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Abstract. Home cooking supports a healthy lifestyle, but selecting what to cook 

using accessible ingredients is problematic. The AI-driven Smart Recipe Gener-

ator resolves this by leveraging Machine Learning (ML), Computer Vision, and 

Natural Language Processing (NLP) to offer tailored recipes. Users can either 

enter ingredients manually or upload an image, allowing real-time recognition 

of ingredients from a pretrained EfficientNetV2 model. With Google AI Stu-

dio's Gemini API, recipe suggestions are dynamically generated based on user 

preferences, and recipe images are generated based on the Hugging Face API.  

In addition to mere recommendations, the system offers step-by-step cook-

ing directions to maximize user experience. In contrast to traditional static reci-

pe databases, this method adjusts according to ingredients on hand, minimizing 

food waste and encouraging effective meal planning. The application is devel-

oped with Flask for the backend, incorporating AI-driven ingredient categoriza-

tion and text-based recipe generation. A simple and user-friendly web interface 

guarantees ease of access, making the system feasible for daily use.  

Keywords:SmartRecipe Generator, Machine Learning (ML), Computer Vision, 

Natural Language Processing (NLP), Ingredient Recognition, Automatic Recipe 

Generation. 

1 Introduction 

Food is a part of our daily life, and discovering pleasant recipes with available ingre-

dients sometimes represents an issue. Recent technologies in artificial intelligence 

(AI) and computer vision have allowed intelligent applications to enrich culinary 

experiences. This paper presents a Smart Recipe Generator, a system that uses Effi-

cientNetV2, a convolutional neural network (CNN), to recognize ingredients from 

images and provide personalized recipe recommendations. The suggested system 

enables users to input ingredients either manually or by uploading a picture for ingre-

dient recognition. Utilizing Google AI Studio's Gemini API, the system gives auto-

mated suggestions of some recipes on the basis of recognized ingredients. The system 

also offers step-by-step cooking instructions, enhancing meal preparation convenience 

and speed. Different from static dataset-based recipe suggestion systems, the above 

method creates recipes dynamically, allowing flexibility and responsiveness. The use 

of computer vision, NLP, and AI- based recipes improves the functional completeness  
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at the expense of the users having an interactive and easy-to-use interface. The paper 

addresses the design, development, and performance testing of the Smart Recipe Gen-

erator, its ability to reduce food wastage, and meal planning. 

1.1 Research Objectives 

This system can enable users to receive customized recipe proposals by either enter-

ing ingredients as text or uploading images. It uses a machine learning model (Effi-

cientNetV2B0) for recognizing ingredients and combines natural lan-guage pro-

cessing to create structured, step-by-step cooking instructions. In addi-tion, it employs 

AI-based image generation to visualize recipe results, pro-viding a seamless and in-

teractive user experience. 

The proposed article's primary research objectives are: 

RO1: To examine the efficiency of machine learning algorithms in identifying food 

ingredients from image data for recipe generation. 

RO2: To analyze the combination of computer vision and natural language pro-

cessing in producing personalized and realistic recipes based on ingredients at hand. 

RO3: To create and test an integrated system for AI-based recipe generation compris-

ing ingredient identification, recipe generation, and visual output. 

RO4: To assess the system's capability to support sustainable cooking by mini-mizing 

food waste through smart ingredient utilization. 

RO5: To design and deploy an easy-to-use interface for real-time interaction to pro-

vide easy user experience with text- and image-based inputs. 

allowing smooth user experience with text and image-based inputs. 

2  Literature Survey 

Chhikara et al. (2023) introduced FIRE (Food Image to Recipe generation), an end-to-

end recipe generation model that generates full recipes—title, ingredients, and direc-

tions—directly from food images. FIRE applies state-of-the-art models such as BLIP 

for title generation, Vision Transformers for ingredient extraction, and T5 for direc-

tion generation, with record-breaking gains in the accuracy of recipe generation. 

Shah et al. (2024) created an artificial intelligence-based ingredient identification and 

personalized recipe suggestion system to help alleviate the problem of working pro-

fessionals in meal planning. By addressing problems such as inventory invisibility and 

the recipe roadblock, the system helps users make efficient use of ingredients to cook 

healthy meals, thus preventing food wastage and healthy eating habits. 

Feng et al. (2024) presented MTKGR (Multi-Task Knowledge Graph Reasoning), a 

model dedicated to ingredient and food recognition. MTKGR applies multi-task learn-

ing techniques to enhance ingredient recognition accuracy to support better recipe 

generation and recommendation. 

