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Abstract 

The food recipe recommendation system using data science is a software solution designed to help users 

discover new and delicious food options based on their food history and other relevant data. This system 

recommends various recipes based on the input given by the user and it helps to filter out the recipes 

on course type, diet type, and nature of the food (including non-veg, and veg) using a recommendation 

technique. The system also analyzes food trends and popular dishes that the users might not have 

considered before. The system can recognize the input ingredients provided by the user and give the 

recipe based on the ingredients mentioned. Various machine learning and deep learning approaches 

like convolutional neural networks (CNN) and recurrent neural networks (RNN) will be used for the 

implementation of this system. The CNN model is trained and implemented to recommend the recipes 

based on the image similarity score. The RNN model is trained and implemented for the prediction of 

the recipes from the input (recipe name) given by the user. Both models (CNN and RNN) are used 

simultaneously for the implementation of the system, which is why it is named as "Multimodal Food 

Recipe Recommendation System". This system will help the person learn and make recipes based on 

the input given to it. This system will simplify finding relevant recipes for the user. 

 

Keywords: Recommendation, content-based, machine learning, deep learning approaches, convolutional 

neural network 

 

 

INTRODUCTION 

A multimodal food recipe recommendation system requires a large dataset of recipes along with their 

metadata such as ingredients, cooking time, nutritional information, and ratings. The system must pre-

process the recipe data and extract relevant information, such as ingredient names, quantities, and 

cooking instructions. A multimodal food recipe recommendation system must represent recipe data 

using multiple modalities, such as text, images, and videos. This enables the system to provide a rich 

and engaging user experience and better understand 

user preferences. For example, food images can be 

processed using convolutional neural networks 

(CNN). Natural language processing (NLP) 

techniques can be used to analyze user reviews and 

ratings and extract sentiments and opinions about 

specific recipes. The existing system of food recipe 

recommendations is designed to help users discover 

new and delicious meal ideas, based on their 

preferences and dietary restrictions. This system 

uses various algorithms and machine learning 

techniques to analyze user data, such as past 

searches, ratings, and ingredient lists, to provide 

personalized recipe recommendations. By 

incorporating user feedback and learning from their 
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choices, the system continuously improves its recommendations, making them more accurate and 

relevant over time. Moreover, the system can offer nutritional information for each recipe, enabling 

users to easily make informed dietary choices. Overall, the food recipe recommendation system offers 

a convenient and effective way for users to explore new and exciting meal options and provides a 

valuable resource for those seeking to maintain a healthy and balanced diet [1]. 

 

The system begins by leveraging a CNN to analyze food images. These CNN models extract intricate 

features from food images and capture visual cues such as ingredients, presentation, and style. These 

features were then used to create a high-dimensional image representation, enriching the understanding 

of the dishes in the dataset. Simultaneously, the recurrent neural networks (RNN) component processed 

the textual data associated with each recipe, including its name, ingredients, and instructions. RNN 

models are well suited for handling sequential and textual data. 

 

The RNN analyzes textual information to comprehend the semantics and cooking process of each 

recipe, allowing it to capture the nuances and complexity of food preparation. The representations, 

images, and text of the two modalities are fused in a multimodal feature integration step. This fusion 

helps align the visual and textual contexts and creates a holistic understanding of each recipe. This will 

help in recommendation purposes and understanding the personalization or diet of an individual. The 

user will then obtain recommendations of the recipes to which they are familiar or have an interest. The 

combined architecture enriches the recommendation system by considering both the visual appeal and 

textual content of recipes, making it well suited for a wide range of users with diverse preferences and 

dietary requirements. The multimodal approach enhances the recommendation quality, making it a 

powerful tool for culinary enthusiasts and individuals seeking personalized and visually appealing 

recipe suggestions. 

 

LITERATURE REVIEW 

In [2], the authors proposed a machine learning technique using a CNN in the system. This presents 

the importance of food and the difficulty of selecting the correct recipe based on an ingredient, which 

can be challenging for both beginner and expert cooks. CNN models cannot classify multiple objects. 

