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Terahertz Deep Learning Super Resolution Imaging Training on
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Abstract—We presented a supervised deep learning method to
decrease six-fold data acquisition time and to suppress terahertz
image artifact levels based on sinogram from terahertz time-
domain spectroscopy (THz-TDS). Our method delivered superior
image quality than conventional bicubic interpolation method
with 0.9612 and 0. S in mean square error (MSE) and structural
similarity index (SSIM), respectively.

I. INTRODUCTION

ERAHERZ time-domain spectroscopy (THz-TDS) has
been known for its unique light-matter interaction
properties with optically opaque materials leading to

several applications, such as security screening, non-invasive
sensing and imaging. Among these applications, the imaging
quality, including image resolution and image artifacts level,
and signal acquisition time are critical [1]. However, it has been
shown that the image quality and the THz signal acquisition
time are limited by the complex geometry of measured objects
and the number of spatially sensing points, respectively. As a
consequence, the method to decrease the artifacts and the
measured time is necessary. Apart from the THz imaging,
several image reconstruction methods are introduced to address
these limitations in electromagnetic spectrum [2]. Among these
methods, the data-driven deep learning frameworks are one of
the most promising approaches since the provenly superior
I ¢ over image restoration and image super-resolution

we proposed a THz deep learning super resolution
d on sinogram method, which can simultaneously
on THz image artifact issue and data acquisition time
spatial and projection information,
1g the features from the two

sinogram
Ih

ated six-fold reduced data acqui
cantlv lower TH7 image ai

leal xXes, we
e and

el with the

evel com

image features as shown in Fig 1(a). During the training phase,
the learning rate and loss function are 0.0005 and the mean
square error function, respectively. To prevent the convergence
instability, the batch size of 10 and Adam optimization
algorithm are selected. As shown in Fig. 1(b), the inverse Radon
transform is performed on the output of the model for the
conversion from a sinogram to a spatial cross-sectional image.
Since the dynamic data range of cross-sectional images is
different, the thresholds to distinguish matter and air are distinct
in the layers. The K-means method is utilized to define the
adaptive thresholds from the reconstructed cross-sectional
images. Compared with ground truth labeled images, our
method delivers 0.0155 and 0.9612 in MSE and SSIM,
respectively, as shown in Fig 2(a). Additionally, compared with
conventional bicubic interpolation method, our THz deep
learning model highly suppresses the THz images artifact levels
as shown in Fig 2(b).
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