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Fig. 3 (a)THz transmission spectra of five compounds with obvious characteristic peaks(valleys); (b)THz transmission spectra of

five compounds without distinct characteristic peaks(valleys) ; (¢)Similar THz transmission spectra of five compounds
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Table 1 Identification accuracy of different
classification algorithms
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dataset-1 dataset-2 dataset-3 dataset-4
KNN 89.43 85. 30 73.62 74.56
SVM 88. 32 87. 24 75.52 75.10
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CNN 95. 56 94. 68 93.78 95. 44
BLSTM-RNN 100 98.51 96. 56 98. 87
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Terahertz Spectral Recognition Based on Bidirectional Long Short-Term
Memory Recurrent Neural Network

YU Hao-yue, SHEN Tao* , ZHU Yan, LIU Ying-li, YU Zheng-tao

Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650504, China

Abstract Feature extraction, the key process of the terahertz spectral recognition, typically uses the dimensionality reduction
techniques. However, when the overall difference of terahertz spectra of some compounds is small, dimensionality reduction
methods often lack important feature information of sample differences, which leads to classification errors. If the dimensionality
reduction process is not performed, the traditional machine learning algorithm cannot be well classified because the original spec-
tral data have a high dimensionality. Therefore, this paper proposes a terahertz recognition method based on bidirectional long
short-term memory recurrent neural network (BLSTM-RNN), which performs automatic feature extraction with containing full
spectrum information of terahertz spectrum. BLSTM-RNN is a special recurrent neural network, whose LSTM unit can be used
effectively to solve the problem that the original terahertz spectral data dimension is high. Then, it becomes easier to train the
model. What’s more, the architectural model combined with bi-directional spectral information can enhance the ability of the
model to extract valid feature information from complex spectral data automatically. In this paper, three types and 15 compounds
terahertz transmission spectra are used as test objects. The terahertz transmission spectrum samples data of 15 organic com-
pounds such as Anthraquinone. Benomyl and Carbazole were firstly normalized in 0. 9~6 THz by S-G filtering and cubic spline
interpolation. Then a recurrent neural network with bidirectional Long short-term memory unit (LSTM) is constructed to auto-
matically extract the full spectrum information of the terahertz spectrum and classify it by Softmax classifier. Through experi-
mentation of optimizing the network structure and various parameters, the prediction model of the complex terahertz transmis-
sion spectrum data is obtained, and the comparative experiment is done by contrasting with the traditional machine learning algo-
rithm SVM, KNN and neural network algorithm MLP, CNN. The results show that compared with other methods. the recogni-
tion accuracy of both dataset-1 and dataset-2 is improved. Dataset-1 and dataset-2 are two terahertz transmission spectral data

sets of five compounds with large difference and no obvious peak characteristics, and the average recognition accuracy of the for-
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mer is 100% and the latter 98. 51%. Most importantly, dataset-3 is a dataset of terahertz transmission spectra with five similar
spectral lines, The average recognition accuracy is 96. 56 %. Compared with other methods, the recognition accuracy is signifi-
cantly improved. Dataset-4 as a collection of transmission spectral data sets for dataset-1, dataset-2, and dataset-3 has an aver-
age recognition accuracy of 98. 87 %. It is verified that the BLSTM-RNN model can automatically extract effective terahertz spec-
tral characteristics and meanwhile ensure the prediction accuracy of complex terahertz spectra. In the selection of model training
optimization algorithm, the Adam optimization algorithm is better than the RMSProp, SGD and AdaGrad optimization algo-
rithms, and the target function loss value of the model has the fastest convergence rate. At the same time, as the number of
training iterations increases, the prediction accuracy of similar terahertz transmission spectral datasets also increases. The pro-

posed method can provide a new identification method for spectral recognition retrieval of complex terahertz spectral databases.

Keywords Terahertz spectroscopy; Automatic feature extraction; Long short-term memory; LSTM unit
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the thickness is less than 10 pm. So 10 pm is selected as the optimal thickness in consideration of the mechanical strength. The
impact of the flow rate is investigated afterwards. The results exhibit that the increase of the flow rate will decrease the spectrum

. Last, how the dosage of the

intensity change, but the performance becomes unchanged when flow rate is less than 5 pl. + min
indicating material impacts the results is studied. It is demonstrated that both excessive and inadequate indicating material will
deteriorate the performance. So 5 mg is selected as the optimal amount. The spectroscopic detection system which uses the
coupled chip as the analytical platform has the advantages of small volume, high economy, rapid response and realizes highly

selective and reversible NH, detection.
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