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ABSTRACT

Image Classification Using Convolutional Neural Network and

Extreme Learning Machine Classifier

Han, Jung Soo
Advisor : Prof. Kwak, Keun Chang, Ph. D.
Dept. of Control and Instrumentation Eng.,

Graduate School of Chosun University

This paper propose a method for combining of CNN(Convolutional Neural
Network) with ELMC(Extreme Learning Machine Classifier) based on
ReLU(Rectified Linear Unit) activation function. Basically, the proposed
method consists of two phase development. First, CNN is employed to extract
features of image database. Next, ELM is used to classify them.

CNN is organized as a structure which repeats both convolution and
pooling layer. First of all, the generated feature map will be downscaled to
be its appropriate size through the pooling layer once a featured map is
generated by convolution operation in the convolution layer. Consequently,
the dimensional ly reduced feature map are summarized in the fully—-connected
layer. The CNN used in this paper uses one of the architecture pre-trained
model. The reason is that since hundreds of images have been already
learned, it is easy to use for feature extraction and the feature values are
classified as input data through the ELM classifier. And we use the
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activation function that is used to get the optimal output weight in the
existing ELM classifier as the RelU function used to compensate the
disadvantage of the existing activation function in the CNN. The ELM is
called SLFNs(Single hidden Layer Feed-forward Networks) because of its
structure with one hidden layer, and it is a proposed method to complement
some problems such as drop of learning rate caused by overfitting which is a
disadvantage of back-propagation algorithm. Therefore, ELM show more
exquisite performance capability at speed for classification than
SWM(Support Vector Machine), Tree, Naive Bayes, and Discriminant Analysis,
which are used in the existing machine learning classification methods. The
ReLU function is a proposed method for solving the problem of gradient
vanishing, which is a problem in existing neural networks. Moreover, it can
be easily implemented by Iimiting negative values to 0. Also, it has the
advantage that it allows the amount of computation to be reduced without the
exponential operation used in the existing sigmoid or tangent function. When
the RelU function is used to obtain the output weights during the
classification process of the ELM classifier, the performance is better than
that of the conventional ELM classifier.

These are three databases used in this paper: CIFAR-10, OxfordFlowers,
Caltech-101. These are well-known databases and belong to the benchmark
database for image classification. The CIFAR-10 database consists of 10
classes, 50000 training images and 10000 test images. The OxfordFlowers
database is composed of 17 classes, 1360 images and 80 images for each
class. The Caltech-101 database comprises 101 classes, and each of them
contains different number of images. Because OxfordFlowers data and
Caltech-101 data do not distinguish between training images and test images,
70% of the total images are used as training images and the rest are for the
test images.

As a result, we have been experimented in excellence of capacity of the
proposed method, showing that it is improved approximately two to six
percentages higher than the existing machine learning classification as wel |l
as better speed. It is also confirmed that the classification’ s rates of
the ReLU-based ELM classifier appears about two to five percentages higher
than the existing activation function” s based ELM classifier.
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H1&E CIOIEHIOIA

1. CIFAR-10 CIOIH

CIFAR OIOIE= #IXI0IR OIOIH = otutz 29tK 872 A ™ UCH. CIFAR
HIOIEH= CIFAR-10t CIFAR-100 & =FJF UCH. 0l HIOIE= Alex Krizhevsky,
Vinod Nair, Geoffrey HintonOl ==&3&tACH. CIFAR OIOIEH= IHOIA (Python) H
&, DS (Matlab) HE S &H O 22 =+ UCH. CIFAR-10 HIOIE = & 100t
Kol ZeA=z 0IRUHAM U=0l CIFAR-10 OIOIES SehA= M, X, D20l, Al
S, O, JH=2el, &, BI&8Dl, ti, Exe2 0IR0 A QUCH. CIFAR-10 GIOIE Sl &
g2 0l0IKlz 2 2L & 5,0000H% 50,0002 4T A0 HAESE 0/0]

= 2 2dA Z 1,000012 10,0000H2 A ZHUCH. OI0l HloH CIFAR-100 O
OlEH= & 1000tX12 ScHAZ OIFHAM UL, 28 SchA 8 600EA E 60,000
O 0lI0IXNIZ A0 ACH. CIFAR-100 CIOIE S Al CIFAR-10 GIOIE 2t &0l =&
2 0|0IXI2 HAEZ 0l0IX2 M= ZCh. Lt 2 2eHAE &= 0/0IX
O Ji== 500042t EHIAE OIBIXISl JH== 100JH2ZM CIFAR-10 CIOIE{ 2t JH== X0l
O ACH. 2 0I0IX=2 32x32 2012 Zetgao=z Ghs0{M QUCH. CIFAR OIOIE
C5t&(Supervised-learning) 20t AlE5t= OIOIHOI2Z Z3E 0|0| X
AEZE OI0IKI = O 2L E= It UL CIFAR GIOIE= Tiny OIDIX
GIOIEA Al (tiny images dataset)l gURZE XtXIStCH, Tiny  OIO0IKI=
79,302,017 22 HEHLt #22 N2 AN JUCE. Tiny OIOIXI CIOIEH A
Al 32x32 312 ZHFACZ Bt=UHAM UCH CIFAR-10 OIOIEHS oAl &
D 452 B0HF= YYE2 Fractional Max-Pooling &0l 96.53%E 2O

