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The development of modern lifestyles demands accurate food intake management to maintain
health quality. This study aims to assess NutriScan, an online tool for identifying the type of citra
and calculating calories automatically. The AICrowd Food Recognition Challenge dataset is used
for quantitative modeling utilizing the Convolutional Neural Network (CNN) ResNet50
architecture based on transfer learning, and nutritional data is integrated via Application
Programming Interface (API). Data augmentation, cropping, scaling, and normalization are used
in the processing of Citra. According to the study's findings, NutriScan has the potential to be an
effective and adaptable web-based solution with an accuracy of roughly 75%, precision of 76%,
recall of 75%, and F1-score of 75%.

Keywords: Food Image Recognition, CNN ResNet50, Transfer Learning, Nutritional Analysis,
Web-Based System.

INTRODUCTION
The health of modern society is closely correlated with food consumption patterns and daily

lifestyle (Shen et al., 2020; Udayana & Nugraha, 2020; Yunus ef al., 2019). Failure to maintain a
balanced daily nutritional composition not only reduces immunity but also increases the risk of
various chronic and degenerative health disorders (Komalyna, 2025; Quan ef al., 2025; Sesar Husen
Santosa et al., 2024a; Shen et al., 2020; Yunus et al., 2019). This situation demands an accurate intake
monitoring mechanism, both for individuals maintaining fitness and those undergoing weight
management programs (Harel, 2025; Saad ef al., 2025; Shen et al., 2020). Despite increasing public
awareness of lifestyle habits, calorie recording methods that require users to manually search for and
enter nutritional data are prone to estimation errors (Komalyna, 2025; Saputra, 2025). With advances
in artificial intelligence technology, computer vision approaches offer potential solutions for
automating food image recognition (Bamatraf et al., 2025; Cohen et al., 2022; Hidayat et al., 2024;
Lestari et al., 2020; R. A. Putri ef al., 2024; Rahmani et al., n.d.; Theodore Armand et al., 2024;
Vianda et al., 2025). Through a supervised learning paradigm, systems are trained to recognize
complex visual patterns from thousands of labeled food images, enabling machines to adopt
human-like visual perception capabilities (Asmoro & Solichin, 2024; Irawan, 2024; Jenie et al., 2021;
Saputri et al., 2024). However, implementation on a web platform requires an architecture that is able
to balance analysis speed and detection accuracy without burdening computing resources (Azani et
al., 2025; Ekawati et al., 2025; Heleen, 2025; Siskandar et al., 2020, 2023).

Previous studies, such as (M. E. Putri et al., 2024) and (Shafa & Andono, 2025), adopted the
Mask Region-based Convolutional Neural Network (Mask R-CNN) algorithm to segment food
objects. This method has proven superior in separating objects down to the pixel level, providing very
sharp image boundary precision (Quan et al., 2025; Talaat et al., 2024). However, the complexity of
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the Mask R-CNN network structure requires massive memory allocation and processing power, often
resulting in less than ideal latency for web-based applications (M. E. Putri et al., 2024). As a lighter
alternative, (Riswanto et al., 2024) implemented the Single Shot Multibox Detector (SSD) method
that prioritizes detection speed, in line with the approach (Darma Udayana & Nugraha, 2020) which
utilizes a pure Convolutional Neural Network (CNN) for visual classification. Although both methods
offer improved processing time efficiency, the calorie estimation mechanisms offered are still static
because they rely entirely on local databases or manual reference tables embedded in the system. This
limitation causes the system to be rigid and unable to automatically update nutritional information
(Komalyna, 2025). Beyond the purely visual approach, Optical Character Recognition (OCR)
techniques were also tested by (Sonita, 2018) but its application was limited to reading text on
packaging labels and failed to identify visual features of prepared foods that lack written information
(Fauzi, 2025).

