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Abstract:  

 

Metasurface design with a multiplexing scheme holds promise for enhancing trace 

detection of terahertz (THz) molecular fingerprints. Conventional designs rely on 

matching spectral resonance positions with fingerprints of trace analytes, which require 

laborious metastructure optimizations by performing massive optical simulations. 

Recently, deep learning (DL) has indicated great potential for designing metasurfaces. 

However, its design application for THz fingerprint metasurface sensors has barely been 

reported so far. Here, we present a DL architecture of a bidirectional neural network to 

design an inverted all-dielectric metagrating (IAM) for trace THz fingerprint sensing. 

Based on a given THz fingerprint spectrum, our DL design tool can flexibly customize the 

critical sensing structure of the metagrating with the corresponding resonance frequency. 

Combining the designed IAM with angle multiplexing, one can excite a sequence of 

guided-mode resonances in a wide THz band, which supports elevating the THz 

fingerprint detection performance on a flat sensing surface. The DL design is used to guide 

the fabrication and measurement of IAM for trace α-lactose sensing, where the 

experimental results demonstrate metasensing enhancement by 9.3 times and imply the 

fast and powerful capability of our design method. Our research will inspire more DL 

applications on quick on-demand designs for many other THz metadevices and 

metasystems. 

 

Keywords: Terahertz spectroscopy; Inverted all-dielectric metagrating; Deep learning; Inverse 

design; Fingerprint detection 
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1. Introduction 

Terahertz (THz) spectroscopy offers a non-destructive and label-free detection approach 

for many biological and chemical molecules,[1-5] due to their unique fingerprint absorption 

features in the THz spectra. [6, 7] In applications of THz trace sensing,  the mismatch between 

THz wavelengths and sample sizes usually leads to weak detection signals, which hinders 

effective molecule identification.[8] In order to overcome this problem, researchers have 

designed various THz metasurface sensors and utilized their near-field effects to boost the 

detection performance.[9-15] Recently, the use of metasurface in combination with the 

multiplexing technique has been widely investigated for THz trace sensing, since it provides a 

powerful way to amplify the broadband THz fingerprint signals.[16-22] In general, the structural 

parameters of multiplexed metasurface sensors are designed based on the frequency match 

between the resonance position and fingerprint peaks of target analytes. This design approach 

usually demands for a series of redundant optical simulation and highly depends on the 

engineering experiences of metasurface researchers. 

Nowadays, the design of metamaterials and metasurfaces is witnessing the significant 

advancements of using deep learning (DL).[23-27] DL can establish the correlation between 

metastructures and optical responses by the artificial neural network instead of solving Maxwell 

equations, and it can dramatically reduce the simulation consumption compared to conventional 

numerical methods. Many DL models have been developed in this research field, such as 

multilayer perceptron (MLP), convolutional neural network, generative adversarial network, 

transformer and so on.[28-34] They have been adopted to design many kinds of metasurfaces, 

which cover a broad electromagnetic spectrum, including visible light, infrared waves and 

microwaves.[35-38] Despite these progresses, the use of the DL scheme has been barely reported 

in the field of THz metasurfaces and metadevices, especially for the on-demand metasurface 

design on trace fingerprint sensing. 
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In this work, we build up a bidirectional neural network based on the divide-and-conquer 

strategy for the intelligent design of inverted all-dielectric metagrating  (IAM) for multiplexed 

THz sensing of trace fingerprint. This approach facilitates the rapid inverse design and 

fabrication of IAM sensors according to the given fingerprint peaks of target analytes. In 

combination with the platform of angle multiplexing, the devices feature the uniform sensing 

on a flat surface and dramatically enhance THz trace detection of broadband fingerprint signals. 

This study will inspire DL applications on the design of more THz metadevices and 

metasystems. 

