Open Access

Applications of Neural Networks for Spectrum
Prediction and Inverse Design in the Terahertz
Band
Volume 12, Number 5, October 2020
Jianfeng Li
Yingzhan Li
Yi Cen
Chao Zhang
Tao Luo
Daquan Yang

DOI: 10.1109/JPHOT.2020.3022053

IEEE Photonics Journal

Applications of Neural Networks

Applications of Neural Networks for
Spectrum Prediction and Inverse Design
in the Terahertz Band
Jianfeng Li,1 Yingzhan Li ,1 Yi Cen ,2 Chao Zhang
Tao Luo ,1 and Daquan Yang 1

,1

1 School

of Information and Communication Engineering, Beijing University of Posts and
Telecommunications, Beijing 100876, China
2 School of Information Engineering, Minzu University of China, Beijing 100081, China

DOI:10.1109/JPHOT.2020.3022053
This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

Manuscript received July 31, 2020; revised August 26, 2020; accepted August 31, 2020. Date of
publication September 7, 2020; date of current version September 16, 2020. This work was supported
in part by the National Natural Science Foundation of China (NSFC) under Grant 11974058; in part
by the Fundamental Research Funds for the Central Universities under Grant 2018XKJC05; in part by
Fund of the State Key Laboratory of Information Photonics and Optical Communications under Grant
IPOC2019ZT03, BUPT, China; in part by the National Key Research and Development Program of
China under Grants 2016YFF0201003 and 2019YFC1709202; and in part by the Research Fund for
Young Teachers of Minzu University of China under Grant 2020QNPY110. Corresponding authors: Yi
Cen; Daquan Yang (e-mail: yi_cen@126.com; ydq@bupt.edu.cn).

Abstract: Terahertz wave has attracted significant attention in recent years, and terahertz
devices have been applied in various fields. However, the complicated and time-consuming
spectrum prediction and structure design issues have hindered the widespread application
of terahertz science. In this work, we propose a new method to use neural networks
to predict the reflection spectrum in the terahertz band, and more importantly, design a
micro-nano structure with an on-demand optical response. To verify the effectiveness, we
select a terahertz metasurface as an example for discussion. After the neural networks are
trained, the spectrum prediction can achieve high precision, and the neural network also
has encouraging performance when solving the design problem of micro-nano structure.
Furthermore, we conclude that we can choose structure design neural networks with
different complexity to satisfy different demands, and can optimize the networks to improve
accuracy. Our work demonstrates that such a data-driven neural network can be applied to
study the prediction and design problem of metasurface in the terahertz band and provide
more opportunities for the terahertz devices in the future.
Index Terms: Advanced optics design, metamaterials, technologies for computing, THZ
optics.

1. Introduction
Terahertz (THz) wave refers to the electromagnetic wave with the frequency range of 0.1–10
THz. As a unique electromagnetic spectrum, THz has attracted significant attention due to the
combination of the advantages of microwave and infrared waves [1], [2]. Over the past decades,
researches on the THz band have proliferated, and THz devices have been applied in various fields
[3], such as security, medical inspection, radio astronomy, high-speed wireless communications,
remote sensing, biomedical imaging, and high-resolution spectroscopy [4]–[10]. In order to expand
the application of THz devices further, we should conduct more researches to handle various
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Fig. 1. (a) Schematic diagram of the metasurface. (b) Structure diagram and parameters of the
metasurface unit cell.

challenges. One challenge is how to effectively predict the spectrum for a given micro-nano
structure, while another rougher challenge is how to design a micro-nano structure based on the
on-demand spectrum. The former is referred to as forward prediction, and the latter is known as
inverse design, which has gained wide attention and great achievements [11]–[13] recently. For
the forward prediction, a complex theoretical model should be constructed first, and then the calculation involving Maxwell equations relies heavily on iterative and numerical simulations, which is
time-consuming and affects the accuracy of calculation [14]. Typical methods for the inverse design
are genetic algorithm and adjoint method [15], [16], both of which require vast trial and error with
the increasing complexity of micro-nano structure. These issues hinder the widespread application
of THz science. Therefore, more convenient approaches should be discussed to eliminate these
obstacles.
Recently, deep learning, as a data-driven method, has become a promising solution to these
optical problems [14]–[25]. It is well-known that deep learning can uncover the unknown relations
among a massive number of variables by representing and generalizing complex functions or data
[14], and has shown high power in physics [26]–[28], medical science [17], speech recognition [29],
decision making [30], chemistry [31], microscopy [32], material science[33] and other fields. As the
most widely used component in the deep learning architecture [14], neural network (NN) is one of
the most suitable choices to solve the prediction and design problem between the micro-nano
structure and the corresponding spectrum. For example, C. C. Nadell et al. demonstrated a
model of complex all-dielectric metasurface systems with deep neural networks [18]. J. Peurifoy
et al. used NNs to solve nanophotonic inverse design problems [16]. G. Carleo et al. applied
the NNs to deal with the quantum many-body problem [19]. Meanwhile, a well-trained NN can
solve spectrum prediction and inverse design problem in seconds, which is unprecedented using
conventional methods. Therefore, NNs can be greatly applied to the performance evaluation of THz
metasurfaces. As a result, it can be speculated that this method can promote the development of
THz science. Here, we propose a novel method to use NNs to achieve THz spectrum prediction
and inverse design and explore its performance.

