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 A super-resolution method for THz
imaging of agriproduct analysis is
proposed.
 The method embeds graph for local
pixels in low-resolution on a neural
network.
 The model can be trained without the
need for a large dataset of THz
images.
 The
method
performs
superresolution ability beyond hardware
limitations.
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The low image acquisition speed of terahertz (THz) time-domain imaging systems limits their application in biological products analysis. In the current study, a local pixel graph neural network was built for
THz time-domain imaging super-resolution. The method could be applied to the analysis of any heterogeneous biological products as it only required a small number of sample images for training and
particularly it focused on THz feature frequencies. The graph network applied the Fourier transform to
graphs extracted from low-resolution (LR) images bringing an invariance of rotation and ﬂip for local
pixels, and the network then learnt the relationship between the state of graphs and the corresponding
pixels to be reconstructed. With wood cores and seeds as examples, the images of these samples were
captured by a THz time-domain imaging system for training and analysed by the method, achieving the
root mean square error (RMSE) of pixels of 0.0957 and 0.1061 for the wood core and seed images,
respectively. In addition, the reconstructed high-resolution (HR) images, LR images and true HR images
at several feature frequencies were also compared in the current study. Results indicated that the method
could not only reconstruct the spatial details and the useful signals from high noise signals at high
feature frequencies but could also operate super-resolution in both spatial and spectral aspects.
© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction
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Terahertz (THz) radiation, oscillating between 0.1 and 10 THz
frequency bands, has great nondestructive sensing ability. THz
time-domain spectroscopy allows for the collection of a wide range
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pixels on a neural network and reconstructed the pixels on highresolution images through twice modelling. For one type of biological product, only a small number of THz images were needed to
train a robust super-resolution model. To evaluate the performance
of this super-resolution method, the reconstructed images were
compared with corresponding true HR images, and the root mean
square error (RMSE) of pixels was also used for quantitative
evaluation.

of physical and chemical information about objects [1]. It has
attracted wide attention on biomedicine [2], agri-food [3], and
material recognition [4] based on both molecular and crystal
structure ﬁngerprinting. The imaging mode of THz time-domain
spectroscopy has been growing in popularity in studying food
and agricultural products, including detecting foreign materials
among food materials [5,6], and discriminating transgenic seeds
[7,8]. However, not like visible or near-infrared hyperspectral imaging systems which have been widely used in food research
[9e15], the image acquisition speed of existing THz time-domain
imaging systems cannot meet the needs of large-scale food and
agricultural products analysis because the THz time-domain imaging system only adopts the pixel scanning mode. For this reason,
developing THz time-domain imaging spatial super-resolution
techniques for biological product studies has great beneﬁts.
In prior works, there are two main routes for THz imaging system super-resolution: optics-based and algorithm-based methods.
Optics-based methods are mainly proposed for improving the
resolution of near-ﬁeld THz microscopy [16,17], while many
algorithm-based can achieve spatial super-resolution for THz images as reported in previous literature, including the point spread
function (PSF) deconvolution [18e21], pixel shift reconstruction
[22], and convolution neural networks (CNN) reconstruction
[23e25]. However, most of the current methods can only be
applied to continuous-wave THz imaging systems, since obtaining a
large number of THz time-domain images for model training can be
very time-consuming. THz continuous wave imaging is a compact,
simple, and fast system, but the costs of these advantages are loss of
depth, time and frequency-domain information [1]. Thus, THz
continuous wave imaging system is not applicable to studying
biological products.
Ahi [19,20] developed a PSF-deconvolution-based spatial superresolution method, which was suitable for the THz time-domain
imaging system. Nevertheless, PSF deconvolution superresolution approaches require physical parameters (thickness) of
the object, making this type of method is only applicable to products with ﬂat surfaces and ﬁxed structures, such as chips. Most
biological products are uneven and heterogeneous, therefore, it is
not practical to directly measure PSF for each pixel of these objects.
Other super-resolution methods for THz time-domain imaging are
mainly oriented to multi-layered structures analysis [26,27] and are
inapplicable to analysing biological products. CNN is a popular class
of deep learning methods in image processing. However, as the
acquisition speed of the THz time-domain imaging system is very
slow, obtaining a large data set containing a large number of THz
images can be very time-consuming, which makes it difﬁcult to
train a robust CNN model.
Therefore, in order to overcome the above limitation, in the
current study, graph embedding [28,29] was introduced to achieve
super-resolution of local pixels on THz images. The research on
graph embedding is closely related to graph neural network (GNN),
which aims at representing nodes as vector representations, preserving both network topology structure and node content information, then the analysis of graph data can be performed by neural
networks [28e30]. By combining prior knowledge of THz feature
frequencies and PSF, a transmission mode THz time-domain spatial
super-resolution imaging method for heterogeneous biological
products was developed. The method reconstructed a highresolution (HR) THz image from a low-resolution (LR) THz image
and particularly focused on images at feature frequencies. As the
THz spectral information between pixels of an image can overlap
with each other due to the diffraction limitation, and each pixel on
the THz image of heterogeneous biological products has a unique
PSF, an approach to treat the local pixels as graphs on non-Euclidian
spaces was adopted. This approach embedded the graph for local

