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Color Transfer Method for Unpaired Medical Images Based on Color Flow Model

WANG Xiaojie, LIU Jinhua, LU Shuyi and ZHOU Yuanfeng

School of Software,Shandong University, Jinan 250101, China

Abstract  In clinical applications,CT image is a kind of image data that is relatively easy to obtain, but there is a large gap be-
tween them and the real human body color. The tomographic color image of the human body is the color response of the real hu-
man body,but it is a rare data. Combining the two,so that each case can get its own color CT data,which will have a effect on the
doctor’s surgery and the patient’ s understanding to the disease. Therefore, this paper proposes a medical image colorization
framework based on a color flow model. It first inputs the CT and human color data into the color flow model and extracts the
content and color features. Then, the color and texture transfer work is performed at the feature level. Finally, the processed fea-
ture information is re-input into the reversible color flow model for image reconstruction. After each flow module, we add a tex-
ture constraint loss to make the shaded image more textured. At the same time.we add edge constraints to ensure that the charac-
teristics of small blood vessels and other tissues on the medical image are not lost. Qualitative and quantitative experiments prove
that our method is more robust than other colorization methods,and the experimental results are more realistic. And we conduct
extensive experiments on different data domains,proving that our method is not affected by domain shift and can obtain stable ex-
perimental results. At the same time.the proposed method can display a clear organizational structure without adjusting the win-
dow width/level.

Keywords Flow module,Colorization, Texture constraint, Stability, Edge constraint
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Table 1

Quantitative comparison results of different methods

on LIDC-IDRI

xwkl[4]  xmk[17] scwl[19]  stw[3] X #[33] A X

Tk Wk PHF R PW TR dHMTEk FE

PSNR% 7.44 8.09 — 11.13 7.91 11.88
SSIMt 0.63 0. 40 — 0.47 0.44 0.67
BD# 0.52 0.45 — 0.70 0.62 0.39
CORR® 0. 44 0.74 — 0.80 0.67 0.91
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Fig. 4 Display of coloring results on different data domains
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Table 2 Quantitative comparison of ablation experiments

with different modules

w/o0 edge+ w/o w/o

texture edge texture RXH %
PSNR% 7.23 8.37 10. 65 11.88
SSIMt 0. 54 0. 60 0.61 0.67
BD¥ 0.47 0.67 0. 40 0.39
CORR % 0.76 0. 80 0.70 0.91
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Fig. 5 Ablation experiment
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Table 3 Comparison of ablation experiments with different
number of blocks
1 2 3
PSNR® 11.53 11.88 11. 80
SSIM%+ 0.66 0.67 0.67
BD¥ 0. 30 0.39 0.31
CORR® 0. 88 0.91 0. 86
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