AU BE Y RS =23

Journal of The Korea Society of Computer and Information
Vol. 25 No. 3, pp. 27-32, March 2020
https://doi.org/10.9708/jksci.2020.25.03.027

Deep Learning based Scrapbox Accumulated Status Measuring

Ye-In Seo*, Eui-Han Jeong*, Dong-Ju Kim*

*Researcher, Postech Institute of Artificial Intelligence, POSTECH, Pohang, Korea
*Researcher, Postech Institute of Artificial Intelligence, POSTECH, Pohang, Korea
*Research professor, Postech Institute of Artificial Intelligence, POSTECH, Pohang, Korea

[Abstract]

In this paper, we propose an algorithm to measure the accumulated status of scrap boxes where
metal scraps are accumulated. The accumulated status measuring is defined as a multi-class classification
problem, and the method with deep learning classify the accumulated status using only the scrap box
image. The learning was conducted by the Transfer Learning method, and the deep learning model was
NASNet-A. In order to improve the accuracy of the model, we combined the Random Forest classifier
with the trained NASNet-A and improved the model through post-processing. Testing with 4,195 data
collected in the field showed 55% accuracy when only NASNet-A was applied, and the proposed
method, NASNet with Random Forest, improved the accuracy by 88%.
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I. Introduction
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Fig. 1. Scenario for Using Algorithms in Industrial Fields
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II. The Proposed Scheme
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Table 1. Training data
class name number of data

0~10% 7,561
10~20% 11,125
20~30% 6,404
30~40% 11,783
40~50% 16,646
50~60% 15,404
60~70% 18,620
70~100% 7,783
clear 4,277
Total 99,603

1.2 Accumulated status measuring algorithm
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Fig. 3. Accumulated Status Measuring Algorithm
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Fig. 4. Random Forest Algorithm
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III. Experiment
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Table 2. Test data

class name number of data

0~10% 503
10~20% 460
20~30% 409
30~40% 498
40~50% 491
50~60% 550
60~70% 464
70~100% 502

clear 519

Total 4195
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Table 3. Experimental Result

Methods Epoch Accuracy
20 51%
30 55%
NASNet 50 52%
80 58%
90 45%
20 68%
NasNet 30 70%
with 50 66%
Random Forest 80 76%
90 80%
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Table 4. Experimental Result
Methods Accuracy
NASNet 55%
NASNet with Random Forest 80%
NASNet with Random Forest o
. 88%
and post processing
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Fig. 5. Confusion Matrix — NASNet with Random Forest
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Fig. 6. Confusion Matrix — NASNet with Random Forest
and post processing
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IV. Conclusions
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