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 Abstract  

Image classification using deep learning has become an effective 

approach in various fields, including visual object recognition such as 

food identification. This study aims to compare the performance of two 

well-known Convolutional Neural Network (CNN) architectures, 

AlexNet and ResNet50, in classifying traditional Indonesian food 

images. The dataset used in this research is a combination of two 

sources: a traditional Indonesian cake dataset from Kaggle and an 

additional set of images of Cirebon's traditional dishes. The final dataset 

consists of 24 food categories with more than 4,000 images in total. 

Each image was preprocessed through several steps including resizing 

to 224x224 pixels, applying data augmentation to training samples to 

enhance variation, and normalization based on standard input formats 

of the models. The training process was carried out using the 5-Fold 

Cross Validation method, while performance was evaluated using 

accuracy, precision, recall, and F1-score metrics. Experimental results 

show that ResNet50 consistently outperformed AlexNet across all 

evaluation metrics. ResNet50 achieved an average accuracy of 92%, 

compared to 86% obtained by AlexNet. Additionally, ResNet50 

demonstrated superior performance in terms of precision, recall, and 

F1-score. This difference indicates that deeper and more complex 

architectures like ResNet50 are more effective in learning visual 

patterns in diverse traditional food images. The study concludes that 

ResNet50 is a more optimal choice for the task of traditional Indonesian 

food image classification. These findings serve as a basis for future 

development of image-based food recognition systems and support the 

preservation of culinary heritage through artificial intelligence 

technology. 

Introduction 

Traditional Indonesian food is part of the country's rich culinary culture, reflecting its 

diversity and national identity. Each region has various types of specialities with unique 

shapes, textures and flavours. Unfortunately, amid the development of the times and changes 

in people's lifestyles, traditional foods are beginning to be replaced by modern food trends 

that are often considered more practical and appealing. This situation threatens the 

sustainability of traditional culinary heritage, especially for the younger generation who are 

beginning to lose knowledge about the diversity and cultural values behind traditional foods 

(Vishwakarma et al., 2025; Pugra et al., 2025; Bihari, 2023; Chukwurah et al., 2025; 

Apriyanto et al., 2024). 

Technically, CNN is a deep learning method specifically designed to process two-dimensional 

image data, and it has demonstrated high effectiveness in classification tasks, especially in 
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pattern and feature recognition (Danendra et al., 2023; Iqbal et al., 2023; Yuan et al., 2022). 

CNN can automatically learn complex features in images without requiring manual feature 

engineering (Rohim et al., 2019; Liu et al., 2021; Demirci et al., 2021). Compared to 

conventional machine learning approaches, CNN is considered superior due to its ability to 

perform both feature extraction and classification in an end-to-end process (Lasniari et al., 

2022). These advantages have made CNN the primary method in many image processing 

studies, including in the classification of traditional foods from various regions (Zidni & 

Akbar, 2024; Elngar et al., 2021; Marpaung et al., 2023). CNNs can also be implemented on 

various programming platforms, including MATLAB, for offline classification tasks 

(Irfansyah et al., 2021; Watanobe et al., 2023; Hamzah & Hreshee, 2025). 

Two commonly used CNN architectures and the focus of this study are AlexNet and 

ResNet50. AlexNet was the first CNN architecture to gain worldwide attention after winning 

the ImageNet competition in 2012 with significantly better accuracy than previous models 

(Hermanto et al., 2024; Jena et al., 2021; Sharma & Guleria, 2022; Qawasmeh et al., 2025). 

Featuring five convolutional layers and three fully connected layers, AlexNet pioneered the 

use of GPUs in training deep networks and has been widely adopted for image classification 

tasks (DLY et al., 2023; Ullah et al., 2022; Tang et al., 2023). On the other hand, ResNet50 

is a much deeper architecture with 50 layers and utilizes residual learning mechanisms to 

address the vanishing gradient problem (Sulistia & Vatresia, 2024). This mechanism enables 

deep network training without accuracy degradation and has been shown to improve model 

generalization (Permana et al., 2024; Gusti et al., 2024; Jiang et al., 2024). 

