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Abstract. This paper introduces a new hybrid system for food image 

recognition and nutrition facts retrieval. A baseline Convolutional Neural 

Network (CNN) started with 25% classification accuracy. For a significant gain 

in performance, the system combined Mo-bileNetV2 and transfer learning, and 

the accuracy was 75%. This demonstrates that MobileNetV2 is useful for food 

image classification with a high accuracy improvement. The system was trained 

on a dataset of 24,000 images spanning 34 Indian and Western appetizer 

categories. By smoothly integrating a nutrition database, the system presents 

immediate, actionable nutritional insights, thus improving its relevance in 

healthcare and diet assessment.  

Keywords: Convolutional Neural Network (CNN), deep learning, food image 

recognition, MobileNetV2, transfer learning.  

1 Introduction  

Food recognition has emerged as a crucial area of research in computer vision and 

artificial intelligence, enabling applications in dietary assessment, health monitoring, 

and automated food tracking. With advancements in deep learning, convolutional 

neural networks have significantly improved food classification accuracy, making 

real-time food recognition a viable solution for multiple domains (Yanai & Kawano, 

2015) [1].  

This was done using frameworks like TensorFlow and Keras for model development, 

alongside ImageDataGenerator for data augmentation and MobileNetV2 with transfer 

learning to enhance classification efficiency. Optimization techniques such as Adam 

optimizer, dropout regularization, and sparse categorical cross-entropy were 

employed to refine model performance. Earlier methods relied on handcrafted 

features, but modern approaches such as Faster R-CNN and Inception networks to 

enhance detection efficiency (Ren et al., 2015) [2].  

Large-scale datasets like Food-101 have been instrumental in training robust food 

classification models (Bossard et al., 2014) [3]. Additionally, innovative techniques, 

including CNN-based segmentation and transfer learning, have further improved the 

accuracy and reliability of food recognition systems (Shimoda & Yanai, 2015) [4].  
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These advancements highlight the growing significance of AI-driven solutions in 

dietary analysis and food monitoring, paving the way for future improvements in 

accuracy and efficiency.  

2 Literature Review  

There has been accelerated growth in machine learning, specifically deep learning, 

transforming many areas of application such as computer vision, healthcare, and data 

processing. Underpinning these advancements have been the role of convolutional 

neural networks (CNNs) and transfer learning, and the former have made tremendous 

advances in addressing advanced image recognition challenges. Yet, challenges like 

efficiency at the computer level, the ability to generalize over heterogeneous data, and 

explainability are very active research fronts  

2.1 Deep Learning techniques for Image Recognition and Nutritional 

Evaluation  

Convolutional Neural Networks (CNNs) have greatly improved image recognition 

duties, with MobileNetV2 being a highly renowned model that achieves a balance 

between performance and computational cost. As a model developed for edge 

devices, MobileNetV2 utilizes depth wise separable convolutions and in-verted 

residual connections to reduce complexity without sacrificing performance. This is 

suitable for food recognition tasks, where variations in presentation and ingredient 

mix pose high degrees of challenges (Mohanty et al., 2022) [5]. Even though 

MobileNetV2 has proven effective, its reliance on large-scale pre-training data such 

as ImageNet imposes a constraint in terms of domain adaptation. Domain shift from 

general object recognition to specialist food categorization will typically need fine-

tuning on task-specific data (Russakovsky et al., 2015) [6]. While transfer learning 

has been demonstrated to improve model generalization, the unavailability of labeled 

food datasets is a bottleneck. In addition, multi-label classification techniques have 

been integrated to enhance food recognition accuracy so that models can identify 

more than one food in an image, which is crucial for dietary assessment tasks (Ismail 

& Yuan, 2022) [7]. Scalability and robustness in real-world scenarios, such as 

variations in lighting and occlusions, must be further explored  

2.2 Overcoming the Challenges of Appetizer Classification  

Food image categorization is quite particular due to great diversity in both Indian and 

Western food styles. Presentation differences, ingredients used, and overall look 

require robust feature extraction and categorization mechanisms. Transfer learning via 

MobileNetV2 is one potential solution based on pre-trained weights for extraction of 

detailed visual patterns. Yet, fitting these overall characteristics to the unique 

subtleties of appetizer categorization calls for precise calibration of the model's 

architecture and training parameters. A key challenge is the capability to differentiate 

visually similar appetizers with varying ingredient content, something that basic CNN 
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models might find difficult to accomplish. In addition, the limited availability of 

labeled appetizer datasets poses a limitation in model training, resulting in possible 

biases in classification. Future work would be to investigate the best methods to fine-

tune MobileNetV2 for appetizer classification with respect to the unique nature of this 

food class. Moreover, incorporating domain-specific augmentation methods and self-

supervised learning methods would further improve model robustness and accuracy.  

