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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.
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Fig. 1. Network Architecture
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[I. Convolutional Neural Networks
1. Network Architecture
‘%al 7

A AAdsedE o 19 g 111 Q
T4 MBASY AT a8a FHSeR

AT AEMEY AT Fo =2 S48 22k 93-S
oz W= o3& Zd(plane)old} 3t 1 S &
(feature map)o|2} 3t} 28]a wpxeko)] Q)&= 344 g 74]
9] 88 34717} 1x1 OJ EWolt), wEhA FHSL A
AAE A 14 HE §Jgo= weth

7+ A Atolo] AL S AAE AT ABAEY
1o} 1o]H, A B *\E%%‘ 3 A A AR AEE A
g 4= vk Gl AREA AP 9d dZY
connected)®]t}.

oA AREEE A e A R T
Fo 3L LeCung WS Xﬂﬁ]xﬂ.ol
Phung?] =%< #1101

O

1.1 Convolution Layers
FAAE AZe 2 TaL st FAA vlaas 7
W wpaF9l glo] 7hx 98-S gl agla o)¥l AT

vk E e SHolA FRETh 19 2+ St 54
o] Atew e Yehdth 2§ 204 12 IH4HY AT
9] elelAgN E4(1=1,3, -, 2a+1)°]th
1<j<w!
b(liias)
1<i<H' 15w o wo HZH@
f W $ i
1<u<r
® EEEN ® 1<i<H'| V.
T 1<v<c! T
1<i<H™ l<j<wW
v Yo
I<jsw™

Fig. 2. Convolution Layer
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Table 1. Leaning Results of Each Mask
Layer Input C1 S2 @8 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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