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Artificial Intelligence Based Meal-kit Packaging Method and
Material Classification Model

Tae Hyong Kim, Kihyun Kwon, and Ah-Na Kim*
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Abstract This study proposes an artificial intelligence (Al)-based multi-output artificial neural network (ANN) clas-
sification model capable of automatically predicting optimal packaging methods and materials based on product char-
acteristics. A total of 51 commercial meal-kit products distributed under ambient, chilled, and frozen conditions were
analyzed to construct a comprehensive dataset comprising 19 packaging-related parameters such as distribution type,
cooking requirement, packaging material, and sealing type. Of these, 17 parameters were used as input features, and
two—packaging method and packaging material—served as output targets. The initial ANN model included an input
layer of 17 nodes, two hidden layers with 128 neurons each (tanh activation), and two softmax output layers (nine and
eight nodes for method and material classification, respectively). To optimize performance, Bayesian optimization was
applied to five key hyperparameters: neuron count, learning rate, activation function, neuron division ratio, and optimizer
type. The optimized model with four hidden layers and 1,024 neurons achieved classification accuracies of 85.8% for
packaging method and 93.9% for packaging material, with corresponding F1-scores of 84.4% and 90.9%, respectively.
Compared to the baseline, this represents a 22-44% improvement across metrics. The findings demonstrate the potential
of Al-driven systems for intelligent, standardized, and sustainable packaging design, contributing to the advancement of
smart manufacturing and eco-efficient food packaging automation.
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Table 1. Parameters for analysis of meal-kit packaging

Lat= il 3

Parameter for analysis of meal-kit packaging

Cooked or not (Ex: Not cooked)

Meal-kit distribution method (Ex: cold chain)

Inner or Outer packaging (EX:Inner packaging)

Final or individual product (Ex: Final meal kit)

Number of individual product (Ex: 4ea)

Weight (Ex: 300g)

Packaging method (Ex: Vacuum sealing)

Types of meal-kit (Ex: sauce)

Packaging printing (Ex: 3)

Packaging technique (Ex: Standing pouch)

Number of each products (Ex: 4ea)

Quality maintenance product (Ex: Antioxidants)

Packaging components (Ex: Vinly)

Size (Ex: 90x150mm)

Price (Ex: 9800won)

Packaging materials (Ex: OPP)

Serving size (Ex: 2)

Shelf life (Ex: 6 months)

Number of outer packaging

Table 2. Types of meal-kit materials

Types of meal-kit packaging materials

Oriented/Cast Polypropylene

Oriented/Cast Nylon

Low-density/High-density Polyethylene

Polyethylene terephthalate/Aluminum film

Polyethylene terephthalate film

Aluminum tray

SC Molded Pulp/Kraft paper

Polyethylene terephthalate tray

Polypropylene tray
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Fig. 2. Histogram of number of samples for each type of pack-
aging materials and methods.
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Fig. 3. Input and output variables for multi-output artificial neu-
ral network classification model.
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Table 4. Representative classification result of meal-kit pack-

Multi-output artificial neural network hyperparameters aging method
Number of neurons [256, 1024, step : 128] Before Optimization | After Optimization
Learning rates [0.01, 0.001, 0.0001] Accuracy (%) 703 0.1 85.8+0.1
Activation functions [‘relu’, ‘tanh’, sigmoid’] Recall (%) 62.1+0.2 87.1+0.1
Neuron division [1, 2, 4] Precision (%) 55.4+0.1 81.9+0.2
Optimizer [‘adam’, ‘sgd’] Fl-score (%) 58.6+£ 0.1 84.4+0.1
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Fig. 4. Representative confusion matrix for classification result of
meal-kit packaging (A) method and (B) materials before opti-
mization
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Table 5. Representative classification result of meal-kit pack-
aging materials

kel

Before Optimization | After Optimization
Accuracy (%) 80.2+0.1 93.9+0.1
Recall (%) 65.1+0.1 90.9+0.2
Precision (%) 63.2+0.1 90.9 + 0.1
Fl-score (%) 64.1 +0.1 90.9+0.1
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Fig. 5. Representative confusion matrix for classification result of
meal-kit packaging (A) method and (B) materials after optimi-
zation
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