 

2. Results and Discussion 

2.1. Theoretical basis of IAM fingerprint sensor and deep learning model 

The design of IAM is based on the use of silicon (Si) material only, as illustrated in Figure 

1a. Its meta-atom contains a layer of inverted subwavelength periodic gratings and an above 

waveguide layer. There are four crucial structural parameters to determine the resonance 

posiotion, including the metastructure period (P), waveguide layer thickness (T), grating height 

(H), and grating duty cycle (F). Based on the designed IAM for a given target analyte, one can 

adopt the angle multiplexing mechasim to excite a number of spectra with high-quality 

resonances for trace metasensing based on the light excitation of transverse electric (TE) THz 

waves. These resonances can cover and enhance the broadband fingerprint signal of trace 

analyte by comparing the spectral changes before and after sample loading.  
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Figure 1. DL architecture of bidirectional NN to design an IAM for trace THz fingerprint sensing. (a) 

Schematic drawing of the IAM sensor and fingerprint retrieval by angle-multiplexing, where G = 

[P, T, H, F] denotes the metastructure geometry vector. The intensity change of angle-multiplexed 

reflected spectra before and after analyte loading is determined by its imaginary part k of complex 

refractive index. (b) Design process of the THz fingerprint metasensor. (c) Architecture of the DL 

model including the forward and inverse networks. 
 

The process of DL design for the fingerprint metasensor is depicted in Figure 1b. It is 

established by a customer-defined design framework, which could generate an on-demand 

spectrum at a specific indicent angle for fingerprint sensing by freely moving a series of 

coordinate dots on the spectral layout. The generated spectrum is fitted by interpolation between 

the defined dots and used as the input target in the DL model. This model provides the real-

time prediction of corresponding metastructure parameters. It adopts two sets of neural 

networks (NNs) based on MLP in order to accomplish the intelligent design of IAM sensor. 

The NNs are composed of the inverse and forward stages, as shown in Figure 1c. We input the 
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target spectrum into the inverse neural network (INN) to obtain the predicted metastructure 

parameters, which are used as the input for the forward neural network (FNN). The forward 

procedure is not only used to overcome misconvergence due to mapping of nonuniqueness, but 

also utilized to replace time-consuming simulation for validating INN design immediately [39-

41]. Instead of predicting the entire spetrum by a single network, we propose a “divide-and-

conquer” scheme, which employs multiple subnetworks to predict the spectrum in different 

wavelength ranges separately. This approach decomposes the prediction of a large problem into 

predictions of small problems and achieves better network performance. [32, 42, 43]  

In the FNN, the vector S' has 2001 spectral sampling points with uniform space from 0.5 

THz to 0.7 THz. It corresponds to the metastructure geometry vector G = [P, T, H, F], where 

120 μm ≤ P ≤ 160 μm, 120 μm ≤ T ≤ 170 μm, 25 μm ≤ H ≤ 45 μm and 0.4 ≤ F ≤ 0.6. The sizes 

of fully connected layers in the spectrum-split FNN are 4, 2048, 2048, 2048, (2048/j, 2048/j, 

2048/j, 2048/j, 2001/j)·j,[18] respectively, where j denotes the number of split subnetworks. Here 

we take j as 8. The inverse INN consists of  6 fully connected hidden layers with the sizes of 

2001, 1024, 1024, 1024, 1024, 1024, 1024, 4, respectively. ReLU is used as the activation 

function in both networks. The Adam optimizer is applied for gradient descent. The loss 

function is based on the calculation of mean square error (MSE) between the predicted results 

and the ground truth from optical simulation, defined as the following equation,  

( )2 
1

1Loss N
FNN i ii

S S
N =

′= −∑  ,                                                (1)  

where 𝑆𝑆𝑖𝑖 ′ is the sampling point of the spectrum predicted by FNN,  𝑆̃𝑆𝑖𝑖 denotes the sampling 

point of the simulated spectrum and N is the number of sampling points. The loss function of 

INN is also defined as the MSE between the predicted metastructure parameters and the ground 

truth. 