Based on this gap analysis, there is an urgency to develop a system that is not only reliable in
visual feature extraction but also integrated with dynamic nutritional data (Santosa et al., n.d.; Wiyoto
et al., 2022). This study aims to design NutriScan, a web-based system that adopts a Convolutional
Neural Network (CNN) architecture with a ResNet50 model (Irawan, 2024; Wasilah et al., 2025).
CNN was chosen for its ability to extract features while preserving spatial information of the image,
to ensure the model is able to recognize food image datasets in various serving conditions through
pre-processing stages, including pixel matrix normalization and data augmentation (Elpeltagy &
Sallam, 2021; Liu et al., 2025; Shen et al., 2024; Wan et al., 2024). This process aims to enrich the
variety of training data and prevent overfitting (Dede Husen, 2024). The ResNet50 architecture was
chosen based on a residual learning mechanism that utilizes skip connections, thus addressing
accuracy degradation in deep networks and the vanishing gradient problem (Bohlol et al., 2025; Rathi
et al., 2020; Wen et al., 2020; Wu et al., 2019, 2019). ResNet50 is a ResNet architecture with 50
pre-trained layers (Berliani et al., 2023a). These characteristics enable the model to learn complex
visual features of food with higher accuracy compared to previous models such as VGG16, while
maintaining less computational efficiency compared to full-pixel segmentation-based models (Behar
& Shrivastava, 2022; Mascarenhas & Agarwal, 2021; Sari ef al., 2025; Targ et al., 2016; Theckedath
& Sedamkar, 2020a, 2020b; Wu et al., 2019).

The novelty of this research lies in the end-to-end system integration that connects visual
classification with an external nutrition database drawn from the Kaggle dataset. In the NutriScan
architecture, ResNet50 is tasked with predicting food class labels from uploaded images with the
highest probability. These predicted labels then act as keywords that are automatically sent by the
system through direct integration with the nutrition dataset. This mechanism allows the system to
dynamically extract the latest calorie and macronutrient data, unlike previous studies that separate the
detection process from calorie calculation. By implementing a stepwise classification pipeline from
binary to multiclass based on ResNet50, this study evaluates the model's effectiveness in addressing
class imbalance problems and complex differences in food category characteristics (Ambar et al.,
2025). Furthermore, the use of a model with a relatively small number of parameters such as
ResNet50 shows that problems in simple multimodal models can be effectively solved without the
need for complex architectures or high computational requirements (Leong & Zhao, 2025). This
approach is expected to eliminate manual input processes and produce health monitoring instruments
that are responsive, accurate, and adaptive to user needs (Santosa et al., 2021; Siskandar, Santosa, et
al., 2022a).

METHODS
Location and Time of Research

The research was conducted at the Vocational School of IPB University, Kumbang Street No.
14, RT.02/RW.06, Babakan, Middle Bogor District, Bogor City, West Java 16128, Indonesia, for three
months, starting from March 2025 to May 2025. The research stages include problem identification,



dataset collection, pre-processing, ResNet50 model training, and implementation on the NutriScan
web platform. This systematic stage structure is important to ensure that each phase of deep learning
model development is well documented and accountable (Berliani ef al., 2023b).

Method of collecting data

The research used was modeling and experimental research with a quantitative approach. The
use of experimental methods in developing the CNN model allowed researchers to test various
parameters to achieve the optimal level of accuracy (R. A. Putri ef al., 2024). The data collected was
secondary data obtained through documentation studies in public data repositories (Kusumah et al.,
2021).

The datasets used were the Al Crowd Food Recognition Challenge image dataset, containing
thousands of food images for classification purposes, and the Calories in Food Items (per 100 grams)
nutrition dataset, which served as a reference database for calculating calorie estimates based on
detected food labels. The integration of these two data sources resulted in a comprehensive nutritional
information system (Azani et al., 2025; Darma Udayana & Nugraha, 2020).

Data Analysis Methods

Data analysis is a systematic process to identify problems and needs as a basis for
determining appropriate solutions (Andre et al., 2020; Ariq Mayangkara et al., 2024; Pangesti ef al.,
2022; Wahyudiningsih et al., 2022; Yoridho et al., 2020). This study uses a deep learning approach
with a convolutional neural network (CNN) architecture to classify food types and estimate their
calorie content. CNN was chosen because of its highly effective ability to automatically extract visual
features from complex image data (Ikasari et al., 2025; Kusumo, 2024; Vianda et al., 2025). This
research process was carried out systematically through several main stages, including data
preparation, data preprocessing & augmentation, CNN model development, training, and evaluation.
The overall research workflow can be seen in Figure 1.
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Figure 1. Research workflow

Data Preparation

The data used in this study consists of two main dataset sources integrated to achieve
classification and estimation objectives. The first dataset is the AICrowd Food Recognition Challenge,
which provides thousands of labeled food images for training computer vision capabilities. The
second dataset is Calories in Food Items (per 100 grams), which is used as a reference database for
nutritional values. The selection of these two datasets was based on the completeness of the variety of
food types and the validity of the available nutritional data, ensuring consistency between image
recognition results and calorie calculations.



