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Abstract: The performance of radiation sources and detectors currently limits terahertz imaging technology, which still
requires further improvement in terms of detail resolution, imaging speed, and noise suppression. This paper proposes a
terahertz image super-resolution algorithm based on spatial curve filling. The ViT (Vision Transformer) structure back-
bone network is utilized to extract terahertz image features through an attention mechanism. A Hilbert spatial curve is
constructed to reconstruct the image according to the feature map using the curve filling method. Lightweight one-di-
mensional convolution processing is used for reconstructing image features, while inverse transformation of reconstruct-
ed maps restores the image's spatial structure. Finally, pixel reorganization enables up sampling to obtain an output im-
age with enhanced object contour and details. Experimental results show that compared with conventional ViT struc-
tures, this proposed method improves Peak Signal-to-Noise Ratio (PSNR) by 0. 81 dB and Structural Similarity Index
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(SSIM) by 0. 007 4, which effectively inhibits the noise influence on texture and significantly improves the resolution

and image quality.
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Fig. 1 Network structure diagram of terahertz image super-resolution based on curve filling in Hilbert space
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Fig. 2 Schematic diagram of the attention mechanism
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Fig. 3 Hilbert space curve generation diagram
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Table 2 Super-resolution image quality evaluation in-

dex

Different algorithm MSE
ViT 1.251  47.1087 0

1.3314  46.8929 0
ViT without Hilbert kernel size=5  1.213  47.1026 0.9475
ViT without Hilbert kernel size=7 ~1.2545 47.1498  0.949 6
ViT with Hilbert kemel size=3 ~ 1.1135 47.5642 0.9524

1 0

0 0

PSNR/dB SSIM
. 946 3
.95211

ViT without Hilbert kernel size=3

ViT with Hilbert kernel size=5 L1235 47.5662 .9537

ViT with Hilbert kernel size=7 L9982  47.9226 . 947 8
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Fig. 10 Superresolution reconstruction comparison of terahertz images of different models, (a) original low-resolution image;
(b) ViT; (¢) ViT without Hilbert kernel size=3; (d) ViT without Hilbert kernel size=5; (e) ViT without Hilbert kernel size=7;
(f) ViT with Hilbert kernel size=3; (g) ViT with Hilbert kernel size=5; (h) ViT with Hilbert kernel size=7; (i) real high-resolu-
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(super resolution convolutional network, SRCNN) " |
5% 22 8 0 PE I 4% (super resolution residual convolu-
tional network, SRResNet) " | A= il 2 48 43 3¢ W 4%
(super—resolution using a generative adversarial net-
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Fig. 12 Super resolution images based on different algorithms
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Table 3 Objective evaluation index of super resolu-

tion image quality based on different algo-

rithms
Different algorithm MSE PSNR/dB SSIM
Nearest 25.793 6 34.0157 0.868 3
Bicubic 27.3394 33.7629 0. 898
SRCNN 14.322 4 36.570 6 0.9017
SRResNet 1.4892 46.401 3 0.924 1
SRGAN 1.5923 46. 1106 0.956 2
ESPCNN 1.412 84 46.6299 0.9351
ViT 1.2510 47.108 7 0.946 3
MDM 1.1482 47.5306 0.9399
ViT with Hilbert
Fernel st 0.998 2 47.9226 0.947 8
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