CNN models can only recognize a single food ingredient, and not various food ingredients, from a given 

image at a given time. Many existing systems rely solely on past user interactions to make 

recommendations, without considering the user's personal preferences or dietary restrictions. There is a 

need to incorporate explicit user feedback or explicitly model user preferences to improve the quality 

of the recommendations [3]. 

 

In [4], the authors proposed collaborative filtering for a recipe system. The technique is used 

whenever the system recommends recipes to the user based on the ratings of similar users. The system 

could only rate and recommend recipes to users. The system does not display lists of top-rated recipes 

in the system. Additionally, the system cannot send notifications. Some existing systems tend to 

recommend popular or commonly searched recipes, resulting in a lack of diversity in recommended 

recipes. 

 

In [5], the authors solved the problem of the image processing of ingredients using machine learning 

and deep learning approaches. In this study, a model was implemented to identify food ingredients, and 

an algorithm was designed to recommend recipes based on the identified ingredients. It focuses on 

analyzing user interactions with recipes to make personalized food recommendations. Incorporating 

diversity-aware recommendation techniques could lead to more varied and personalized recipe 

recommendations. 

 

In [6], content-based filtering was applied to a recipe system. It provides recommendations based on 

user preferences. Products cannot be recommended until they do not contain information about the user. 

More appropriate recommendations were provided in the user based approach. Most of the existing 
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systems do not consider the availability of ingredients or budget constraints when making 

recommendations. Integrating information regarding ingredient availability and budget constraints 

could lead to more practical and useful recommendations for users. 

 
In [7], the authors proposed a recipe recommendation system that operates as an interactive web 

application on a user's smartphone. This system employs a recommendation method in which the user's 
ingredients are input, an analysis process is performed using a dataset, and suitable dishes or recipes are 
then suggested to the user. Many existing systems utilize only a subset of the available multimodal data, 
such as images or text descriptions of the recipes. There is a need to investigate ways to effectively 
integrate all available data sources, including user-generated content and user feedback, to improve the 
quality of recommendations. 
 

In [8], the authors proposed a machine learning technique using k-nearest neighbors (kNN). It 
introduces an AI-driven food recommendation system that suggests recipes based on the ingredients 
that the user currently has. While using a large dataset that has many variances, it is better to opt for a 
solution within a deep learning domain, and kNN would have slower and less accurate results on large 
datasets with high intraclass variance features. Although many existing systems are evaluated using 
user studies or offline evaluation metrics, there is a need to evaluate these systems in real-world 
scenarios to better understand their practical effectiveness and user acceptance. 
 
METHODOLOGY 
Techniques 
Natural Language Processing 

Natural language processing techniques can be used to analyze recipe text and extract key information 
such as ingredients, cooking instructions, and nutritional information. This will enable personalized 
recipe recommendations tailored to user preferences and dietary restrictions [9]. 
 
Image Recognition 

Image recognition techniques can analyze food images to identify ingredients and cooking methods. 
This information can be used to make recipe recommendations based on the visual characteristics  
of a dish. 
 
Reinforcement Learning 

Reinforcement learning is a method of training an agent to take action within an environment to 
maximize a reward. In the realm of food recipe recommendation systems, reinforcement learning can 
be used to enhance recipe suggestions based on user feedback. 
 
Recommendation Approaches 

Recommendation approaches involve hybrid, collaborative, and content-based approaches. Hybrid 
approaches integrate various recommendation techniques to deliver more accurate and personalized 
recommendations. For example, a hybrid approach includes collaborative and content-based filtering to 
suggest recipes that are both popular among similar users and similar to recipes that a user has enjoyed 
in the past [10]. 
 
Machine Learning Algorithms 

Recipe recommendation systems utilize machine learning algorithms to analyze extensive datasets, 
including user preferences, ingredient combinations, and cooking techniques. By examining these data, 
these algorithms can offer personalized recommendations tailored to each user's unique taste and 
previous interactions with the system. 
 