The image dataset is divided into two main parts training data and validation data (Hossain et
al., 2022; Peryanto et al., 2020). Training data is used to train the model to recognize food texture,
shape, and color patterns, while test data is used to evaluate the model's performance on previously
unseen data to avoid overfitting (Budi et al., 2024; Mahaputri et al., 2022; Tian & Chen, 2019; Zidni
& Akbar, 2024). In this study, the data was divided with a proportion of 80% for training data and
20% for testing data to ensure the model has sufficient data to learn and be properly validated
(Kusumo & Aditya, 2024). The selection of this dataset is based on data validity to ensure consistency
between image recognition and reference nutritional values, similar to the importance of validity
testing in the implementation of appropriate technology (Elinah et al., 2025).

Data Prepocessing dan Augmentation

Data preprocessing is a crucial step to ensure the image is in a standard and optimal format
before being processed by the CNN architecture (Muntarti et al., 2025). The first step involves
localization and cropping based on a bounding box to focus the model on the main food object and
reduce background noise (You et al., 2023). Next, the image is resized to a square shape to conform to
the standard ResNet50 input layer. The final preprocessing step is the wuse of the
resnet_preprocess_input function, which aims to standardize the image pixel values to match the
distribution of the pre-trained model parameters.

The next step is to apply data augmentation techniques, including rotation, shifting, zooming,
shearing, flipping, and brightness adjustments (Bohlol et al., 2025; Farhan, 2024; Sutarti & Fariza
Syaqialloh, 2025). The goal of this technique is to overcome the limited amount of data for a
particular class and improve the model's generalization ability. Data augmentation is a key strategy to
prevent models from simply memorizing data (memorization) instead of learning general features
(Al-Fahrezi, 2025; Islam et al., 2022). Furthermore, brightness adjustments are made to simulate
various lighting conditions when photographing real-world food. This augmentation technique helps
enrich the dataset, and the model is expected to remain accurate even when the food objects are
photographed from different angles or under different lighting conditions (Dede Husen, 2024b).

Convolutional Neural Network Model Development

The model development in this study used Python with TensorFlow and Keras as the core
libraries. The chosen architecture was ResNet50, which utilizes residual learning mechanisms to
address the vanishing gradient problem in deep neural networks (Muzhaffar & Suharjo, 2025). The
approach used was transfer learning, where the ResNet50 model used weights pre-trained on the
ImageNet dataset (weights='imagenet') (Pratiwi & Nudin, 2024; Purba ef al., 2017). This strategy
effectively accelerated training time and improved performance on relatively smaller datasets
compared to ImageNet (Wasilah ef al., 2025b).

The original top layer of ResNet50 was removed (include top=False) and replaced with a
custom classification head tailored for food classification in NutriScan, consisting of a
GlobalAveragePooling2D layer, a Dense layer with 256 wunits and ReLU activation, a
BatchNormalization layer, a Dropout layer with a rate of 0.5 to prevent overfitting (Tian & Chen,
2019). The final Dense layer with softmax activation corresponding to 13 output classes (apple,
banana, bread-white, broccoli, carrot, cheese, coffee-with-caffeine, egg, french-beans, pasta-spaghetti,
rice, sweet-potato, and tea). The full base model layers were frozen (layer.trainable = False), allowing
ResNet50 to function purely as a feature extractor without updating the pre-trained ImageNet weights.
The model was compiled using the Adam optimizer with a learning rate of 0.001 and
CategoricalCrossentropy loss with label smoothing of 0.1, with a batch size of 16 and input image size
of 224x224 pixels. Training was conducted on a total of 6,813 training images and 355 validation
images for 50 epochs on a CPU runtime via Google Colab, with two callbacks applied:
ModelCheckpoint to save the best model based on validation accuracy, and EarlyStopping to halt
training when validation performance ceased to improve.



Training

In the training phase of a convolutional neural network (CNN) model, the model is trained
using a fit method utilizing an augmented data generator (Mochammad Toyib et al., 2024; Solihin et
al., 2022). Training runs for 50 epochs with a batch size adjusted to the device's memory capacity.
Model parameter optimization is performed using the Adam (Adaptive Moment Estimation) optimizer
with a learning rate of le-4, chosen for its ability to adaptively adjust the learning rate and maintain
stable weight updates during the training process (Banerjee et al., 2024). During the training process,
model performance is monitored in real time to ensure the system's effectiveness in producing
accurate output (Santi et al., 2024; Sesar Husen Santosa et al., 2024b). This training is monitored
through accuracy and loss metrics on both training and validation data.

