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A Study on the Automatic Generation of Fire Data using
Mc-pseudo Labeling Method
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Abstract

Although the field of data augmentation is currently making continuous progress, there appears to be little research
to improve the negative impact of bias on learning due to small initial training data. In this paper, the Mc-pseudo
labeling method was introduced to improve fire misrecognition and adversely affect data augmentation due to initially
balanced labeling during pseudo labeling. The Mc-pseudo labeling method assumes that even initially labeled pseudo
labeling can be learned with incorrect information, uses MC-dropout to predict the distribution of labeling uncertainty,
and withholds or changes labeling for specific labeling with high uncertainty. The accuracy of learning was improved
through this method. As a result, when compared to actual human-labeled data, loss was improved by about 1.7%,
mIOU was improved by 9.09%, and mAP@50 was improved by about 8%.
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F 2 Z7| labeled HIO|E] NE HE
Table 2. Initial labeled dataset information

Data Fire Smoke | Spark | Person | Total
Qty 2685 634 846 1,600 | 5565

41 AY 23
z7] 5556709 labeled El|°JE]S 7]& ©|oJEHZ
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Table 4. The result of checking the recognition rate using
Mc-pseudo labeling

Unit(%)
Method oss | mioU | _mAP
0 Train 3.452 50.36 62.67
Fine-tuning 2.886 54.86 71.94
ot Train 2.868 55.96 67.84
Fine-tuning 2.625 59.04 73.02
ond Train 2.447 62.57 76.29
Fine-tuning 2.243 64.44 7324
34 Train 2.022 68.66 73.38
Fine-tuning 1.942 71.08 79.05
4 Train 1.501 7459 81.97
Fine-tuning 1.463 755 85.07
5ih Train 1.67 76.31 84.03
Fine-tuning 1.22 7851 86.22
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Table 5. Uncertainty confirmation results using Mc—pseudo
labeling
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st A el M ZpolE Helth No. Q) | tue | false | Total | ratio (%)
0| 5525 - - - -
# 3. Mc-pseudo 2Hl2! Ho[ef ME MA Z1} 1] 2723 318 | 230 3416 6.73
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Fig. 7. Differences in inference results between Mc—pseudo labeling and manual labeling
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Fig. 8 Images with different inference results from CNN and BNN
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