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Abstract. Recipe generation from food images represents a complicated 

multimodal challenge that needs the system to both identify visual components 

and realize cooking process sequences. A system composed of three principal 

procedures starts with ingredient detection followed by instruction sequence 

creation then performs cross-modal synchronization. Concurrently we review 

two advanced models including im2recipe and Recipe1M+ where deep 

convolutional neural networks (CNNs) extract image features while recurrent 

neural networks (RNNs) or transformers create language outputs. Missing 

components of cooking models perform better after tuning them with culinary 

sources to deliver improved results in ingredient detection and recipe 

generation. The addition of GPT or BART generative models allows users to 

input ingredients for natural human-like cooking instructions. Despite these 

advances, challenges remain. Two dishes that look alike might include totally 

different ingredients and preparation procedures because of ambiguity. 

Generalization suffers from the shortage of extensive annotated culinary 

database entries. The assessment process for generated recipes proves to be 

non-trivial since complete accuracy evaluation often requires human reviewers 

to perform assessments. The abstract outlines the main techniques together with 

the existing difficulties and future development possibilities of creating recipes 

from food images. Modern kitchen assistants along with dietary tracting 

systems and food logging applications and personalized meal planning 

solutions form the core applications of this technology. The capabilities of these 

systems will improve substantially when the research adds more complex 

information about food and cultural background as well as sensory data 

including taste and smell 
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 1.Introduction 

Human culture strengthens through food while it also plays a critical role in health 

and daily living routines. The online popularity of food photography expanded 

because Instagram and Pinterest created new opportunities for visual food content 

sharing worldwide in recent years. Food image understanding system development 

began because of this emerging trend. The domain poses an enthralling challenge to 

create recipe generation from food images through converting images of cooked 

meals into complete cooking recipes along with ingredient lists and step-by-step 

preparation information.[1] 

 
The challenge exists as a difficult multimodal issue due to its placement between 

computer vision and natural language processing technologies. Instead of 

conventional image captioning with its goal of producing descriptive sentences the 

generation of recipes requires extensive semantic understanding capabilities alongside 

reasoning about ingredient selection combined with method preparation logic and 

coherent text generation with proper sequential ordering. The model needs to identify 

all visual image content and rebuild the underlying instructions through detecting 

steps and reading ambiguous visual clues as well as hidden ingredients.[6] 

 
This project exists to provide users with an effortless mechanism for reproducing 

observed dishes through picture snapshots.  Individuals wanting to recreate restaurant 

or food blog dishes would find great assistance in this technology.  The system has 
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smart kitchen application potential because an AI system could show users real-time 

instructions by monitoring their cooking activities. The application of image-based 

automatic food logging has potential health-related use due to its ability to eliminate 

manual tracking requirements. The implementation of this problem faces numerous 

significant hurdles.   

Within different regions the same looking food dishes might use separate ingredients 

as well as varied cooking methods. Some ingredients remain completely secretive or 

they can be disordered so it is difficult to identify components through mere 

observation. [1][2] 

 Modern deep learning developments enable more accurate processing of this 

particular task.    The im2recipe model approaches alignment between visual and 

textual culinary data with success after receiving training through Recipe1M and 

Recipe1M+ datasets. 

2. Literature Survey 

Research interest has grown increasingly strong toward recipe creation from food 

pictures because of its potential value for culinary Artificial Intelligence and 

intelligent kitchens and personalized nutrition services. As a hybrid area between 

computer vision and natural language processing people work toward the automatic 

creation of recipes starting from visual food presentations. Different research 

approaches tackle various parts of the complex task because its solutions require 

image recognition techniques and ingredient identification and recipe construction 

methods.[3] 

Food image recipe generation started by concentrating on ingredient classification. 

Food-101 represented one of the initial datasets employed in this context because it 

includes 101 food categories together with more than 100,000 labeled images. The 

dataset enabled CNN models to classify ingredients after extracting digital features 

from images. Food-101 has limited application for recipe generation since it does not 

provide comprehensive details about either the cooking instructions or ingredient 

specifications. 

