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Terahertz (THz) imaging has drawn significant attention because THz wave has a unique capability to transient, ultra-
wide spectrum and low photon energy. However, the low resolution has always been a problem due to its long wavelength,
limiting their application of fields practical use. In this paper, we proposed a complex one-shot super-resolution (COSSR)
framework based on a complex convolution neural network to restore superior THz images at 0.35 times wavelength by
extracting features directly from a reference measured sample and groundtruth without the measured PSF. Compared with
real convolution neural network-based approaches and complex zero-shot super-resolution (CZSSR), COSSR delivers at
least 6.67, 0.003, and 6.96% superior higher imaging efficacy in terms of peak signal to noise ratio (PSNR), mean square
error (MSE), and structural similarity index measure (SSIM), respectively, for the analyzed data. Additionally, the proposed
method is experimentally demonstrated to have a good generalization and to perform well on measured data. The COSSR
provides a new pathway for THz imaging super-resolution (SR) reconstruction below the diffraction limit.
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1. Introduction

Since THz waves possess unique properties, ! their ap-
THz
imaging®>* contains numerous spectrum information and is a

plication in imaging has been a hot topic for years.

good tradeoff between penetration and resolution in imaging
applications.>~1?I" Although THz waves have a pronounced
diffraction effect and a longer wavelength than optics, they
still pose a resolution bottleneck. Getting half-wavelength res-
olution is not easy, and only those with delicate THz optical
components and excellent alignment can achieve it. The res-
olution is usually in the order of wavelength instead of sub-
wavelength, not to mention the diffraction limit.

Deep learning is an emerging data analysis and pro-
cessing tool with the unique advantage of learning the in-
trinsic laws of data and input-output mapping relation-
ships. During the past decade, convolution neural network
(CNN)[13' has been verified to improve the resolution in
optical imaging!'*'8 with real numbers corresponding to
recorded intensity for calculations. In recent years, an adapta-
tion of deep learning for THz imaging SR reconstruction has
received remarkable attention from researchers. Various re-
searchers have successfully demonstrated how deep learning
can improve the resolution of the THz image!'! for many
applications, including medical diagnosis, non-destructive in-
spection, and safety inspection. The classical CNN SR algo-
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rithms rely on geometrical optics, and phase operations are not
implemented since most optical facilities cannot directly mea-
sure phase. THz is a kind of wave that is quite feasible to gain
amplitude and phase information.

Wei Ning er al.[*?! extend CLS deconvolution to a com-
plex domain, which has verified that useful information could
be extracted from phase images to improve the resolution of
the terahertz image. Based on this concept, we extend the cal-
culations in CNN from the real number domain to the com-
plex number domain by taking the physical nature of the THz
wave. In our previous research,!”*! we proposed a THz image
super-resolution based on a complex convolution neural net-
work (CCNN). Such a CCNN is successful in THz imaging
for the first time. Compared to CNN, the quality of the recon-
structed image has been improved obviously by using CCNN
in terms of contrast, entropy, etc. Moreover, CCNN has bet-
ter generalization abilities so that phase information can be
recovered accurately, which is impossible to achieve in clas-
sical CNN. A complex zero-shot super-resolution reconstruc-
tion (CZSSR)!?*! algorithm based on internal image statistics
is proposed to address the issue of THz SR algorithms without
standard training datasets. Instead of relying on pre-training,
the proposed method is of sound self-adaptability. The resolu-
tion of these methods has reached the theoretical limit of half
a wavelength. Physically, the resolution is only 0.4 times the
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beam size, implying those features smaller than the beam can
be “seen”.

In this paper, we are working on improving the resolu-
tion to make it below the physical limit. In order to solve the
problem of the inaccuracy of the point—spread function (PSF),
the complex one-shot super-resolution framework (COSSR)
is put forward. This framework involves learning the THz
imaging process directly from a measured reference sample
and its groundtruth. This method achieves a resolution of
0.35 times wavelength, which has never been achieved before.
We believe such an approach can help overcome the lower-
resolution problem in THz imaging and make THz imaging
more accessible and more prevalent since non-experts can still
get clear images in this way. Many imaging applications, in-
cluding biomedical imaging and nondestructive testing, can
benefit from this approach.

2. Proposed methods

For a THz imaging system with a pixel scanning mode,
considering the diffraction of the THz waves, the ideal object
functions a, + jb, is convolution by apsr + jbpsp. And the
measured low-resolution (LR) image a; + jb; is influenced by
the added system noise n. Thus, the THz imaging process can
be mathematically modelled by a complex two-dimensional
(2D) convolution 3!

ai+ jbi = (ao + jbo) * (apsr + jbpsr) + n, 9]

where the asterisk * is the convolution operation.

In practical application, the THz imaging system is af-
fected by PSF blurring, jitter of step motor caused by moving
objects, system noise, etc. Meanwhile, other interference in-
formation will be introduced by the measured PSF. With the
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increase of wavelength, less effective information can be re-
ceived by the detector, and the improvement of the resolution
is more limited.