2.3 Deep Learning Application in Personalized Health  

Deep learning has also been a game-changer in personalized health systems, 

especially diet monitoring and health screening automation. Sophisticated computer 

vision algorithms are now able to estimate calorie consumption, track food eating 

habits, and provide personalized nutritional advice based on live image analysis 

(Salim et al., 2021) [8]. These advances highlight the potential of AI-based healthcare 

solutions in maximizing dietary management and preventive care. However, such 

improvements do not rid the models of challenges like model bias, privacy issues, and 

real-time inference limitations. Current models tend to be impaired when confronting 

varied cultural dietary patterns, with cross-domain generalization being a problem. 

Additionally, ethical issues with data acquisition and utilization must be resolved to 

facilitate meeting privacy regulations and user confidence (Rehman et al., 2021) [9]. 

Federated learning technologies and privacy-protection methods should be the areas 

to research for future studies to address these issues while ensuring model efficacy in 

personalized healthcare applications.  

2.4 Gaps and Future Directions  

Despite the effectiveness of deep learning models in food image recognition and diet 

assessment, important gaps still need to be bridged:  

• Data Limitations: The lack of large, labeled food datasets hinders model 

generalization to actual applications.  

• Computational Efficiency: While MobileNetV2 is edge device-friendly, more 

efforts are required for effortless real-time processing on low-power devices.  

• Interpretability and Trust: Health application deep learning models need to 

be more transparent to allow users and clinicians to trust the results.  

• Cross-Domain Adaptation: Transfer learning methods today need to be 

improved to cope with regional variation in cuisine, presentation of food, and 

conditions.  

Sealing these loopholes through the use of new architecture, improved dataset 

curations, and hybrid AI-human approaches will be critical to advancing food 
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recognition and personalized health use cases. Improving model explainability, 

creating lightweight yet effective architectures, and guaranteeing responsible AI 

deployment in health care will be important areas to explore in future work.  

3 Methodology  

 

  

Fig. 1. Model Architecture  

Figure 1 shows the overall system design used in this study. The system begins with a 

Food Image Classification Dataset, labeled as File Source. This dataset undergoes a 

series of Pre-Processing steps, including Resizing, Data Augmentation, and 

Normalization, in order to prepare the images for the deep learning model. The 

backbone of the system is the Deep Learning Model, which is a hybrid model of a 

custom Convolutional Neural Network (CNN) and pre-trained MobileNetV2. The 

architecture of MobileNetV2 is also described in the diagram, where it points out its 

constituent Convolutional Layers, Max-pooling Layers, and Dense Layers. The output 

of Deep Learning Model is Food Image Recognition, i.e., the classification of food 

images. Finally, the performance of the system is evaluated using a set of 

Performance Metrics, i.e., Accuracy, Precision, Recall, and F1-Score.  

3.1 Data Pre-processing  

The dataset contains 24,000 unique images obtained from various Google resources 

and focuses on 34 varieties of both Indian and Western appetizers. The images were 
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all resized to 224×224 pixels to suit the MobileNetV2 input size. Pixel values were 

normalized, and data augmentation methods such as rotation, shifts, shearing, 

zooming, and flips were applied to improve generalization. The database was divided 

into 80% for training and 20% for validation to allow us to see how the performance 

of the model is. Data augmentation techniques are applied to the train data in order to 

generalize models. These are random rotations, width and height shifts, shearing 

transformations, zooming, and horizontal flipping. In addition, all pixel intensity 

values are normalized by resampling them to fall within the 0 to 1 range. 

3.2Model Architecture Design  

The architecture design uses a two-stage approach for food image classification. For 

the first stage, a basic Convolutional Neural Network (CNN) was built to examine the 

structure of the image data. The model had some convolutional layers to extract 

features, which were interspersed with max-pooling layers that reduced spatial 

dimensions and culminated in a dense, fully connected layer for classification. To 

better enhance the classification accuracy and utilize the abundant feature 

representation learned from large-scale images, a transfer learning technique was 

utilized. Specifically, the pre-trained MobileNetV2 model trained on large-scale 

ImageNet dataset was used as an underlying feature extractor. By this integration, the 

model would leverage MobileNetV2's excellent ability to recognize complex visual 

patterns and effectively transfer general image understanding into the domain-specific 

task of identifying appetizers. By freezing MobileNetV2 weights, the model retained 

these pre-learned representations so that category-specific classification head 

appended to MobileNetV2 could focus on learning the category-specific details. This 

method sped up learning and increased performance as the model didn't have to learn 

simple image features anew. This classification head includes: 
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1. GlobalAveragePooling2D: Downsizes the spatial dimensions after MobileNe

tV2, retaining key global features. 

