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Calligraphy image harmonization algorithm based on
local light and shadow perception
DONG Zhigiang, XIAO Yun, DUAN Jiashun

(School of Information Science and Technology, Northwest University, Xi’ an 710127, China)

Abstract The virtual restoration of damaged calligraphy images using image harmonizati on algorithms is of
great significance for cultural relic protection. Most existing image harmonization methods focus on addressing
the disharmony between foreground and background. In response to the significant visual feature differences
and disharmony issues between foreground and background during the virtual restoration of calligraphy images,
this paper proposes a calligraphy image harmonization algorithm based on local light and shadow perception on
LSPNet. LSPNet precisely locates the area to be restored by introducing reference masks and content masks,
thereby ensuring that the style of the synthesized foreground and background remains consistent. To verify the
effectiveness of this algorithm, experiments were conducted on damaged calligraphy images. Through numerous
experiments and comparisons, LSPNet significantly outperforms other algorithms in reducing the differences in
brightness, contrast, and image structure between the foreground and background, making the restored calli-
graphy works appear more visually natural and unified.

Keywords virtual restoration of calligraphy works; image restoration; deep learning
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Fig.1 Images of damaged calligraphy works
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diagram
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Tab.1 The PSNR metric for calligraphy image

Model El4(a) [E4(b) [E4(c) El4(d) KEl4(e)
ShadowGAN ~ 23.25 29.35 33.82 26.37 23.66
RAIN 37.54 26.54 33.23 30.10 31.46
LSPNet 37.65 29.84 34.95 31.69 33.42
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Tab.2 The MSE metric for calligraphy image

Model Kl4(a) K 4(b) Kl4(c) K4(d) K4(e)
ShadowGAN ~ 11.38 101.90 38.69 151.80 70.43
RAIN 11.24 108.98 27.65 60.45 67.35
LSPNet 11.16 67.47 20.79 44.02 29.60
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Tab.3 The SSIM metric for calligraphy image

Model K 4(a) E4(b) F4(c) E4(d) E4(e)
ShadowGAN ~ 0.965 0.712 0.932 0.930 0.916
RAIN 0.966 0.798 0.938 0.937 0.925
LSPNet 0.966 0.896 0.940 0.952 0.934
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