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Abstract: Computer science is experiencing rapid growth. Reconstructing cooking recipes from photos of food presents
an intriguing challenge. The goal is to create complete recipes with ingredient lists, titles, and comprehensive instructions
using convolutional layers in CNNs. About identifying complex patterns in food photos, this study clarifies the
capabilities and limitations of CNNs by assessing critical performance metrics like recipe generation accuracy and
efficiency. This work helps the culinary industry develop new technological solutions in response to the increasing need
for a thorough understanding of meal preparation. Moreover, the implications of this research go beyond computer
science, as it has the potential to drastically change how people interact with food. This research opens the door to a more
diverse and interconnected culinary landscape by democratizing culinary knowledge and fostering a deeper
understanding of global gastronomic traditions. In the end, this study's conclusions will guide future research into creating
Al-powered culinary apps that are customized to each user's unique preferences and tastes, enhancing the appreciation
of cooking around the world.
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l. INTRODUCTION

It becomes clear as we explore the world of food that a dish is more than just its ingredients; it also represents a tradition,
history, and cultural legacy. In a time when social media is a thriving place for food photography and where culinary
exploration is boundless, there is an increased need for in-depth knowledge of the craft of cooking. Convolutional Neural
Networks (CNNSs) are the cornerstones of innovation that make it possible to understand the subtleties concealed in food
photos. Because of their hierarchical architecture, CNNs can transform complex visual data into insightful understandings
that allow for a more nuanced understanding of the culinary landscape. In addition to identifying ingredients, this study
aims to utilize CNNs' capacity to interpret cultural influences and cooking technique nuances.

This research aims to democratize culinary knowledge by analyzing CNNs' performance in creating recipes, giving
people the confidence and creativity to take on culinary adventures. The culinary world is a patchwork of tastes, textures,
and cultural influences, and every dish reflects the creativity of people throughout history.

The need for tools to solve the mysteries of food imagery has never been greater than in the digital age when food
experiences are shared and celebrated worldwide. CNNSs are the innovators in this field, providing a means of deciphering
the intricacies hidden in food photos. This research aims to democratize culinary knowledge by assessing CNNs'
performance in creating recipes, spurring a fresh wave of culinary innovation and exploration. CNNs' potential lies in
helping us explore uncharted territories.
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Cheeseburger

Ingredients
pepper, bun, onion, beef, choese, lettuce, ketchup, salt, mustord

worcestershiro _souce

over medium heot until no longer pink; drain

hre souce, soit and pepper

of bung; top with bee! minture and lettuce.

Figure 1: lllustration of a generated recipe, composed of a title, ingredients and cooking instructions using CNN

Figure 1 illustrates a novel method for using convolutional neural networks (CNNSs) to automatically generate recipes
from images. The title, ingredients, and cooking instructions of a recipe can be extracted using this technique, which
makes use of CNNs' potent image recognition and processing capabilities.

The model can precisely identify textual patterns and structural elements specific to recipe formats by examining the
visual representations of recipes. The CNN efficiently converts visual recipe data into structured text by combining title
extraction, ingredient recognition, and cooking instruction parsing; this allows for the automated creation of full recipes.
Therefore, by showing how CNNs can comprehend and interpret complex visual information linked to culinary content,
this research advances the fields of computer vision and natural language processing.

1. ANALYSIS BY GRAPH AND TABLE

Recipe CNN Accuracy & Loss Graph
- Loss
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Accuracy/Loss

~
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Graph 1

Graph 1 shows how the Convolutional Neural Network (CNN) model performed during the recipe reconstruction process
in terms of accuracy and loss over iterations. The training epochs or iterations are represented by the x-axis, and accuracy
or loss is indicated by the y-axis. The percentage of correctly predicted recipes is measured by accuracy, and the
discrepancy between the predicted and actual recipes is indicated by loss. The model is trained during the iterations,
honing its parameters to increase precision and decrease loss. The trend lines show how these metrics change during
training, revealing information about the learning dynamics of the model. In general, as the model gets better at
reconstructing recipes from food photos, we should see an increase in accuracy and a decrease in loss.
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Model IolU Fl
F¥Fpce 17.85  30.30
FFrow 26.25 4158
Model ppl FFpe 2722 4280
Independent 8.59 Ftrop 2854 44N
Seq. img. first  8.53 TFiise 2048 45.55
Seq. ing. first 85.61 TFiie + shuf.  27.86 4358
Concatenated 8.50 TF et 31.80 48.26
Table 1

The evaluation results of various models are shown in Table 1 based on two important metrics: the global ingredient
intersection over union (loU) & F1 score and recipe perplexity (ppl). Lower values indicate better performance. Recipe
perplexity measures the uncertainty or "surprise” of the model in predicting the next word in a recipe sequence. Higher
values indicate better alignment. The global ingredient loU and F1 score evaluate the overlap between predicted and
ground truth ingredients in recipes. The table 1 provides the perplexity and IoU/F1 scores for the different model
configurations, including Independent, Sequential image first, Sequential ingredient first, Concatenated, FFBCE, FFIOU,
FFDC, FFTD, TFlist, TFlist + shuf., and TFset. These metrics function as reference points to assess how well various
model architectures and training approaches reconstruct recipes from food photos. (The model selection criteria and
strategies used to assess Convolutional Neural Network (CNN) architectures for recipe reconstruction tasks are FFBCE,
FFIOU, FFDC, FFTD, TFlist, TFlist + shuf., and TFset. While Focused Feature-based Intersection over Union (FFIOU)
maximizes the intersection over Union (loU) between predicted and ground truth ingredients, Focused Feature-based
Cross-Entropy (FFBCE) optimizes cross-entropy loss. Focused Feature-based Tversky Dice (FFTD) strikes a balance
between recall and precision, while Focused Feature-based Dice Coefficient (FFDC) maximizes the Dice coefficient.
Top features are prioritized by TFlist, training shuffling is incorporated by TFlist + shuf., and sets of pertinent features
are taken into consideration by TFset. These techniques concentrate on particular features and optimize pertinent metrics
to improve the model's capacity to faithfully recreate recipes.)