Zhu et al. (2016) introduced Recipe1M which served as a fundamental dataset for 

recipe generation. Recipe1M presents more than one million image-file combinations 

which contain recipes and their complete ingredient lists alongside step-by-step 

cooking instructions plus supplementary metadata information. This extensive 

database supports multiple deep learning frameworks which acquire understanding 

about image-text associations. Among the pioneering deep learning methods 

im2recipe (Chen et al., 2017) represents a two-stream architecture. The method 

combined CNN features extraction with RNN to produce text content which focused 

on recipe instructions.  

The developed system managed to produce satisfactory outcomes between visual and 

textual data but faced difficulties when processing intricate recipes with diverse 

ingredients.[10] 

The research field adopted multimodal deep learning approaches that fuse visual 

content with text to generate improved recipes throughout its development. The 

combination of multimodal transformers including CLIP (Contrastive Language-

Image Pretraining) and BLIP (Bootstrapping Language-Image Pretraining) brings 

exceptional results to tasks where images must be related to natural language. Large 

transformer architecture models enable the joint representation learning of images and 

texts which leads to improved matching between these elements. 
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The research group led by Radford et al. (2021) developed CLIP by training it using a 

massive database of pictures and written descriptions. The computational model 

produces precise image representations which enables it to find appropriate textual 

data matches needed for recipe generation. Research teams succeeded in reaching 

outstanding results for ingredient detection along with recipe text generation from 

food images through the use of CLIP models trained for culinary applications. The 

recent research in BLIP indicates that it consolidates visual entries and written 

information together to create descriptions while demonstrating potential solutions for 

uniting image processing systems with recipe creation methods.[4] 

Attention mechanisms and transformers function as an effective method to produce 

cooking instructions. Researchers utilize BART and T5 models to solve the procedure 

of recipe production after viewing it as sequential sequence modeling. The sequence 

generation model builds structured recipes through its ability to predict both 

ingredients along with cooking steps after extracting image features. The models 

undergo training utilizing extensive recipe data collections to develop their capacity 

for producing recipes step by step.[5] 

3. Problem Statement 

The visual-text alignment model showed effective data integration capabilities but 

needed improvement for processing In today’s digital world food pictures dominate 

online social media. Users regularly post their food images across social media 

platforms even though visual depictions of food consume most space on blogs and 

cooking websites and lifestyle websites. Images of food exist in great numbers yet 

many lack the accompanying information that details cooking ingredients and 

preparation directions. Visual inspiration from food captures a great divide from 

actual kitchen use. The main objective of this project is to build an AI system which 

automatically transforms pictures of finished culinary creations into complete recipes 

by supplying ingredient lists and detailed cooking directions.[4][9] 

The main issue stems from this task being multi-modal in nature. The recipe creation 

process demands the model to recognize visual elements in images before generating 

text data that reflects both visual understanding and textual context. This variant of 

image classification needs models to predict a set of ingredient labels as well as 

understand cooking semantics while converting input into structured textual outputs. 

The system needs to detect visible ingredients while reading people's minds regarding 

hidden or blended elements to produce rational cooking methods.Multiple problems 

arise from visual dissimilarity between dishes and ingredient discrepancies and 

cultural variations between recipes and insufficient dietary labels that span diverse 

cuisines. The solution needs strong features extraction mechanics along with cross-

modal alignment methods and food domain knowledge integration in order to tackle 

these difficulties.[5][6] 

The main purpose behind this project involves designing a deep learning model 

capable of extracting image features from foods and identifying ingredients alongside 

matching them with suitable preparation instructions.  

This will involve the use of computer vision techniques for image analysis and natural 

language processing methods for text generation, ultimately creating an intelligent, 

automated recipe generator. 



