 79 AY
VO ZICHWET =2 %2 ZF0FEHHALT, 4 D0O8M*
NENTHT D) REEEZ RO, KFEHEL, 77T
JRIBE h #RkD L. oI h X (6) IfCAL, fEft
TAHIET, WTTVIRBEDERO X EHT A, T T
VIREEE KD BB, X @) PO T 7P Em % 11
520 FTOIHAATENSE, 7771 EOEIZLS
RS R AT .

4.3 BAICDOWVT

WA, FEEFERRS, BIHT = 05 4 DR
zhi L, ?ECloTﬁ%ﬂﬁ??X?%bqtﬁ?
TIVEEG w; D, W T T)IREEERET A 0L E
77V A Em IFERBERCHEICRET 5. 4 DD
SN T TVIBREZ KIS EG LT T )RR
EhEL, (7 2HNT, 51 EEON 7 TVIET A
K op(y|h) ZelET 5.

AR OFEICIE, ply|h) DT, b iz o
BT EHAMAOT— 8 D5 NV —HT BEE (Top-
rate) &, WAINHAOT =5 DT NUD p(y|h) OLAL 5 AL
PHNIZEE N 5%4E (Ranking-rate) & %2

4.4 FH@AE

x4 & LC, D Histogram of Oriented Normal Vec-
tor [22] (B\F, HONV) %4 = LT, SVM[4] 12 & 5 TfE
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S EEE (LU, HONV+SVM), @ CNN (Convolu-
tional Neural Networks) DE 7V D—1ETdh % AlexNet [7]
2 & 2%, @ DeCAF [23] 45 % A & 3% SVM [4]
2 & o TIER S 7zikBl#s (BUF, DeCAF + SVM) @ 3
TR & Ib#%9 4. AlexNet & DeCAF +SVM (£, CNN &
T4 771)Tdhb Caffe [24] % Fl\ > THERT 5.

HONV + SVM Tl, RGB-D Object Dataset (25 F 1
5 MBI (%55, HONV 24 L, SVM 12 & » THE+
52 L CREBIZR AT A, FEBEE, R—ETFE LR
W2, AR 10 5 100 L F T 10 A TS &
THEZT). FEOBIZIE, SUM DI A RRT X —%
AL, OBBIFEIE Lo b DO EFHFERE LT
AT 5. SVM T, #HFERPMERTIERBTE 2\
®, Top-rate DA T ZAT) .

CNN TliX, AlexNet % fJ\»" T, RGB-D Object Dataset
WCEENLE N T —HEDOAREHVTEESE D, FEIK
X, £H 7T 108 E 1004, 2F D, 51 x10=510 &
51 x 100 = 5,100 DFEIEL THE ZIT) . AlexNet 1285
JEEETIE, ETVOEAE T VY LIHELT 5 5k
&, ImageNet 77— % v I [25] TT CTIZHEHFATH S
HEADPST7A L Fa—Z U T %47 HED 28 D)
FCHE A 4T 9 [26). CNN OFEH 8T X — & 1L 3CHRk [26]
T BEIRE ATV, CNN O b F:121% Stochastic
Gradient Descent (SGD) % FIH$ 5. S RITHEMEZ
0.001 IZFEL, TRy Z7HA 302 MxfEs T L1, %8
x0T 2omPsE5. KAy 7513 1,960 0] &
3% [26].

DeCAF + SVM Tlid, RGB-D Object Dataset I2& 1
%717 — £ 5 DeCAF i L, SVM 12 & - TH#8
5L TR EER YT 5. DeCAF O4liHi i, ImageNet
7=ty b [25] T TIZHEEFEATH S AlexNet Z I
L, ANEiG%E *y bT—27I125 272, 1 FHOAKARE
MHBHID 4,096 KICOMH ZD H$ 2 & TIFH [23].
R, 10805 100 B E T 10 B A TEIL ST
x4 . FEHOBIZIE, SVMODIAMITA—F%
LS, ROBIEDI TP -2 b DEBIFERE L TR
M3 4. SVM TR RSHERETHAETE WD,

P

Top-rate DA CTHEE4T ) .

