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[Abstract]

In this paper, we propose TinyAlcoCNN, a lightweight deep learning model designed to
non-invasively detect alcohol consumption based on voice data. The proposed model adopts a 2D-CNN
architecture that takes Mel-spectrograms as input and is trained on approximately 40,000 Korean voice
samples. To support real-time applications, the dataset was preprocessed using the Whisper API for
automatic segmentation. Experimental results demonstrate that TinyAlcoCNN achieves a training accuracy
of 0.9982 and an inference accuracy of 1.000, while maintaining efficiency with approximately one
million parameters and 13.9 million FLOPs. These results confirm both the effectiveness and
computational efficiency of the model. This study highlights the feasibility of voice-based alcohol
detection and suggests potential for broader applications, including personalized services, through

multilingual expansion and integration with mobile systems.
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I. Introduction
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Fig. 1. System Description
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II. Preliminaries

1. Related works
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III. The Proposed Scheme

1. Data Collection and Pre-processing
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Fig. 2. Audio Recording Environment

2. Mel-spectrogram
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3. Proposed Deep-learning Algorithm
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4. Experimental Results and Evaluation
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Table 1. Experimental Results Table
. Training Training FLOPs Training Infer. Infer.
N e Fenmily Loss Acc. RIS (M) Time (s) Acc. Time (s)
1 AMMobileNet1D 1D-CNN 0.1520 0.9436 26,722 3.94 62457 0.934 1.59
2 SwishNet 1D-CNN 0.6192 0.6607 13,378 217 624.4 0.577 1.64
3 LMFCA Net 2D+Attn 0.0115 0.9970 4,244,834 20.25 663.75 0.996 1.2
4 AcINet 2D-CNN 0.2384 0.8985 87,026 0.58 820.92 0.910 1.18
5 MOSLight 2D-CNN 0.0099 0.9966 2,102,146 46.66 678.95 0.980 1.09
6 RACNN 2D-CNN 0.0055 0.9982 1,050,602 32.76 682.17 0.995 1.07
7 SpeechCNN VGGSmall | 2D-CNN 0.0019 0.9994 139,746 915.40 1196.67 1.000 3.23
8 PIPMN MLP 0.6932 0.4985 17,336,002 | 34.67 630.32 0.449 0.88
9 *TinyAlcoCNN 2D-CNN 0.0041 0.9987 1,050,066 13.90 676.73 0.998 1.07
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