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Ethanol Concentration Measurement and Classification Using Near-
infrared Spectroscopy and a Random Forest Model
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Ethanol poses a significant threat to driver safety, as its effects vary with blood alcohol concentration (BAC). Common
methods for estimating BAC include breath alcohol analysis, which calculates BAC from the alcohol concentration in
exhaled breath, and direct blood sampling. However, these methods have notable limitations. This study aims to classify
alcohol concentration using non-invasive optical signal data obtained from biomimetic samples with varying alcohol levels.
To replicate the high scattering characteristics of biological tissue, scattering effects were induced in the samples, and
absorbance was measured using near-infrared (NIR) wavelengths, which penetrate biological tissue more deeply. A
Random Forest (RF) model was trained using the measured absorbance values to classify alcohol concentration levels.
The Area Under the ROC Curve (AUC) for each concentration level indicated effective model learning, and the
classification results on the test set demonstrated statistically significant accuracy. These findings suggest that the RF
model can classify alcohol concentrations non-invasively and without the loss of samples. Furthermore, incorporating
additional optical properties beyond absorbance may improve the accuracy of future non-invasive alcohol concentration

classification models.
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Fig. 1 Measurement setup on the optical table for the experiment
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Table 1 The number of samples collected per concentration level
through measurement

Alcohol concentration [%] Number of measured samples

0 200
10 200
20 260
30 260
40 260

AEAEN

I Tree 2 | | Tree3

Max depth =10
Min samples split=5
Min samples leaf =2

Bootstrap = True

|
KA &

.
sor Tree 200

=N

Fig. 2 The architecture of the random forest model used for alcohol
concentration classification
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Table 2 Classification report of the random forest model

Concentration [%o] Precision Recall F1-score

0 0.95 0.97 0.96

10 0.92 0.90 0.91

20 0.80 0.75 0.77

30 0.73 0.69 0.71

40 0.84 0.94 0.89
Accuracy 0.84
Macro avg 0.85 0.85 0.85
Weighted avg 0.84 0.84 0.84
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Validation Data Confusion Matrix (normalized)
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Test Data Confusion Matrix (normalized)
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Fig. 3 Confusion matrix for each dataset. (a) Confusion matrix for
the validation dataset, (b) Confusion matrix for the test

dataset
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Fig. 4 ROC curve and AUC for the test dataset of the classification
model
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Table 3 Top 10 wavelength feature importances

Rank Wavelength [nm] Feature importance
1 1067 0.020403
2 1089 0.019973
3 1074 0.019651
4 1058 0.019146
5 1040 0.018781
6 1047 0.018591
7 1055 0.018089
8 1043 0.017885
9 1078 0.017672
10 1062 0.017059

Overall K-fold Confusion Matrix (normalized)
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Fig. 5 Classification results based on k-fold cross-validation
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