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New Approach to Optimize the Size of Convolution Mask in Convolutional

Neural Networks
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Abstract

Convolutional neural network (CNN) consists of a few pairs of both convolution layer and

subsampling layer. Thus it has more hidden layers than multi-layer perceptron. With the increased

layers, the size of convolution mask ultimately determines the total number of weights in CNN

because the mask is shared among input images. It also is an important learning factor which makes

or breaks CNN's learning. Therefore, this paper proposes the best method to choose the convolution

size and the number of layers for learning CNN successfully. Through our face recognition with vast

learning examples, we found that the best size of convolution mask is 5 by 5 and 7 by 7, regardless

of the number of layers. In addition, the CNN with two pairs of both convolution and subsampling

layer is found to make the best performance as if the multi-layer perceptron having two hidden

layers does.

» Keyword : Convolutional Neural Network, Convolution Mask, Convolution Layer

[. Introduction

A N7 3] 2% (feedforward neural networks)<
k. St Wl whe) v FE R vs

_/F gl\:].' 74]%.% ‘7“615}‘—‘:‘ aohgq]‘: 011:1]—7!40 T;].__J%/H]EE

(multil-layer perceptron) 1-Z7} 91aL[1], k5o zag

ujg} AlFo] Eolu= cascade correlation T-%7F A 21,
5

Tek g WyoRE de QR HT 5 oAf 4o
717 Wkl wEl 7MEAE 243 RPROP(resilient
back-propagation)7} AtH[3]. o]ejoll= A} dH4=2] 2%} v
-8 o] &3}= Conjugate Gradient WH[4]13} Levenberg-
Marquardt H[5] o] Utk

TS okl AEFHAL e A ERS Y Y
w9 7 AL g 2ARh X1]°19Jr 2e A5l e

5 A 14, A

é
2

o
N
-
2L
R
32,
i

d EAEE AEs7] 98 LeCune AAE AA3 2%
(CNN: Convolutional Neural Network)<S #|9HsFITH6].

LeCunoll ©J3f Algtel 3|44 AAs| =g gepn =y
3|72 A3 273t 22k 2 32k Oj”ﬂ S Q14 ok
o thgatA Agxlo] k7], S Az 213 22 G4

FE EFE S 2R ?338}3 Qom e Tx
A3 ZHE A9H, 7184EHA T Agk EAS 71
<ol = ulolE 248 A% V1A 5] dF
9 7d UEY A sdAe AAs] 2] Hlarl S5
2 AMEEI ATH8].

3] A2 217
U= 34Ae 7
= 94 2E

A 34 wxae 4
ARE F% 28a 34 waae] ar)e ’ﬂ%ﬁli%}iﬂ
AA 7VeX19] ok AT 78 AAs, ths SRk 4F

v A& 588 gholtt wpaIe] 717 AW TR ¢
7Vt AL Alzte] 2 Adt} 18 Al S dA e 417 3]
29 AA ASY 7t HaFT v 1 A7 %}
TFeA ol = AolA AL TS oA H, Holxl ThA| €]

o rlm

%
Al

L QJr) &

s J&Jhﬂ
oft |o
=

A3 Al sl o

r
2
@ i
x,
i
o

rlr mlo

* First Author: Young-Tae Kwak, Corresponding Author: Young-Tae Kwak
*Young-Tae Kwak (ytkwak @jbnu.ac.kr), Dept. of IT and Engineering, Chonbuk National University
* Received: 2015. 11. 03, Revised: 2015. 11. 24, Accepted: 2015. 12. 30.



2 Journal of The Korea Society of Computer and Information

convolution subsampling convolution subsampling
layer C1

layer S2

layer C3

last output
layer S4 convolution layer
laver C(2a+ 1)

mput
image

network
output

1 2 3 [
wl;n(u’v) Wn,n wm;n(u’v) nn m u(u U) wn,u
1-to-1 custom 1-to—-1 custom 1-to-1
connection connection connection connection — connection