2. One dense layer with 256 units and ReLU activation to add non-

linear decision boundaries. ReLU is computationally efficient as it reduces va

nishing gradient problem. 

3. A dropout layer for regularization, preventing overfitting. 

4. A softmax output layer consisting of 34 neurons for the food categories givin

g a probability distribution over classes. It was applied for multi class classifi

cation since it transforms logits into probability distributions whose sum is e

qual to 1. 

3.3 Training Procedure  

The training phase tunes the model's parameters for least classification error. The 

model is compiled with the Adam optimizer, with a learning rate of 0.0001, balancing 

convergence speed and stability. The loss function is sparse categorical cross-entropy, 

given the multi-class problem, and accuracy is the main evaluation metric. 

3.4 Prediction and Nutritional Information Retrieval  

The system deployed combines food categorization with nutrition data retrieval 

to provide actionable recommendations. It uses a custom function, predict 

nutrition, for the same. 

• Image Preprocessing: Input images are resized into 224×224 pixels to align 

with MobileNetV2 input specifications. The processed image is normalized 

to fit the training distribution.  

• Prediction: The preprocessed image is fed to the trained model, which returns 

probabilities for every food class. The most probable class is chosen as the 

predicted label.  

• Nutritional Data Mapping: The forecast label is mapped to the appropriate 

entry in the CSV file with the nutritional data. The data is then fetched and 

returned along with the forecast label. The system informs the user 

appropriately if there is no matching entry. 

3.5 Evaluation Metrics  

The performance of the food recognition model was evaluated based on accuracy. The 

approach achieved state-of-the-art performance, with accuracy rates in line with top-

performing food recognition models. 

Accuracy: It measures the rate of correct predictions as a fraction of the number of 

predictions. For multi-label classification, accuracy can be calculated by matching 

predicted labels with actual labels for every sample. 
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Number of Correct Predictions 

Accuracy =  

Total Number of Predictions 

(1) P

recision: Precision is the ratio of true positive predictions to all positive predictions 

made by the model. Precision is high when, if the model predicts a food item or an 

ingredient, it tends to be correct often. 

True Positives 

Precision =  

True Positives + False Positives 

R(2) 

ecall (Sensitivity): Recall quantifies the extent to which the model is able to locate all 

the instances that are relevant. It is the ratio of true positives to actual positives (all 

instances which should be classified as positive) 

True Positives 
Recall =  

True Positives + False Negatives 

(3)  

F1-Score: F1-score is the harmonic mean of precision and recall. It provides a 

balanced score that takes both false positives and false negatives, especially when 

precision and recall are not the same.  

Precision × Recall 

F1 − score = 2 ×  

Precision + Recall 

(4)  

Confusion Matrix: A confusion matrix provides a good idea about how well the 

model is performing by comparing the predicted and true labels. It indicates the true 

positives, false positives, false negatives, and true negatives and provides some idea 

about areas where the model could be performing poorly.  

4 Experimental Setup  

The implementation of food recognition and nutrition data retrieval on a common 

platform of computational methods synergistically combining deep learning 

frameworks, image processing libraries and machine learning techniques. The 

programming platform was python, providing a solid platform for implementing 

machine learning algorithms:  



 

 

Enhanced Food Image Recognition and ...             957

4.1 Programming Language and Frameworks  

Python was the main programming language used in this study, with TensorFlow and 

Keras being the central deep learning and neural network development frameworks. 

These technologies supported the construction, training, and testing of convolutional 

neural network architectures.  

4.2 Image Processing and Augmentation  

Keras'sImageDataGenerator played an important part in preprocessing and 

augmenting the food image dataset. This tool enabled image loading, normalization, 

and application of data augmentation techniques such as random rotations, horizontal 

flipping, width and height shifts, shear transformations, and zoom operations.  