This training process aims to gradually optimize the model's internal parameters, namely
weights and biases, to reduce the difference between the model's predictions and the actual labels. The
entire training history is stored in a history variable for further analysis. Fluctuations in the accuracy
and loss graphs during this stage serve as a reference for researchers to fine-tune model parameters if
indications of underfitting or overfitting are found (Sasongko et al., 2023).

Evaluation

The evaluation phase is carried out by analyzing the accuracy and loss graphs generated
during the training process (Burhanuddin et al., 2025; Triloka & Mutiara, 2025). These graphs
provide an overview of the model's ability to learn from the data and the resulting error rate. In
addition to monitoring standard metrics, testing is conducted using a confusion matrix to identify
which food classes are most accurately predicted and which classes are frequently misclassified.
System success is measured by significant performance improvements after the training process (Ariq
Mayangkara et al., 2024; Siskandar et al., 2025).

Once the model reaches an accuracy level deemed optimal, it is saved in .h5 or .keras format.
The model is then integrated into the NutriScan web platform using the Flask framework. During this
implementation phase, the food image classification results from the ResNet50 model are linked to a
calorie database to automatically display total calorie estimates to users (Jenie et al., 2021).
Web-based implementation ensures that nutrition applications can be widely accessed by users
through any device (Azani et al., 2025; Kharismatunnisaa et al., 2023).

RESULTS AND DISCUSSION

This chapter presents the results of testing a food image detection system and calculating
nutritional information using a Convolutional Neural Network (CNN) to evaluate the performance of
the NutriScan web system in recognizing food types and detecting nutritional information per 100
grams. The following are the test results.

Evaluation Metrics

Evaluation metrics were used to assess the performance of the Convolutional Neural Network
(CNN) model developed for food classification (Pratama & Fajri, 2025). The evaluation was
conducted using four main metrics: Accuracy, Precision, Recall, and F1-Score (Estian Pambudi ef al.,
2025; Helmiyah & Pramestiawan, 2025). To evaluate the effectiveness of the selected architecture, a
comparative experiment was conducted between MobileNetV2 and ResNet50 trained on the same
dataset and preprocessing pipeline. The results are summarized in Table 1.

Table 1 Comparison of Model Performance Between Architectures

Model Epoch Accuracy Precision Recall F1-Score

MobileNetV2 50 76% 0.76 0.76 0.76



ResNet50 50 75% 0.76 0.75 0.75

Based on Table 1, MobileNetV2 achieved a slightly higher accuracy of 76% compared to
ResNet50 at 75%. However, ResNet50 was selected as the final architecture for NutriScan due to its
deeper residual learning mechanism, which provides stronger feature representation for complex food
visual patterns and proven stability across a larger number of training epochs. The marginal 1%
accuracy difference does not outweigh the architectural advantage of ResNet50 in terms of robustness
and generalization, particularly for a multiclass food classification task with class imbalance as
observed in this study. A detailed summary of the ResNet50 model performance is presented in Figure
2.
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Figure 2. Summary of performance evaluation results of the mode

Based on Figure 2, the developed CNN model achieved an accuracy of 75%, indicating that
75% of the total test data was correctly classified. This accuracy value reflects the model's overall
performance in recognizing various food classes. The weighted average precision value was 76%,
indicating that most of the model's predictions for a class were correct. A relatively high precision
indicates that the model has a relatively low rate of false positive predictions. Furthermore, the
weighted average recall value of 75% indicates the model's ability to correctly retrieve data for each
class. A recall value comparable to accuracy indicates that the model was able to recognize most of
the food samples available in the test data. The weighted average F1-score value obtained was 75%,
which is the harmonic mean between precision and recall. These results indicate that the model has a
good balance between prediction accuracy and the ability to detect all data in each class. Overall, the
evaluation results indicate that the model has stable performance in classifying food types.

Training and Validation Data Accuracy

Based on the results of the model training conducted and explained in the method, the training
data accuracy was 78.9%, while the validation data accuracy was 75%. The increase in accuracy
values on the training data followed by relatively close validation accuracy values indicates that the
model is able to learn visual food patterns quite well and has adequate generalization capabilities to
data that has not been seen before. The difference in accuracy values between the training and
validation data indicates a tendency for mild overfitting, but still within acceptable limits for a
web-based classification system. One factor influencing this difference in performance is the
imbalance in the amount of data between classes, as shown in Figure 3.
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Figure 3. Imbalance in the amount of data between classes

In Figure 3, the label distribution graph for the training data shows that some classes, such as
bread-white, carrot, and coffee-with-caffeine, have significantly larger data sets than other classes,
such as sweet-potato and french-beans. This imbalance in data distribution could potentially cause the
model to perform better at recognizing classes with large data sets, while performing lower on classes
with limited data sets. Nevertheless, the training results show that the model maintained fairly stable
performance overall.