Previous studies have shown the great potential of CNN in traditional food classification. For 

instance, the use of the ResNet50V2 architecture achieved 73.19% accuracy in traditional 

cake classification (Iskandar & Kristinto, 2023; Matarat, 2024). Meanwhile, a transfer 

learning approach using MobileNetV2 recorded up to 98% accuracy, outperforming other 

models such as VGG16 and ResNet50 (Faturrahman et al., 2023). In the context of AlexNet, 

a study using a traditional cake dataset reported 79% accuracy when combined with the Adam 

optimizer (Azizah et al., 2024; Chempak Kumar & Mubarak, 2024). Although these results 

are promising, there is still a lack of studies that directly compare the performance of AlexNet 

and ResNet50 architectures specifically in the classification of Indonesian traditional food, 

which features complex and highly diverse visuals. 

Therefore, this study aims to evaluate and compare the performance of these two CNN 

architectures in classifying images of Indonesian traditional food. The dataset consists of 

various types of traditional dishes from different regions, with image variations designed to 

resemble real-world conditions. Each image undergoes preprocessing steps such as resizing, 

normalization, and augmentation before being used for model training. Evaluation is 

conducted using accuracy, precision, recall, and F1-score metrics, along with k-fold cross-

validation to ensure stable and measurable results. This research is expected to contribute to 

the field of image processing and promote the use of artificial intelligence technology in 

preserving Indonesia's culinary heritage. 

Methods  

The research flow was systematically arranged to explain the stages of the experiment in 

comparing the performance of the AlexNet and ResNet50 models in classifying traditional 

Indonesian food images. 
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Figure 1. Research Flow 

The flowchart illustrates the systematic flow of the research process, starting from the data 

collection stage to model evaluation. This explanation aims to provide a comprehensive 

overview of the methodology used in the research. 

Dataset 

The dataset is an important component in this research because the entire process of training, 

validating, and testing deep learning models depends on the quality and structure of the data 

used. In this research, the dataset used is a combination of two different sources, which are 

then compiled into a single entity, namely Indonesian Traditional Food. 

Initially, the dataset used was a dataset of traditional Indonesian cakes obtained from the 

Kaggle platform. This dataset contains images of various types of traditional Indonesian cakes 

such as layered cake, klepon, putu cake, and others. However, to enrich and expand the scope 

of the data, the researchers added data on traditional foods from the Cirebon region, such as 

nasi jamblang, empal gentong, tahu gejrot, docang, and mie koclok. The images of these 

traditional Cirebon foods were obtained independently through searches from various online 

sources and personal documentation. 

The combination of these two data sources resulted in a more diverse dataset, covering not 

only traditional cakes but also main dishes, side dishes, and street food from various regions. 

There are a total of 24 traditional food classes, with each class representing one type of food. 

Each image has been labelled according to the class name and organised into a folder structure 

to be compatible with the automatic labelling system using ImageFolder from PyTorch. 

Data Collection 

Data collection was conducted independently without directly involving participants. This 

process was divided into two types of sources: initial data from Kaggle and additional data 

from manual searches. 

Data Collection Procedure 

The steps taken in data collection are as follows: 
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Initial Dataset Retrieval from Kaggle 

The initial dataset, consisting of images of traditional Indonesian cakes, was downloaded from 

Kaggle. This dataset already has a classification structure per class, which facilitates the initial 

training process. 

Addition of Cirebon Speciality Food Data 

Images of Cirebon traditional foods were searched for and selected from various online 

sources such as culinary websites, social media, and personal documentation. The main 

criteria for image selection included visual clarity and the integrity of the food's appearance. 

Manual Classification and Folder Format Adjustment 

All additional images were manually classified and placed in folders based on their respective 

class names, using lowercase format without spaces (e.g., tahu_gejrot, nasi_jamblang), to 

ensure compatibility with the PyTorch system. 

Data Storage Structure 

The dataset is organised into three main sections: train, validation, and test, each comprising 

24 class folders. Storage is structured on Google Drive for training purposes and integration 

with Google Colab. 

Data Collection Techniques 

The data collection technique used in this study is secondary digital documentation, namely 

by utilising images that are publicly available on the internet and open dataset repositories 

such as Kaggle. The data sources used include: a) Open datasets from Kaggle (specifically 

the Indonesian traditional cake category); b) Google Images, for searching for specific 

regional food images; c) Public social media platforms like Instagram, with open access; d) 

Personal documentation, particularly for Cirebon-specific foods that are difficult to find in 

public repositories. 

Each image collected is checked for quality and relevance through visual observation, then 

classified and prepared for use in training and evaluating the deep learning model. This 

combination of data collection techniques from public repositories and manual searches 

enables the creation of a diverse, authentic dataset that better reflects the diversity of 

traditional cuisine in Indonesia. 

