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In order to improve the accuracy of amino acid identification, a model based on the convolutional neural network (CNN) and
bidirectional gated recurrent network (BiGRU) is proposed for terahertz spectrum identification of amino acids. First, we use the
CNN to extract the feature information of the terahertz spectrum; then, we use the BiGRU to process the feature vector of the
amino acid time-domain spectrum, describe the time series dynamic change information, and finally achieve amino acid
identification through the fully connected network. Experiments are carried out on the terahertz spectra of various amino acids.
,e experimental results show that the CNN-BiGRU model proposed in this study can effectively realize the terahertz spectrum
identification of amino acids and will provide a new and effective analysis method for the identification of amino acids by terahertz
spectroscopy technology.

1. Introduction

Terahertz (THz) waves are electromagnetic waves spanning
frequencies between 0.1 THz and 10THz, occupying most of
the electromagnetic spectrum between microwaves and
infrared light waves [1]. ,e combination of the vibration
and rotation frequency transition of biomolecules is in the
terahertz band, and thus, the terahertz spectrum can reflect
the subtle changes in molecular species and structure; this is
called molecular fingerprinting [2]. ,e energy of terahertz
photons is low, and the photon energy of the electromag-
netic wave with a frequency of 1 THz can be set to about
4.1meV, which can directly detect biological samples
without destroying their structure. Compared with other
detection methods, terahertz spectroscopy can realize the
label-free, fast, and nondestructive detection of biomolecules

[3].,erefore, it has great application potential in the field of
biomedicine, and terahertz radiation has recently been used
to study DNA, RNA [4, 5], amino acids [6], proteins [7], and
other biomolecules [8].

Amino acid is the basic building blocks of proteins, and
various proteins in living organisms are composed of 20
basic amino acids. Amino acids can be used not only as a
marker for diseases but also as a therapeutic drug. Amino
acids are representative biomolecules, and their rapid
nondestructive detection and quantitative analysis are
particularly important [9].

,e terahertz fingerprint spectra of a large number of
substances are superimposed on each other, which make the
qualitative and quantitative analyses based on the spectra
extremely difficult. Researchers mainly use machine learning
or multivariate analysis (stoichiometry) to achieve
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qualitative and quantitative identifications of biological
samples [10]. Such methods include multiple linear re-
gression (MLR), principal component analysis, and partial
least squares [11, 12]. Ueno et al. [13] conducted a quan-
titative analysis on a mixture of different amino acids in
2006. In 2016, Lu et al. used partial least squares (PLS) and
interval partial least squares (IPLS) regression to quantita-
tively analyze binary amino acids [9]. In order to improve
the accuracy of quantitative analysis, some research groups
have proposed the use of machine learning methods [10, 14].
Yuan et al. [14] performed a spectral classification of three
fluoroquinolones based on the back propagation neural
network (BPNN) and obtained an accuracy rate of 80.56%.
Meanwhile, Peng et al. [15] used wavelet filtering combined
with support vector machines to quantitatively analyze the
main components of brain tissue; the root mean square error
of this approach was 0.4%. Furthermore, Liu et al. [16] used
the random forest (RF) algorithm to distinguish genetically
modified rice seeds from nontransgenic rice seeds, and the
classification accuracy of their model reached 96.67%.

Methods based on machine learning have a common
problem, the need to manually extract features. ,is process
is complicated and cumbersome, and some methods have
limited nonlinear fitting capabilities, resulting in the lack of
hidden information in the extracted features. In contrast,
deep learning is very suitable for terahertz signal recogni-
tion, and they do not need manual extraction of features.

Among the deep learning algorithms, the bidirectional
gated recurrent network (BiGRU) is a type of the bidirec-
tional recurrent neural network model that can fully express
the relationship between the current output of a sequence
and previous information [17]. However, the characteristic
dimension of the amino acid time series is too high, and the
BiGRU is directly used to process the amino acid sequence
parameters, which results in low efficiency. In addition, the
convolutional neural network (CNN) has powerful feature
extraction capabilities. To a certain extent, the more the
layers, the more advanced the extracted features, the more
the information contained, and the better the final classi-
fication result. In addition, the CNN requires fewer
hyperparameters, has low computational complexity, and is
widely used in image processing, semantic segmentation,
and recognition.

Based on this, the present study uses the representative
CNN and BiGRU to establish a CNN-BiGRU recognition
model and makes full use of the advantages of the two
networks to classify amino acids. First of all, we use the CNN
to extract the abstract features of amino acid time series and
then use BiGRU’s dynamic timing information modeling
ability to process the feature vectors of amino acid
sequences.

Finally, experiments are carried out on the terahertz
spectra of various amino acids. ,e experimental results
show that the CNN-BiGRU model proposed in this study
effectively realizes the terahertz spectrum identification of
amino acids and avoids the tedious steps of artificial feature
extraction, selection, and dimensionality reduction. More-
over, it demonstrates itself as a suitable terahertz spectrum
technology for the identification of amino acids.