2. Materials and methods
2.1. Terahertz time-domain imaging system and sample image
acquisition
A schematic drawing of the transmission mode THz timedomain imaging system (Menlo Systems, Munich, Germany) used
in the current study is shown in Fig. 1. The output of a femtosecond
laser pulse (800 nm central wavelength) was split into a pump
beam and a probe beam using a beam splitter. Both beams were
propagated by the optical ﬁbre (blue lines in Fig. 1). The pump beam
was used to generate THz radiation through the THz emitter using a
bias voltage. The generated THz beam was then collimated and
focused on the THz detector by using four TPX lenses (Tydex, St.
Petersburg, Russia) with a 50 mm focal length. The probe beam was
routed through a delay section and used to detect the THz beam in
the THz detector. The difference between the THz beam path and
the probe beam path could be used to sample the THz path in the
time domain (0e320ps in the present study). Consequently, the
detected signal was inputted to a DC ampliﬁer (FEMTO, Berlin,
Germany) with transimpedance (gain) of 1  107 V/A and a computer (black lines), and the THz electrical ﬁeld as a function of time
was obtained. The spatial position of the sample holder was
controlled by a mechanical shifter, allowing a THz image of samples
to be captured in pixel-by-pixel mode.
2.2. Local pixel graph neural network
The information of an individual pixel on a THz image is
partially contained in the pixels around it because the image of a
complex object is the convolution of the real object and the PSF
(Fig. 2). As PSFs are Gaussian beam distributions without direction
and vary from pixel to pixel, it is complex to learn the weight of
each LR image pixel to the HR image pixel individually. Therefore, in
the current study, each pixel (green point in Fig. 2) on the HR image
was reconstructed from its 4 closest pixels (black points in Fig. 2) on
the LR image using a state embedding of the graph that combined
THz spectra information with position correlation information between pixels. The data ﬂow of the local pixel graph neural network
is shown in Fig. 3. The network and its layers described in the
current study were carried out in a program written in MATLAB
R2020b® (The MathWorks Inc., Natick, MA, USA) and MATLAB
Deep Learning Toolbox (The MathWorks Inc., Natick, MA, USA) by
the authors.
Graph extract operator: This operator extracts local graphs
from a THz image. Every 4 pixels on the LR image (black points in
Fig. 2) constitutes a complete undirected graph. For the ith graph
Gi ð Xi ; Ei Þ, it has collections of Xi ¼ ½xi;1 ; xi;2 ; xi;3 ; xi;4 T 2R 4W
nodes and Ei ¼ ½ei;1 ; …; ei;6  edges, where the THz spectra Xi on
these 4 pixels are the node signals and physical distances Ei between every two pixels are the edge weights, which were determined by the sampling interval along the horizontal and vertical
axes, W is the number of THz frequencies. In the ﬁrst modelling, the
pixel yi;1 to be reconstructed in the HR image was the centre of each
local graph. In the second modelling, the overlapping 4 pixels of
two adjacent graphs Gi and Giþ1 constituted a new graph to
2
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Fig. 1. Schematic drawing of THz time-domain imaging.