Data Division 

After all images of traditional Indonesian food have been collected and classified into 24 

classes, the next step is to divide the dataset into three main parts, namely training data, 

validation data, and testing data. The purpose of this division is to ensure that the model 

training, evaluation, and testing processes are conducted fairly, measurably, and without 

overlap. The division is carried out as follows: 

Training Data 

Training data is used to train the model to recognise and learn the visual patterns of each food 

class. The proportion of training data is set at 80% of the total dataset, which will later be 

rearranged during the K-Fold Cross Validation process to improve training reliability. 

Validation Data 

20% of the training data will be used as validation data in each fold during the model training 

process. This data is not used directly in the model parameter updating process, but plays a 

role in measuring model performance at each epoch and detecting potential overfitting. 

Test Data 
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The testing data consists of 20% of the total dataset that is completely separate and has never 

been used during the training or validation process. This data is used only once, after the 

training process is complete, to objectively measure the final performance of the model. 

Each subset (train, validation, test) maintains a balanced class proportion so that the model 

can learn and be tested fairly across all food types. 

Additionally, the dataset storage structure is systematically organised into three main folders 

(train, validation, and test), each containing 24 subfolders corresponding to class names. This 

format follows the PyTorch ImageFolder input standard, facilitating automated model training 

and testing processes. 

Data Pre-Processing 

Data pre-processing is an important stage that aims to prepare the dataset to be compatible 

with the model architecture used, as well as to improve data quality and variety. The food 

images that have been collected vary in size and orientation, so they need to be standardised 

before further processing. The pre-processing process applied includes the following steps: a) 

Resize: All images are resized to 224x224 pixels to match the standard input of the AlexNet 

and ResNet50 models, which were previously trained using the ImageNet dataset; b) 

Augmentation (specific to training data): Augmentation techniques such as random rotation 

and horizontal flipping are applied to increase data variation without having to manually add 

new data. The aim is to improve the model's generalisation ability to data it has never seen 

before; c) Normalisation: All image pixel values are normalised based on the mean and 

standard deviation of the ImageNet dataset. This normalisation aims to speed up the 

convergence process during training and maintain the stability of input values. 

These pre-processing steps are an important foundation in the machine learning pipeline as 

they can significantly affect the quality of training and the classification results of the model. 

CNN Architectures 

In this study, two convolutional neural network (CNN) architectures that have proven reliable 

in image classification tasks were used, namely AlexNet and ResNet50. The selection of these 

two models was intended to compare the performance of architectures that differ in terms of 

complexity and network depth. 

AlexNet is a CNN model with 5 convolutional layers and 3 fully connected layers. AlexNet 

is one of the pioneers in the advancement of deep learning, and although its architecture is 

relatively simple compared to modern models, its performance is still quite good for medium-

sized classification tasks. AlexNet is suitable for use in systems with limited computational 

resources. 

ResNet50 is a CNN model with a deeper architecture, consisting of 50 layers and equipped 

with a residual connection mechanism. This mechanism allows information flow to pass 

through multiple layers without degradation, helping the model learn more efficiently despite 

having many layers. ResNet50 is designed to address the vanishing gradient problem and is 

suitable for complex image classification tasks with large datasets. 

The selection of these two architectures represents a contrasting approach between 

lightweight and deep models. By comparing the two, this study aims to identify which 

architecture is most optimal for classifying traditional Indonesian food images in terms of 

accuracy, efficiency, and generalisation. 

Model Training 

The training process was carried out using the 5-Fold Cross Validation method. The entire 

dataset was trained five times, where in each fold, 80% of the data was used for training and 
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20% for validation. Each model (AlexNet and ResNet50) is trained and validated on different 

data combinations, and the results are averaged. During training, the Adam optimiser, 

CrossEntropyLoss loss function, and batch size 16 are used. Training is performed using 

Google Colab to take advantage of free GPU access and avoid local computational limitations. 

Model Evaluation 

Model evaluation is one of the most important stages in research because it determines how 

well a trained model can accurately classify images. Evaluation is carried out using testing 

data that is completely independent from the training and validation processes. Thus, the 

evaluation results reflect the model's performance when faced with new, previously unknown 

data. The evaluation process is carried out based on several standard metrics in multi-class 

classification, namely: a) Accuracy: Measures the proportion of correct predictions out of the 

total predictions. The higher the accuracy value, the better the model is at classification in 

general; b) Precision: Measures the accuracy of positive predictions that are truly relevant. 