2. Data Simulation and NNs
To verify the effectiveness of NNs, we select a metasurface shown in Fig. 1(a) to consider its
geometry structure and reflection spectrum. The metasurface marked as blue areas in Fig. 1(a)
consists of zirconia microspheres with dielectric constant of 40 and loss tangent of 0.15 and a
square polyimide substrate with dielectric constant of 3.6 and loss tangent of 0.01 [7]. In addition,
the green areas in Fig. 1(a) are light sources. CST MWS is employed to get simulation data. In
the simulation, the periodic boundary condition is employed, and the unit cell of the metasurface
is shown in Fig. 1(b). The metasurface can be well-determined by three parameters, the period
of the metasurface, the height of the substrate, and the radius of the sphere, called p, h, and r,
respectively. Noted that the parameter p and r must match (2.1):
2r ≤ p
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Fig. 2. Schematic of the forward network and inverse network.

Explicitly, we select period p varies from 150 µm to 225 µm with a step of 5 µm. Similarly, height
h varies from 10 µm to 80 µm with a step of 5 µm, and radius r varies from 30 µm to 109 µm with a
step of 1 µm. Then 15 000 sets of structure parameters are obtained and fed to the CST MWS to
generate 15 000 spectra sampled at points between 0.4 THz and 0.9 THz every 0.002 THz. Then
we randomly select 3000 pairs as the validation set and the others as the training set of NNs. It
is worth mentioning that generating the data set requires a long time, but it is deserving. Because
once trained, the NNs can complete the prediction in a few seconds, which is much faster than
conventional calculations.
As shown in Fig. 2, for the forward prediction NN (called forward network), the input should
consist of 3 points describing the structure of metasurface, and the corresponding output should
be composed of 251 points representing the reflection spectrum. When the input and output are
reversed, it is the inverse design NN (called inverse network) we proposed above.
The parameter weights of NNs are initialized to truncate normal distribution while biases are
initialized to zero generally. We select Rectified Linear Unit (RELU) as the activation function and
Adam of great adaptation as the optimizer of NNs. The network can avoid overfitting by regularization methods. The loss function that measures the distance between actual and predicted values
and drives the optimization of NNs is the Root Mean Square Error (RMSE) function described
as (2.2), and the Mean Absolute Percentage Error (MAPE) function described as (2.3) is used to
evaluate the accuracy of NNs. The smaller RMSE and MAPE, the more accurate NNs.


 (yact ual − y pred ict ed )2
 n
(2.2)
RMSE =
n


100%   yact ual − y pred ict ed 
(2.3)
MAPE =


n
y
n

act ual

For the data set, the structure parameters range from 10 µm to 225 µm, and the spectrum value
is in the range of 0 to 1. In order to get better performance of NNs, we normalize the structure
parameters to a distribution with mean 0 and variance 1 so that they are on the same scale as
the spectrum value. Besides, we find that if we normalize the spectrum value in the same way,
which means that the spectrum value is normalized to a distribution with mean 0 and variance 1,
the NNs will obtain higher accuracy. To illustrate this conclusion, we train two forward networks
with three middle layers and 500 neurons per layer but fed with different training sets. One NN
is fed with normalized structure parameters and normalized spectra, while the other is fed with
normalized structure parameters but unnormalized spectra. As shown in Fig. 3(a), when other
hyper-parameters are set, we compare the MAPE value of the validation set and find the NN fed all
normalized training data (red curve) has lower MAPE, which means higher accuracy. Meanwhile,
remember to anti-normalize after predicting.
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Fig. 3. Comparison of MAPE value of forward NNs on whether to normalize the spectrum data set.