Fig. 2. Inﬂuence and relationship of PSFs between adjacent pixels. . The 4 black points are pixels in LR images and the centre green point is the pixel to be reconstructed in HR
images. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)

Fig. 3. Data ﬂow and training process of the local pixel graph neural network.
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~
xi;1 and ~
xi;2 þ ~
xi;3 remain unchanged, and standardization is the
xi;2 þ ~
xi;3 , ~
xi;4 .
same for all ~
xi;1 , ~
Feature-reserved dropout layer: Combining with the prior
knowledge of THz time-domain spectroscopy, a speciﬁc dropout
layer was customised for outputs from the UT transform operator.
The feature frequency inputs remain unchanged at each step during
training time, while the other frequency inputs can be randomly set
to 0 with a given probability.
Middle layers: As described in the UT transform operator, to
ensure the rotation and ﬂip invariance of local graphs, an additional
layer can be added to ~
xi;2 and ~
xi;3 from the UT transform operator.
xi;2 þ ~
xi;3 and ~
xi;4 along the
Then a further layer concatenates ~
xi;1 , ~
frequency dimension, and the size of its output is 3w. Three fully
connected (FC) layers were added, and the activation functions
between those FC layers are leaky rectiﬁed linear units (ReLU).
^ will not
Spectral leaky ReLU: The reconstructed THz spectra y
deviate much from the normalized ~
xi;4 at each frequency due to the
effect of PSF. For better network convergence and faster training, a
spectral leaky ReLU was customised as the activation function for
the output x from the FC layer 3 (Fig. 5). This activation function was
a piecewise linear function and was deﬁned as:

reconstruct y2 . The actual size of the training samples is the number
of local pixel graphs that are extracted by the graph extract
operator.
UT transform operator: A spectral embedding theory was used
to obtain the state of the graph for subsequent network training
[28]. The theory ﬁrstly calculates the graph Laplacian L2 R 44 in
normalized version:

L ¼ I  D1=2 AD1=2

(1)

where A2R 44 is the adjacency matrix of the graph, D2 R 44 is a
diagonal matrix of the degree of each node. Then, singular value
decomposition is applied to L:

L ¼ ULU T

(2)

where U2R 44 is the matrix of eigenvectors ordered by eigenvalues and L is the diagonal matrix of eigenvalues. The Fourier
transform of a graph is deﬁned as F ðXÞ ¼ U T X [30]. In this study,
the Fourier transform was applied to the graph (not to the THz
frequencies) and the UT transform layer was deﬁned as:



~ ¼ U T X 
X
i
i



8
>
x4 þ q0 þ ~
x4  q0 ;
y ¼ a0 x  ~
>
>
<
f ðxÞ ¼ y ¼ x;  ~
x4  q0 < x 
<~
x4 þ q1
>
>
>
: y ¼ a1 x  ~
x4  q1 þ ~
x4 þ q1 ;

(3)

~ ¼ ½~
~i;2 ; ~
where j ,j is the absolute value symbol, X
xi;1 ; x
xi;3 ; ~
xi;4 T is
i
the result of transformation and is named graph energy matrix. The
xi;2 þ
rotation and ﬂip of the graph will not affect the value of ~
xi;1 , ~
~
xi;4 , as long as the relative positions between pixels are unxi;3 , ~
changed (Fig. 4) thanks to the rotation and ﬂip invariance provided
by the graph embedding operator. The normalized ~
xi;4 can be
regarded as the mean spectrum of the graph. For the spectral
preprocess, the mean centre can be directly applied to ~
xi;4 , whereas

x<~
x4  q0
(4)
x>~
x4 þ q1

The function will output directly if x is on the active interval
deﬁned by ~
x4. q0 and q1 are predeﬁned interval width scalars that
vary with THz frequency a0 and a1 are parameters controlling the
leak gradient when x is not on the active interval, and a0 and a1 can
be learnable. Fig. 5 shows the active interval of spectral leaky ReLU

