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Open Set Recognition Deep Neural Network
for Classification of Alarm Types in Automobile Facility
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It is important to predict critical alarms in the manufacturing process that can reduce the utilization rate of the
production facility. In recent years, deep neural networks have been widely used for prediction of alarm types in the
manufacturing processes. However, the existing deep neural network classifiers follow a closed-set assumption that
all predictable categories should be learned in the training stage. For this reason, when an unknown alarm type comes
into the classifier, it should be classified as one of the predefined alarm types. In the actual manufacturing processes,
it is extremely difficult to collect all possible types of alarm data. Therefore, a model with open set recognition is
required to identify unknown alarm types. In addition, because the alarm type data collected from production
facilities occurs simultaneously, a multi-label classification model is necessary. In this study, we propose a multi-
label open set recognition model combined with background data that can improve the ability to identify unknown
alarm types. We demonstrated the usefulness and applicability of the proposed method by comparing it with existing
open set classification methods using real process data obtained from an automobile industry.
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3.1 Multi-Label Classification Network
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Figure 1. Deep Open Multi-label Classification Network
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Table 1. Summary of the Training and Testing Data

Training Testing
Class data data Total
Normal 1,804 395 2,199
Alarm 1 1,158 223 1,381
Alarm 2 443 78 521
Alarm 3 1,420 302 1,722
Alarm 4 658 129 787
Alarm 5 793 172 965
Alarm 6 267 55 322
Alarm 1+Alarm 2 1,329 279 1,608
Alarm 1+Alarm 5 925 197 1,122
Total(Known) 8,797 1,830 10,627

Table 2. Summary of the Background and Unseen Data

Class Training data Testing data
Background 1 868 -
Background 2 1,018 -
Background 3 663 -
Unknown 1 - 729
Unknown 2 - 824
Unknown 3 - 1,442

Total 2,549 2,995
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Table 3. Average Classification Results for Testing Datasets over 20 Repeated Experiments. Standard Deviations are Indicated in

Parentheses
. Jaccard Similarity Score F, Score
Algorithm
Known classes | Unknown classes| Overall classes | Known classes |Unknown classes| Overall classes
MLC(t = 0.5) 0.9813 0.1209 0.5940 0.9852 0.1157 0.5698
(0.0141) (0.0232) (0.0182) (0.0124) (0.0251) (0.0207)
0.9514 0.4401 0.7450 0.9534 0.4288 0.7324
EVT-based MLC (0.0258) (0.0173) (0.0242) (0.0242) (0.0167) (0.0175)
DOC 0.9604 0.7429 0.8625 0. 9632 0.7389 0.8597
(0.0235) (0.0244) (0.0238) (0.0157) (0.0146) (0.0155)
background 0.9598 0.6691 0.7794 0.9601 0.6705 0.7803
(0.0152) (0.0243) (0.0211) (0.0178) (0.0155) (0.0170)
Proposed method 0.9645 0.8397 0.8870 0.9685 0.8401 0.8881
(0.0114) (0.0218) (0.0187) (0.0151) (0.0148) (0.0149)
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Table 4. Average Classification Results for Multi-label Classes over 20 Repeated Experiments. Standard Deviations are Indicated in

Parentheses
Class Algorithm
MLC(t = 0.5) EVT-based MLC DOC Background Proposed method
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