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Abstract The success rate of the no-smoking campaign has been low, although everybody
knows that cigarettes are harmful to the human health. The results of both regular health and
cancer checks in the hospital are useful for strengthening the human intention for quitting the
smoking, however, those methods are difficult to use in daily life because of the use of
large—scaled particular devices such as PET(positron emission tomography). Thus, this study
proposed a non-invasive method that detects the difference between smokers and non-smokers
through deep-learning—based analysis. At first, observing parts were decided to the tongue
surface. Then, a data set(total 1,000) was made through the experiment to measure the tongue
surface(410 times magnification) with the participants of 10 smokers and 10 non-smokers. The
80% ratio of data set was used for the train, and the left 20% was for the prediction. As a
result, it was found that the classification through EfficientNet with the compound scaling
including three scaling methods of width scaling, depth scaling and resolution scaling was much
better than other models including VGG, ResNet, and DenseNet with the only one scaling.
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Figure 1. A description of the microscope
with the low and high magnification.
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Figure 2. An explanation to measure the

tongue surface.
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Figure 3. Model scaling. (a) is a baseline network example; (b)”(d) are conventional scaling
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compound scaling method that uniformly scales all three dimension with a fixed

ratio (Tan et al, 2019).
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Figure 4. An example of dataset used for this
study.
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Figure 5. Results of performance from
EfficientNet-B0O to EfficientNet-B3
and the regulated EfficientNet-Bl1
through target size, batch size,
and dropout.
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