Fig. 1. Network Architecture
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[I. Convolutional Neural Networks
1. Network Architecture
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Fig. 2. Convolution Layer
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Fig. 3. Subsampling Layer
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2. Learning Algorithm
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3. Proposed Algorithm for Constructing CNN
JE=HNERL QdHZ3 Z&Zo] AL AAF L Lgo
et 243 Fof k& ?% AR, 342 A3 =
T van g AP ege A waark Y
o thal 2 7] e, 4% ZESE FE AFste 3AA
g AT ABAEY ASE st Hog FTletHA oY
ST ZF AFel 948 Ar)9F ATl & Aggt o 2
o] AZS 7t AREH JEFo AVt HF AA A et

N

of



New Approach to Optimize the Size of Convolution Mask in Convolutional Neural Networks 5

AZel B4R phade] a7l nhe 9
Aok e dueEe

gakel 9718 4 [Nlia=3
1. FF 2959 &9 2715 A3 o)M= 1x10]t)

Hix wt=
2. vkt A8 AFe o] IXIHEE gt} o|9 7
S E¥o] Yors HEslux st FAHe vwam

1x1

HL71>< WL*1:1><1
- oA ABAEY AZe] F¥o] v 3R A
Zo) rhazish 2707k e g,
HL—2>< WL—
3. UmA ASS AEAEY
o oz AR U
- A A =9 % ‘:]'%Oﬂ dAHE MBUET
Ase] &9 207} H&
Hl>< W’l:2(Hl+1>< Wi+1)
d AT FE8L ggol ddsHe 344
Aze] #elol shazie] 27)u) sht A g o

QZTXC

H>x W= (H""4r—1) < (W +c—1)

4. 94829 A7) Hzo HAAY AZ Zol
o a7lutk s e e g,

anput D% Whput —
5 oyl

Bl

(H'4r—1) < (W'+c—1)
AT 2719 A 97F 249 & $8 wAY F
o wet 72+ AFY ZU S5 z

3 HF 7Y 47F A4 H.

O

[1l. Experiments

ol A= ghsr dlolg 7 B2 ¢
Aol HAo] wpazo] =79 ﬁlv A QY.
A71M A I Aol FRlA] sk Aol ofel,
OAE Gdellr 4 o] dEAA opdAE
ojth. =wellM AREE 44 dlolE Mol 2= Phungo] AR
glelelwlo] ~olth11]. 27 4= A3 9739 ooltt. dHo
Z3E 1000709 ¥= g7 1000719 HdE 9 AHES
Atk ol¥ Mjd=E gL 21 49 (D)o} ol I FFe

=2 7
T=

olm| A& EFstar 9lo] Akt o] dm FAHET of}
TRk ofm Aol e Agd QS-S ovlgith g5 AE
2E3sb7] el Al gAro® 10000719 9G4S AHgskgith
ol AlE el A I} HHZE GAo] EFE o] vt
7} gAre] 718 A7) 32x320|t)

o i G ) AP S P [ R
ERETEWE T S S

TREZEDNErI®

(a) Face Images

(b) Non- face Images
Fig. 4. Examples of Training Images

Phung& 19 49 & A
g AABE =gl 2 A
sto] dgsld od ?Li% Al
ae 7 3 A e A= 718 w2 o, v
=70 e v} oaaq%gi B =R 7 84 A
Z9o] mlAaE FYsA &k 3x3, 5x5, 7X7, 9%X9, 11x11
o] A9z Wpro] AFsigleh 1 A9t % 14 9

T 19 YES Ay 98 713 uka32l (b) 5X5 ks
A= 7Hx 3 Ayshd E}Q‘ﬂ} 2 AT A 6719 Al

3 M, e 44
Fol vz 2718 v
R9.5 se] P Axgrh

Fom PR AU ¥ ATE 4T S48 Sl
SE3 HE HAL 7 AR FEow A olvA(5Y
)] zm ok, B uvzo’o Aol e 2

olck. o]7e the:

AT oz Eojrke Zde 5H%§_‘:}. THEAE 7FEA
o} nlojozne] £5 oz L oE B9 ‘C3 ASY
A5, ‘S2'e] EAME 20]a ‘C3e < 5% A5, ol
Ao ¢bd AZA(fully connected)¥ o] lom= 107H4 3] A
Xir"/] ul37F Qi) od 3)MAE] nlaTE 5x6=250]1

