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Small Sample Color Space Conversion Method Based on Generative
Adversarial Network
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(School of Electronic Information and Artificial Intelligence,
Shaanxi University of Science & Technology, Xi'an 710021, China)

ABSTRACT: The work aims to overcome the problems that the color space conversion method based on deep learning
requires a large number of samples and high cost of sample collection. Based on colorimetry and deep learning methods, a
Cor-WGAN model that integrates multi-channel correction was proposed. A multi-stage training method was designed.
The conversion relationship from RGB to CIELab color space under the condition of small samples was learned. First, the
conversion effect of the model in the standard color space was tested. Then non-standard color space simulation experi-
ments and inverse conversion experiments were designed to test the effect of the model in practical applications. The ex-
perimental results showed that the Cor-WGAN model proposed in this paper had strong small sample learning ability, and
could achieve a good conversion effect under the training condition of 64 evenly distributed samples. The average color
difference of conversion was 1.71, and the minimum color difference reached 0.16. More than 90% of the sample points
could reach the conversion level that the human eye could not distinguish the color difference. The algorithm in this paper
has obvious advantages in processing small sample color space conversion tasks, and provides a new idea for color man-
agement applications based on deep learning.
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Tab.2 Color difference comparison of different algorithms in different sizes of training sets

UIERE%N R-ELM RBF Cor—-WGAN
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125 0.30 9.00 4.77 0.25 8.87 3.12 0.13 4.43 1.12
216 0.27 6.82 2.69 0.09 3.33 0.75 0.03 3.22 0.72
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Tab.4 Color difference comparison of different algorithms in non-standard color space experiment
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64 0.43 15.33 6.99 0.24 14.45 4.52 0.31 7.45 1.71
125 0.39 8.92 5.02 0.26 8.89 3.23 0.07 4.52 1.20
216 0.31 6.65 2.93 0.11 3.51 0.77 0.07 3.26 0.67
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Tab.5 Color difference comparison of different algorithms in inverse conversion experiment
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