Tejas and Varun (2024) surveyed the literature on food image-based recipe generation 

using AI and machine learning methodologies. The study presents different method-
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ologies and models utilized in the field and offers insights into the current scenario 

and avenues for future research in AI-based food technology. 

Morol et al. (2022) created a food recipe suggestion system based on ingredient detec-

tion by deep learning. Their system achieved a 94% accuracy level in ingredient de-

tection through images and recommending corresponding recipes, demonstrating the 

potential of AI to enhance culinary experience. 

Table 1. Review of existing methods. 

 

3 Review Methodology 

Our suggested AI-based Smart Recipe Generator system is a well-structured process 

with three primary steps: input data preprocessing, feature extraction, and classifica-

tion. First, in the preprocessing step, images of food are resized to a standard resolu-

tion of 96 × 96 × 3 for optimal computational efficiency. Various data augmentation 

processes, like rotation, shift, shear transformation, zooming, and flip horizontally, are 

employed to make the dataset rich and the model stronger for generalizing various 

images. Additionally, the values of the pixels are also normalized through Efficient-

NetV2B0's preprocessing for getting a consistent input distribution. 

At the feature extraction phase, EfficientNetV2B0 is employed as the backbone model 

due to its lightweight architecture and high classification accuracy in image classifica-
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tion. The model leverages pre-trained weights from ImageNet through transfer learn-

ing, enabling it to recognize complex patterns and textures in food images. To adapt 

EfficientNetV2B0 for food classification, its top layers are replaced with a GlobalAv-

eragePooling2D layer, fully connected Dense layers, and Dropout layers to prevent 

overfitting and enhance feature learning. 

In order to conduct classification, features that are extracted are passed through a 

Softmax classifier for classifying the images into 51 food classes. Training is per-

formed on the AdamW optimizer with an initial learning rate of 0.002, and categorical 

cross-entropy loss is used for measuring classification accuracy. Additionally, per-

formance-improving methods such as ReduceLROnPlateau and EarlyStopping are 

utilized to alter the learning rate dynamically. 

3.1 Dataset Selection 

We required a high-quality dataset of food ingredients forour Smart Recipe Generator, 

but there was no such datasetavailable which was completely useful for our applica-

tion. Toaddress this, we created our own dataset by acquiring imagesfrom various 

trustworthy sources. We utilized ingredient im-ages from popular datasets such as 

Food-101 and the Food-Ingredient-Dataset, and manually captured additional images 

as well so that we had a good-diversified and balanced dataset. 

We have a total of 51 unique ingredients and 4,501 images in our dataset, by and 

large. To ensure that the dataset is correct and useful for ingredient recognition, we 

preprocessed data with extreme care by eliminating redundant images, normalizing 

ingredient names, and stabilizing the number of images per ingredient category. This 

preprocessing is aimed at ensuring our model can reliably recognize ingredients, and 

that yields more precise recipe suggestions. Having developed this tailored dataset, 

we have built a solid ground for our Smart Recipe Generator such that it will present 

high-quality and personalized recipe options based on available ingredients. 
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Fig. 1. Images representing the dataset 

3.2 Data Preprocessing 

For our Smart Recipe Generator, we developed a bespoke dataset because none of the 

available datasets exactly suited our requirement. We downloaded images from vari-

ous sources such as the Food-101 dataset, the Food-Ingredient-Dataset, and took pic-

tures of ingredients manually. This made us acquire a total of 4,501 images of 51 

distinct ingredients. In order to make the model learn efficiently, we split the dataset 

into 3,990 images for training and 511 images for validation. We resized all the imag-

es to 96 × 96 pixels to ensure uniformity and speed up the process. We used data 

augmentation methods like rotating, flipping, and brightness adjustment for improv-

ing the recognition rate. Also, we thoroughly checked the dataset to eliminate dupli-

cate images, correct labeling mistakes, and balance ingredient categories. These pro-

cesses ensure that the model is provided with quality data, enabling it to identify in-

gredients correctly and produce improved recipe suggestions. 

3.3 Ingredient Recognition using EfficientNetV2B0 

For precise identification of ingredients from pictures, our system utilizes Efficien 

NetV2B0, a light deep learning model designed for image classification. As there is 

no existing dataset specifically available for public use that ideally suits our project’s 

needs, we constructed our own custom dataset by collecting images from several 

sources such as Food-101, Food-Ingredient-Dataset, and manually taken ingredient 

pictures. Our dataset comprises 51 ingredient categories with 4,501 images in total, 

ensuring the diversity and comprehensiveness needed for training.  

