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Color Constancy Algorithm of Microscopic Images Based on Autoencoder
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Abstract Considering the lack of color constancy (CC) dataset in the field of microscopic images and the failure in
achieving the expected effect through the cross-dataset training of the CC algorithm, this study creates a microscopic
CC dataset using two steps: camera acquisition and simulation generation. Moreover, this study proposes a
microscopic image CC algorithm based on an autoencoder. The algorithm uses an improved UNet structure
autoencoder for semi-supervised training and simultaneously introduces a new composite-loss function to optimize
network parameters, thereby obtaining an accurate restored image color. Experimental results show that the image
resolution trained using the algorithm is higher than traditional autoencoders, and the angle error estimates in the
NUS-8, RECommended, and self-built microscope CC datasets are smaller.
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Fig. 1 Physical image of the microscope and camera.
(a) Color temperature is 4500 K; (b) color
temperature is 6300 K; (c) color temperature is

7000 K
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Fig. 2 Statistics of the color cast coefficient. (a) Color temperature is 4500 K; (b) color temperature is 6300 K;

(¢) color temperature is 7000 K
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Fig. 4 Color restoration results of different autoencoders.
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Table 1 Selection of threshold T

T Best25% Mean Medium Trimean Worst25 %
10 1.78 2. 40 2.01 2.12 7.05
20 1.75 2. 36 2.00 2.09 6.56
30 1.62 2.32 2. 36 2.01 6. 34
40 1.55 2. 30 2.09 1.97 5.98
50 1.43 2.29 1. 91 1. 93 5.52
60 1. 29 2.25 1.79 1. 90 5.13
70 1. 11 2.23 1.76 1. 85 4.98
80 1.02 2.12 1.70 1. 80 4.78
90 0.92 2.01 1. 67 1.72 4.05
100 1. 04 2.08 1. 69 1.75 4.28
110 1.23 2.18 1.72 1.79 4.78
120 1. 11 2.21 1.75 1. 82 5. 06
130 1. 33 2.22 1. 89 1.92 5.98
140 1.42 2.26 1.94 1. 98 6. 25
150 1. 48 2.35 1. 98 2.01 6.43
160 1.53 2.39 2.02 2.06 6.52
170 1.62 2.35 2.05 2.09 6.75
180 1.72 2.45 2.08 2.14 7.12
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Table 2 Evaluation results of different algorithms in NUS-8 CC dataset

Algorithm Best25% Mean Medium Trimean Worst25 %
GW 1.16 4.59 3.46 3.81 9.85
wp 1. 44 9.91 7. 44 8.78 21.27

Quasi-unsupervised" - 1.97 1.91 - -

CMH 0.50 2.25 1.59 1.74 5.13
Ref. [15] 0.52 2.05 1.50 - 4.48
Ref. [12] 0. 46 2.18 1.48 1.64 5.03
Ref. [17] 0.50 2.39 1.61 1.74 5.67
Ref. [17]( pretrained) 0.46 2.35 1.55 1.73 5.62
CNNM 0. 68 2.14 1.83 1.95 4.26
UNet™" 1.13 2.56 2. 04 2.23 5.17
Ours 0.92 2.01 1.67 1.72 4.05
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(Canon 1D 1 CanonSD) E & Mg 5 345, L &

568 3K 5 L FY 38 P % A AR R R e
O (R R S 2R 3 R

% 3 AEEZELE RECommended CC EUHE 5 1 PF 4k 45 R

Table 3 Evaluation results of different algorithms in RECommended CC dataset

Algorithm Best25 % Mean Medium Trimean Worst25 %
GW™ 5. 00 9.70 10. 00 10. 00 13.70
wp 2. 20 9.10 6.70 7.80 18. 90
SoGH" 2.30 7.30 6. 80 6.90 12. 80
GE™" 0.70 5.50 3.30 3. 90 13. 80
CC-GANs (Pix2Pix) 1.20 3. 60 2. 80 3.10 7.20
CC-GANs(CycleGAN)H 0.70 3.40 2. 60 2. 80 7.30
CC-GANs (StarGAN)!M® 1.70 5.70 4. 90 5.20 10. 50
CNNM 0. 80 2. 60 2.00 2.10 4. 00
UNet™" 1.17 2.98 2.45 2.71 5.29
Ours 0.96 2.35 2.05 2.18 3.98
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Table 4 Evaluation results of different algorithms in self-built microscope CC dataset
Algorithm Best25% Mean Medium Trimean Worst25 %
GW™ 2.26 5.77 4.81 5.07 11. 94
wpr 4.43 6.19 5.04 5.21 10. 60
SoGH™ 1.01 3.59 3.17 3.18 7.51
GE"Y 4.29 6.73 6.24 6.39 11. 42
Ref. [12] 1.43 3.70 3. 17 3. 26 7.55
Ref. [15] 3.57 5.70 5. 54 5.53 9.76
CNNH 0.75 1.98 1.75 1.81 4,25
UNet” 0.67 1.56 1.34 1.45 3.16
Ours 0.43 0.97 0.75 0.79 2.08
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