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Abstract 

Cooking can be seen, most of the time, as an annoying task that requires time and some essential skills. There 

is always a notion of ‘Our app will eliminate the monotony of cooking’ – and so it will because it offers an 

easier approach to discovering recipes along with the management of ingredients. This application also 

embodies the latest research in machine learning. It provides an easy-to-use interface to users allowing them 

to scan ingredients and find recipes tailored to their needs. As it stands, a Convolutional Neural Network: 

CNN model will support the efforts by ensuring ingredients are well positioned for cooking instruction, even 

for those not particularly good with proper cooking terms. Our app also uses voice commands to make out the 

recipes and offers the necessary steps visually, eliminating the need for writing by hand and making sure 

cooking becomes easier and more accessible. Even more so, our NLP capabilities allow for multiple 

languages, making sure users do not miss out on other cultures and the range of different cooking practices. 

The focus of the app is on the user experience which we believe can make the process of cooking great with a 

possibility of creating new dishes. 

Keywords: Machine Learning, Natural Language Processing (NLP), CNN. 

 

1. Introduction 

People who have busy routines can cook in their 

houses on a daily basis, but if it is done repetitively, 

it can become boring. After all, it is not uncommon 

to hear people complain about having the same meals 

especially when they are not able to come up with 

any new concepts. Lack of sufficient cooking 

experience may result in people using the wrong 

proportions of different ingredients leading to 

wastage of food. Furthermore, most of the recipes are 

only available in English, which means that those 

with limited or no experience in the language may 

not be able to obtain this information. To begin with, 

it is difficult and even frightening for people who are 

unfamiliar with cuisine to experience the process of 

cooking. Also, the problem of how one can prepare 

food for themselves was also intensively raised with 

a noticeable rise in the recent trend of single-person 

households across the world. As per a report by 

Business Wire, the growth in single-parent families 

is expected to rise by 128% between the years 2000 

and 2030. For the sake of context, the Washington 

Post claims around 60% of millennials are not able 

to even prepare a basic salad and around 37% of 

millennials do not understand what a butter knife is. 

This figure shows that while the increasing demand 

for self-sufficiency is evident, the percentage of 

individuals who can prepare food for themselves 

remains quite on the lower end. Furthermore, the 

Covid-19 pandemic has, for instance, demonstrated 

how critical it is to have the ability to cook as it can 

have a significant impact on one’s health and quality 

of life overall. To tackle these issues, we need to 

create a user-friendly platform that encourages 

people to start cooking. This involves recognizing 

that many newcomers may not know the names of 

various ingredients. Given our goal of reaching a 

global audience, we must also keep in mind that 

ingredient names can differ by region. Our ingredient 

detection feature will address these challenges by 

accurately identifying items no matter the location. 
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Furthermore, to keep users engaged, it’s essential to 

suggest recipes from a variety of cuisines based on 

their cooking preferences and history. The platform 

will consider aspects such as favourite cuisines, 

cooking duration, and ingredient availability to 

provide tailored recommendations. Understanding 

that many of our users are not fluent in English, it 

would not be feasible to offer recipes solely in that 

language. Therefore, our platform will support 

multiple languages, allowing users to access recipes 

in the language they prefer. Acknowledging the 

international nature of our audience, it is crucial to 

ensure that language differences do not impede 

accessibility. Thus, we are implementing a 

multilingual option that allows users to view recipes 

in their chosen language, making the platform 

genuinely inclusive. By utilizing Natural Language 

Processing (NLP), our app will offer precise 

translations, facilitating smooth communication and 

understanding for those who do not speak English. 

Additionally, NLP will support voice-guided 

instructions, enabling users to follow recipes without 

using their hands, which is particularly helpful when 

they are busy cooking (Table 1). 

Table 1 Research Work 

Research Work 
User 

Input 
Recipe Generation 

Calorie 

Calculation 

Additional 

Feature 

Recipe 

Recommendation 

Food Name or 

Ingredient 
Recipe Suggestions 

Calorie 

Estimates 

Nutritional 

Information 

A 
Dietary 

Restrictions 
Tailored Recipes 

Calorie and 

Macro 

Tracking 

Recipe 

Difficulty 

B 
Ingredient 

Availability 

Pantry Friendly 

Recipes 
Cost Analysis Cooking Time 

C 
Flavor 

Preferences 

Personalized 

Recommendations 

Allergy 

Considering 

Cuisine 

Options 

D 

Meal Goals 

(e.g., weight 

loss,muscle gain 

Goal Oriented 

Recipes 

Portion 

Control 

Meal 

Planning 

 