2. Methodology

2.1. CNN. Deep learning can ensure effective information
extraction and feature expression and can complete tasks
such as image recognition, time series prediction, and text
prediction. Typical deep learning networks include the
CNN, deep belief network, and recurrent neural network.
Among them, the CNN can automatically learn filters and
has developed into a mature feature extractor.

,e CNN was proposed by Lecun et al. [18], and it is a
feedforward multilayer neural network. It uses convolution
operations to greatly reduce the dimensionality of the data
and can achieve abstract expression of the original data
[19, 20]. ,e basic structure of a CNN includes input,
convolution, pooling, fully connected, and output layers, as
shown in Figure 1.

,e essence of the CNN is to construct multiple filters
that can extract data features and the topological structure
features hidden between the data using layer-by-layer
convolution and pooling operations on the input data. Fi-
nally, these abstract features are merged through a fully
connected layer, and the classification problem is solved
through a Softmax or sigmoid activation function [21].

,e convolution layer convolves the information in the
receptive field by designing a convolution kernel of a suitable
size and abstractly expresses the original data. When in-
putting data X, the feature map of the convolutional layer
can be expressed as follows:

C � f(X⊗W + b), (1)

where ⊗ is the convolution operation, W is the weight
vector of the convolution kernel, b is the offset, and f(·) is
the activation function, which can be tanh or ReLU.

,e pooling layer downsamples the convolution output,
extracts strong features and removes weak features, reduces
the number of parameters, and prevents overfitting.

,e fully connected layer performs regression classifi-
cation on the features extracted from the previous layer.
,rough the weighted summation of the output of convo-
lution and pooling layers and then through the response of
activation function, the following formula is obtained:

x
l

� f w
l
x

l− 1
+ b

l
 , (2)

where xl is the network weight coefficient.

2.2. BiGRU. ,e BiGRU is a new type of the bidirectional
recurrent neural network model. ,e recurrent neural
network (RNN) effectively solves the problem that there is
no operational connection between inputs in the hidden
layer of traditional neural networks and can be used for the
prediction of time series data and text semantic data. Its
structural diagram is shown in Figure 2. However, the RNN
uses a back propagation algorithm. When learning a long
time sequence, the RNN may have gradient disappearance
and gradient explosion problems, and thus, it is unable to
grasp the nonlinear relationship of complex time series data
with a long time span.
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When the recurrent neural network processes time series
data, the transmission of its state is from front to back.
However, in most complex time series data, the output at the
current moment is not only related to the previous state but
also related to the subsequent state. Schuster [22] proposed
the bidirectional RNN (BiRNN) to solve the above problems.
,e basic idea is that each training sequence is completed by
two forward and backward recurrent neural networks, and
these two RNNs are connected to the same output layer. ,e
output layer contains the complete information of the past
and the future of each point in the input sequence, forming a
double-loop network structure. ,e BiRNN brings a certain
improvement compared with the ordinary RNN [23].

,e bidirectional gated recurrent unit is a BiRNN based
on the gated recurrent unit. In the BiGRU, two GRU inputs
in opposite directions are provided at the same time at each
time t. GRUs in the two directions are not directly con-
nected, and the output is jointly determined by two uni-
directional GRUs. ,e BiGRU model has good prediction
performance in nonlinear time series data [24, 25]. ,e
structure of the BiGRU is shown in Figure 3.

In the forward layer, we calculate the forward direction from
time 1 to time t and obtain and save the output ht of the forward
hidden layer at each time. In the backward layer, the reverse
calculation is performed from time t to time t− 1, and the output
ht
′ of the backward hidden layer at each time is obtained and

saved. Finally, the final output ot is obtained by combining the
output results of the forward layer and backward layer at each
time. ,e mathematical expressions are presented as follows.

(1) In the forward layer, the output ht from front to back
is

ht � f w1xt + w2ht−1( . (3)

(2) In the backward layer, the output ht
′ from back to

front is

ht
′ � f w3xt + w5h

’
t−1 . (4)

(3) Combining the forward layer and the backward
layer, the final output of the BiGRU is

ot � g w4ht + w6ht
′( , (5)

where w1, w2, w3, w4, w5, and w6, respectively,
represent the weights corresponding to the forward
and reverse hidden states.

2.3. Model Building. Deep learning-based models have the
ability to automatically extract features. CNNmodels usually
rely on the convolution kernel of the convolutional layer to
extract features. However, the existence of the convolution
kernel limits the long-term dependency problem of the CNN
when processing time series data [26]. In this study, the
introduction of the BiGRU can effectively solve this prob-
lem, and we can capture the dependencies before and after
the time series. In view of the high feature dimension of
amino acid time series, we first use the CNN to extract the
features of amino acid time series. ,en, the BiGRU is used
to process the feature vector of the amino acid sequence.
Finally, amino acid sequence identification is achieved
through the fully connected network. ,e model structure is
shown in Figure 4.