Prior to inputting the images into the model, we subjected them to a series of prepro-

cessing operations to increase accuracy and efficiency. The dataset was first divided 

into training and validation sets, with 3,990 images used for training and 511 images 

set aside for validation. This allows the model to learn effectively while being tested 

on unseen data. Secondly, all images were resized to 96 × 96 pixels in order to be 

consistent and ease computational burden while not losing important visual infor-

mation. Pixel normalization was also done to scale the intensity values to comply with 

the input specifications of EfficientNetV2B0 in order to process images better. To 

enhance further performance, random rotation, flipping, brightness shift, and zooming 

data augmentation methods were utilized. These changes assist the model in general-

izing more by subjecting it to different conditions that images in the real world may 

have, including different lighting or orientations. We also thoroughly cleaned and 

standardized the dataset, making sure that ingredient labels were consistent and 

properly formatted. Any repeated images were eliminated, and underrepresented cate-

gories were balanced to avoid the model becoming biased towards certain ingredients. 
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Fig. 2. Architecture of EfficientNetV2B0 

After the dataset was completely preprocessed, we trained EfficientNetV2B0 with 

transfer learning, using pre-trained weights from the ImageNet dataset. This enables 

the model to leverage the prior knowledge from millions of images and enhance its 

capacity to identify ingredients with high accuracy despite having a relatively small 

dataset. The trained model is now capable of classifying ingredients into one of 51 

pre-defined categories, which is an essential component of our smart recipe genera-

tion system by enabling accurate ingredient identification. 

 

 
Figure .3. Architecture of EfficientNetV2B0 

3.4 Recipe Generation 

After the system is able to identify the ingredients accurately, the next is to produce 

structured and customized recipe recommendations through Natural Language Pro-

cessing (NLP). This guarantees that the suggested recipes are appropriate, simple to 

use, and specific to the ingredients available. In order to achieve this, we leverage the 
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Gemini API provided by Google AI Studio, which takes the ingredientsidentified and 

presents well-formatted recipe suggestions. The AI also takes into consideration cook-

ing methods, ingredient suitability, and various cuisines while preparing a formatted 

recipe. It further offers step-by-step cooking guides that arestraightforward, easy to 

understand, and appropriate for beginners as well as professional chefs. 

One of the most important features of this process isIngredient Constraint Handling, 

which restricts the usage ofonly the ingredients present in the user’s inventory during 

recipe generation. In case any of the necessary ingredients arenot present, the system 

smartly omits them or recommendsappropriate substitutes. This strategy avoids unre-

alistic recipesuggestions and improves user satisfaction by offering realisticmeal 

choices.In addition to coming up with recipes, the AI providesnutritional values of 

recommended meals. The AI inspects ingredients’ composition, portion sizes, and 

types of cooking toapproximate important nutritional factors like calories, pro-

tein,carbohydrates, fats, and critical vitamins. This is intended toenable users to de-

cide what to eat based on dietary objectives,whether for balanced meals, weight loss 

or gain, or otherdietary requirements.By using NLP-based AI models, our system not 

onlycreates high-quality, diverse, and personalized recipes but alsogives users key 

nutritional information so that they can makehealthful and flavorful dishes using in-

gredients they have. 

3.5 Recipe Image Generation 

In order to enhance user interaction and present a more immersive experience, our 

system creates realistic images of the recommended recipes in real-time. As there may 

not be existing images for many ingredient-based recipes, we make use of AI-based 

image synthesis methods to create high quality images that correspond with the creat-

ed recipes. For this, we utilize Hugging Face API with Stable Diffusion Models to 

create natural-looking dish images based on text descriptions. The model takes the 

structured recipe information—ingredients, cooking procedures, and end product 

appearance—to develop aesthetically pleasing representations. 

This enables users to visualize what they expect from the outcome before actually 

cooking. Furthermore, Style Adaptation methods are used to guarantee that the result-

ing images remain consistent with actual world recipe pictures. This includes adapting 

the model to conform to common food photography guidelines, such as color con-

sistency, texture elements, and plate designs. By incorporating AI-based image crea-

tion, the system provides better overall user experience for the smart recipe generator 

by making it easier to use and more visually appealing 

for the users. 

4 Experimental Results 

To test the performance of our Smart Recipe Generator, we performed experiments on 

ingredient recognition accuracy, recipe generation quality, and system efficiency. The 

model was trained using a custom dataset of 4,501 images from 51 ingredient catego-
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ries, which were collected from Food-101, Food-Ingredient-Dataset, and manually 

obtained images. The dataset was divided into 3,990 images for training (78.6%) and 

511 images for validation (11.4%). and all images were resized to 96×96 pixels for 

efficient processing. 