5. RERFER

5.1 #ARICLZIREFELMFEDLR

R 2 IKFHEIIBW TR O BRI FE 2 o 7GR 2R
T. K8 ICKETFHEICBWT, FEANME LSS 8E
DHINFOWBZRT. STTENTA—F (T7 V1
m, TADINT A—=% cost) RAALSE TR BRI
RO NIZBDT — 5 ZRT.

REFH T, FHREHIEH 7T T 100 LA
T7I4EmMD140E E RO BORINEIES N,
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Table 2 Evaluation results.

Top-rate Rank-rate
Proposal method 98.8% 99.9%
HONV+SVM 87.2%
AlexNet 99.8% 99.9%
AlexNet (Fine-tuning) 99.9% 99.9%
DeCAF+SVM 99.9%
cost=33x104 3-1% 105 8.1% 105 1.0X 105 1.3%x 104 1.0X 105 6.4X10° 1,0x 105 2.6% 10% 1.0X 10
1.0 E A : 7y é é é é 'y 5]
° 14 14 14 14 1.5 1.4 1.3 1.4
° 14 . R .
=14 . ° 23.1
08 m o . ® 133 183 23.1 183
= . 231 23.1
a
g * 23.1
N 18.3
2 06 °
s cost=18.3 ® Proposal method
§ © HONV+SVM
< ADeCAF+SVM
' O AlexNet
 AlexNet (Fine-tuning)
02
0 10 20 30 40 50 6 70 8 9 100

Number of training data

8 FEEMBELESE L &D Top-rate DIHER
Fig. 8 Top-rate by changing number of training data.

-
e’
4 ° e
) *
_ g3t
- ® oo S
2° .
S °
5 o a® o ® AlexNet
e # AlexNet (Fine-tuning)
. o’
1 ° °
°
oh 3
0
1 2 4 8 16 32 64 128 256 512 1024 2048
Epoch [-]

9 AlexNet O 2851 5 loss-epoch 77 7
Fig. 9 The graph of loss-epoch in training of AlexNet.

HONV + SVM Tld, S#EBEHEH 7 T T 100 A2
DA PTG A—=FDT23.1 DL X ITHRD EHVERNEDIES
7z, AlexNet |2 & o TER S ML7-@kBl## ClE, ET VD
HEAET VLIS 2 L 77 A v Fa—= T
2AT) HEOWHT, #4577 T T 10 M & 100 B O HEi{%
ERAWTERSEEREEBL L. £/, 100D
FH 7 — 5 % AlexNet 125 2 2B, FHEPIESNS
IRy 7T AEFD 7T 7 %F 9 12/RF. AlexNet
&2 200THET, HBEN1.0x 1072 LTOMEICED,
FEPEGPIPR L TWD 2 EDGh 5 [26]. &B, FH
B 10 OB ETYH, FRICFEPPRT 5 2 & = hf
RLTWE, 2200FFEE BT, FHBEL 10 OWGE
TENEN9I6%, 99%, FEEDT 100 OLETE b I
9% &, FWVIRBIFEAE S 72, DeCAF +SVM T, 4
BRSO DT ARIT A—=FD26x107* DL &
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(Zh D BV RRBIER AR B e,

WS R E BT 2 &, IRRTHEOMBIZEIL, HONV +
SVM D &9 ERITGDO L A b 75 D% FIH L 723855
FEHLTO88% L@, MEFHICLVFHEIN AT
T EAE WS IC X BRBERITHE L, OF D,
FRANCE L - AP ER SN TWDE I e ZRL T A,

—J7C, EFLEL CNN ZFIH L72FihTH 5 AlexNet
R DeCAF + SVM (2 X kB2 Wik d 5 &, BEiIdi
WEEBT, REFEIDVEVENEEZZRL TV,
COFHIE, CNN % W TG T 55610 —
BN L DFBBRBD LT L B 505, KREBROTF—5 1y
N CIEWRO A 7 T 2551 FHEHE DR vz, WRIE
PNEFBADATRI2T20 12 EZ D, TN ORENS,
PO #7217 Tld, CNN 2 W7z 4 23T
OBV T E 2\,

