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Study on Measuring Lunchbox Volume Based on

Residual Distribution Using Deep Learning
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Abstract

In this paper, we focus on developing a system that can effectively monitor the nutritional intake of the
elderly. The system consists of a Flutter-based user interface and an image processing backend using a
U-Net model. When a user uploads an image of a lunchbox to the application, the system automatically
analyzes the remaining amount in the image through the U-Net model and provides the result. For system
validation, the remaining amounts were classified into 25%, 50%, 75%, and 100%, and the segmentation
performance at each level was compared. In this process, the U-Net model showed very precise image
segmentation performance and recorded high accuracy through various experiments. This system was
designed to solve the problem of nutritional deficiency that may occur when elderly individuals eat alone.
By monitoring the remaining amount in real time, it helps experts provide more appropriate nutritional

1 Department Biomedical Engineering, Gachon University, Seoungnam, Korea [Graduate Student]

e-mail: jh86237@gachon.ac.kr

2 Department Biomedical Engineering, Gachon University, Seoungnam, Korea [Professor]

*0|

e-mail: kimkg@gachon.ac.kr (Corresponding author)

[SLEy— —

=22 H4dE ZO|BXCIO| TYYUOR [T STl 248 2R HY AIAH EE 3t o

= 7|I:|f AIA|7|- o=LT‘_|-I:I|-o:{ ElJ_L_LEE 7—| EEH 7H |-]O| Xlol_J; I:||:F0|. _'_OI-||_| g9 O(FRD2024 13).
Received(January 21, 2025), Review Result(Ist: February 18, 2025), Accepted(April 11, 2025), Published(4pril 30, 2025)

© 2025 The Authors. Published by NCISS.
This is an open access article licensed under the Creative Commons Attribution-NonCommercial 4.0 International License.
To view a copy of this license, visit http:/creativecommons.org/licenses/by-nc/4.0/.

SA

289



Study on Measuring Lunchbox Volume Based on Residual Distribution Using Deep Learning

management. These research results demonstrate the potential of this system as an important tool for
systematically monitoring and improving the nutritional status of vulnerable groups. This technology-based
approach can mark a significant turning point in the public health sector by automating nutrition monitoring
for the elderly and enabling real-time intervention.
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[Fig. 1] Workflow of the Deep Learning-Based Segmentation Model for Lunchbox Leftover Analysis
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[Fig. 2] Visualization of the model's predictions for rice proportions in a lunchbox set to (A) 25%, (B) 50%,
(C) 75%, and (D) 100%
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[Fig. 4] ROC Curve for the Rice and Lunchbox Segmentation Model
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[Table 1] Performance Metrics for Rice and Lunchbox Segmentation Images using U-Net and Efficient U-Net Models
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Model dataset sensitivity(%) Accuracy (%) Dice Coefficient(%)

U-Net Rice 0.86 +0.04 0.98+0.02 0.88+ 0.05
Efficient-Net Rice 0.98 + 0.02 0.78+0.01 0.77+ 0.02

U-Net Lunch-box 0.84 + 0.03 0.97+0.01 0.86+ 0.04
Efficient-Net Lunch-box 0.83 + 0.03 0.72+0.02 0.87+ 0.02
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