% 250708 7HEAE 7Y 509 WS shte] Htol
01 25 7ML gloBR 250+ 271 " o]d JeAlE BT
ab 5x5 whaaE ARgEE dMAE AAIRTES F
576719 7}EAE 7Hh

2% 34d9] Zﬂo}d °L1Tﬂz°ﬂ w2} 748 o= (b) 5x5 vt
S Avshd 1:]. I}zl

% 2% F6 & ga% ol AFAA WLFAA T
37] glste] shtel 28 wEg sHith 2e)a u} A5 5414
2 A% 0o F94% FoOl A5 990 ko) FeL 4

ook Bk 2, 1x1 Hek £ vhAs AAEY A% S4
o ‘cw SR vhezst 2717 Polok mz
5x50|t). ol AL 'S4'8) 5x5 £} ‘C5'e) vl 5x57) 9



6 Journal of The Korea Society of Computer and Information

Table 1. Leaning Results of Each Mask
Layer Input C1 S2 C8 S4 €5 S6 C7 F8 Weights
Output Pixel | 38X38 36X36 18X18 16X16 8x8 6X6 3X3 1x1 11 Sum
CNN
Fedlire yap 1 4(9) 4 4(9) 4 4(9) 4 4(9) 1 513
Weights 36+4 4+4 144+4 4+4 144+4 4+4 144+4 4+1 484+29
Trial 1 2 3 4 5 6 7 8 9 10 Average
Learn 87.5 81.65 96.05 50.00 93.75 84.35 72.85 92.2 92.85 92.35 88.17
Test 84.52 76.35 90.31 50.00 89.43 81.90 70.37 87.13 88.95 86.76 83.97
(a) 3x3 Mask
Layer Input C1 S2 C3 S4 @5 F6 Weights
Output Pixel | 32x32 28%28 14x14 10x10 5X5 1x1 1x1 Sum
CNN
Fealire yap 1 2(25) 2 5(25) 5 2(25) 1 576
Weights 50+2 2+2 250+5 5+5 250+2 2+1 559+17
Trial 1 2 3 4 5 6 7 8 9 10 Average
Learn 85.55 93.50 96.90 95.05 93.50 96.80 97.65 95.70 98.90 94.45 94.80
Test 82.44 91.44 91.92 91.60 89.38 92.51 92.58 91.11 93.25 89.33 90.56
(b) 5x5 Mask
Layer Input C1 S2 C3 S4 Ch F6 Weights
Output Pixel | 46X46 40X40 20%X20 14x14 7X7 1x1 1x1 Sum
CNN
Fedtre P 1 2(49) 2 2(49) 2 3(49) 1 607
Weights 98+2 2+2 196+2 2+2 294+3 3+1 595+12
Trial 1 2 3 4 5 6 7 8 9 10 Average
Learn 97.95 88.90 97.25 95.30 86.65 96.45 97.35 98.25 97.90 92.10 94.81
Test 92.74 83.99 92.84 92.14 81.40 90.31 91.58 93.92 92.45 88.49 89.99
(c) 7X7 Mask
Layer Input Cil S2 €3 S4 C5 F6 Weights
Output Pixel | 60X60 52X52 26%X26 18%X18 9x9 1X1 1X1 Sum
CNN
Feature yap 1 1(91) 1 2(91) 2 2(91) 1 581
Weights 81+1 1+1 162+2 2+2 324+2 2+1 572+9
Trial 1 2 3 4 5 6 7 8 9 10 Average
Learn 95.75 50.00 50.00 97.15 97.10 50.00 96.40 81.75 96.50 96.10 86.56
Test 93.38 50.00 50.00 92.36 92.97 50.00 91.89 75.97 92.64 92.51 83.14
(d) 9x9 Mask
Layer Input Cil S2 C3 F4 Weights
Output Pixel { 32x32 22x22 11X11 1Xx1 1x1 Sum
CNN Feature Map
(Mask) 1 3(121) 3 1(121) 1 738
Weights 363+3 3+3 363+1 1+1 730+8
Trial 1 2 3 4 5 6 7 8 9 10 Average
Learn 50.00 97.05 72.40 50.00 94.65 50.00 50.00 94.00 50.00 77.30 87.08
Test 50.00 92.95 69.05 50.00 91.52 50.00 50.00 89.27 50.00 74.00 83.36
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