Hence, the quality reduction model of the THz imaging
system is obtained by the COSSR algorithm proposed in this
paper, referring to learning from the mapping between a mea-
sured sample for reference and its groundtruth. This way can
effectively solve the above problems.

A tailored small complex CNN (as shown in Fig. 1) is
constructed to solve the THz SR task, and only a pair of data
for reference needs to be provided for training. According to
the framework of COSSR, the kernel dimensions of the com-
plex convolution layers are decreased by a factor of 2 from 32
to 4. And all of the kernel sizes are set to 3 x 3. Instead of
hoping for every few stacked layers directly to fit a desired un-
derlying mapping, a simple residual structure is introduced to
address the degradation problem. Thus, the complex convolu-
tion layers could fit a residual mapping explicitly.

Then, the image degradation process is expressed as fol-
lows:

LRain (lli + J bl)
= Degradation — process(groundtruth i, (a; +jbi)). (2)

A relatively light complex CNN is employed and trained
to reconstruct the groundtruth from its LR version:

groundtruth,;, (@i +jbi) = COSSR (LRywin (@i +jbi)). (3)

Then the desired SR image can be constructed by the map
of Eq. (3). The process can be expressed as

SRiest (ai + jbi) = COSSR (LRisain (ai + jbi)) - “4)
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Fig. 1. The flowchart of COSSR. For a fair comparison, the frameworks of RZSSR, ROSSR, and CZSSR with five convolution layers,
equivalent to COSSR, were established. The number of iterations was set as 2000 epochs. For contrasting the experiment results, the optimizer

and learning rate were set to be the same.
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The COSSR algorithm also can be used for different sizes
of images adaptively, and the flowchart of COSSR is shown in
Fig. 1. (COSSR).

The L loss is chosen to optimize the COSSR:

1 .
L(@COSSR) = ﬁ HCOSSR ((ai +Jbi)lzR)

- (ai +jbi)groundtmth H]’ ®)

where Ocogssr represents the parameter set of COSSR.

HR image LR image RZSSR

CZSSR ROSSR COSSR

3. Simulation analysis

The simulated LR THz image is shown in Fig. 2. We
can see that the three stripes are completely aliased, which
could not be distinguished. RZSSR and the edges of the re-
stored image by CZSSR with some artifacts and ringing ef-
fects could not solve these aliased stripes. Although ROSSR
obtained clear edges, the fidelity was poor. By using our pro-
posed COSSR, the three stripes are reconstructed with clear
edges, few artifacts, and ringing effects.

HR image LR image RZSSR

CZSSR ROSSR COSSR

Fig. 2. Comparison of SR results of RZSSR, CZSSR, ROSSR, and COSSR. The HR image (periodical stripe image) for experiments generated
by MATLAB, of which the dimension is 64 x 64 x 2. And the LR image (analyzed THz image) is obtained by Eq. (1).

Additionally, the network parameters we got above were
employed to verify the generalization capability of COSSR to
reconstruct a similar image (two aliasing stripes) directly with-
out any extra training. These aliased stripes still need to be
solved by RZSSR, and the results of CZSSR are distorted. As
previously mentioned, the SR results of ROSSR are severely
distorted. And COSSR can reestablish more high-frequency
information, such as the edges. The two aliasing stripes can
be distinguishable easily, and the SR effect is guaranteed while
the time cost is saved. Hence, we can get the conclusion that
COSSR has good generalization ability.

Table 1 indicates the evaluation results, of which the best
indexes of the metrics are shown in bold.

Table 1. Comparison of no-reference evaluation metrics of measured
data from CCNN-T an RCNN.

Parameters RZSSR CZSSR ROSSR COSSR

PSNR 152825  23.6551 143755  29.2591

(a) MSE 0.0296 0.0038 0.0365 0.0012
SSIM 0.4610 0.8009 0.5928 0.8444

PSNR 11.9619  20.5454 11.4041 27.1315

(b) MSE 0.0637 0.0088 0.0724 0.0019
SSIM 0.3427 0.7916 0.4182 0.8714

Compared with RZSSR and CZSSR, the PSNR of
COSSR with three stripes aliased case, the part (a) of Table 1
improved by about 15.09 dB and 6.67 dB, MSE decreased
by 0.03 and 0.003, and SSIM of it increased by 38.4% and
6.96%, respectively. And compared with ROSSR, the PSNR,

MSE, and SSIM of COSSR are optimized by 17.21, 0.05, and
37.05%, separately.

As we can see in part (b) of Table 1, COSSR shows
at least 6.59, 0.007, and 7.98% superior imaging efficacy in
terms of PSNR, MSE, and SSIM, respectively, than other
methods.

Our proposed algorithm, COSSR, obtained the best en-
hancement effect of the four methods, proving its validity and
superiority.