 

2.2. DL model performance and on-demand design for angle-multiplexed IAM  
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Next, we evaluate the performance of proposed DL design method. We randomly select 

several test instances and analyze them in Figure 2. As shown in Figure 2a,b, the FNN 

predictions indicate the remarkable consistency with the ground truth from optical simulation, 

whether the spectrum has a single peak or multiple peak/valley features. For the metastructures 

with high-Q resonance, the FNN prediction demonstrates high accuracy for the peak position 

and shape. In fact, compared with the conventional FNN, the proposed FNN adopts the “divide-

and-conquer” scheme in the MLP architecture and shows 34.1% reduction on MSE with 23% 

reduction of training parameters. These results illuminate the strong forward design capability 

of our method for on-demand metastructures with various geometric parameters. The prediction 

accuracy of INN are exhibited in Figure 2c,d by providing two randomly chosen design 

samples. Compared with the ground truth of metastructures, the absolute prediction errors of 

all three structural parameters P, T and H are less than 0.4 μm with the proportional errors lower 

than 0.27%. Meanwhile, the predictions for F are completely correct. The simulated spectra 

corresponding to the predicted structure parameters are highly consistent with the ground truth 

fed to the INN. The calculated MSE of INN is as low as 3.6×10-5, incicating the high prediction 

accuracy from spectra to metastructures statistically. Therefore, our approach establishes a 

reliable DL architecture for both forward and inverse design of metastructures. 
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Figure 2. Evaluation of the DL model. (a,b) Spectra predicted by FNN and the 

corresponding ground truth by optical simulation. (c,d) Spectra of ground truth and INN 

design for randomly selected test samples. The green dashed spectra correspond to the 

predicted metastructures by INN. 

 

Based on the high performance of FNN and INN, we combine them to construct a trained 

bidirectional network for the smart design of diverse THz fingerprint metasensors. Here, we 

give the metasensor design paradigms of two common analytes, namely α-santonin and α-

lactose, who have the fingerprint feature frequencies in the THz band from 0.5 THz to 0.7 THz 

(see more details in Figure S2, Supporting Information) [21, 22]. The design is based on the 

angular multiplexing of IAM [17], in which a sequence of reflectance spectra with resonance 
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peaks should be determined by a succession of incident angles of THz wave. In view of the 

setup for angle-resolved THz spectroscopy, the operational incident angles in experiments are 

usually within the range from 16° to 56° due to the practical limit. Typically, the resonance 

peak of IAM should have a shift towards lower frequencies with the increased angle.[21] In order 

to enable the powerful INN design, one can provide a reflectance spectrum with the resonance 

peak working at the central angle of 36°, according to the frequency location of the analyte 

fingerprint feature. With the aim to obtain the IAM structure parameters, one can tune the 

customer-defined blue dots on the spectral layout to match the resonance peak position with the 

fingerprint frequency point, as shown in Figure 3a,b. The designed metasensors demonstrate 

the spectral resonance frequencies of 0.630 THz and 0.529 THz at the incident angle of 36° for 

α-santonin and α-lactose, respectively, which match well with their fingerprint feature positions. 

By using the designed metastructures, one can further obtain two sets of reflectance spectra 

with sequential resonance peaks of IAM, as observed in Figure 3c(i), d(i). Under the scheme 

of angle multiplexing, the peak envelopes for the two sets of spectra can be used as the 

background signals of metasensors without any analyte loading. When the samples of α-

santonin and α-lactose with the same thickness of 8 μm are coated on the flat sensing surface 

of the two metasensors, respectively, the decline for the two sets of peak envelopes can be 

clearly observed in Figure 3c(ii), d(ii). The corresponding fingerprint signals A=|RA-R0| can be 

retrieved by comparing the envelope changes R0 and RA before and after sample loading, as 

shown in Figure 3c(iii), d(iii). In comparison with the conventional method by simulation, the 

retrieved fingerprint signals by IAM sensors can successfully demonstrate the significant peak 

frequencies around 0.63 THz and 0.53 THz, respectively, which imply that the trace α-santonin 