High precision means that the model does not produce many false positives; c) Recall: 

Measures the completeness or sensitivity, i.e., how much relevant data is correctly predicted. 

A high recall indicates that the model successfully captures all target categoriesl; d) F1-score: 

The harmonic mean between precision and recall, providing a balanced assessment if there is 

an imbalance between classes. 

The evaluation is performed for each fold in the cross-validation scheme and averaged to 

obtain an overview of the model's performance. In addition, a confusion matrix is also used 

to evaluate the model's ability to distinguish between classes. 

The evaluation results are presented in tables and bar graphs to clarify the comparison between 

models. All of these evaluation results form the basis for performance analysis and the final 

conclusions of the study. 

Results and Discussion 

Results per Fold 

Model performance testing was conducted using the 5-Fold Cross Validation method to 

ensure that the results obtained were stable, independent of specific data subsets, and capable 

of describing the model's overall performance across the entire dataset. In this method, the 

training data was divided into five parts, and the training process was carried out five times. 

AlexNet 

The AlexNet model was tested using the 5-Fold Cross Validation method to assess the 

consistency and stability of classification performance on a dataset of traditional Indonesian 

food images. Each fold produced four main evaluation metrics, namely Precision, Recall, F1-

Score, and Accuracy. The evaluation results per fold are shown in Table 3 below: 

Table 1. Per-Fold Results from AlexNet 

Fold Precision Recall F1-Score Accuracy 

1 86.00% 86.00% 86.00% 86.00% 

2 86.00% 86.00% 86.00% 86.00% 

3 85.00% 85.00% 84.00% 85.00% 

4 88.00% 86.00% 86.00% 86.00% 

5 87.00% 87.00% 86.00% 87.00% 

From the table, it can be seen that the results in Fold 1 and Fold 2 show identical performance 

with precision, recall, F1-score, and accuracy values of 86.00%. In Fold 3, there was a slight 

decrease, especially in the F1-score, which reached 84.00%, while precision and recall 

remained at 85.00%. Fold 4 shows an increase in precision to 88.00%, while recall, F1-score, 
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and accuracy remain at 86.00%. Then, in Fold 5, the model produces precision and recall of 

87.00%, and F1-score and accuracy at 86.00%. 

As a visual supplement, Figure 5 below presents a bar graph comparing the evaluation metrics 

of the AlexNet model on each fold. This graph shows that the distribution of metrics is fairly 

balanced across folds, making it easier for readers to observe evaluation trends between 

validation iterations. 

 

Figure 2. Per-Fold Evaluation of the AlexNet Model 

From these results, it can be concluded that the AlexNet model is capable of producing stable 

performance in traditional food image classification, even though it uses a simpler architecture 

compared to modern models. The consistency of the results across each fold shows that 

AlexNet is quite effective in handling validation data variations during the training and 

evaluation process. 

ResNet50 

The ResNet50 model was implemented using the 5-Fold Cross Validation method to evaluate 

classification performance on a dataset of traditional Indonesian food images. This model is 

known for its deep residual network architecture, which enables deeper and more stable 

training without performance degradation. 

The evaluation results per fold show consistent and high performance across all metrics. In 

Fold 1, precision, recall, F1-score, and accuracy all reached 92.00%, reflecting the model's 

initial stability. In Fold 2, all metrics improved to 93.00%, making this fold the highest overall. 

In Fold 3, precision and recall remained at 92.00%, but F1-score and accuracy slightly 

decreased to 91.00%. Fold 4 again shows solid performance with all metrics at 92.00%, the 

same as Fold 1. Meanwhile, in Fold 5, precision remains at 92.00%, but recall, F1-score, and 

accuracy decrease slightly to 91.00%, which is still in the very good category. 

The complete evaluation results for each fold are shown in Table 4 below: 

Table 2. Per-Fold Results from ResNet50 

Fold Precision Recall F1-Score Accuracy 

1 92.00% 92.00% 92.00% 92.00% 

2 93.00% 93.00% 93.00% 93.00% 

3 92.00% 92.00% 91.00% 92.00% 

4 92.00% 92.00% 92.00% 92.00% 

5 92.00% 91.00% 91.00% 91.00% 

To clarify the distribution of values per metric in each fold, Figure 6 below presents a bar 

chart visualization of the ResNet50 model evaluation. This chart shows a stable metric 
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distribution pattern, with relatively small differences between folds, indicating that ResNet50 

performs very well in traditional food classification tasks. 

