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[Abstract]

Rubber produced by rubber companies is subjected to quality suitability inspection through rheometer
test, followed by secondary processing for automobile parts. However, rheometer test is being conducted
by humans and has the disadvantage of being very dependent on experts. In order to solve this
problem, this paper proposes a deep learning-based rheometer quality inspection system. The proposed
system combines LSTM(Long Short-Term Memory) and CNN(Convolutional Neural Network) to take
advantage of temporal and spatial characteristics from the rheometer. Next, combination materials of
each rubber was used as an auxiliary input to enable quality conformity inspection of various rubber
products in one model. The proposed method examined its performance with 30,000 validation datasets.

As a result, an Fl-score of 0.9940 was achieved on average, and its excellence was proved.
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I. Introduction
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Fig. 1. Graph of Annual Smart Factory Market Size
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III. The Proposed System
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Fig. 2. Approach of the Proposed Method
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Fig. 3. Structure of Auxiliary LSTM used in the Proposed Method
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2. Auxiliary CNN Model
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Fig. 4. Structure of Auxiliary CNN used in the Proposed Method
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Attribute Type Explanation
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Quality Conformity
. Inspection Result
result int .
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create_time":"23-06-09 13:54",
"mat_info" I "O#0#0#0#1#041#0#1#1#0#0#0#04
"rheo_info":"9.902#5.848#5.853#5. 74945 . 1:
result”:1

Fig. 5. JSON Format of rheometer time series data
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Table 2. Confusion Matrix for each Model

Auxiliary Defe.cti.ve Accepta.nce Sum
LSTM prediction prediction
Defective 11801 165 11966
Acceptance 1046 16986 18032
Total sum 29998
(a) Auxiliary LSTM
Auxiliary Defe.cti.ve Accepta.nce Sum
CNN prediction prediction
Defective 11766 200 11966
Acceptance 81 17951 18032
Total sum 29998
(b) Auxiliary CNN
el el
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Acceptance 82 17950 18032
Total sum 29998
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Table 3. Classification Performance for each Model
Auxiliary LSTM Precision Recall Accuracy F1-Score
Defective 0.9186 0.9862 0.9512
Acceptance 0.9904 0.9420 0.9596 0.9656
Average (macro) 0.9545 0.9642 0.9584
(a) Auxiliary LSTM
Auxiliary CNN Precision Recall Accuracy F1-Score
Defective 0.9932 0.9833 0.9882
Acceptance 0.9890 0.9955 0.9906 0.9922
Average (macro) 0.9911 0.9894 0.9902
(b) Auxiliary CNN
Ensemble Precision Recall Accuracy F1-Score
Defective 0.9931 0.9923 0.9927
Acceptance 0.9949 0.9955 0.9942 0.9952
Average (macro) 0.9940 0.9939 0.9940

(c) Ensemble
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