2. Related Works 

Existing studies on food image analysis have mainly 

concentrated on using machine learning and deep 

learning methods for tasks such as identifying food 

items, recognizing ingredients, and suggesting 

recipes. The CNN-based system developed by Yanai 

et al. illustrated the promising capabilities of deep 

learning in this area [1]. Although collaborative 

filtering and content-based strategies have been 

examined for recipe recommendations, these 

methods frequently neglect key aspects like 

ingredient identification, tailored suggestions, and 

support for multiple languages. Our proposed system 

seeks to overcome these shortcomings by 

incorporating these elements into a unified platform. 

For example, while prior research has achieved 

considerable accuracy in recognizing food items, 

pinpointing individual ingredients within complex 

dishes remains a significant challenge [2]. Current 

techniques often encounter difficulties with factors 

like occlusions, variations in lighting and angles, and 

the presence of multiple ingredients in one image. 

Moreover, creating personalized recipe 

recommendations that consider user preferences and 

dietary restrictions necessitates a thorough 

understanding of each person's tastes and 

requirements. Offering multilingual support is also 

crucial for reaching a global audience and 

eliminating language barriers. Our solution tackles 

these issues by utilizing cutting-edge deep learning 

methods, integrating ingredient detection 

algorithms, and forming a personalized 

recommendation engine capable of adapting to 
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varied user preferences and dietary needs [3]. The 

rest of the paper is organized as detailed below. The 

recommender system is a widely explored area of 

research, with many recommendation engines 

available for product suggestions, book 

recommendations, and movies or content. However, 

recommending meals or food differs from traditional 

recommendation engines due to the wide variety of 

foods, individual preferences, emotional connections 

to food, nutritional aspects, and personal dietary 

needs. One crucial factor influencing food choices is 

individual flavour preferences. While flavours from 

different cuisines can vary by region, there are clear 

flavour similarities among cuisines from 

neighbouring areas [4]. This paper presents a recipe 

recommendation system designed to propose a 

selection of dishes from various Chinese regional 

cuisines based on specific flavour preferences 

through flavour similarity. The flavour connections 

between these regional cuisines are determined using 

algorithms we have previously developed [5]. First, 

we use the Term Frequency-Inverse Document 

Frequency (TF-IDF) algorithm to evaluate the 

regional cuisines' ingredient preferences, which 

assigns a score to each dish within those cuisines. 

Next, we employ the cosine similarity metric to 

measure flavor similarities among the different 

regional cuisines. Finally, we use the Tidal-Trust 

algorithm to identify and recommend dishes that 

closely match the user's flavor profile. The results 

from the questionnaire assessment show that 

professional chefs find the system's 

recommendations to be both reasonable and 

satisfactory [6]. A key element influencing food 

selection is personal taste. Although regional 

cuisines showcase a variety of flavours, there are 

notable taste similarities among adjacent culinary 

traditions. This study introduces a recipe 

recommendation system designed to suggest a 

variety of dishes from different Chinese regional 

cuisines, tailored to specific taste preferences 

through the concept of taste similarity. Our 

previously established algorithms analyse the taste 

similarities across these regional cuisines [7]. First, 

the Term Frequency-Inverse Document Frequency 

(TF-IDF) algorithm is used to evaluate the ingredient 

preferences of different regional cuisines. Each dish 

in those cuisines is given a score. Next, the cosine 

similarity metric is utilized to evaluate the taste 

similarities between the different regional cuisines. 

Finally, the Tidal-Trust algorithm is employed to 

identify and recommend dishes that closely match 

the user's taste profile. The findings from the 

questionnaire assessment confirm that professional 

chefs regard the system's recommendations as 

reasonable and satisfactory [9]. 

3. Proposed System 

Make at lets users input the ingredients they have and 

get personalized recipe ideas. The app monitors the 

ingredients users choose and the dishes they make, 

saving this information for later use. Drawing from 

previous interactions, make at delivers customized 

recipe suggestions (Table 2). Moreover, make at 

features recipes in several languages, giving users 

the option to select their desired language [10]. 