Prediction Test

Prediction testing was conducted using validation data not used in the model training phase.
The purpose of this testing was to evaluate the ability of a Convolutional Neural Network (CNN)
model with the ResNet50 architecture to classify food types in greater detail within each class. The
results of the prediction testing are visualized using a confusion matrix, as shown in Figure 4.
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Figure 4. The results of the prediction test

Figure 4 shows that the majority of correct predictions are distributed along the main diagonal
of the confusion matrix, indicating that the model is able to correctly classify most food images.
Several food classes, such as apple, white bread, and coffee with caffeine, demonstrate good
prediction performance, characterized by a high number of correct predictions and relatively low
misclassifications. This is due to the clear and consistent visual characteristics of these classes.

Conversely, some food classes, such as sweet potato and French beans, show lower numbers
of correct predictions. Misclassification errors in these classes are influenced by the limited data size
and visual similarities between food types. Nevertheless, the prediction test results indicate that the
ResNet50 model is capable of providing fairly good classification performance for most food classes.

System Implementation on the NutriScan Website

Implementation of the NutriScan system on a website demonstrated that the trained food
classification model performed well in real-world scenarios (Siskandar, Wiyoto, et al., 2022). The
system was able to accept user-uploaded images and automatically display detection results in the
form of food names, confidence scores, and estimated calories per 100 grams based on available
nutritional data, as shown in Figures 5, 6, and 7.

tho. @ @ Ralamin Acodemy [ 5893-163841-5M.

I o &

— QUTRi’s_{Aﬁ

rn Selamat Datang di NutriScan Nutrition Facts
—— Valeur nutritive

Por 1 cup (250 mL) / par 1 tnsse (250 m)|
Deteksi kalori makananmu hanya dengan satu kiik! Amoum —

Calories /Calorlea 80—

Mulai Deteksi Fat/Lipides 0 g 0%
Saluraiod / saturés 09

# Trans / 0%

Vitamin A/ Vitamine A 5% |
Vitamin C / Vitamina C 0%
Calcum / Calcium 0% 4

~ x ron / Fer [E
- = — X Vitamin D / Vilamine D
Y
‘S i i"&"‘

Figure 5. Front page view of the NutriScan website
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Figure 7. Food detection results page view

Based on Figures 5, 6, and 7, it can be seen that after the user uploads a food image, the
system immediately displays the classification results along with the calorie estimate on the same
page without requiring any additional interaction. The test results demonstrate that the system can
display information consistently and responsively, making it easier for users to obtain calorie
estimates for the food they consume.

Furthermore, the system was also tested under conditions where the uploaded image was not a
food item or did not fall into a class recognized by the model. In these conditions, the system would
not display any images identified as food and would not display the calorie estimate, as shown in
Figure 8. This mechanism aims to prevent misinterpretation of the results and increase the reliability
of the information provided to users.
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Figure 8. The result of the uploaded image detection is not food

Thus overall, the results of the NutriScan website implementation prove that the system is
capable of functioning as an end-to-end system for automatic food type recognition and calorie
estimation, and has a mechanism for handling invalid input to support a better user experience
(Siskandar, Santosa, et al., 2022).

CONCLUSION

This study successfully developed NutriScan, a web-based food image detection system
integrating the ResNet50 CNN architecture with dynamic nutritional data retrieval. With an accuracy
of 75%, precision of 76%, recall of 75%, and F1-score of 75%, the transfer learning-based ResNet50
demonstrated stable classification performance across 13 food classes, offering a computational
advantage over previous studies that rely on static calorie tables. Nevertheless, this study has several
limitations, including the restricted number of food classes, the inability to perform multi-food
detection, the absence of actual portion size estimation, and limited testing under variable lighting
conditions. Future research is recommended to expand the food class coverage, integrate multi-object
detection frameworks such as YOLO, adopt advanced architectures such as EfficientNet or Vision
Transformer (ViT), and incorporate depth-based volume estimation for more accurate calorie
calculation.
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