IFAR-10 CIOIE HIOIAS] 2 2SeHA & 7IHS OI0IKEE2 &
g0lAd= CIFAR-10 TIOIEHBtES AtE3ot)| flof =&
X2t HAE OI0IXNE 2 E0HE=E HEGIACH. 2l Y2 2 2
S0l ECt.

nio

HT
MM 32 JU JQ O
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' B =S e
dEsREESESE

8 4.1 CIFAR-10 GIOIEHIOIA

2. OxfordFlowers

OxfordFlowers OIOIE= Z& CIA ZO0IHM &F At&Edt= OO0IH 8% =
StLIZM 17012 242 012 & dIoIEMIoIAL 102908 2eHAZ 012 A
CIOIEHIOIA 2JEXIDF EMEC. 2 A= 1742 2eHA=Z2 0IFR & HI0IH
HIOIAE ALSSHACEH. OxfordFlowers OIOIE = 2 2eHA E 80X OIOIXIE=2
SEEHUALD, 5 136042 0I0IXZ *HEE 0 UALH. OxfordFlowers CIOIEIHIOIA
= 930M 8ol 2 = Y= Z2E T ¥ IJINE H=€60d 2HotC. Oel O
OlEHIOIACl EEE O|0IKI=S2 CIFAR OlOIXIN Hlioh & A212 G4 Ol0IKZ
SHALD, 2 OI0INSS ChYst TtAI2E Lo BMtE E10 U I& XHel =0l
N ALZ5tl Hg st IoIEO0ICH 2 A™"0Ad= & 1360012 OI0IXIOA 70%E =
gE 0/0IXZ2 AESot¥l 30%E HAE O0l0IXZ ASotct. I8 4.2=
OxfordFlowers GIOIEAHIOIAS] 2eiA & OI0IXIE2 HE EHECEH
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18 4.2 OxfordFlowers GIOIE{HIO] A
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3. Caltech—-101

Caltech HOIH= OIOIXI =FE & M AtSct= EHEQ HOIEHZM 1014
O ZeHAZ OIFOUHEA CIOIEHBIOIAR 256002 ZeHAZ 0IFHE OIOIEBIolA 2
JHXIDF ETHeT. 2 =20 ad&Eudd= 101018 SHAE IJtkle dlolgel
Caltech-1010I0IHHE AtE0IRCt. Caltech-101 OIOIE = ZE2IZLIOH Jl= HF72A
(California Institute of Technology)OlA Fei-Fei Li, Marco Andreetto,
Marc’ Aurelio RanzatoOl SJoff 2HSOFLCt. Ol OIOIEHE ZE2IZLIOH Jls AL
OlA 20032 O30 ZFHUIE D= JHLEsS <Sof CE CIOIEHHIOIAOIC.
Caltech-101 OIOIEl= & 9146012 OI0IXI2L 1010H2] 2cHAZ 0IRHM JUA2H
2t ScHAOHCH OIOIE S JH==Dt Ct2 0. 2F 2ciA 8 40 ~ 80000 B2==2 2= G
S OIoIEIE REEAHUCH. DL HE=2 SHASES 50042 OI0IXNE ItXl
0 ALk O=2 olof 2ehA g2 = E 0I0IXIF HIAE 0I0IK2 JH=It C=
Ct. Caltech-101 CIOIE2l 2eciA= Ot2CIY, Jtoliet, SecH, &, €=, Lt
S SHoHH FRDde 2d2A2 2 AL, 22 =20 dEuHAMd=E
OxfordFlowers CIOIEI2F &0 2 Scia &8 E&E 0|0IKNE 70%, HAEEZE 00|
KNE 30%=2 At=2ot A&ds &SRO 2eld 2 0lI0IXIS& 300x200 AJIE
FXIZD RUCH. Caltech-101 HIOIHE AtEdt= O Hel ZeH
A0S Ol2oiAM AEotRULCH. 1 0ls= Caltech
AMOIEMNA £ JtXl ZSeHALH
1,3,5,10,15,20, 301 M0l /= OI0IXIDF =& E OI0IXIZ Jt&E 1J[JF AT+ of

kU
a
Q

U
o
m kK

IUIO
=
0P
%

CIOIEE= 2 OI0IXIE2 $’i(/—\nnotation) o ZH AXHBounding box)E2 AMEGH
0 MI5t0 0I0IKl elal &

