SHAFIILE A HEHE| =27

Journal of The Korea Society of Computer and Information

J KS I Vol. 25 No. 5, pp. 11-18, May 2020
C https://doi.org/10.9708/jksci.2020.25.05.011

A Study on the Outlet Blockage Determination Technology
of Conveyor System using Deep Learning

Eui-Han Jeong*, Young-Joo Suh** Dong-Ju Kim*

*Researcher, Postech Institute of Artificial Intelligence, POSTECH, Pohang, Korea
*+Professor, Dept. of Computer Science and Engineering, POSTECH, Pohang, Korea
*Research Professor, Postech Institute of Artificial Intelligence, POSTECH, Pohang, Korea

[Abstract]

This study proposes a technique for the determination of outlet blockage using deep learning in a conveyor
system. The proposed method aims to apply the best model to the actual process, where we train various
CNN models for the determination of outlet blockage using images collected by CCTV in an industrial scene.
We used the well-known CNN model such as VGGNet, ResNet, DenseNet and NASNet, and used 18,000
images collected by CCTV for model training and performance evaluation. As a experiment result with
various models, VGGNet showed the best performance with 99.03% accuracy and 29.05ms processing time,

and we confirmed that VGGNet is suitable for the determination of outlet blockage.
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I. Introduction
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II. Preliminaries

1. Overview of deep learning algorithm
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Fig. 1. Example Algorithm of CNN Model
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Fig. 2. Architecture of VGG Model
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Fig. 3. Residual Block and Skip Connection

1.3 DenseNet
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Fig. 4. Dense Block and Dense Connectivity
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III. The Proposed Scheme

1. Overview
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Fig. 5. Flowchart of Training CNN Models

© =il CCTVOIA] pAJRE /4= ZiHolof A|AF
o] s Ee} A3 o] Arfe]= A3 gfAT} ePA| RUE
el o] theol B 7Er 2 4 QIES Tl gl 9
(Region Of Interest, ROI)-S A75I3L) tj20], 24
= Rl Rt A AJEIE AREst L a8t %
27 A3e golEe Lhro] HolEle 25t

r

)

2

T

L
:
|4 o J

n}

[elNe)

o}

2

SHSAlol= Sk5-&- HolE S o83t tefet CNN 23
S 331, CNN 2212 = TensorFlow Keras 0Z2]7]|0]
A[19]0]l4 A]¥51= VGGNet ResNet, 72|12 DenseNet}
NASNet R5-2 AFgslgict. o] nf, 2t 2eo] ImageNet
HolEoR SH5A] 715A|S Flo| ssaiict.

7 62 2 ==ollM et AJAR0] AT AR A
A A& 878 55=8 e 94714 24 HlolE

02 Cjozt CNN B5S shal, 450l 71
a o



1

4

Journal of The Korea Society of Computer and Information

CCTV 84 =2
3l O|0[X] ZExf

ah&El CNN 22
(WVGGNet, ResNet,
DenseNet, NASNet)

Fig. 6. Flowchart of Actual Process

2. Data collection
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Fig. 9. Blockage Dataset Examples
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Fig. 10. Dataset for Blockage Determination

3. Evaluation indicator
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Table 1. Confusion Matrix of Binary Classification

Predicted
Positive Negative
Positive True Positive | False Positive
Actual
Negative False Negative | True Negative
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Math Exp 1. Evaluation Indicator for Accuracy
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IV. Experiment

1. Performance evaluation
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1.1 Accuracy of each model
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Table 2. Confusion Matrix of VGGNet Model by Epochs
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Table 3. Confusion Matrix of ResNet Model by Epochs
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Table 4. Confusion Matrix of DenseNet Model by Epochs
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Table 5. Confusion Matrix of NASNet Model by Epochs
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Table 6. Confusion Matrix of Each Model at same Epoch
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1.2 Processing time of each model
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Table 7. Average Process Time of Each Model at
Same Epoch

VGGNet(75epoch)
1's process time: 2.31518722
3000 's process time: 0.02847767
total data's process time: 89.45301342
average process time: 0.02981048
average process time without 1's: 0.02904843
ResNet(75epoch)
1 's process time: 3.09930587
3000 's process time: 0.03230858
total data's process time: 97.89394140
average process time: 0.03262345
average process time without 1's: 0.03160088
DenseNet(75epoch)
1's process time: 448144746
3000 's process time: 0.03757048
total data's process time: 113.02252245
average process time: 0.03766639
average process time without 1's: 0.03618464
NASNet(75epoch)
1 's process time: 741918182
3000 's process time: 0.04364610
total data's process time: 136.33688521
average process time: 0.04543749
average process time without 1's: 0.04297875

2. Summary
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Table 8. Model Evaluation
and Process Time

in terms of Accuracy

Model name E.val.uatlon Value Rank
indicator
Accuracy 99.89% 1
VGGNet
Processing Time 29.05ms 1
Accuracy 97.10% 3
ResNet
Processing Time 31.60ms 2
Accuracy 99.89% 1
DenseNet
Processing Time 36.18ms 3
Accuracy 99.83% 2
NASNet
Processing Time 42.98ms 4

V. Conclusions
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