4.1 Model perfomance 

We utilized EfficientNetV2B0 with transfer learning toimprove feature extraction and 

classification. The model wastrained for up to 25 epochs, but early stopping was trig-

gered at epoch 20 to prevent overfitting. After training, the modelachieved 95.64% 

accuracy on the training set and 97.26%on the validation set, demonstrating strong 

generalization iningredient recognition. 

4.2 Training Performance 

Training began with a 40.06% accuracy and a loss of2.3583. Accuracy improved to 

83.38%, and validation accuracy was 95.30% by the 6th epoch. The validation accu-

racywas maximized at epoch 16, reaching 97.26%. Adjustmentsof the learning rate 

facilitated better performance, and earlystopping was applied at epoch 20 to avoid 

overfitting. Themodel performed well generally, with good accuracy and highgeneral-

ization capability for ingredient recognition. 

4.3 Performance Metrics 

Accuracy and Loss Trends: Initial Accuracy: 40% at epoch 1 Steady Improvement: 

Rapid increase to 83.38% by epoch 6. Peak Accuracy: 92.14 percent (Training)and 

97.26 percent (Validation) at epoch 16. Loss Reduction:Training loss decreased from 

2.35 to 0.23, showing efficientconvergence. 

Overfitting Check: The validation accuracy closely follows training accurcy, indicat-

ing minimal overfitting. A slightgap suggests room for regularization improvements 

(dropout,augmentation). 

Learning Rate Adjustment: The model used ReduceLROnPlateau, reducing learning 

rate at epoch 5.This helped themodel refine learning, preventing plateauing in accura-

cy. 
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Fig.4. Training and validation loss trends across 20 epochs. 

 
Fig .5. Training and validation accuracy trends across 20 epochs. 

5 Results 

The Gemini AI API-based recipe-generation module offers cooking instructions that 

are applicable to the identifiedingredients. The recipes generated by AI were contex-

tuallycorrect and comprised elaborate step-by-step guides. In someinstances, minute 

inconsistencies were noted when unusualcombinations of ingredients were em-

ployed.The image generation model was successful in generatinghigh-quality images 

of food for the suggested recipes. Theweb-based UI of the system is user-friendly, 

enabling theuser to enter ingredients as text or images, and it has anintuitive experi-

ence. The time taken to generate recipes andimages in response was between 5-10 

seconds, making theuser experience seamless. 
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In this project, we created an AI-based Smart Recipe Generator that recommends 

recipes based on detected ingredients from text or image input. The system utilizes 

deep learning for ingredient detection and Google AI Studio’s Gemini API for recipe 

suggestion. Our CNN model based on EfficientNetV2 reached a classification accura-

cy of 96.87%, providing accurate ingredient detection. The system efficiently con-

verts identified ingredients into customized recipes, such as AI-created step-by-step 

cooking procedures and realistic food images via HuggingFace’s Stable Diffusion 

API 

.  
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Fig.6. a)Result of Recipe Generator, b)AI generated Recipe Procedure 

6 Future Scope  

In the future, the Smart Recipe Generator could also include features like smart shop-

ping lists that automatically add ingredients based on the recipes you choose. It could 

integrate with grocery delivery services to make shopping even easier. Additionally, it 

could track your kitchen inventory, suggesting recipes based on what you already 

have, so you don't waste food. 

The system could learn from your preferences over time, offering personalized sug-

gestions based on what you like to cook, your past recipes, and your health goals. It 

could even suggest meal prep ideas for the week, helping you save time and stay or-

ganized. 

With AI and machine learning, the generator could get better at understanding your 

cooking style and recommend recipes with varying difficulty levels, whether you’re a 

beginner or an expert in the kitchen. This would make cooking fun and approachable 

for everyone, regardless of skill level. 

7 Conclusion 

In this project, we created an AI-based Smart Recipe Generator that recommends 

recipes based on detected ingredients from text or image input. The system utilizes 
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deep learning for ingredient detection and Google AI Studio's Gemini API for recipe 

suggestion.  

Our CNN model based on EfficientNetV2 reached a classification accuracy of 

96.87%, providing accurate ingredient detection. The system efficiently converts 

identified ingredients into customized recipes, such as AI-created step-by-step cook-

ing procedures and realistic food images via Hugging Face's Stable Diffusion API.  

By automating recipe suggestions and optimizing ingredient use, this project seeks to 

minimize food waste and help users plan meals. Potential future improvements could 

involve multi-ingredient identification, dietary personalization, and real-time voice 

control. This work illustrates the capability of AI to revolutionize culinary experienc-

es and food technology.  
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source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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