Fig. 4. The rotation and ﬂip invariance of the local graphs.
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Fig. 5. Schematic drawing of the spectral leaky ReLU.

and the function plot on one frequency. Larger q0 and q1 are allowed
at THz feature frequencies to focus the network learning more on
these feature frequencies.
The reconstructed THz image after 1st modelling is shown in
Fig. 3, and the 2nd modelling then ﬁlls the blank pixels to complete
the ﬁnal super-resolution. After two modellings, a 3 3 local area
was obtained, and a ﬁnal smoothing process was applied to the
reconstructed pixels in this area. Consequently, HR images could be
reconstructed through two modellings.

The RMSE of pixels was used to evaluate the performance of the
modelling as deﬁned below:

RMSE ¼

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u


uP P yy^ 2
2
u
t
stdðXÞ

(5)

N,W

^2R 1w is
where y2R 1w is the spectrum of a pixel in HR images, y
the reconstructed pixel, stdðXÞ2R 1w is the standard deviation of
all pixels in LR images, and N is the number of all pixels in HR
images.

2.3. Model training and evaluation
In order to demonstrate the super-resolution performance of
the current method and its applicability to biological products,
wood cores and seeds were used as examples of heterogeneous
biological products in the current study. Table 1 shows the basic
information about the THz sampling image datasets. Eighteen HR
THz images with different sizes of wood cores and seeds were
captured by the THz time-domain imaging system described in
Fig. 1. Fast Fourier transformations were applied to the original
time-domain images to obtain frequency-domain images. The
selected frequency ranges were 0.4125e1.5031 THz and
0.6875e1.9344 THz with an interval of 0.0031 THz, resulting in 350
and 400 frequency bands for wood cores and seeds, respectively.
The scanning intervals were 0.2 and 0.1 mm for these two types of
samples, respectively (horizontal and vertical intervals are the
same). For each type of sample, 8 images were used for model
training and 1 for testing. The corresponding LR THz images were
obtained by downsampling with a resolution of 0:4 0:4 mm and
0:2  0:2 mm for wood cores and seeds, respectively. The number
of observations for actual training was 9348/19246 and 8610/17751
(ﬁrst/second modelling) for the two types of samples. Back stochastic gradient descent with momentum (SGDM) was used for
updating learnable parameters, the loss function was half mean
square error (MSE), and the learning rates were 0.0005 and 0.0004
for seeds and woods, respectively.

3. Results and discussion
3.1. Reconstructed THz image
From the spatial perspective, the reconstructed HR images, LR
images and true HR images in the testing sets of the two types of
samples at several feature frequencies are shown in Fig. 6. Most
details on true HR images can be observed on the reconstructed
images. THz images at these feature frequencies are important in
the analysis of speciﬁc biological products, and the present local
pixel graph neural network shows great performance on image
reconstruction, especially at high feature frequencies. Fig. 6 shows
that the method recovers the shape of objects from high noise LR
images at 1.17, 1.41, 1.67, 1.72 and 1.87 THz. The frequencies at
1.2 THz and 1.7 THz are important in relation to the molecular
structures of monohydric alcohols [31] and crystal structures of
polymorphs [32], respectively. Some amino acid crystals have a
strong resonance at 1.87 THz [33]. Compared with the real HR
image, the reconstructed images not only restored the shape of the
object but also eliminated the noise of the image at these frequencies. The reason was that different THz frequencies were
connected with each other in the network, and the network
reconstructed information that was obscured by noise through the

Table 1
An overview of samples used for training.
Samples

Resolution of LR images
(mm)

Resolution of HR images
(mm)