,is model is composed of three modules: the CNN, the
BiGRU, and the recognition network. ,e CNN consists of
five convolutional layers and five average pooling layers. ,e
two-way long- and short-term memory network is com-
posed of three layers of BiGRUs, and each layer is composed
of 512, 256, and 96 hidden units. ,e identification network
consists of one discarding layer (the discarding rate pa-
rameter is set to 0.35), one fully connected layer, and one
Softmax. Finally, an amino acid recognition model is
obtained.

3. Experimental Equipment and Samples

3.1. Experimental Equipment and Sample Preparation.
,e experimental device uses a fiber-type terahertz time-
domain spectroscopy system (THz-TDS) with a signal-to-
noise ratio of up to 70 dB, as shown in Figure 5. ,e device
consists of a femtosecond laser, an antenna that excites and
detects terahertz radiation, a delay line, and a lock-in am-
plifier. ,e center wavelength of the ultrashort pulse fiber
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Figure 1: Structural diagram of the CNN.
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laser pulse is 1560 nm, and the repetition frequency is
100MHz. In order to obtain higher resolution, the mea-
surement time is 53 ps.

,e three amino acid samples of glutamic acid, gluta-
mine, and asparagine were provided by Shanghai Aladdin
Reagent Company. ,e samples were baked for 24 h at 50°C
and then ground with agate. ,e particle size was less than
80 μm to reduce the scattering effect. Samples were then
mixed with high-density polyethylene powder in different
proportions (30 different proportions), and tablets with a
diameter of 13mm were put under a pressure of 20MPa
[20]. ,e weight of each sample is 120mg, and the thickness
is about 1.2mm. Each sample was measured at different
times to obtain 10 terahertz spectra.

3.2. Evaluation Index. ,is study uses three evaluation in-
dicators, that is, accuracy, recall, and precision, to evaluate
the performance of the model. Accuracy is the proportion of
amino acids correctly classified in the total test sample.
Accuracy is the most intuitive way to evaluate the perfor-
mance of the model.

Recall is the true-positive rate (TPR), that is, recall is the
proportion of real positive samples to all positive samples
that are currently classified into the positive sample category:

R �
tp

tp + fn
. (6)

Precision is a measure of accuracy, which represents the
proportion of examples that are divided into positive
examples:

P �
tp

tp + fp
. (7)

F-score is the weighted harmonic average of precision
and recall:

F �
a
2

+ 1 P∗R

a
2
(P + R)

, (8)

when α� 1, then the F-score is F1:

F1 �
2PR

P + R
. (9)

Area under curve is defined as the area under the receiver
operating characteristic (ROC) curve and surrounded by the
coordinate axis. For the ROC, the abscissa is the false-
positive rate (FPR), and the ordinate is the TPR; therefore,
when the TPR is larger and the FPR is smaller, the classi-
fication result is better.

4. Results and Discussion

In order to verify the effectiveness of the CNN-BiGRU
model proposed in this article, we use the BiGRU [27], PCA-
SVM [28], PCA-LSTM [29], and CNN-LSTM [30] for
comparison. In the experiment, the training and validation
sets totaled 1000, including 80% of the training set, 10% of
the validation set, and 10% of the test set. ,e accuracy rate,
recall rate, precision rate, and F1-score for each model are
given in Table 1.

,e ROCs of each model are shown in Figures 6–9.
,e nonlinear fitting ability of the traditional machine

learning method is very limited, and it may not be able to
extract high-level and high-resolution features accurately.
On the contrary, it will omit important information in
denoising and feature extraction. At the same time, the effect
of the SVM in classification is general, and thus, the PCA-
SVM model is the worst in all indicators.

LSTM is specially designed for time series, but LSTM
alone does not achieve good results because it overfits the
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Figure 4: Structural diagram of amino acid terahertz spectrum recognition model based on the CNN and BiGRU.
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sequence characteristics of amino acids. ,e main reason
why PCA-LSTM is better than LSTM is that PCA com-
presses features and eliminates most redundant data.

,e CNN-BiGRU model was used to input the amino
acids after a simple pretreatment. ,e morphological fea-
tures of basic acids were extracted by the CNN, and then, the
temporal features of amino acids were extracted by the

BiGRU.,e two features were combined to mine the hidden
deep information in amino acids. ,e average accuracy of
classification test results was 99.16%. It can be seen from
table that our model achieved the best results in all indi-
cators. ,e main reason for this is that the CNN can provide
more features, and the BiGRU can consider the relationship
between features.

Table 1: Summary of evaluation indices of each model.

Model/index Accuracy rate Recall rate (%) Precision (%) F1-score (%)
PCA-SVM 68.35% 68.35 68.35 56.08
BiGRU 91.56% 91.56 91.56 97.82
PCA-LSTM 97.89% 97.89 97.89 97.82
CNN-BiGRU 99.16% 99.16 99.16 99.17
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Figure 6: PCA-SVM ROC.
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Figure 7: PCA-LSTM ROC.
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5. Conclusion

Because it is difficult to conduct a large number of exper-
iments in the experimental environment, the number of
samples of various amino acids is small in the present study,
which has a certain impact on the experimental results.
However, the relative effect of the tested models is not af-
fected. In future, we will conduct more experiments and
provide samples of more types of amino acids.
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