 

Table 2 Proposed System 

Feature Functionality 

Ingredient 

Scanning 

Captures Available 

Ingredients 

Recipe 

Recommendation 

Provide recipe based on 

Scanned ingredients 

Historical data 
Logs users-cooked recipes 

and detected ingredients 

Personalized 

Home page 

Recommends Recipe based 

on historical data 

 

3.1 Item Based Recommendation 

Item-based collaborative filtering suggests recipes 

similar to those a user has liked. This method only 

considers whether a user has rated a recipe, not the 

rating value. The similarity scores determine the 

recommended recipe order. We calculate similarity 

using the Tanimoto Coefficient and Log Likelihood 

measures [11]. Tanimoto Coefficient similarity is an 

extension of the Jaccard coefficient. It's the ratio of 

recipes both users like to the total recipes either user 

likes. It's the overlap of users' liked recipes divided 

by their combined liked recipes [12]. The specific 

rating values don't matter, only whether a user liked 
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a recipe. The similarity is 1 for identical recipes and 

0 for completely different ones, and it's always non-

negative. Tanimoto Coefficient is given by: 

𝐓(𝐚, 𝐛) =
𝑵𝒄

𝑵𝒂 + 𝑵𝒃 − 𝑵𝒄
 

Let Na, Nb, and Nc represent the number of 

customers who rated item A, item B, and both 

items, respectively. Log-likelihood-based similarity, 

like Tanimoto coefficient-based similarity, doesn't 

consider individual preference values. Unlike 

Tanimoto coefficient, log-likelihood similarity 

measures the unlikelihood of two users having so 

many common recipes given the total recipes and 

their individual preferences. Let n_11, n_12, n_21, 

and n_22 represent the number of times both events 

occurred, one event occurred without the other, and 

neither event occurred, respectively. Given the above 

information, the log-likelihood ratio score (G2) is 

calculated as: 

LLR = 2 sum(n)S(n)-S(rowSums(n))-S(colSums(n)) 

3.2 User Based Recommendation 

Recommendations suggest recipes based on a user's 

preferences and similarities to other users. The 

similarity scores determine the recommended recipe 

order [13]. We calculate user similarity using 

Pearson Correlation Coefficient, Euclidean Distance, 

fixed-size neighbourhoods, and threshold-based 

neighbourhoods. Euclidean distance measures the 

similarity between user’s X and Y. Considering 

recipes as dimensions and preferences as points, we 

calculate the distance using recipes both users have 

rated. It's the square root of the sum of squared 

preference differences. The Similarity Would Be 

Compute as: 

1/(1+distance/√𝒏) 

The resulting values fall within the range of 0 to 1. 

This approach penalizes pairs that overlap in fewer 

dimensions, indicating greater similarity. More 

dimensions generally increase the potential for 

dissimilarity. The calculation is as follows: 

√𝒏/(𝟏 + 𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆) 

where n is the number of dimensions. The square 

root of n is chosen because randomly selected points 

have a distance that grows proportionally to the 

square root of n. This could lead to similarity values 

exceeding 1, which are then capped at 1. The 

distance is not normalized. Normalization within a 

single domain wouldn't significantly impact the 

ordering. The Pearson correlation implementation 

for two user’s X and Y is given as: 

∑𝑥2 - sum of the square of all X’s preferences 

values. 

∑y2 - sum of the square of all Y’s preferences 

values. 

∑xy - sum of the product of X and Y’s preference 

value 

 The correlation is then 

∑ xy  / (√(∑𝐱𝟐 ∗ ∑ 𝐲𝟐 ) 

This correlation centers the data, adjusting user 

rating values to have a mean of 0. For both datasets 

to behave as expected, this is essential.  Because of 

the centered-mean data, this correlation technique is 

comparable to cosine similarity.  The cosine of the 

angle between the vectors that indicate the user's 

preference values is another way to analyse the 

correlation. 

3.3 A Hybrid Based Recommendation System 

 

Table 3 Recommendation Method 

Recommendation 

Method 
Description 

Collaborative 

Filtering 

Utilizes user - item 

interactions 

Content – based 

filtering 

Uses item descriptions and 

user preferences 

Demographic - 

based filtering 

Recommends based on user 

demographics 

Knowledge - 

based filtering 

Uses domain-specific 

knowledge 

Hybrid Approach Combines multiple strategies 

 

https://www.lnppublications.com/


 

International Research Journal on Advanced Electronics 

and Computer Technology (IRJAECT) 

https://www.lnppublications.com  

 

e ISSN: XXXX-XXXX 

Volume: 01 

Issue: 01 May 2025 

Page No: 07 - 15 

 