Modelling
sets

Number of
images

Number of 1st modelling
graphs

Number of 2nd modelling
graphs

Wood cores

0:4  0:4

0:2  0:2

Seeds

0:2  0:2

0:1  0:1

Training
Prediction
Training
Prediction

8
1
8
1

9348
1035
8610
1650

19246
2138
17751
3383
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Fig. 6. Reconstructed HR images, LR images and HR images at THz feature frequencies.

reconstruct the useful signal from the high noise signal at high
feature frequencies, providing super-resolution in both spatial and
spectral aspects.

exchange of information and the techniques that prevent overﬁtting. In addition, a large number of graphs excreted for training
made it easier for the network to identify useful information, which
allowed the THz time-domain instrument to have the imaging
capability beyond its own hardware limitations at certain feature
frequencies.
From the spectral perspective, the RMSE of pixels in the
reconstructed HR images were 0.0957 and 0.1061 for the wood and
seed images, respectively (Table 2). Both wood cores and seeds
obtained good results, revealing that the variation of sample
thickness and the scanning intervals within a proper range did not
affect the performance of image super-resolution. For a standard
Gaussian beam PSF of THz time-domain imaging, its full width at
half maximum is normally wider than 1 mm [21]. Thus, the
maximum scan-interval of an LR image acceptable for use with the
super-resolution method described in this study was at least
0.7 mm. Fig. 7a shows the THz spectra of 10 pixels in the true HR
images and reconstructed images (prediction set). There was a
close correspondence between the spectra from both image sets,
and the outliers were especially well-ﬁtted. As a comparison, the
mean THz spectra of 4 pixels in 10 graphs are also shown in Fig. 7b.
The result succinctly reveals that THz spectra of pixels in HR images
could not be simply ﬁtted by calculating the mean spectra of the
graphs extracted from LR images.
In conclusion, the method developed in this study can not only
reconstruct the existing spatial details in HR images but can also

3.2. Local pixel graph neural network
The frequencies selected for the feature-reserved dropout layer
are 0.42, 0.43, 0.47, 0.56, 0.75, 0.99, 1.10, 1.12, 1.17, 1.21, 1.23, and
1.41 THz for the wood core images, and 0.75, 0.99, 1.10, 1.12, 1.16,
1.21, 1.23, 1.41, 1.60, 1.66, 1.67, 1.72, 1.77, 1.80, 1.87, and 1.92 THz for
the seed images. These frequencies were selected not only according to the mean spectra peaks but also in combination with the
results given in prior literature, as most of the biomaterials show
THz spectral peaks at these frequencies that are related to hydrogen
bond vibration and water or protein molecules [34e36]. For
example, 0.75 THz has been proven as the resonant frequency of
the hydrogen bond vibration [36], which provides most of the
directional interactions that underpin protein folding and structure, and feature frequencies including 1.1 and 1.67 THz may be
assigned to amino acids or peptides [2,37]. Consequently, future
protein-related THz imaging studies, including protein content
evaluation and transgenic food identiﬁcation, can be accelerated by
using the present technology.
Henaff et al. [28] found that training the spectral embedding
graph networks with a large number of feature maps was very
time-consuming, and this downside has instead become an upside

Table 2
Results of super-resolution.
Samples

RMSE of 1st modelling

RMSE of 2nd modelling

RMSE of reconstructed image

Wood cores
Seeds

0.1125
0.1394

0.1127
0.1240

0.0957
0.1061
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Fig. 7. (a) THz spectra of 1st modelling reconstructed pixels (red lines) and the corresponding pixels in the true HR image (black lines); (b) the mean THz spectra of each graph in 1st
modelling (red lines) and the corresponding pixels in the true HR image (black lines). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the
Web version of this article.)