 

Figure 3. Per-Fold Evaluation of the ResNet50 Model 

From these fold results, it can be seen that ResNet50 consistently delivers high performance 

in each validation iteration, with very minimal variation, reinforcing its reputation as one of 

the most effective deep learning architectures for image classification. 

Results and Comparison of Average Evaluation Metrics 

The analysis was conducted by comparing the performance of two CNN architectures: 

AlexNet and ResNet50 on the same dataset using the 5-Fold Cross Validation method. The 

evaluation was based on four main metrics: accuracy, precision, recall, and F1-score. Each 

model was evaluated on each fold, and the results were averaged to obtain the final score. 

The following table shows the average metrics from the five folds for both models: 

Table 3. Average Metrics from 5 Folds 

Model Acuraccy Precision Recall F1-Score 

AlexNet 86.00% 86.40% 86.00% 85.60% 

ResNet50 92.00% 92.20% 92.00% 91.80% 

Based on these results, it is evident that the ResNet50 model consistently produces higher 

performance on all four metrics compared to AlexNet. Additionally, a confusion matrix was 

used to evaluate the details of predictions for each class, and the results indicate that ResNet50 

is more capable of distinguishing between classes with visually similar appearances. 

The results are also visualised in bar graphs to clarify the performance comparison between 

models: 
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Figure 4. AlexNet Evaluation Metrics Average Graph 

 

Figure 5. ResNet50 Evaluation Metrics Average Graph 

The visualisation in the figure above shows a comparison of the average evaluation metric 

values for the AlexNet and ResNet50 models based on the results of 5-fold cross-validation. 

The metrics compared include accuracy, precision, recall, and F1-score, which are key 

indicators in measuring classification performance. 

From the first graph, it can be seen that the AlexNet model produces an accuracy value of 

86%, precision of 86.40%, recall of 86%, and F1-score of 85.60%. Meanwhile, in the second 

graph, the ResNet50 model shows higher performance, with an accuracy of 92%, precision of 

92.20%, recall of 92%, and F1-score of 91.80%. 

This comparison indicates that ResNet50 consistently outperforms AlexNet across all metrics. 

This reinforces the finding that the ResNet50 architecture, which has greater network depth 

and residual connection features, is able to capture visual patterns more accurately and 

effectively in the traditional Indonesian food dataset. 

Conclusion  

This study aims to compare the performance of two convolutional neural network (CNN) 

architectures, namely AlexNet and ResNet50, in classifying images of traditional Indonesian 

food. Based on the results of experiments and evaluations using the K-Fold Cross Validation 

method, it was concluded that ResNet50 showed superior performance compared to AlexNet 

in all aspects of evaluation. The average accuracy, precision, recall, and F1-score values 

achieved by ResNet50 were higher, indicating that this model is capable of recognising visual 

patterns more accurately and consistently. 

The superiority of ResNet50 is supported by its deeper architecture structure and the use of 

residual blocks, which enable more efficient feature learning. Conversely, although AlexNet 

is quite good as a baseline model, its performance tends to be lower when faced with complex 

visual variations. The use of a combined dataset from Kaggle and Cirebon's traditional foods 

also successfully enriched the diversity of the data, allowing the system to be tested more 

comprehensively across many food classes. 

This study also underscores the importance of selecting an architecture that aligns with the 

characteristics of the dataset. Additionally, cross-validation methods have proven effective in 

maintaining consistency in results and providing a more objective evaluation of model 

performance. 
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Suggestion 

Based on the findings and processes that have been carried out in this study, there are several 

suggestions that can be made for further development. Further research is recommended to 

expand the scope of the dataset, both in terms of the number and variety of foods from other 

regions in Indonesia, so that the classification system becomes more nationally representative. 

In addition, testing with real image data from user cameras is also important to measure the 

model's ability in more dynamic conditions. 

The development of an application-based system is also a potential direction, either in the 

form of a web or mobile application, so that the results of this research can be directly utilised 

by the general public, culinary businesses, or educational institutions. Conceptually, this 

research supports the notion that deep learning models with deeper and more complex 

architectures are capable of providing better classification results on diverse images, and 

confirms that integrating data from various sources is an effective strategy for building 

adaptive and accurate systems. 

Thus, the results of this research not only contribute to the academic field but also have the 

potential to be applied in real-world practice, particularly in supporting the preservation and 

promotion of traditional Indonesian food through artificial intelligence technology 
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