 

   

International Research Journal on Advanced Electronics and Computer Technology (IRJAECT) 11 

 

To increase performance, a hybrid recommendation 

system blends different recommendation techniques 

[14]. It can merge content-based and collaborative 

filtering independently, integrate one into the other, 

or create a unified approach (Table 3). Studies show 

that hybrid models outperform standalone 

collaborative and content-based methods. It 

effectively addresses common challenges like the 

cold-start problem, data sparsity, and the knowledge 

bottleneck. Knowledge-based filtering, 

demographic-based filtering, content-based filtering, 

and collaborative filtering are all possible in hybrid 

models [15]. 

3.4 Hybrid Recommendation Formula 

The Prediction score Phybrid (u,i) for a hybrid 

system can be represented as:  

Phybrid (u,i)=α∙Pcollab(u,i)+β∙Pc 

Where: 

 Pcollab(u,i)=Collobrative filtering score for 

useru  and itemi 

 Pcontent(u,i)=content-based filtering score 

for useru and itemi 

 α and β are weights assigned to each 

approach.   

 Such that α+β=1 

4. Methodology 

4.1 Data Collection and Pre-Processing  

4.1.1 Ingredient Acquisition 

Users can scan or manually enter the ingredients they 

have in their kitchen, providing the system with its 

primary input [16].  

4.1.2 Object Identification Module 

A cutting-edge object detection model, like YOLOv5 

or Efficient Det is used to precisely identify and 

categorize ingredients from scanned images (Table 

4). 

 

Table 4 YOLOv5 

Aspect Details 

Version Yolov5 

Category Object detection model 

Competitors 
Efficient Det and prior Yolo 

versions 

Customizability 
Easy retraining with 

personalized datasets 

 

4.2 Natural Language Processing  
Natural Language Processing (NLP) allows 

computers to communicate and process language 

like humans. NLP enables computers to read text, 

understand spoken language, analyze meaning, 

gauge sentiment, and identify important parts. NLP 

systems can process large amounts of text data more 

quickly and accurately than humans, without getting 

tired or biased. Given the vast amount of 

unstructured data created daily, NLP automation is 

essential for efficient analysis. Refer Tables 5 and 6. 

 

Table 5 NLP Analysis 

NLP Capability Description 

Text Analysis Analysis Written content 

Sentiment Analysis 
Determines the sentiment 

behind the text 

Language translation 
Convert text between 

languages 

Automation 
Processes data efficiently 

without fatigue 

 

Table 6 Terms 

Original term New term 

Ingredient Recognition 
Object identification 

module 

Content based filtering 
Content similarity 

approach 

Collaborative filtering 
Interaction based 

prediction 

Reinforcement learning Adaptive learning 

User profile 
User preference 

repository 

Ingredient embedding’s 
Ingredient vector 

representation 

Feedback loop User adaptation 

 

5. System Architecture 

The dataset utilized comprised 100,000 recipes 

curated from various culinary sources. Each recipe 

included detailed information such as ingredient 

lists, step-by-step cooking instructions, cuisine 

types, and user ratings. Furthermore, user profiles 

were incorporated, encompassing historical 

interactions, preferences, and dietary constraints. 

 Hardware and Software: The experiments 

were executed on a high-performance 
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computing system. Python, in conjunction 

with machine learning libraries like 

TensorFlow, PyTorch, and Scikit-learn, was 

employed for the computational tasks. 

 Model Training: The dataset was 

partitioned into training (70%), validation 

(15%), and testing (15%) subsets. All models 

were trained using the Adam Optimizer with 

a learning rate of 0.001, iterating through the 

data 50 times (epochs). Early stopping was 

implemented as a safeguard against 

overfitting (Figure 1). Banana and Milk 

Recipe Problems are shown in Table 7. 

 

 
Figure 1 Banana and Milk Recipe 

 

Table 7 Terms 

Problem 
System recommends based on 

Nutritional preferences 

Data 

collection 
Ingredients Nutritional info: 

(calorie ,fats, etc.,) 

Data 

preprocessing 

Learning: Remove Incomplete 

Data 

Feature Engineering: Nutrition 

value cuisines 

Data 

Exploration 

Visualization (eg. calories) 

Clustering (eg. low calorie) 

Model 

selection 

Item based, user based and 

Hybrid recommendations 

Model 

Training 
Train- use part of data set. 