hyperspectral super-resolution imaging [23,38]. For example, the
super-resolution technique could accurately reconstruct a THz
image at 18  18 resolution from a 10  10 image, resulting in a
reduction in imaging acquisition time to less than 1/3 of the original
(reducing the number of pixel scans from 324 to 100). Although the
imaging acquisition speed of THz imaging is still slower than that of
visible or near-infrared hyperspectral imaging systems [39e46],
considering the penetration characteristics of THz, this can still
facilitate relevant research.
The local pixel graph neural network was built according to the
interaction of PSF among pixels (Fig. 2). In other words, the state of
the graph was used to represent PSFs of the four pixels closest to
the pixel to be reconstructed. By applying a Fourier transform to
graphs extracted from LR images, ~
x1 , ~
x2 þ ~
x3 , ~
x4 with rotation and
ﬂip invariance were obtained. The reason for this characteristic is
x2 þ ~
x3 , ~
x4 can be regarded as the energy difference bethat ~
x1 , ~
tween adjacent pixels, the energy difference of the pixels on the
diagonal, and the graph normalized mean spectrum of all 4 pixels,
respectively. In addition, all pixels in LR images are kept in the
reconstructed HR images, making the reconstructed THz image
closer to the real image, which beneﬁts subsequent analyses.

for super-resolution THz imaging tasks. For the same kind of biological products, because their composition and structure are
similar, a small number of THz images can provide enough data for
training the present local pixel graph neural network. The actual
number of observations for training in the present study is shown
in Table 1. In addition, this characteristic also allows the input LR
THz image to be any size.
Another notable feature of the present network is the invariance
of the ﬂip and rotation of pixels due to the graph Fourier transform.
In shown Fig. 4, if the adjacent relationship between pixels does not
change, the outputs of the UT transform operator do not change
either. In contrast, if the pixels on each end of the diagonal becomes
adjacent, the output ~
x1 and ~
x2 þ ~
x3 changes accordingly. This
characteristic makes the model have a better generalizing ability
and are better in using the state of the diagram, rather than a single
pixel. Changes in vertical and horizontal intervals of a scan are also
represented by the graph embedding operator, which is beneﬁcial
to speciﬁc tasks, such as tree-ring analysis. Likewise, for seeds, it is
likely that such data will allow an evaluation of viability. To
reconstruct the pixels at the edge of images in the second modelling, the missing pixels on a graph are ﬁlled with pixels on the
opposite side.
For reconstructing THz images of wood cores, the learning rates
were set as 0.0004 and 0.0001 for the 1st and 2nd modelling,
respectively. The hyperparameters a0 , a1 , q0 and q1 of the spectral
leaky ReLU were set as 0.05, 0.05, 0.6 and 0.7, respectively. For seed
images, the learning rates were 0.0005 and 0.0005 for the 1st and
2nd modelling, respectively, and a0 , a1 , q0 and q1 were 0.05, 0.05,
0.8 and 0.6, respectively. The probabilities of dropout layers were
set as 0.2 for all models. Fig. 8 shows the training process, indicating
that the present network can converge quickly (in about 50
epochs). The maximum number of epochs was set as 100 for all
models.

4. Conclusions
A local pixel graph neural network for THz time-domain superresolution imaging was proposed in the current study, which was
applicable to heterogeneous biological product analysis. This
method requires a small number of sample images for training and
results from wood cores and seed samples demonstrate the signiﬁcant ability of the method to reconstruct THz images at high
feature frequencies. As the method can increase the image acquisition speed of THz time-domain imaging systems and allow superresolution performance beyond hardware limitations at high
feature frequencies, it can greatly promote the application of THz
time-domain imaging in biological products analysis and other
related research ﬁelds.

3.3. Overview
The present super-resolution model can reconstruct an HR THz
image with a size of 2ðn  1Þ-by-2ðm 1Þ from an LR THz image
with a size of n-by-m. The rate of resolution improvement is ﬁxed,
however, the real goal of THz time-domain super-resolution imaging in research related to biological products is to speed up the
image acquisition process and maintain the accuracy of reconstructed THz spectral for subsequent analysis, which is different
from continuous-wave THz super-resolution imaging or
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