Fig. 4. (a) Structure diagram of the forward network. (b)–(e) Comparison of the simulated spectra and
the predicted spectra from the trained forward network.

3. Results and Analysis
3.1 Forward Prediction
For the forward prediction, we construct a fully connected network with three middle layers and
500 neurons per layer, as shown in Fig. 4(a). Based on the analysis above, we train the forward
NN and find the NN has an excellent effect. Fig. 4(b)–(e) show the examples of the predicted
reflection spectra from the trained forward network. It should be noticed that the data in this paper
are selected from the validation set employed to illustrate the effect of trained NNs. The simulated
spectra (blue curve) and the predicted spectra (red curve) agree with each other well, and as
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a result, the blue curve is almost covered by the red curve in Fig. 4(b)–(e). It suggests that the
NN has mastered the complex relationship of metasurface and reflect spectrum, rather than just
saving the corresponding matchup of training data. Specifically, the RMSE and MAPE values on
the training data are 0.0095 and 1.6647%, respectively, while the values on the validation set are
0.0103 and 1.7222%.
Through the analysis above, it has concluded that the forward network has high precision in
predicting reflection spectrum. In addition to high precision, it only takes 7.592 seconds to predict
15 000 spectra for the trained forward NN with a 2.1-GHz AMD Ryzen 5 processor. In other words,
the NN can calculate spectra at a rate of 1948 spectra every second. As for the conventional
methods, it still needs 98 seconds to generate one spectrum, even using the simulation software to
get a faster result. By comparing, the speed of the trained forward NN is 190 904 times faster than
the conventional method. In summary, the forward NN shows a great efficiency when predicting the
reflection spectrum.
3.2 Inverse Design
After evaluating the effect of forward NN, to research the performance of NN on the inverse design,
we build a general fully connected NN (called GN for convenience) with three layers and 500
neurons per layer. Moreover, as shown in Fig. 5(a), a trained forward network will be connected
behind to generate a second-predicted reflection spectrum to explore the accuracy of the inverse
network further. Considering the inverse design NN will only generate three structure parameters,
we doubt whether a one-layer NN with fewer neurons can solve the inverse design problem.
Therefore, we build a relatively simplified network (called SN) with only one middle layer composed
of 100 neurons, connected to a trained forward NN, as shown in Fig. 5(b) to verify the assumption.
In order to evaluate the performance of the two inverse networks, the actual structure parameters
(green columnar) and predicted structure parameters by the GN (blue columnar) and SN (red
columnar) are shown in Fig. 5(c)–(d). It can be figured out the predicted structure parameters
from the trained GN and SN are all pretty close to the actual value, while the GN has a smaller
error. Through calculating, the MAPE value of GN on the training set is 1.3190%, and on the
validation set is 1.7905%, while the value of SN is 5.2645%, 5.7643%, respectively. Furthermore,
we put the predicted structure parameters in Fig. 5(c)–(d) into the trained forward network and then
obtain the second-predicted spectra. As shown in Fig. 5(e)–(f), the slight difference between the
second-predicted spectra (blue curve and red curve) and simulated spectra (green curve) proves
the excellent performance of both forward network and the two inverse networks. The shaded area
at the bottom of Fig. 5(e)–(f) shows the absolute value of the difference in the second-predicted
and simulated spectra shown on the right vertical axis defined as (3.1):


R simulated − R sec ond −pred ict ed 
(3.1)
As can be seen, the structure parameters from GN will generate a more accurate spectrum.
Next, we focus on the size of the two networks. The number of parameters in GN is 628 503
calculated by (251 × 500 + 500) + (500 × 500 + 500) × 2 + (500 × 3 + 3), while in SN is 25
503 calculated by (251 × 100 + 100) + (100 × 3 + 3), which is 24 times smaller than that of GN.
Intuitively, it takes 633 seconds for the GN to complete 10 000 epochs, but just 124 seconds for
the SN. In other words, 80% of the time will be saved if we choose SN when training. Furthermore,
it only takes 5.211 seconds for the trained SN to generate 15 000 sets of structure parameters,
avoiding a lot of trial and error.
We have concluded that the SN has lower accuracy but a simpler structure and quicker training,
while GN shows a higher accuracy, complicated structure and slower training speed. Considering
10 µm error in the sample preparation is acceptable, the SN is also of great significance. Taken
together, due to the high flexibility of NNs, we can choose GN to pursue high precision or choose
SN for quicker training and less computing resources.
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Fig. 5. (a) Structure diagram of the GN connected with a trained forward network. (b) Structure diagram
of the SN connected with a trained forward network. (c)–(d) Comparison of the actual structure parameters and the predicted structure parameters from the trained inverse networks. (e)–(f) Comparison of
the simulated spectra and the second-predicted spectra. The second-predicted spectra marked as R∗
in (a)–(b) are generated from the trained forward network fed with the predicted structure parameters
in (c)–(d).