2L, RETLETOFEBILA 10 T 89% D\ ik
WA/ SNTEY, &5 I2%EME 100 KT 98.8% &
CNN # HW7- T L CREBIZR O ZEE 11%ICHRD 5 &
EERERLTWA, ZOZ LTSI, SEERH L7,
IR, K& SO, WROBETEHKIZHE 5 L Tw
HIZEERLTWA., CNN Z W7z Fdd k45 X9
ICREEBIZRIC BV THROBM SR STzl LTHZ
DU T (Thbb, EORMITEBIIES LT
LOPREL 5% ). CNN TlE, BF5 IIARRESE
FHETERA L2, BIK, KESZTTRLLZOMDE L
DR A TRTHIDY ANTIRE L TOBMEITTER ST
WhbokEbh, 004N OFEETIE 100%I23T W
BV N b DEEZ S,

5.2 HBRAEROATFIVICLBRBEFEEMFEED LS
X 10 I2$RZETH L CNN TH 5 AlexNet D) HLELE

Vol.59 No.8 1499-1510 (Aug. 2018)

TN L, MEC 774 v Fa—=27
12 & 5T 3 O TH:Z L 5, Ranking-rate O _Ff7 3
DOFBAFER OB 2R, 10 IZFEH S T 2 5,
ASIENT=T = 5 DEBER O 7 T ICFTE T AT
H5b.

REFLOBINERLELET S, (1) Camera O AJTIH
B3, BRODH 50 EMUAVERE LTWD, REFED
Camera OakplFEFTlX, Camera, Stapler, Calculator %
A3 ODFBFERIZHITTEY, T XTORIFHRICE
BRDdH L L UAWIERE W) HENRIGEERH L Z L
PHERRTZ 5. (2) Food cup D AN MWfRITER, H, Fds
GENTVWAIETH 5. EFIED Food cup Dkl
HTI3, Food cup, Food can, Rubber eraser % [-fi7 3 D
DFHFERE LTWAE. 2T, #IMERD 1%% T 5
Rubber eraser % 681 L 72354, Food cup & Food can |2
&, o, FLARO TNV, HERE Vo HER
GG RO Z L RERRTE A, (3) Marker ® AJJH|fE
i, REABEZEOCHMRCIRIROYETH 5. RETLED
Marker O#plHEd T, Marker, Toothbrush, Mushroom
* P23 DOREGERE LTBY, fBIEED 1%% Th
% Mushroom #* #:47 L 72834, Marker & Toothbrush |2
&, REABDPDS R LMEVEIROYE L) BLRR %3k
HEDSHERTE 5.

REFEDPOMONTAERE AL &, EAORBIFRIC
&, AD LA 7 T) R8P BRICBVWT, £ 0t
WESH B ENnDE. T, REFEIWIRE )
AR, &H 7TV IEA e FETETEY, K
TReEF LM, WM, K& 3ITX )RS YR
BWERENT VDL I EDGh5b.

RIZ, CNN 2V 7zFi:Th % AlexNet DakFIREF %
%23 5. CNN OO —HIE, HFLEO MR O

Input Results of Proposed method Results of AlexNet Results of AlexNet (Fine-tuning)
data st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd

Camera Stapler Calculator Camera lime Stapler Camera lime Stapler

Cameis 0.40 0.33 0.27 0.99 53X105 | 9.8X10? 0.99 9.4X10° | 3.1x10%
\- - x \-

Food cup Food can | Rubbereraser | Food cup Pliers Kleenex Food cup Food ca Food jar

Food cup 0.55 0.44 2.0%107 0.99 7.6X10% | 52x10° 0.99 13X10° | 52X10°
M ark(-er Marker Toothbrush | Mushroom Marker Toothpaste Scissor Marker Greens Toothbrush
0.59 0.22 0.08 0.99 4.4X10° 2.8X107 0.99 1.2X103 8.5X10*
10 IRETHEL AlexNet 20 555N 55
Fig. 10 Recognition probability of each example.
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_ég FCCH gg Fourier descriptor
i W e
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Fig. 11 Learned weight for “Comb” with all categories.