Ol &80AM=E 10101XI2 2SeHA 2EE Al &l
M HESote =410 ZH &k 2= AMSotAl 210 KMHSHACEH. Caltech-101 Ol
OIS MXME AIEE £ ds2 ZAeH E Iie M30s 0l&otH HAE of
TE M 90% Ol&e 82 BE0=JI& stCt. O 4.2= Caltech-101 GI0IH<
2cdA = 200K ZeHAL Aoz EH1 1 OI0IKE & E XS WE LIEHH
Ct.
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4 1E0A s HIOIEHBIOIAS AIE0IN ZHERE MFS 2L B EF
Jl Z2E0 2t Ha 28 452 =2 SYstCt. Ol &sE HERE M E
S22 s 257 gYHsE A0l 1O L£48sS SHeIEE ot 12
2 AE0M Alss BEHE Sd32 B =0
o 41 AE FEH &4
Division Contents
CPU Intel(R) Xeon(R) E5-1650
oW GPU NVDIA GeForce TITAN X
RAM 32GB
HDD 1TB
OS Windows7
SW
[rogram Matlab R2016A
anguage

AEAM AIZE AE=E A

gl (Pre-trained Arc

N> m|,

tecture model otLE2! ImageNet-caf fe-alex—net

hit
A= WERIAE AMEoALE. 0 HERAI= AlexNetOlet =2H&ELCH JIE

2ge 02l stas AFEZY OpIE A
=

Hd

J

!

s I =2y Y2 el JHKIIF RUCE.  caffe-alex, caffe-ref,

matconvnet-alex, vggnet, vgg-verydeep—net, resnet, googlenets BBF &
. F Y dY LEHE MESHO OI0IX 2F HalHA JrE
o dEHOZ LS8 AlexnetS AIE6HES oF2CH. Alexnet=
6581HS] =el, 60008tJHS| TietOlE, 6243000804 HAZBHSZ 2AE HIHE

£ JHXLD UACH Olt &2 Hifet 2= stsot)l Aol 2IH2 GPUE AtE
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= 4-2 AlexNet UIERIAL 22X

Number Name Type
1 “input’ Image |nput
2 ‘conv1’ Convolution
3 ‘relut’ RelLU
4 ‘norm?’ Cross Channel Normalization
5 ‘pool 1’ Max Pooling
6 ‘conv2’ Convolution
7 ‘reluz’ RelLU
8 ‘norm2’ Cross Channel Normalization
9 ‘pool 2’ Max Pooling
10 ‘convd’ Convolution
11 ‘relud’ RelLU
12 ‘conv4’ Convolution
13 ‘relud’ RelLU
14 ‘convb’ Convolution
15 ‘relus’ RelLU
16 ‘pool 5’ Max Pooling
17 ‘fc6’ Fully Connected
18 ‘relu’ RelLU
19 ‘fc7’ Fully Connected
20 ‘relu?’ RelLU
21 ‘fc8’ Fully Connected
22 ‘prob’ Sof tmax
23 ‘classificationLayer’ Classification Output

AlexNetE AIE

ol floiM=E &

A
StCE. AlexNet2 = 812 JIEX &2e=&

OliQt 3o =& A&

ScHA0
cdloloi=

10007H 2
He=2 M

=T
o0
Zg=4

3,456 AZ=4d
M AZ=CH M3

=
Eg

Collection @ chosun

SHE 2 =
cllOl010ll= 5x5x48 AJIE <= 2562 HE=S
IS AFEGHX

dIOIHOIA = 3x3x256 IS 38400 HES

et &S

=)

II=>x=-=
H=

0l= ZEO0lLt
HeH2 M

=T
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& dIoINOIM= 3x3x192 312 2560 HES AtESHCH. 2
AtEots HE=2 IJtESXiet & = UU. TS IS8 S2 AlexNet

R4 HH2E HOIMAME 3x3x192 219 38400 HES Aot
A=

OIS JIEXIE EWZ== OE0ICH.

