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Supervised enhancement network incorporating noise for
small sample data augmentation

Guo Xiaoping Zhao Xiaofeng Li Yuan
(College of Information Engineering, Shenyang University of Chemical Technology,Shenyang 110142, China)

Abstract: In the complex industrial processes, the process data have the characteristics of imbalance and are incomplete
due to the difficult-to-measure key variables, leading to the performance degradation of soft sensors. In order to deal
with this problem, a novel noise injection supervised enhanced autoencoder virtual sample generation method is
proposed. Firstly, in order to strengthen the mapping relationship between input and output and ensure the integrity of
feature information, this method adds an enhancement layer to the encoding part of the autoencoder, and introduces
label information for supervised constraint training in the decoding part. In order to increase the diversity of virtual
samples, Gaussian noise is added to the features extracted from the hidden layer of the supervised enhanced
autoencoder. Combine the generated virtual samples with the original small samples to enhance the performance of the
soft sensing model. Unlike traditional virtual sample generation methods, the proposed NISEAE-VSG model can
simultaneously generate useful input-output virtual samples. To verify the effectiveness of the proposed method,
simulations were conducted using datasets of thermal power generation and polyethylene processes. The simulation
results show that the proposed method generates virtual samples that are superior to other virtual sample generation
methods and can effectively improve the accuracy of soft sensing modeling.

Keywords: soft sensor;virtual samples;small samples;data augmentation;supervised enhanced autoencoder
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Table 1 Small sample quality analysis of ethylene dataset
24 " s
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T, 0.267 3 0.262 0 0.042 8 0.044 1
X, 0.3415 0.3353 0.069 8 0.067 8
X 0.289 4 0.296 8 0.049 8 0.044 9
x, 0.601 5 0.604 1 0.020 1 0.022 3
xs 0.369 0 0.370 2 0.054 4 0.056 9
X 0.496 6 0.498 3 0.032 3 0.034 6
x; 0.410 3 0.416 3 0.034 7 0.034 4
Xy 0.327 3 0.327 9 0.012 6 0.013 0
Xy 0.426 4 0.433 5 0.037 6 0.037 5
X1 0.308 0 0.316 4 0.041 1 0.044 2
X 0.487 0 0.481 3 0.031 6 0.033 0
X1z 0.362 2 0.3657 0.123 0 0.1216
y 0.331 4 0.319 3 0.090 9 0.077 9
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Table 2 Performance description of NISEAE-VSG model

FEA 5 ARE EIR_ARE
200 0.533 9 0
200+20 0.453 7 0.150 2
200-+60 0.405 5 0.240 4
2004100 0.313 2 0.413 5
2004120 0.328 2 0.385 2
200-+200 0.375 1 0.297 4
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Table 3 Comparing ARE and R’ of different methods by adding different numbers of virtual samples

JE FUAE AR B0 A
WRES 20 60 100 120 200
ARE R’ ARE R’ ARE R’ ARE R’ ARE R’
MTD 0.6909 0.5966 0.6383 0.6528 0.6829 0.5863 0.6980 0.542 3 0.723 1 0.523 7
TTD 0.6811 0.5750 0.6631 0.5927 0.6184 0.6721 0.6527 0.607 3 0.714 7 0.510 4
VAEVSG 0.5384 0.6997 0.4936 0.7481 0.4492 0.776 4 0.4302 0.7936 0.607 4 0.630 3
GANVSG 0.5655 0.6732 0.5267 0.7094 0.4987 0.7394 0.5698 0.6806 0.590 4 0.658 6
NITAEVSG 0.5254 0.7060 0.4739 0.7402 0.4394 0.7968 0.3996 0.8201 0.440 9 0.776 8
NISEAEVSG 0.4537 0.7301 0.4055 0.7937 0.3132 0.8901 0.3282 0.8681 0.375 1 0.803 1
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Fig. 7 Scatter plots of 6 VSG test outputs for ethylene L35 0.498 2 0.473 3 0.009 6 0.010 2
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Table 5 Performance description of NISEAE-VSG Model

=N ARE EIR_ARE
400 0. 357 2 0
400+40 0.278 1 0.221 4
400+80 0.226 9 0.364 7
4004160 0.192 7 0.460 5
4004240 0.1255 0.633 6
4004320 0.317 5 0.111 9

e S R AR B A SRR T RS LR AR Y
2 HE BLRE AR B O R O 2 R A G ML RA,
NITAEVSG fg R 2B B4 A 5 4 0 8 SR A, (B 200
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NISEAE-VSG,
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Table 6 Comparing ARE and R’ of different methods by adding different numbers of virtual samples

HE AR A
Tk 40 80 160 240 320
ARE R? ARE R’ ARE R’ ARE R? ARE R’

MTD 0.4880 0.6332 0.3371 0.7327 0.3982 0.6765 0.4751 0.6408 0.5282  0.608 1
TTD 0.4511 0.6798 0.3641 0.7592 0.3106 0.7864 0.4563 0.6682 0.4935  0.629 4
VAEVSG ~ 0.376 2 0.7584 0.3364 0.7953 0.2911 0.8361 0.2642 0.8854 0.3843 0.7386
GANVSG  0.3915 0.7325 0.3188 0.8094 0.2587 0.8718 0.2908 0.8155 0.4054 0.7286
NITAEVSG  0.3539 0.7718 0.3127 0.8146 0.2503 0.8690 0.2965 0.8218 0.3368 0.7895
NISEAEVSG  0.2781 0.7962 0.2269 0.8397 0.1927 0.8901 0.1255 0.9417 0.3175  0.756 3
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