4. Experiment results

As shown in Fig. 3, the THz imaging system in this pa-
per worked at the frequency from 0.17 THz to 0.22 THz. The
details of the THz imaging system components are as follows:
a vector network analyzer (VNA, Keysight’'s N9029A) with
a pair of frequency extenders (Virginia Diodes Inc., Char-
lottesville, VA, USA) as the transmitter and detector. And
then, the VNA is connected to a host computer to collect data.
Two symmetrical teflon bi-convex lenses with 100-mm diam-
eter, 25-mm focal length (left), and 50-mm focal length (right)
(taking the pupil side as an example) were applied to focus the
THz beam. The object is copper with three periodic stripes
with the same separation distance of 1.0 mm. The copper was
moved along X and Y directions by a step motor, and both
amplitude and phase can be received from transmitted waves.

By the THz imaging system mentioned in Fig. 4, wide
frequency measured data is fabricated to evaluate the spatial
resolution quantitatively, which is sliced into different single-
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frequency to find the smallest frequency that it can recover to.
Figure 4 shows that the normalized amplitude of the sample,
the frequency is selected as 105 GHz. To evaluate the perfor-
mance of the proposed method, the effects of RZSSR, ROSSR,
and CZSSR are employed for comparison and groundtruth for
reference.

Transmitter Object Detector ’ i

& >fa .

Bi-convex lenses

Bi-convex lenses *

Fig. 3. Experimental setup of the THz imaging system.
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The three stripes are complex aliased, which could not
be distinguished. As we can see that RZSSR does not work
in this aliasing case, and obvious artifacts and ringing effects
were obtained by CZSSR. Compared with these two methods,
ROSSR can get relatively clear SR results, but the stripes on
both sides are wider than groundtruth, and the middle stripe is
blurred. The result of COSSR obtained the best enhancement
effect with the sharpest-edged and least artifacts than other
methods. The result of our proposed method is very close to
groundtruth, indicating that it has high fidelity. Furthermore,
as shown in Fig. 5, we can get the same conclusion as men-
tioned above with the profile map of vertical amplitude. For
a fair comparison, pixel values at the same location along the
vertical direction are selected to show the profile map of verti-
cal amplitude. The black dot line represents the groundtruth of
the sheet copper sample with three 1-mm stripes, which can be
considered as the standard reference line. Also, the line is nor-
malized for comparison. This intuitive representation further
verifies the superiority of the proposed method.

ROSSR (epochs:5000)

20 30
CZSSR (epochs:5000)

COSSR (epochs:5000)
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Fig. 4. The amplitude of 1-mm stripes measured from our VNA system, groundtruth for reference and, SR results of RZSSR, ROSSR CZSSR,

and COSSR.
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Fig. 5. Profile of the axial amplitude.

Compared with the different methods, the parameters of
PSNR, MSE, and SSIM of the SR result are calculated, as in-
troduced in Table 2. The optimal results are shown in bold.
Compared with CZSSR, the PSNR of COSSR improved by
about 3 dB, MSE decreased by 0.06, and SSIM increased by
14%, approximately. It means that the error between each
pixel of the reconstructed image and the original image is
smaller, and the SR result of COSSR has higher fidelity than
CZSSR. Compared with ROSSR, the PSNR of COSSR im-
proved by about 1.5 dB, MSE decreased by 0.025, and SSIM
increased by 16%, approximately. Thus, the COSSR can re-
construct sharper and cleaner effects than ROSSR.
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Table 2. Comparisons of SR performance of measured data with
COSSR and ROSSR with low frequency.

Parameters RZSSR CZSSR ROSSR COSSR
PSNR 7.3670 8.9994 10.5383 11.9770
MSE 0.1834 0.1259 0.0883 0.0634
SSIM 0.1299 0.4616 0.4461 0.6001

The aliasing of three periodic stripes with the same sepa-
ration distance of 1.0 mm at GHz is 0.35 times of wavelength.
The ROSSR methods deal with real amplitude only. Thus,
the SR performance is limited. However, as mentioned above,
useful information could be extracted from the phase image to
improve the resolution. It is quite feasible to gain both am-
plitude and phase information for complex operations in THz
imaging applications. The proposed algorithm can solve the
problem of complex aliased data well. The experiments show
that this method can exceed the limit of diffraction resolution.

5. Conclusion

This paper presented a COSSR framework to learn
the mapping directly by a reference measured sample and
groundtruth. One significant advantage of the COSSR frame-
work is it does not rely on the measured PSF. The COSSR
framework reduced measurement errors and improved SR per-
formance. In our proposed COSSR framework, a five-layer
CCNN framework with a simple residual structure was ap-
plied. Weights were adaptively changed to match changes
in frequency and position of THz images without prior train-
ing. A COSSR framework in the experiment demonstrated ev-
ident resolution, especially with complex aliased data, which
achieved 0.35 times wavelength.
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