MEEZRE L TH Y, FEEIZFE SN/ CNN OEAIARE
PolREND TV F R L, WILHEOMBIHEE (V1)
EOHPMEL IR EN T WS [27]. 2070, KOS
HEE LT, CNNNEBIZSML 5O ER SN T
WAHUWREESH H. X 10 £ ) 4 EOEERTIE, AlexNet
L7754y Fa—=r7 L7 AlexNet D ASJT7— % 1237
5N OBNERERL &, IIZHT 727 T) 133X
TIEMOHAT T THY, TOINHERITI9.I%TH 5.
— T, 26L& 3ALICH T T T OFEBIFERIE, K&
WHLDTH 103 DF—=FTHib. ZDLHIZ, 1HLk*F
ML DR FERICR Z R END 5720, AR ORI H
M BHAREERT CNN NEICAER S R EIconwTE
B LIENTERV. 2OV TIRABROMEH IS
LWETHILEEDNS.

D EDOERDS, REFHETIIA, K, KES03o
DR E TR A D W THEN 21T 720, F0
BT TR ENARERHS 2 TH Y, CNN % v
TeFH L L TR T & 5.

5.3 FBICLNES W -EHDFHE

WIS, IRETFETFE SN/ Comb 77 T OEAL
& 11 ~7<‘9L. EHOIE, FCCH (fu), PAl7—1) i
WY (), REFRFHMORE S LEFHMORETED4
DOFFHP SRS NLWEEEELLTBY, LohT
TVIZKELREAZFS>TWAEPHFHNSLZ LT, Comb ¥
TIT)VNRED L) LE e RO TE 5.

Comb 77T DEA%H A &, FCCH TlE, Food jar
R Pitcher D& 9 7%, B, H, IKaWZELHI T ITVICKE L
Ex L, PRl7 —1) 25k FTld, Marker X Toothbrush
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x® 3 FHEH
Table 3 Training time.

Number of image data for each category

10 pcs 100 pcs
Proposal method 5.7s 875 s (15 min.)
AlexNet 3,218 s (54 min.) 32,554 5 (9.0 hr.)
AlexNet (Fine-tuning) 4,188 s (70 min.) 31,911 s (8.9 hr.)

DE)BMEBVWEIRE Lz T IV ICRE R E > Tw
5. BETHINOKE ETId Apple % Orange 75, HT-J511)
DR E LTI, Garlic ® Mushroom 12K & iz o> Tw»
5735, FCCH® P 7 —1) Ttk T- & i L T, HADH
NSV IR, KRE S OFHAY Comb 7 7 T DK
ZBWT, BEETELZWIEEZEL TV, INLDOHE
A5, Comb /17 T, GG LEE L Ak Lo
EEFFoTBY, ToMalE, B, A, KEEEAZHE
WIBIRE L72WiECTh 5 Z EDHEECT& 4. Z1d Comb
DFEMUE RO ENIFE 2 KENLITE S 2TV,

5.4 LE%HKJ%%%?%&CNNK;%?%@&@
KA 7 T 10 /L& 100 BOFH WG % 52 723
/\@ ﬁ%%zft CNN % JHW 7= FFED0 8| %Ltﬁﬁ'%
RY. RETHEOFEERIL, 4255l d 5 L9 12
?jUﬁEE@ﬂﬁkD?Z%477@%Ki%ﬁ&@$
BECTEREHNHBEE LTWh. CNN OSHIERIE, 4.4 #i
IR A X912, IRRIKRY 75TH 5 1,960 [ilHF T
D#ER LEHEIC X 25 2 5H#H L LT, FHHEMM
1%, Ubuntul4.04, CPU Intel Core i5-2500K (3.30 GHz),
RAM 8 GB O¥g#T47 9. CNN OYURFIIE, Fito
12N Z T, GeForce GTX 1080 ZFJJH¥ 5. MLILHFH %
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