•  
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4. PROPOSED SYSTEM 

A. Proposed System 

A deep learning-based multimodal framework operates within the proposed system to 

produce cooking recipes from visual food images. A system combines vision 

processing with language processing capabilities to analyze food presentations which 

produces ingredient information together with complete cooking steps. The initial 

stage involves a convolutional neural network (CNN) that analyzes the image to 

obtain important visual characteristics which include food category alongside texture 

along with color attributes. A transformer model processes visual food image features 

through a training procedure that consumes large datasets with paired image and 

recipe information. This model consists of two fundamental operational sections 

which are composed of an ingredient forecasting system and an instruction creation 

system. The computer system's ingredient prediction module determines ingredients 

through visual inputs and follows up with the instruction generation module making 

coherent steps for cooking based on both predicted ingredients and visual features. 

The system includes a knowledge base which validates that ingredients work together 

appropriately as well as maintain proper cooking procedures.The system finds 

practical uses as a smart kitchen technology together with dietary tracking capabilities 

and food blogging features. The system enables users to find convenience through 

automated recipe discovery and turn visual food elements into restatable recipes 

without manual searches. Future system improvements will add speech control 

together with dynamic performance assessment and adapted recommendations using 

food preferences of users.[8] 

A. Modular design 

1. Image Acquisition 

• Purpose: Captures the image of thrrecipie 

• Role: 

o Collects the recipie image. 

o Ensures preprocessing of the image 

2. Image Preprocessing 

• Resize, normalize, and augment the input image to prepare it for model 

processing. 

• The image is formatted appropriately for the deep learning model as a result 

of this step.  

• Techniques may include resizing to 224x224 pixels, mean normalization, or 

data augmentation. 

3. Feature Extraction using CNN 

• To extract the image's deep visual features, a Convolutional Neural Network 

(CNN) like ResNet, EfficientNet, or Inception is utilized. 

• The shapes, colors, and textures of these features help identify the dish's 

contents 



Args.py: defines all the configuration parameters for training or evaluating the model. 
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.4. Ingredient Prediction 

• A multi-label classifier is used to predict the dish's ingredients using the 

extracted features. •   This is challenging due to hidden or mixed ingredients, 

but models learn from context and       visual clues. 

• Output: A list of predicted ingredients with probability scores. 

5. Recipie generation using NLP 

• A sequence-to-sequence (Seq2Seq) or transformer-based language model 

(like GPT-2, BART, or T5) receives the predicted ingredients and their visual 

embeddings.  

• The model generates step-by-step cooking instructions in natural language, 

considering logical order and common cooking practices. 

6.output Formatting 

• The system compiles the predicted ingredients and generated instructions 

into a structured recipe. 

Output may include: 

• Title (optional) 

• Ingredients list 

• Step-by-step preparation method 

B. Architecture of Recipie Generation from food image 

 

Fig.1. Architecture of Recipie Generation from food image 

Project Components. 

run.py: imports an app object from a module named Foodimg2Ing and runs it in 

debug mode, which is typical for development environments. 

routes.py: It's a web app that allows users to upload a food image, and then it 

generates a recipe—including the dish title, ingredients, and instructions. 



1276             G. Venkanna et al.

Models.py: this is the core model file, and it confirms your project is based on 

Facebook's InverseCookingframework for generating recipes from food images. 

__init__.py: Creates a Flask app instance. 

About.html: gives users a clean, styled explanation of your project when they visit 

the About page. Here's a quick summary: 

Technology Stack 

Pytorch: Deep learning model creation and inference Defines and runs the 

InverseCookingModel(image encoder, ingredient & instruction decoders 

Flask: A lightweight web framework for running a backend server and serving a web 

application. 

Numpy: Numeric operations and data preprocessing Commonly used alongside 

PyTorch (especially for pre/post-processing) 

Gunicorn:  helps you run your Python web app in production by handling 

multiple users and requests more efficiently than the built-in dev server 

Torchvision: Image loading & transformation Pretrained models (e.g., ResNet, 

EfficientNet) 

Tensorflow: Its own models & datasets Great integration with Keras 

Matplotlib:  Displaying images Plotting model accuracy/loss curves Debugging 

visual data 

HOW IT WORKS: 

Deep learning techniques allow the proposed system to extract detailed recipes by 

processing food images directly. The system functions with smooth intelligent 

operation by employing computer vision together with natural language processing 

systems and current digital web development technologies. 