Implementation Details 

• Data collection: A large dataset of food recipes, along with their ingredients, cooking steps,  

and accompanying images. We can scrape data from recipe websites or use publicly available 

data sets. 
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• Data pre-processing: Clean and pre-process the data by removing duplicates and correcting or 

eliminating any incorrect or irrelevant information. Text cleaning, normalization, and 

tokenization may be required to prepare textual data for modeling. 

• Feature Extraction: Extract features from textual data using methods such as word embeddings 

or bag-of-words and from images using computer vision techniques such as CNNs. 

• Multimodal Fusion: Combine textual and visual features using a multimodal fusion technique 

such as concatenation or late fusion. This creates a joint representation of the recipe that captures 

both the textual and visual aspects. 

• Recommendation Model: Train a recommendation model for the joint representation of recipes. 

Model building can be achieved using recommendation techniques such as collaborative filtering, 

matrix factorization, or neural networks. We made recommendations using a CNN model. 

• Evaluation: Assess the performance of recommendation models using metrics such as precision, 

recall, and F1-score while also conducting user studies to evaluate the overall user experience of 

the system [11–15]. 

• Deployment: The system is deployed on a web or mobile platform where users can interact with 

it. We can use APIs to enable the system to receive input from users and provide recipe 

recommendations in real time. 

 

Proposed System 

The proposed system architecture for a multimodal food recipe recommendation system, integrating 

CNN and RNN, offers a comprehensive approach to enhance the food recommendation experience [16]. 

 

The architecture combines the strengths of both CNN and RNN for processing multimodal data. The 

system begins by leveraging a CNN to analyze food images. These CNN models extract intricate 

features from food images. Simultaneously, the RNN model was used to generate recipes based on the 

textual input provided by the user. The system has two main functions: searching for and fetching 

recipes. When a user searches for recipes, the system searches the database for relevant recipes. When 

a recipe is selected, the system fetches the recipe details and displays them to the user [17–20]. 

 

The RNN analyzes textual information to comprehend the semantics and cooking process of each 

recipe, allowing it to capture the nuances and complexity of food preparation. With the help of the RNN 

and CNN models, recipes are generated and accordingly recommended to the user. The app was 

deployed using the Flask software. The user must enter the recipe’s name as an input, and the recipe 

will be generated with the help of our trained RNN model, and the recommendation based on image 

similarity will be performed with the help of the trained CNN model. 

 

The multimodal approach enhances recommendation quality, making it a powerful tool for culinary 

enthusiasts and individuals seeking personalized and visually appealing recipe suggestions, as shown 

in Figure 1. 

 

RESULTS 

We prepared a dataset to train the CNN and RNN models. Various cooking sites were used to collect 

information to prepare the dataset. Figure 2 shows a snapshot of this dataset. In Figure 3, a line of code 

assigns the value of the expression cnn_model.eval() to the variable image_features. The expression 

cnn_model.eval() evaluates the CNN model and returns the features extracted from the image. Variable 

image_features contain a list of features suitable for subsequent processing. This model is used to 

predict recipes with similarities in images. Figure 4 shows the output of the recommendation based on 

image similarity using the CNN model. The metrics used to evaluate the CNN model for 

recommendation purposes, along with the scores, are listed in Table 1. 

 

Table 1 shows the metrics used to evaluate the recommendation system using CNN in terms of 

ranking the relevant items suggested in the recommendations. 
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Figure 1. Proposed system. 

 

 
Figure 2. Dataset. 

 

 
Figure 3. CNN model. 

Scraped 
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Pre-processing 

Database 

Ingredients as 

input 

CNN, RNN 
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algorithm 

Recommendation 

of recipes 

Web User 
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Figure 4. Recommendation using the CNN model. 

 
Table 1. Metrics used for evaluating the recommendation system in terms  

of ranking relevant items (considering the top 5 recommendations). 