4.3 Neural Network Architecture  

The research employed two primary neural network architectures; CNN and 

MobileNetV2. Custom Convolutional Neural Network (CNN) is an initial exploratory 

architecture designed with sequential convolutional and maxpooling layers to 

establish a baseline for food image classification. MobileNetV2 with Transfer 

Learning is where a state-of-the-art pre-trained convolutional neural network 

originally trained on the ImageNet dataset. By freezing the base model’s weights and 

adding a custom classification head, the system leveraged extensive pre-existing 

visual feature learning capabilities.  

4.4 Optimizing and training technologies  

Adam optimizer was used for model parameter optimization, with a carefully tuned 

learning rate of 0.0001 to balance convergence speed and stability. Sparse categorical 

cross-entropy served as the loss function, enabling multiclass classification. Dropout 

regularization was implemented to mitigate overfitting. The model was built with an 

Adam optimizer and sparse categorical cross entropy loss, which is perfect for 

multiclass classification. It was trained for 10 epochs with a batch size of 34, 

monitoring performance on the validation set after every epoch.  

4.5 Data Management and Preprocessing  

Pandas were used for managing the CSV file containing nutritional information. 

NumPy facilitated numerical computations and array manipulations during image 

preprocessing. Scikit-learn’s evaluation metrics and visualization libraries were 

employed to generate accuracy and loss curves across training epochs and confusion 

matrices for detailed performance analysis of food category classifications.  
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5 Results  

The food recognition system originally had accuracy with a baseline CNN model was 

25% initially. This was, however, enhanced with the fine-tuning of MobileNetV2 

biases to 75%. The optimization made MobileNetV2 the most effective model 

employed in this paper, demonstrating its strength in food classification and being 

computation efficient.  

5.1 Model Summary  

Model: ‘Sequential’  

Table 1. Sequential Model Summary 

Layer (type)  Output Shape  Param #  

conv2d_3 (Conv2D) (None, 126, 126, 32)  896  

max_pooling2d_3 

(MaxPooling2D) 
(None, 63, 63, 32)  0  

conv2d_4 (Conv2D) (None, 61, 61, 64)  18,496  

max_pooling2d_4 

(MaxPooling2D) 
(None, 30, 30, 64)  0  

conv2d_5 (Conv2D) (None, 28, 28, 128)  73,856  

max_pooling2d_5 

(MaxPooling2D) 
(None, 14, 14, 128)  0  

flatten_1 (Flatten) (None, 25088)  0  

dense_17 (Dense) (None, 512)  12,845,568  

dense_18 (Dense) (None, 34)  17,442  



 

 

 

 

• Trainable params:  12,956,258  
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• Total params:12,956,258 

 

•  Non - trainable params: 0   

•   
ig 2 . Plotting of Training and Validation Accuracy/Loss using only CNN mo

giving accuracy below 25%  

F del  

 

 

 

 

Fig 3. Plotting of Training and Validation Accuracy/Loss using Mobile Net V2 

trained on CNN Model giving accuracy of 75%  

Comparing CNN and MobileNetV2 models, it is visible that MobileNetV2 

performs better. Observation shows that CNN model has unstable training, erratic 

accuracy and rising validation loss depicting overfitting and poor generalization. 

The accuracy of this model is low, generally below 0.25. In contrast, MobileNetV2 

model shows smooth, consistent learning where both training and validation 

accuracy are steadily rising. In this model, validation accuracy is 0.75 at its peak 

and decreases reliably displaying appropriate learning and strong generalization. 

Thus, MobileNetV2 can be considered superior for this use case.  
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Fig 4. Confusion Matrix  

Confusion matrix shows the model has overall 75% accuracy, and it performs really 

well with visually different classes such as dal makhani, butter naan, pizza, idli, and 

sushi. But when there are classes having visual or contextual similarities, i.e., samosa 

vs pakode, chapati vs butter naan, and pav bhaji vs chole bhature, sometimes makes 

wrong classifications. Symmetric confusions imply overlapping characteristics. In 

general, the model is robust but can be improved upon in classes of high confusion 

through better data representation or fine-tuning.  

