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[Abstract]

Accurate meal attendance prediction positively impacts cafeteria operations by reducing food waste
and lowering costs. In the past, predictions were based on human experience, but modern methods
involve developing predictive models. These models offer advantages such as reduced time and resource
consumption compared to traditional methods. However, practical implementation remains limited due to
various challenges. This paper utilizes cafeteria data from 2018, 2019, and 2023 semesters, along with
weather data from the Korea Meteorological Administration, to select variables through EDA analysis.
Using these variables and machine learning algorithms, models were developed to predict breakfast,
lunch, and dinner attendance. The best-performing model was selected as the final model to develop a
prediction program. 80% of the data was used for training and 20% for validation. The final models
selected were XGBoost for breakfast (MAE ratio 12.97%) and RandomForest for lunch and dinner
(MAE ratios 4.8% and 4.93%, respectively). The lunch and dinner prediction models demonstrated good
performance. Future work will involve continuous data collection, adding new derived variables,

hyperparameter tuning, and Ul improvements to enhance model performance and convenience.
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I. Introduction
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II. Develop Models for Estimating
Diner Number in a University Cafeteria

1. Data and Data Preprocessing
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Table 1. University Cafeteria Data
no Column Type
1 Date Datetime
2 Day of the week String
3 Breakfast menu String
4 Breakfast attendance Integer
5 Lunch menu String
6 Lunch attendance Integer
7 Dinner menu String
8 Dinner attendance Integer
9 Total attendance Integer
10 Events String

IR golE= 7|AREE /R E[9] oA 20184, 2019

9, 20239 &7 & sigshs YRl 21 x|H9] 7L,
T4, 5k HolHE ol&sith 7t HolH &2 2018\,
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Table 2. Weather data

Fig. 1. Visualization of the number of lunch
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Table 3. Hyper Parameters

Model Hyperparameters Value
n_estimators 7000
Random max_depth 10
Forest min_samples_split 2
Regression min_samples_leaf 1
max_features “auto”
n_estimators 8000
XGBoost learning_rate 0.05
Regression max_depth 6
min_child_weight 1
Activation Function "Adam
Batch Size 32
DNN Learning Rate 0.003
Epoch 10000
Batch Size 32
Learning Rate 0.002
LST™ Sequence Length 50
Epoch 10000

Hidden Layer

Input Layer Output Layer

Fig. 3. Our DNN Model Architecture
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Hidden Layer

Input Layer Output Layer

Fig. 4. Our LSTM Model Architecture
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III. Development of a System
Estimating Diner Number

1. Training Prediction Models
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Table 4. Program Development Environment

Item Value
0S Mac0S(Sonoma 14.2.1)
IDE Visual Studio Code for Mac
Language Python 3.9.0
Library Tensorflow, Sklearn, MLrov.v,.
Pandas, Numpy, FastAPI, Jinja2
Storage PostgreSQL, MinlO
Dashboard Grafana
Running Env Docker Container
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3. Result of the Developed Web App
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IV. Result of Models Evaluation and
Program Testing
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Table 5. Result Model’s Evaluations

Meals Algorithm MAE RMSE R-Squared
Random 1358% | 179 0.60166
Forest
Bf;e;k XGBoost | 12.97% | 18® 067312
DNN 14.63% | 199 0.5433
LSTM 197% | 26% 0.49177
R;:rde"srt“ 4.8% 925 0.99982
Lunch |  XGBoost 517% | 92 0.9996
DNN 12% 215% 0.662
LSTM 1% 1979 0.6144
R;:rde"srt“ 493% | 513 0.99971
Dinner XGBoost 5.21% 51H 0.95237
DNN 11.05% | 113% 0.7022
LSTM 7.4% 74% 0.9046
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