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1) Minseok H, Bertina B, Graham S. Pool Boiling Experiment. Youtube. 2014. https://www.youtube.com/watch?v=GA9MBdePwmo

2) You S M. Visualization-Pool Boiling. https://msht.utdallas.edu
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Figure 1 (a) Basic structure of the CNN-based OrigCNN; (b) basic structure of the TLCNN using transfer learning technology.
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Figure 2 Experimental setup (heating system, data acquisition system, video acquisition system, and boiling test system).
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Figure 3 (a) Representative images of each boiling state in Dataset A; (b) representative images of each boiling state in Dataset B; (c) representative

images of each boiling state in Dataset C.
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% 1 Dataset A, Dataset BfIDataset C& IR S B H &

Table 1 Number of each boiling state images in Dataset A, Dataset B, and Dataset C

IR Dataset A (3K) Dataset B (7K) Dataset C (5K)
AL 3648 693 949
IERE 4560 1331 1131
Il FOIRZS 4560 1316 976

F2 BRI, RAE. WREGEE RIS

Table 2 Summary of training data, validation data, and test data information used by specific models

SRR BRI (5K) gL (5K) AR (5K) Wik (5K)
OrigCNN-A Dataset A (12768) 10214 1277 1277
OrigCNN-B Dataset B (3340) 2672 334 334
OrigCNN-C Dataset C (2841) 2271 285 285

TLCNN-1 Dataset B (3340) 266 67 3007

TLCNN-2 Dataset B (3340) 132 33 3208

TLCNN-3 Dataset B (3340) 65 17 3258

TLCNN-4 Dataset B (3340) 25 7 3308

TLCNN-5 Dataset C (3056) 243 61 2752

TLCNN-6 Dataset C (3056) 120 31 2905

TLCNN-7 Dataset C (3056) 60 15 2981

TLCNN-8 Dataset C (3056) 23 6 3027
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BRI DL T 8 %
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Figure 4 Overview of deep learning model pool boiling state recognition cases (transfer learning technology is not introduced). (a) Demonstration of
OrigCNN-A detection performance on Dataset A; (b) demonstration of OrigCNN-A test performance on Dataset B.
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il 0 il 2 1, 0
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(d)  Accuracy = 0.3931 (6)  Accuracy = 0.3406
1250 1000
o el 4 3 0 26
_ 1000 _ 800
8 2
=, a 1 750 = 0 10 600
] g
£ 500 2 400
2 693 0 0 | 1250 0 91 200
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&l 5 (a) OrigCNN-AfEDataset AJIIRSE FIRIEFEFE; (b) OrigCNN-BfEDataset BIJIIASE BIRIEFEFE; (c) OrigCNN-CTE
Dataset CHEIMIRSE FREFFE; (d) OrigCNN-ATEDataset BRI ZE IR AERE; (e) OrigCNN-AYEDataset CHIIUIR4E SR FBE
Figure 5 (a) The confusion matrix of the test result by OrigCNN-A in Dataset A; (b) the confusion matrix of the test result by OrigCNN-B in Dataset

B; (c) the confusion matrix of the test result by OrigCNN-C in Dataset C; (d) the confusion matrix of the test result by OrigCNN-A in Dataset B; (e) the
confusion matrix of the test result by OrigCNN-A in Dataset C.
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F 3 TLCNNlR4: RIC A
Table 3 Summary of test results by TLCNN

IR EMNREIE R BRARE ORISR (%) TR (%) SR (%) SICHERE (%) 1KEFRESFNR (%)
Dataset B TLCNN-1 10 99.99 100 99.96 0.01
Dataset B TLCNN-2 5 99.83 100 99.11 0.38
Dataset B TLCNN-3 25 99.5 99.93 97.57 1.24
Dataset B TLCNN-4 1 98.49 99.54 97 3.37
Dataset C TLCNN-5 10 98.5 99.52 97.2 0.34
Dataset C TLCNN-6 5 96.9 98.58 93.01 0.85
Dataset C TLCNN-7 25 93.53 95.4 90.74 5.66
Dataset C TLCNN-8 1 83.66 87.08 80.34 18.31

BFE, D B S b IR S R AR . AR, AR T
051 Ry U7 BRI O (= SN P 1= A NVl X (4115 K e
(false negative rate, FNR){E Jyfiiy = IIfs FtR 2 £ il P Be
FIFETR, FNRABE 1R H 9 H AR 2 SRS IR A B AE I 57
RS BEEARBT I LLB, FNR=0; 2 Bt s JH 1 5] 2%
AR 100% 1 TR 7 A Wh I RS

1 PSRl B 423 5ok 5 0rigCNN-A, OrigCNN-BF
OrigCNN-CTE & H £t 46 b 3¢ Tl SRR il (1)
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IRZE, FNRZMAIN0.53%H12.66%, 2 BRI 44 429
SRA3 2 R B b 5 T A il FOIRAS P e b
AU HERA 2 1 MR PR AIG 2R e

DA B SEge g R SR, 2T 5 A S
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ISR T AR A 43 355 A DASRBIUE 2250
i, Bl TR A SR ) — R T RA I A 5
BRI 7 -

4.2 TR IBAITLCNN Y HERE DK
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set BHIE /N FE A B8 8 b 00 D1 R R I AT
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Figure 6 Overview of pool boiling states recognition cases using deep transfer learning model: TLCNN-3 detection performance on Dataset B.
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The boiling process is an efficient heat transfer method that creates a boiling crisis. Instantaneous recognition and prediction of the
boiling state are necessary to maintain efficient heat dissipation and prolong the life cycle of high-power-density electronic devices.
Benefiting from the rapid advancements in artificial intelligence, intelligent monitoring and rapid recognition technologies have been
gradually applied to develop efficient boiling-state detectors. Traditional machine learning methods, such as pure data-driven
methods, encounter difficulties in avoiding their excessive dependence on data. However, in practice, models frequently experience
generalization bottlenecks due to changes in working conditions and data scarcity. To resolve these issues, an instantaneous boiling-
state recognition method based on deep transfer learning is proposed in this paper. First, a state recognizer OrigCNN is constructed
based on the convolutional neural network and subsequently trained using Dataset A, obtained from our pool boiling experiments.
The accuracy of the test is up to 100%. Considering the generalization bottleneck of the source model OrigCNN, the transfer learning
technology is applied to further improve OrigCNN by constructing a deep transfer model TLCNN, with “Dataset A” as the source
domain and the publicly available “Dataset B” and “Dataset C” as the target domain. 10%, 5%, 2.5%, and 1% of Dataset B and
Dataset C are used to construct small sample datasets for transfer training. The test results show that the amount of sample data for
transfer learning positively correlates with the prediction accuracy of TLCNN. The TLCNN test accuracy reached 99.83% when 5%
Dataset B (132 photos) was used for transfer training, and the false negative rate of critical state detection was 0.38%, demonstrating
the effectiveness and reliability of the TLCNN models in actual scene switching. Furthermore, the deep transfer learning method
TLCNN proposed in this research exhibits high identification efficiency on the millisecond scale using a single computer device,
which is of considerable importance for developing real-time boiling transient state recognizer and digital twin software tools.

boiling crisis, state recognition, real-time detection, convolutional neural networks, transfer learning
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