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Abstract

Early detection of jaundice is crucial for the prevention and treatment of
liver diseases; however, most people struggle to recognize symptoms at a m-
11d stage. We aim to enhance self-monitoring capabilities by using smartph-
one imaging combined with machine learning for jaundice detection. Previous
research by Su et al. (2021) applied deep and machine learning for jaundice
prediction, yet relied on specialized color cards for color correction, re-
sulting in higher costs and limited applicability. In response, our study
proposes replacing color cards with white balance algorithms, including the
white patch and gray world methods, combined with deep learning models DCC-
NMI and DCCNM2, to improve accessibility and usability in jaundice detecti-
on. Evaluation results indicate that DCCNMZ achieved the best performance a
mong models without color cards. Although its metrics slightly trail behind
color card-corrected results, DCCNMZ demonstrates excellent stability and a
ccuracy, proving its feasibility as a no-color-card alternative for jaundi-
ce screening. This method offers a convenient home-based jaundice detection
solution, especially for residents in remote areas, enhancing early detect-
ion opportunities, reducing healthcare burden, and further promoting public
health management.
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BI1 : MTCNN #2317 & B

(F# %k Zhang, K., Zhang, Z., Li, Z., & Qiao, Y. (2016). Joint face detection and a
lignment using multi-task cascaded convolutional networks. [EEE Signal Processing Lett
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Figure 3. Example network archi for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.

B3 : ResNet #-3]7 & B
(BRIFE: He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. Proceedings o
f'the IEEFE Conference on Computer Vision and Pattern Recognition (CVEPR), 770-778.)
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output
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*H*Q M*B*’] = conv 3x3, ReLU

copy and crop

+

e e | - e # max pool 2x2
A4 4 up-conv 2x2

o = conv 1x1

B4 : U-Net #5317 & B

(F#% &k :Ronneberger, 0., Fischer, P., & Brox, T. (2015). U-Net: Convolutional networks f

or biomedical image segmentation. /n N MNavab, J. Hornegger, W. M. Wells, & A. F. Frangi

(kds. ), Medical I[mage Computing and Computer-Assisted Intervention - MICCAI 2015 (pp. 234
-241). Springer. )
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B12 : DCCN #-3)
(F# &k Yunxi lu, Xiaoguang li, Li zhuo, Jing zhang, & Hui zhang. (2018, July). Dccn:
A Deep-Color Correction Network For Traditional Chinese Medicine Tongue Images.)
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FeoplREfo T o

(5) poat #™f D3RR AL > R ¥ RIFEE AR AR 0 3 RMSE  MAE §- R?
datk s R CHAI AR E R P d DRIk o RijEE it - H A
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AKEES mh ) MA - AZA%0 B XAd DD 3 % o LabNet A" ResNet Z84g - fI*
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B13 : LabNet #-3)
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