• Capturing Image  

Image acquisition stands as both the beginning and a centerstage requirement 

within the method of converting food photos into recipes. Through this step 

users furnish images to the system that gets processed through deep learning 

models to identify dishes and create the related recipes. Users can either 

acquire an image through their device camera while it is being captured or 

choose existing images from their storage system. 

A web-based application can execute image capture through HTML5 

<input> elements that contain the capture attribute. The browser provides 

users with camera access to their back and front cameras on mobile devices. 

• Recipie Classification 

The discipline of recipe generation from food image examines how 
computers classify food types in pictures before creating recipe 
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documentation which contains ingredient listings and cooking instructions. 

The task operates between artificial intelligence and image recognition and 

natural language generation to deliver solutions for smart cooking assistants 

as well as food logging systems and dietary tracking platforms. 

The system starts its process by identifying food categories from the 

provided image. This classifying process helps focus the possible recipe 

generation to appropriate parameters. The system determines ingredient 

predictions and cooking steps by using trained language models after 

obtaining the food category identification. 

During classification the system analyzes picture visual elements to predict 

what type of food the image represents from a range including "pizza," 

"salad," or "curry." Multiple CNN networks including ResNet, EfficientNet 

and Vision Transformers are frequently employed for this particular 

challenge. Through the model's feature analysis the image receives high-

level features for determining the food category. 

Thirteen major food classification models derive their training and 

evaluation data from Food101, UECFOOD256, and Recipe1M+. The 

available labeled images present in numerous food categories throughout 

hundreds of food categories help the model develop visual recognition skills 

for distinct culinary patterns.[8] 

• Recipie generation from foodImage 

The generation of recipes as a system automatically produces complete 

culinary instructions with item ingredients from supplied data points. Food 

image-based systems utilize recipe generation as a process which identifies 

dishes through images before producing plausible recipes through machine 

learning along with natural language processing (NLP) techniques. The 

technology functions as a vital component for creating automated kitchen 

assistants and dietary tracking software and the decision-making system of 

AI culinary applications. 

The recipe generation process starts after image processing completes with 

dish classification results (for example pasta, biryani or salad). The model 

generates cooking instructions alongside ingredient lists according to the 

determined category. The training process involves using large-scale recipe 

databases which contain millions of image, ingredient list and cooking 

instruction pairings. The initiation of recipe generation starts with ingredient 

prediction as the first operational step. A single dish may contain multiple 

ingredients therefore the classification approach treats it as a multi-label 

problem. A CNN model analyzes image data to extract features that enable a 

multi-label classifier to perform ingredient predictions through its sigmoid-

activated final layer. 

The latest approaches in ingredient prediction use multimodal transformers 

or image-text encoders such as CLIP and BLIP to enhance visual and textual 

representation alignment for better accuracy.[4] 

C. Key Features and advantages of proposed system: 

• Dish Recognition via Deep Learning 

                 A pre-trained convolutional neural network (CNN) including 

ResNet or MobileNet    operates to determine the food content in images 

accurately.[6] 

• Automated Recipe Generation 



 

• User-Friendly API 

 

• Visualization Support 

 

• Scalable Deployment with Gunicorn 

• Personalized Experience 
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Trained recipe generation models including encoder-decode designs and 

Transformer models create the automated recipe and ingredient lists for 

users. 

The system implements a RESTful backend based on Flask or FastAPI 

which enables developers to access image upload and recipe retrieval 

functions conveniently through mobile or web applications.[6] 

The output consists of an original image display and a predicted dish name 

while providing the complete recipe to boost user interest. 

Gunicorn serves as the deployment tool to deliver fast response times 

alongside excellent concurrency capabilities for production server 

environments. 

Advantages: 

• User-Friendly Interface 

Food-image uploading through the platform generates complete recipes without 

requiring any manual typing or search activities. 

• Fast and Efficient 

To automate dish identification and recipe generation ensures more efficient work 

processes for users. 