and α-lactose could be well detected by our design approach. Therefore, our DL design suggests 

great potential for the smart design of THz fingerprint metasensors. 
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Figure 3 (a) and (b) are spectra fitted by freely movable blue dots for θ=36°, which contains the specific 

peak frequencies of 0.630 THz and 0.529 THz for the fingerprints of α-santonin and α-lactose, 

respectively.They are used as the input of INN to predict metastructure parameters, which are confirmed by 

spectra predicted by the FNN. (c) and (d) are multiplexing detection results for α-santonin and α-lactose, 

respectively, where (i) and (ii) denote angle-multiplexed reflectance spectra with their peak envelopes before 

and after trace sample loading, and (iii) represents retrieved fingerprint by metasensing compared to 

conventional measurement. 

  

2.3. DL-guided IAM experiments for trace THz fingerprint sensing 

According to the DL design in Figure 3b, we conduct the IAM experiments for THz angle-
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reflection-type THz time-domain spectroscopy (THz-TDS) with a tunable angle configuration, 

as illustrated in Figure 4a. Here the characterization by scanning electron microscope (SEM) 

demonstrates that the fabricated IAM has a flat sensing surface along with a uniform depth-to-

width ratio for periodic gratings underneath. We measure the time-domain signals of bare and 

analyte-loaded IAMs under the excitation of TE wave for each incident angle, as shown in 

Figure 4b. These signals are converted to the frequency-domain signals by fast Fourier 

transform, as observed in Figure 4c. The frequency-domain signals can be used to calculate a 

series of angle-resolved reflectance spectra with their peak envelopes shown in Figure 4d,e,f. 

These figures indicate the envelope curves for trace α-lactose coatings of 20.4 μg/mm² and 40.8 

μg/mm² show distinct decline levels in comparison with that of uncoated IAM. Particularly, the 

experimental signal intensity deviation from simulation results in Figure 3d could be attributed 

to fabrication size errors and frequency sampling discrepancies. Despite this, the retrieved 

fingerprint spectra of α-lactose in Figure 4g clearly exhibit the specific peak at the frenquency 

of 0.529 THz. This sensing performance is much better than the conventional approach, which 

is unable to identify the featured fingerprint peak. At the specific frequency point of 0.529 THz, 

the absorption intensities of α-lactose elevate from 1.3% and 3.1% in conventional way to 

12.1% and 17.7% for the trace coatings of 20.4 μg/mm² and 40.8 μg/mm², respectively. The 

exparimental data of IAM fingerpirnt sensing indicates good agreement with the smart design 

result in Figure 3d.  
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Figure 4. DL-guided IAM experiments for trace THz fingerprint sensing. (a) Schamatic drawing of 

reflection-mode angle-multiplexed THz-TDS platform and SEM image of IAM. Reflected (b) time and (c) 

frequency domain signals, where θ=36°. Angle-multiplexed reflectance spectra and the corresponding peak 

envelope signal of (d) bare IAM, (e) IAM with 20.4 μg/mm² α-lactose coated and (f) IAM with 40.8 μg/mm² 

α-lactose, where θ changes from 26° to 48° with the angle step of 2°. (g) Retrieved fingerprint absorbance 

signal of α-lactose. 

 

We compare the performance of our method with some previous studies in Table 1. As 

presented, our metasensor demonstrates considerable performance improvement with peak 

enhancement of 9.3-fold for 20.4 μg/mm² α-lactose, which is higher than other reported 

experimental results. We adopt deep learning in combination with smart simulation to guide 

the experiments, which is highly efficient and much more advanced than conventional methods 

based on brute-force simulations. The experimental results validte the reliability and superiority 

of our methodology in trace THz fingerprint metasensing. Our study will provide a paradigm 

for other THz metasensor design based on artificial intelligence. 
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Table 1 Performance comparison between our investigation and other studies. 

