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Effect of the Sample Size of Training Data on the Accuracy of Discriminating Good and Defective
Products in Machine Learning

Daiki MORI™

When machine learning being applied to visual inspections in manufacturing, the relationship between accuracy of

discriminating good/defective products and the sample size of training data is an important issue to be investigated

beforehand. In this report, a machine learning system was applied to a visual inspection of drilled hole parts in order to

identify good/defective products while increasing the sample size of training data. Then the discrimination accuracy was

evaluated by applying the trained model to some test data, and the effect of bias in the ratio of the sample size of good to

defective products in the training data was also confirmed: the ratio between good to defective products was varied from

1:9 through 5:5 (referred to as no-bias) to 9:1, and the deviation from 5:5 was referred to as the bias . As a result, the

accuracy tends to increase with the sample size of training data, and to decrease with the bias in the good/defective

product ratio.

Keywords: Machine Learning , Sample Size of Training Data , Accuracy ,Visual Inspection , Transfer Learning
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Fig.1 VGG16 Transfer Learning Model
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Tablel Photographed Images for Each Inspection

Inspection Image Defective Areas

Good Product

No Hole

Foreign Objects
(Size:Small)
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Tablel Photographed Images for Each Inspection <Continued>

Inspection Image Defective Areas

Foreign
Objects
(Size:Medium)

Foreign
Objects
(Size:Large,)

SZINZI=C
N X/
“Q O \
N/ \A

Node:30720 Node:4096 Node:4096 Node:2

Fig.2 Neural Network
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Table2 VGG16 Transfer Learning Model’s Layer

Layer Name

Output Data

Photographed Image

Image:5184 > 3456 (Horizontal Pixel * Vertical Pixel)

Input Tmage

Image:324 % 216

1st Convolutional Layer

Feature Map:324 x 216 * 64 (Horizontal Pixel x Vertical Pixel < maps)

2nd Convolutional Layer

Feature Map:324 X 216 X 64

1st Pooling Layer

Feature Map:162 % 108 x 64

3rd Convolutional Layer

Feature Map:162 % 108 X 128

4th Convolutional Layer

Feature Map:162 > 108 x 128

2nd Pooling Layer

Feature Map:81 < 54 < 128

5th Convolutional Layer

Feature Map:81 X 54 X 256

6th Convolutional Layer

Feature Map:81 < 54 < 256

7th Convolutional Layer

Feature Map:81 X 54 X 256

3rd Pooling Layer

Feature Map:40 < 27 < 256

8th Convolutional Layer

Feature Map:40 x 27 % 512

9th Convolutional Layer

Feature Map:40 < 27 < 512

10th Convolutional Layer

Feature Map:40 x 27 % 512

4th Pooling Layer

Feature Map:20 % 13 < 512

11th Convolutional Layer

Feature Map:20 % 13 X 512

12th Convolutional Layer

Feature Map:20 < 13 < 512

13th Convolutional Layer

Feature Map:20 < 13 < 512

5th Pooling Layer

Feature Map:10 X 6 X 512

Flatten (Input Layer)

Feature Vector:30720

1st Fully Connected Layer (Hidden Layer)

Feature Vector:4096

2nd Fully Connected Layer (Hidden Layer)

Feature Vector:4096

3rd Fully Connected Layer (Output Layer)

Feature Vector:2

S %

dgETr—20y > JILYyA4 X
T — 2 O T A XD BRIZ
FFRT — & O T E 2z 7o' T (L
T, FEHEHLETLET D) I, FERICHEHLE

2 DD T ANEMBEICET S THME & EHEOR”
DRET b E—%2HETHHLOTHD.

Bt B AW T — 2 o Tt A X
/% 100, 200, 300, 400, 500, 600, 700, 800, 900,

moleT—4 (LLF, TANT—%2E35) &k
S BROB K TG Lz, HEDORMITIE,
RDIRTHEHEREEZH -, 22T, 72T
—Z DY T A RT 100 L, B AR
OEBERFREKICR D LB YT, &k, A
KBEABIZET VO THIEE EOfE & DM DOiREE
BEALT HTDIEHTLHEOTHY, EHR/NHS
VIEEENTZETAVE SR D. AT R E
b= IR bOEHWE. 2T,

Lpce(0,9) = —ZiLi[y'log 9" + (1 — y) log(1 — 9]
Lgcg : Loss(Binary Cross Entropy)
¥ : Probability Distribution of Predicted Values

1000 & L, #%% 1000 O FlHHT — & 7 & HAEZ 2
Béh - REMOT—Z Z R H L TEE s+
7o, BT NY A XOFMEDOFEFEHRET VI
*L, 7ARMNT—Z %R - REMBIZH SH 7
ERND, BREIET —F OV TP A XD
B EmR L. 7ok, AT —X O HL &
FEE, KV TNV A XOKMET 10 BT LT
W, Bohic 10 HoOFEEHRETNET AT
— SR & R T A R O S & R & L7

(1)

y : Probability Distribution of True Values
N : Sample Size
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Bias in the Sumple Size of Training Data
(Good Products : Defective Products)
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(b)Sample Size = 500

Fig.4 Relationship between Loss and Bias

in Sample Size of Training Data
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