3.3 Optimization for Inverse Network
We have concluded that the one-layer NN with fewer neurons has lower accuracy. A possible
explanation for this might be that due to its shallow depth and fewer neurons, the one-layer NN
cannot grasp the majority of corresponding vital relationships, and thus has a slightly inferior effect
when representing and generalizing complex functions. Based on the analysis, we doubt whether
the one-layer NN can have better performance by adding critical points to the NN manually. In order
to explore the critical information of reflection spectrum, we select ten sets of structure parameters
with the same p and h but different r to generate ten spectra shown in Fig. 6(a). It shows there
are continuous changes and similar trends between those spectra, indicating the importance of
spectrum inflection points. Then we query whether adding the inflection points to the network can
improve the accuracy of inverse networks, and the conclusion is positive.
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Fig. 6. (a) Ten reflection spectra generated by the same structure parameter p and h but different r.
(b) Schematic diagram of marking inflection points.

Fig. 7. (a) Structure diagram of the one-layer inverse network fed with integrated spectra. The value of
subscript character n depends on the vector I. (b) Comparison of MAPE value of inverse network on
whether being fed with integrated spectra.

To put this hypothesis to the test, we firstly mark the inflection points with three methods as vector
IA , IB , and IC , respectively. As demonstrated in Fig. 6(b), method one is to divide one spectrum
into 26 segments, and each of the first 25 segments contains ten points, while the final segment
contains only one point as there are 251 points in one spectrum. The segment will be noted as 1
if there exists an inflection point, otherwise noted as 0, and then vector IA will be obtained. Method
two is similar to method one, and the only difference is that the spectrum will be divided into 51
segments with the first 50 segments containing five points and the final segment containing only
one point. Then similar to IA , the 51 segments in IB will be noted as 1 or 0. Method three is to note
the inflection points directly. For example, the spectrum in Fig. 6(b) has five inflection points, which
are the 47th, 101st, 146th, 176th, and 217th points, respectively, described as a vector IC firstly.
Considering there are 13 inflection points in a spectrum at most, the vector IC will be padded with
0 to 13 bits as {47,101,146,176,217,0,0,0,0,0,0,0,0}. Then the vector IA , IB , and IC are combined
with the original spectrum into an integrated spectrum with 264, 277, or 302 points.
Next, the integrated spectra will be fed to a new SN with just one middle layer consisting of
only 100 neurons to generate structure parameters, as shown in Fig. 7(a). Note that the subscript
character n in Fig. 7(a) can be 26, 51, or 13, depending on whether the vector I is IA , IB , or IC . To
get a more persuasive result, we keep the hyper-parameters constant and then feed the network
with three different integrated spectra and the original spectrum having no infection to compare the
MAPE value of the validation set at different learning rates. Note that all the four networks have
a pretty good performance with the selected constant hyper-parameters. As shown in Fig. 7(b),
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it indicates that all the three integrated spectra have a lower MAPE in most cases, leading to a
decrease of 0.6% generally. Furthermore, we put the three integrated spectra into a three-layer NN
with 500 neurons per layer and find a decrease of 0.2% on MAPE value. In conclusion, adding the
inflection points to the network manually indeed improves the accuracy of inverse networks and
performs more effectively on the fewer-neurons network.

4. Conclusion
In this paper, we propose a novel method to use NNs to solve the forward prediction and inverse
design in the THz metasurface. The forward network for the spectrum prediction has a high
precision with an error of 1.72% and can predict 1948 spectra per second. Meanwhile, we can
choose inverse networks with different complexity to satisfy different demands with acceptable
error due to the flexibility of NNs. These findings suggest that the NN is an effective tool when
solving the prediction and design problem of metasurface in the THz band, and are expected to
expand the application of THz devices in the future.
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