18 4.4 AlexNet2 M1 2AE=FE 010 IS

18 4.5 Alexnet2 K2 A2=FE 00 ISl
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ird convolutional layer weights]

18 4.6 Alexnet2l X3 AE=FE 00 ISl

ourth convolutional layer weights]

18 4.7 Alexnet2l K4 AE=FE 00 IS
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Ctest A-Z2 <ol |0 &8s 30X HIOIEHOIAE AIE0HR T
4-32 CIFAR-10 IOIEHE At=st HE=Z=H AHF =X 2TRIIE ZEsS 2
s2 B0WHFELD HE 4-4= OxfordFlowers HIOIEHE AIET 28 ds=2 20
T 4-5= Caltech-101 GIOIEHE A28t 28 A58 20H=C. EWM 25719
LEO 4= 400002 DHGSCH

¥ 4-3 CIFAR-10 ZAYHEFA AAI=2HY #7715 A% &7 H&

5719 AR
o] B wo]= 37.91%
E 7] 45.76%
wE 2y 80.10%
A E WE WAl 64.54%
ELM(Convention) 75.22%
ELM(ReLU) 80.15%

¥ 4-4 OxfordFlowers AHFA 2432y BF7]E A3 27 Hs
5719 AR
o] B wo]= 36.18%
Eg 53.26%
W 2y 87.33%
AFEE WE WAl 89.26%
ELM(Convention) 88.24%
ELM(ReLU) 90.93%

¥ 4-5 Caltech-101 AYFH A3 =293 /771 A &7 A5
5719 AR
o] B wo]= 30.61%
Eg 36.19%
E A 70.19%
X E WE WAl 85.65%
ELM(Convention) 82.70%
ELM(ReLU) 87.58%
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¥ 4-7 OxfordFlowers Wo|E ELM /7] @43 3t 8 A%
T i E
A] 7L R o] =(Sigmoid) 88.24%
3l=2 (Hardlim) 87.99%
ELM(ReLU) 90.93%
3 4-8 Caltech-101 ©lo]¥ ELM £5%7] €43} &+ ¥H A%
TR ia
A ZLE0] =(Sigmoid) 82.70%
3l=2 (Hardlim) 83.31%
ELM(ReLU) 87.58%

2 4.14, 02 4.15, 08 4.162 HHZ2E AHJ2US S5 L2 EZS
Ol2s5t12 EWIM EFIIN 243 &2 AMEotH =9 =2 HAHWMIINH Ads
Z0ICH. Bl LE2 J=zxJF O oM B 452 £E0U0 = £ QiU=s A
E 2 £ A0. ddUt oL &9 LEo £= HERZ &8s B0, Le9
2= 1000 SHAZ AESoIE 20 40000HHK A &stECH. D2l 2 HOolgHEg=z

[
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Q

e | L L L I I
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Hidd d

12 4.14 CIFAR-10 ELM(RelLlU) e 2377 A% Ay
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[z S0lst EM0IE2=2 OO0IHY S42=2 olgt 4oz B UCk. Ol
Caltech-101 OIOIE AFZ Al 24000H0IAM 90.62%2 JtE =2 Hs2 EJAC0. ZEE
Moz, st HIOIEHE 0180t AEe M &9 H=+E SIHAZE I 252
42 38 =08l 28 sE0de =& =2 30t A2 M Ot SHE
=80 SUCH. O Ols=s &2 It SitgsE HAE0| HOtXIDI|l H=20IC
3JtXlI GIOIEAHIOIA = CIFAR-10 OIOIHE AtE6tH & &st ZUE 0l 2 = U
UL, & =20lM ArZ8 OxfordFlowers OIOIEE 172tXIS SHAE JtXl= O
OIHE AtEotA2Lt HHEE 101JtX12 2HAE IJtX= HIOIHE ALESHRCH. 1
el1) Caltech-101 OIOIEH= 1019tX1S Z2ciA = Z JHXE BHOt AHES Bt
2AD OI0IKI HHE AFESolAl 210 & IJHXICH E0tA A s FRIF R/pACH. =
4-9= CIFAR-10 TIOIEHE AIEdl0 0 JHAl ELMS EEAIA 20 282 20
E BHEC. HERHE AZZ2UD ELNS 2 Al HSHQ EINED £E2 45
S 2 & U2H HEZHE AF3 2L RelU L3 &+E HEAZ EWM 2F D]
£ Zgotds Mot e £2 s 20l 28 sget
i 4-9 CIFAR-10 "ol #7714 4%
Algorithms No. of hidden Test
layers/nodes Accuracy
Linear SVM[41] - 64.7%
R’SVMI[41] 60 layers 69.3%
DCN[42] Tens to hundreds layers 67.2%
ELM[9] 7000 nodes 64.5%
Orthogonal ELM[17] 7000 nodes 68.3%
Constrained Difference ELM[43] 7000 nodes 72%
Constrained Sum ELM[44] 7000 nodes 72.8%
Sample ELM[44] 7000 nodes 73.3%
Random Sum ELM[44 ] 7000 nodes 72.7%
Constrained Mixed ELM[44 ] 7000 nodes 72.3%
CNN+ ELM(Sigmoid) 4000 nodes 75.75%
CNN+ ELM(Hardlim) 4000 nodes 75.57%
CNN+ ELM(ReLU) 4000 nodes 80.15%
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