• Smart Dish Recognition 

The application employs advanced deep learning models which enable precise dish 

detection regardless of how dishes are presented within different angles and lighting 

or styling conditions. 

Through extension capabilities the application can modify existing food 

recipes to match different user taste profiles together with health limitations 

such as allergies or restricted diets. 

• Educational Value 

Food preparation underutilization is provided through visuals which benefits 

beginner chefs and food experts. 

• Language and Region Adaptability 

This system maintains capability to function across various languages 

together with diverse regional cuisines that make it available to worldwide 

users. 

• Cross-Platform Integration 

The system can easily connect to web or mobile or kiosk applications 

because of its API-based structural design. 

• Scalable and Production-Ready 
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The application uses Gunicorn as its deployment platform together with 

optimized backend frameworks to execute high reliable simultaneous 

requests. 

• Data-Driven Insights 

The system offers the possibility to collect user preferences and popular dish 

data through extension features that generate valuable insights for analytics 

and personalized recommendation capabilities. 

5. RESULT 

 

Fig.2.Recipe Generations from food 

 

 

Fig.3.Recipe Generations from food 

 

 

Fig.4.Recipe Generations from food 
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6.Conclusion 

AI-based systems considerably progress the fields of computer vision and natural 

language processing through the process of generating recipes from visual food input. 

The deep learning implementation within this project takes one prepared dish photo as 

input to produce an entire structured recipe containing ingredient predictions and step-

by-step cooking steps.[4] 

We tackled primary problems related to ingredient detection and multi-label 

categorization and natural language development through utilization of CNNs for 

image feature extraction as well as transformers for text generation during the project. 

Our research focused on multimodal learning methods that synchronize image data 

with text information so the system creates recipes which have both visual perception 

and logical textual structure.[5] 

The model evaluation against Recipe1M standards demonstrates that it produces valid 

and practical recipes. The model demonstrates solid practical potential despite facing 

some restrictions which include the inability to process masked ingredients and 

duplicate food presentations and culturally bound kitchen practices.GPT-3 can 

support users through smart cooking assistance while detecting diets and nutrition and 

autonomously generating food records together with recipe suggestion capabilities. 

The project converts basic food pictures into complete cooking directions to link 

visual food materials with actual kitchen execution. 

The research project demonstrates its value to multimodal AI development by proving 

deep learning systems can solve practical complex tasks. Future work should aim at 

increasing cultural diversity within datasets and adding audio-video instructions 

alongside recipe generation model development that improves its comprehension of 

tastes and textures and dietary preferences.[6] 

7.FUTURE SCOPE 

The present method of generating recipes from food images delivers good outcomes 

yet various options exist to improve both the system performance and operational 

expansion. Stanford's architecture faces three future research needs related to model 

improvement and data enhancement and user-friendly implementation with new real-

time input sources. 

Future systems should upgrade their capabilities by processing videos as well as audio 

cues and user voice commands to enhance their capacity to understand cooking-

related contexts. Using cooking videos enables the recognition of difficult-to-detect 

dynamic cooking actions including frying and mixing as well as garnishing.[7] 

The main opportunity for advancement consists in developing better methods to 

handle cultural differences and adapt dietary selection. Modern cooking models 

struggle to work with minor food cultures of people and they lack ability to address 

specific dietary needs like gluten-free and vegan and diabetic-friendly choices. The 

addition of user-related metadata about region or dietary choices or personalized 

preferences will allow the system to generate custom-made recipes. 

The system's utility for health-oriented users and dietitians would increase by 

implementing the combination of food taste modeling systems with nutritional 

breakdown calculations.[10] 
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Critical project development focuses on creating either a mobile application or an 

AR-based assistant which demonstrates real-time food scanning to provide instant 

recipe recommendations and cooking instructions. Such an improvement would 

support user experience while cooking in both commercial kitchen and restaurant 

settings.[9] 

The system could also operate in reverse order to create food images and recipes from 

user-provided ingredients thus aiding users in deciding what to prepare using their 

pantry contents. 
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