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Fig. 1 Terahertz spectra of three substances
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Fig. 2 WGAN generated data graphs under different iterations

(a) is the original data; (b), (¢), (d), (e), and (I) respectively represent the generated data after 1 000 iterations, 5 000 rounds, 10 000

rounds, 100 000 rounds, and 200 000 rounds
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Table 1 Confusion matrix of test database after
training model with Databasel

Original Predicted
Maltotriose Malthexaose  Maltoheptaose
Maltotriose 251 9 2 440
Malthexaose 4 2 373 323
Maltoheptaose 3 0 2 697
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Table 2 Confusion matrix of test database after
training model with Database2
Predicted
Original -
Maltotriose Malthexaose  Maltoheptaose

Maltotriose 2 355 13 332

Malthexaose 7 2 689 4
Maltoheptaose 7 322 2371
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Table 3 Comparison of the accuracy of the

dataset under different algorithms

train/ % validation/ % test/ %

SVM 91.63 91. 57 65. 69
SVM-COPY 89. 11 89. 54 84. 04
FWSVM 83. 68 82.23 85. 77
SVM-WGAN 92. 45 91.13 91. 54
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Table 4 Compares the accuracy of the training set and test set

of the dataset under different unbalance

train/%  validation/ % test/ %

Imbalancel 94. 22 92. 06 84. 28
Imbalancel WGAN 94.13 91. 25 92.08
Imbalance2 91.63 91.58 65. 69
Imbalance2 WGAN 92.45 91. 14 91. 54
Imbalance3 94. 07 93.92 57.70
Imbalance3_ WGAN 92.21 91. 87 90. 27
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— . T BE WGAN 5K [ R B4 N A 30k, A
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Wasserstein GAN for the Classification of Unbalanced THz Database
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Abstract The terahertz spectrum of the matter is unique. At present, combined with advanced machine learning methods,
research on terahertz spectrum recognition technology based on large-scale spectral databases has become the focus of terahertz
application technology. It is difficult to collect multi-material equilibrium spectral data, which is the basis for classifying
terahertz spectral data. This paper proposes an unbalanced terahertz spectrum recognition method based on WGAN (Wasserstein
Generative Adversarial Networks). As a new method of generating data, WGAN uses the generated data under the condition
that the model reaches the Nash equilibrium to supplement the data set, and is finally trained by a support vector machine
(SVM). The experimental results prove that the generated data can effectively map the distribution of real data, and the
accuracy of identifying unbalanced spectral data can be improved by mixing the generated data with the real data. In this paper,
three types of maltose compounds with similar characteristics spectra are used for verification. We first use S-G filtering and
cubic spline interpolation to normalize the spectral data of the three substances, and then expand the unbalanced terahertz
spectral data of the three substances by constructing a WGAN model to bring it to class equilibrium. The experiments are
verified under the same test set, and three sets of comparative experiments are used to prove the effectiveness of WGAN in the
processing of uneven data sets. First we use WGAN to generate data. As the number of iterations increases, the generated data
gradually conforms to the real data distribution. When the model reaches the Nash equilibrium, the generated data basically
conforms to the original data distribution. The experimental results prove that training the SVM model using the extended
WGAN data set can solve the problem that the model has a small sample data (Maltotriose, Malthexaose) biased toward a large
sample data (Maltoheptaose) on the test set. After comparing WGAN with traditional methods for processing unbalanced data
sets FWSVM and COPY ., we find that the training set accuracy of the three classification algorithms on the dataset-1 dataset can
reach more than 90%. However, due to the limitation of the generalization ability of the model, the effect of the traditional
method on the test set is not very satisfactory, and the accuracy of the test set after using WGAN can reach 91. 54%. In terms
of different imbalances, the data sets with imbalances of 16, 81, and 256 were used for verification. The accuracy rates on the
three test sets are 92.08%, 91.54%, and 90.27% , which can meet the requirements of dealing with different imbalances in

actual work.
Keywords Terahertz spectrum; Wasserstein GAN; Unbalanced database; Machine learning
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