Recipe 

Input- (eg. low fat, high protein) 

Output-A list of recipe based on 

user preferences 

 
Figure 2 Vector Space Model 

 

5.1 Vector Space Model 

 N as the total number of unique ingredients 

across all recipes (Figure 2). 

 M as the total number of recipes 

 The Matrix A is then represented as: A=[aij] 

 

 
Figure 3 System Architecture 

 

Table 8 Metric 

Metric Description 

Precision 
Ratio of relevant recipes 

correctly recommended 

Recall 
Proportion of relevant recipes 

retrieved 

F1-Score 
Harmonic mean of Precision 

and Recall 

NDCG 
Measures Ranking quality of 

Recommended Recipes 
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The Vector Space Model (VSM), enhanced with TF-

IDF weighting and cosine similarity, emerged as a 

potent instrument for mapping recipes and 

ingredients onto a multi-dimensional space, thereby 

enabling efficient recipe recommendations (Figure 3 

& 4). Notwithstanding certain constraints, VSM 

provides a sturdy framework for crafting customized 

recipe suggestions within an intelligent recipe 

recommendation system. Metrics and Description 

are shown in Table 8. 

 

 
Figure 4 Amount of Ingredients Using 

 

5.2 User Input 

The user likes Italian cuisine, vegetarian recipes, and 

recipes with spinach. 

Recommendation: The system recommends a 

Spinach and Ricotta Stuffed Shells recipe, a 

Vegetarian Lasagna, and a Capers Salad (Figure 5). 

Nutritional Features are shown in Table 9. 

 

 
Figure 5 Nutrition’s Balance 

Table 9 Nutritional Feature 

Nutritional 

Feature 

Description 

calories Total energy provided by the 

recipe (in kcal) 

protein Total protein content (in grams) 

Fat Total fat content (in grams) 

Carbohydrate  Total carbohydrate (in grams) 

Fiber Dietary fiber content (in grams) 

vitamins Vitamins A,B,D,E,B12,B6 

(various units) 

Minerals  Calcium, iron, Magnesium, 

potassium, sodium(mg) 

Sugar  Total sugar content (in grams) 

cholesterol Cholesterol content (in mg) 

 

Conclusion 

The rise in single-person households has been 

consistently noticeable, influenced by factors like 

postponed marriages, divorces, and an aging 

demographic. Although this shift brings certain 

advantages and freedoms, it also introduces specific 

challenges related to meal preparation. Many people 

struggle to cook for themselves on a regular basis, 

often resorting to convenience foods or dining out. 

This tendency can result in unhealthy eating patterns 

and higher food expenses. Acquiring fundamental 

cooking skills is vital for sustaining a healthy and 

balanced diet, no matter the living arrangement. 

Cooking also provides various benefits, including 

cost savings, better health, stress relief, and 

opportunities for social interaction. To tackle the 

obstacles associated with cooking, individuals can 

consider creative solutions such as meal kit delivery 

services, online cooking classes, tailored recipe 

suggestions, and community kitchens. As the trend 

of single-person households persists, it is important 

to adopt these solutions and enhance cooking skills 

to reap the rewards of healthy, tasty, and budget-

friendly home-cooked meals. Personalized food 

recommendations and diet planning remain 

challenging due to the wide range of culinary 

preferences and individual nutritional needs. Moving 

away from conventional food recommendation 

systems, the proposed AMRP system takes into 

account users' emotional subtleties, levels of 
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enthusiasm, and preference-based feelings when 

suggesting meals. These emotional states are derived 

from EEG signals, which are analyzed using a 

hierarchical ensemble machine learning model. This 

model has demonstrated impressive accuracy rates of 

88.8%, 78.28%, and 91.33% in predicting 

preferences related to enjoyment, excitement, and 

emotions, respectively. While individual 

classification algorithms showed less than optimal 

performance, the thoughtful use of probability-based 

soft voting and hierarchical ensembling significantly 

improved the accuracy of classifying emotional 

states. With the high accuracy of these models, the 

TOPSIS method for food recommendations becomes 

more effective, leading to more personalized, 

dependable, and customized diet planning for an 

entire day. The accuracy of determining food 

preferences may be further increased by using 

sequential deep learning models in conjunction with 

window-based feature extraction from EEG signals.  

Furthermore, combining Bayesian recommendation 

techniques with collaborative filtering could 

improve diet planning and recommendations even 

further. 
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