Ref. Structure Frequency 
range Analyte Multiplexed 

Scheme Design Method Time Enhancing 
times 

[44] Metagrating Mid-IR cBN Angle Brute-force 
simulation 

Several 
days/weaks ~5.4(simulated) 

[17] Metagrating THz α-lactose Angle Brute-force 
simulation 

Several 
days/weaks ~13(simulated) 

[18] Plasmonic 
metasurface THz glucose Graphene-

voltage/Geometry 
Brute-force 
simulation 

Several 
days/weaks ~5(simulated) 

[19] Plasmonic 
metasurface THz α-lactose Geometry Brute-force 

simulation 
Several 

days/weaks ~7.3(measured) 

Our 
work IAM THz α-lactose Angle Deep learning & 

 Smart simulation 
Several 
hours ~9.3(measured) 

 

 

3. Conclusion 

In summary, we establish a cascaded neural network for rapid and intelligent design of 

metasensor for trace THz fingerprint detection. According to the fingerprint spectrum of trace 

sample, one can define the target spectrum of IAM with a flat sensing surface and use the DL 

model to deduce the corresponding metastructure parameters. By the angle multiplexing 

technique, we achieve THz fingerprint sensing of trace α-lactose. The experimental detection 

limit is 20.4 μg/mm2 with the enhacing time of 9.3. Our research provides a powerful software 

tool to guide the quick smart design of trace THz metasensing, and will also facilitate the high-

efficiency development of other THz metadevices and metasystems.  

 

4. Appendix A: Material and Methods 

Sample Fabrication: In the begining, a 2-inch silicon wafer with the thickness of 200 μm 

is prepared and cleaned using acetone, ethanol and deionized water. The all-dielectric 

metagrating is fabricated by photolithography and inductively coupled plasma etching on the 

wafer. The morphology of metagrating is characterized by scanning electron microscopy (SEM, 

SIGMA HD, Carl Zeiss, Germany).  

THz Measurement: A commercial THz-TDS system (QT-TS2000, Quenda Terahertz 

Technologies Co., Ltd, Qingdao, China) is used to measure the angle-multiplexed spectra of 

samples. The system has a working frequency range from 0.1 to 4.0 THz, and its frequency 
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resolution and signal-to-noise ratio are ~8 GHz and >70 dB, respectively. The measurement is 

carried out in dry air with collimated light incidence. The THz spot diameter under normal 

incidence is confined to 2 cm by an optical diaphragm. In the measurement, the THz time-

domain spectra of a gold mirror reference and all tested samples are measured five times. In the 

reflection-mode angle-multiplexed platform, two sets of the photoconductive antenna (PCA) 

are applied. For each scanning angle, we adopt the reflected signal of incident THz laser pulse 

from a standard gold mirror as the reference signal. Afterward, we measure the reflected THz 

signals for the bare metagrating and the analyte-loaded metagrating, respectively. During the 

whole process, the angle interval of 2° is used to improve the detection efficiency.   

Numerical Simulations: To perform the full-wave simulation of metagrating, the rigorous 

coupled-wave analysis (RCWA) and the finite element method (FEM) based on the commercial 

software Comsol Multiphysics are adopted.[45] The RCWA is performed as an efficient code-

based frequency-domain numerical modeling tool, which can quickly simulate optical spectra 

of various metagratings. The FEM is mainly used for the validation of RCWA-based results 

and field distribution analysis. During the FEM simulation, the Floquet periodic boundary 

conditions are applied for the infinite metaunits of metagrating, the adaptive inhomogeneous 

triangle meshing is used to discretize the physical model. In the optical simulation, the refractive 

index of silicon is assumed to be 3.44 within the investigated THz frequency range. 

Data Collection: A total of 18018 data instances are generated randomly as the training 

samples. 2000 data instances not existing in the training sampling space are used as the testing 

samples (Windows10 operation system, GeForce GTX 3080Ti GPU, Intel(R) Core(TM) i7-

10700K CPU @ 3.80 GHz 3.79 GHz and 16GB of RAM). 
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