Evaluation metrics Scores 

Average Recall@5 0.004340277777777777 

Average MRR 1.0 

Average MAP@5 1.0 

Average NDCG@5 1.0 

 

Figure 5 shows the output of the rnn_model.summary() function in Keras. This function displays a 

summary of the model's architecture, detailing the types and quantities of layers, output shapes for each 

layer, and the total number of trainable parameters. The model in the image is a sequential model with 

three layers. 

• Embedding layer with 415 inputs and 200 outputs. This layer converted each input word into a 

dense vector with 200 dimensions. 

• LSTM layer with 200 units. This layer learns long-range dependencies in the sequence data. 

• A dense layer with 3,043 outputs is designed to predict the next word in the sequence. 

• The model had 1541043 trainable parameters. This model is employed for NLP tasks, such as 

text classification or machine translation. 

 

Table 2 lists the metrics used to evaluate the trained RNN model, which is used for the prediction of 

the recipe by accuracy, f1-score, and loss. 

 

These metrics can be used to enhance the efficiency of the model in the future. Figure 6 shows the 

home page of our system where the user searches for recipes, and Figure 8 shows the output of the 

recipe that the user had searched for. The user must first log in to land on our home page, as shown in 

Figure 6, where he/she will search for recipes that will land on the recipe generation page [21–25]. 
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Figure 5. RNN model. 

 

  
Figure 6. Home page of the website where the user will search for the recipe. 

 

 
Figure 7. Prediction of instructions of the recipe using RNN. 

 

 
Figure 8. Recommendation of recipe name using CNN based on the input given by the user. 

 

In Figure 7, there is an option to select the CNN or RNN model for recommendation or prediction of 

the mentioned recipe. 

 

Figure 8 shows the recommended recipe names that were generated once the user selected the CNN 

model, and Figure 9 shows the instructions for the recommended recipes using the CNN model. Figures 

8 and 9 contain five recommended recipes based on the input given by the user as a recipe name. 

Output 

on a clean dry surface of your hands once cooked butter od in a large skillet heat 

the olive oil over medium heat add the chopped onion and garlic and cook until 

softened about 34 minutes per side remove the chicken from the skillet and set 

aside in the same skillet add the remaining tablespoon of olive oil add the sliced 

mushrooms and cook until they are golden brown about 5 minutes add the minced 

garlic and cook for another minute until fragrant stir in the chopped tomatoes 

tomato paste beef broth dried oregano dried basil salt and pepper 

Choose a model:  RNN Search  

Output 

Lachha  

Paratha 

Output Output Output Output 

Teriyaki Chicken 

Pizza 

Read Chicken green 

masala 

Chicken 

Rezala 

Choose a model:  CNN Submit  
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Table 2. RNN model evaluation. 

Training Testing 

Accuracy= 82.04% Accuracy= 53.6% 

Loss= 0.95295 F1 Score= 52.4% 

 

CONCLUSION 

 e imp emented this s stem t  simp i   the users’ need t  c       d   his  i   he p pe p e  ind 

various food recipes without spending a lot of time. Our system enhances the user's cooking experience 

and simplifies the recipe discovery process. The system recommends recipes that match the user's 

requirements. The system provides users with a personalized and seamless recipe discovery experience 

by leveraging multiple modalities, such as text, images, and user preferences. The system will help the 

user to try new and innovative recipes. This will help users to learn and cook recipes efficiently. This 

system will help every person, whether it is a  ache  r’ or a chef. While building this system, we learned 

various techniques that we would not have discovered. 

 

Future Work 

The following features can be improved in our system: 

• Improve the accuracy of the model. 

• Introduce more features like the calorie count of foods with recipes. 

• Make recipes available in various languages to help people from various regions understand 

them. 

• Allow users to capture images of the ingredients to search for the recipe instead of typing the 

recipe. 

• Apply other machine learning approaches and compare the accuracy. 

• Introduce a feature where a user can provide input in the form of multiple modalities- text, image, 

and audio. 
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