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Abstract

The primary challenge in classifying food as safe or unsafe lies in the
uncertainty related to its quality, which can lead to health and economic
issues. To address this challenge, machine learning (ML) algorithms can
be employed as powerful tools for classification based on food
characteristics such as images or time—series data related to storage
conditions. However, the performance of these algorithms heavily
depends on the proper tuning of hyperparameters, which can be a
complex and computationally expensive process when using traditional
methods like grid search or random search. To solve this problem,
advanced optimization techniques such as Scikit-opt, Optuna, and
Hyperopt can be applied to enhance model performance. For instance,
Convolutional Neural Networks (CNNs) can be used to analyze food
images and classify them based on their appearance, while Long Short-
Term Memory (LSTM) networks can be utilized to analyze time-series
data related to food quality. By evaluating performance using metrics such
as accuracy and RMSE (Root Mean Square Error), the most accurate
and efficient models can be identified.

In this research, the impact of random initialization features on
classification performance using neural networks was investigated. The
proposed structures of deep learning models were examined to determine
the most robust structure with the least sensitivity to randomness.
Additionally, a novel algorithm was introduced in the field of food
classification through the advanced Hyperopt technique for optimizing

hyperparameters of Convolutional Neural Network (CNN) models, an
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aspect that has not been systematically explored in the current literature.
The effect of this technique on the accuracy and efficiency of the CNN
model was evaluated by comparing the Root Mean Square Error (RMSE)
of classification and the time required for model tuning.

Keywords: Food classification, Hyperopt, Convolutional Neural Network

(CNN), Root Mean Square Error (RMSE), Hyperparameter optimization.
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4 Training Progress (18-May-2024 15:20:43) - o X
Training Progress (18-May-2024 15:20:43)

Results
Validation accuracy. NA
Training finished Reachedfinal iteration
Training Time
Start time: 18-May-2024 15:20:43
Elapsed time: 1 min 6 sec
;\? Training Cycle
E Epoch 100 of 100
g Iteration: 100 of 100
§ lerations per epoch: 1
< 4 Maximum iterations: 100
I Validation
20+ Frequency: NA
10 Other Information
0 11 0 120 13 0 14 0 é 0 EO L7 0 LB 0 190 J Hardware resource: Single CPU
0 10 20 30 40 50 60 70 80 90 100 Leaming rate schedule:  Constant
Iteration Learning rate: 0.0001
Accuracy
Training (smoothed)
Training
=~ ~@- = Valdation
Loss
Training (smoothed)
Training
= =~ ~ Vaidation
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Band 1
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Band 1
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