Table 2. Classification Report  

Food Item  Precision  Recall  F1-Score 

Baked Potato  0.77  0.73  0.75  

Crispy Chicken  0.78  0.69  0.73  

Donut  0.79  0.77  0.78  

Fries  0.78  0.79  0.79  

Hot Dog  0.75  0.75  0.75  

Sandwich  0.72  0.76  0.74  

Taco  0.69  0.74  0.71  
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Taquito  0.76  0.78  0.77  

Apple Pie  0.77  0.75  0.76  

Burger  0.73  0.76  0.75  

Butter Naan  0.84  0.75  0.79  

Chai  0.77  0.78  0.77  

Chapati  0.73  0.74  0.74  

Cheesecake  0.74  0.75  0.75  

Chicken Curry  0.77  0.78  0.77  

Chole Bhature 0.69  0.77  0.73  

Dal Makhani  0.79  0.85  0.82  

Dhokla  0.79  0.75  0.77  

Fried Rice  0.74  0.79  0.76  

Ice Cream  0.79  0.75  0.77  

Idli 0.77  0.77  0.77  

Jalebi  0.77  0.78  0.78  

Kaathi Rolls  0.74  0.75  0.74  

Kadai Paneer  0.71  0.75  0.73  

Kulfi  0.79  0.75  0.77  

Masala Dosa  0.76  0.75  0.76  

Momos  0.76  0.78  0.77  

Omelet  0.78  0.80  0.79  

Paani Puri  0.74  0.79  0.76  

Pakode 0.79  0.75  0.77  

Pav Bhaji  0.70  0.74  0.72  

Pizza  0.82  0.74  0.78  

Samosa  0.73  0.67  0.70  

Sushi  0.76  0.75  0.75  

Accuracy: Model displays and accuracy of 75%, depicting that around 3 out of 4 food 

items are classified correctly. Observing the 34 classes, its accuracy displays that 

model performs well for complex multi-class classification  

Precision: Classes like butter naan and pizza have higher precision of 0.84 and 0.82 

respectively for classification and some like chole bhature have lower precision of 

0.69 each. The overall weighted average is 0.76 which shows that model is 76% 

precise in determining the food item correctly stating it to be a good model for 

classification.  
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Recall: Recall is also at 0.76 depicting that model retrieves 76% of actual items 

among all showing good ability to identify items on an average. Some classes have 

lower recall of 0.67 and some have higher recall of 0.85 but overall, both averages 

come out 0.76.  

F1 Score: Model displaying an F1 score of 0.76 indicates a balanced performance 

between precision and recall throughout the dataset. Model achieves a high F1 score 

of ≥ 78 for classes like Dal makhani and pizza whereas some classes depict room for 

improvement in model performance like samosa and pav bhaji having score of 0.70 

and 0.72 respectively  

5.2 Nutritional Information Integration  

When a food item is recognized, a mapping function returns the nutritional 

information of the recognized food item from a pre-existing nutrition dataset which 

gives a nutritional breakdown.  

  

Fig 5. Image Recognition and Nutritional Information of Food Subset  

6 Limitations  

Developing a comprehensive machine learning framework for food recognition, 

multilabel classification, and personalized dietary assessment involves overcoming 

several technical and practical challenges like data-related issues, model optimization, 

realtime deployment, and integration of diverse technologies.  

6.1 Data Scarcity and Quality  

One of the biggest challenges in multi-label classification use cases where multiple 

ingredients need to be identified within a single image, availability of high quality, 

multilabeled datasets are even less.  

6.2 Complexity in Multi-Label Classification  

Multi-label classification is a difficult task since it is predicting multiple food items 

from a single image. It is even more difficult when:  

• Overlapping foods: Foods overlap or look similar to one another, and 

therefore the model found it difficult to distinguish them correctly.   
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• Imbalance in labels: Some foods or ingredients appear more frequently in 

the dataset than others. This led to biased model predictions.  

6.3 Feature Extraction Challenges  

Foods are heterogeneous in texture and color, misleading traditional features of 

extraction mechanisms. It was hard to properly make the mechanisms compatible 

with the CNN architecture, with foods lacking clear edges or form.  

7.Conclusion  
The research managed to develop a hybrid machine learning system that integrates 

CNNs, transfer learning, and multi-label classification for accurate food identification 

and individualized diet analysis. The system efficiently extracts food ingredients and 

items from visual images, which can be utilized in various industries. Transfer 

learning significantly reduced the training time while maintaining high accuracy. 

Multilabel classification and the attention mechanism enhanced the performance of 

the model in handling complex food images with various overlapping ingredients.  

In conclusion, this article shows the impact of machine learning by presenting a 

versatile framework that is both efficient and adaptable to real-world applications. 

Future work may focus on expanding the system's capabilities to include advanced 

segmentation techniques and the integration of multimodal data (e.g., text and image) 

to inculcate personalized health recommendations further.   
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