1. RELATED WORK

Progress in Visual Food Identification: Scholars have utilized Food-101 and RecipelM datasets to improve image
classification and carry out food-related tasks like ingredient identification and calorie estimation [1, 2, 3, 4].

Understanding Global Gastronomic Traditions: Through cross-regional analyses of food recipes, culinary data
analysis has revealed correlations between recipes, ingredients, and images that help to explain global culinary practices

[5].

Procedural Recipe Creation Techniques: Using procedural text generation from ingredient lists and flow graphs,
computer scientists have investigated the creation of comprehensive access to recipes and cooking techniques [6,7,8].

Food Image Analysis for Recipe Reconstruction: Researchers have developed methods in image processing to extract
data from food images, including the estimation of ingredients and quantities, which can help with recipe reconstruction
[9, 10, 11].

Encouraging Culinary Exchange through Digital Platforms: These days, people can share recipes and culinary
experiences online, fostering a diversity of gastronomic customs and promoting international culinary exchange [12, 13].

Use of Deep Learning for Creative Tasks: With encouraging results, there is an increasing emphasis on using deep
learning for more creative tasks like poetry creation and visual storytelling [12, 14].

Al-Driven Image Captioning in Culinary Contexts: To demonstrate the usefulness of Al technologies in culinary

applications, neural networks have been applied to image captioning to produce evocative captions for food images
[15,16].
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Examining Deep Learning Architectures for Recipe Generation: The efficiency of deep learning architectures, such
as DenseNet201 and conventional CNNSs, in identifying patterns in food photos and producing recipes has been
investigated, exposing their advantages and disadvantages [17, 18].

V. DATASET

Utilizing the large RecipelM dataset for our research, which consists of 1,029,720 recipes from different cooking
websites. With 720,639, 155,036, and 154,045 recipes in total, the training, validation, and test sets of this dataset are
carefully separated.

All of the recipes in the dataset have the following basic elements: a title, an ingredient list that is comprehensive, cooking
instructions, and if desired, an image. We use strict filtering criteria to ensure the accuracy and dependability of our data,
removing recipes that have fewer than two ingredients or two instructions. As a result, our refined dataset, which provides
a solid base for our research, consists of 252,547 training samples, 54,255 validation samples, and 54,506 test samples.

V. IMPLEMENTATION

[1] Approach to Image-to-Recipe Problem:
Treats image-to-recipe as a retrieval task, matching images to recipes in a fixed dataset based on image similarity scores.

[2] Dataset Handling:
Trained and evaluated on the RecipelM dataset, consisting of over 1 million recipes scraped from cooking websites, with
images associated with each recipe.

[3] Model Architecture:

Employs a standard CNN architecture, designed for image classification tasks and adapted to process both image and
text inputs simultaneously.

[4] Training and Evaluation:

Trained on RecipelM dataset with joint image and text features, optimized to minimize a combination of classification
and regression losses. Evaluated on test set for accuracy in predicting recipes from images.

[5] Model usage:

Deployed as a recipe prediction system, allowing users to upload images for recipe recommendations based on visual
similarity to images in the RecipelM dataset.

[6] Performance and Considerations:

Effectiveness depends on dataset size and diversity, as well as the quality of learned embeddings, with potential
limitations in cases where matching recipes are not present in static data.

VI. MODEL

Dl

Figure 2
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As per figure 2 the user uploads or chooses an image to be used as input at the start of the CNN model architecture. The
recipe dataset, which is a sizable collection of culinary data, and this preprocessed image are then fed into the CNN
model. Using methods like multimodal fusion, the CNN model simultaneously processes recipe data that is presented as
images and text. Consequently, the model produces an output in the form of a recipe, offering users customized recipe
suggestions predicated on the visual resemblance between the uploaded image and those contained within the dataset. In
order to maximize recipe predictions, the CNN model also dynamically modifies its parameters during training. Based
on user-uploaded images, the model provides a reliable way to generate recipe recommendations through the smooth
integration of text and image data.

VII. ARCHITECTURE
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Figure 3

In Figure 3 the CNN model's architecture starts with gathering a sizable dataset of food photos and the labels that go with
them. This ensures that there is diversity in the recipes and types of food, which strengthens the model's resilience.
Preprocessing steps, such as resizing images, normalizing pixel values, and augmenting the dataset with random flips,
rotations, or crops to improve generalization to unseen data, are applied after data collection to improve training efficacy.
The dataset is then divided into training and validation sets, the latter of which is used to assess performance and reduce
overfitting and the former of which is used for training the model. Convolutional Neural Networks (CNNSs) are used in
model architecture because of their ability to capture spatial features that are essential for image recognition tasks. The
convolutional layers in the CNN architecture which extract key features like textures and edges; fully connected layers
for final classification or regression tasks; pooling layers to lower spatial dimensions; and activation layers to introduce
non-linearity. The foundation for precise food image recognition and recipe generation is laid by this all-encompassing
architecture, which guarantees thorough feature extraction and efficient model training.

VIIl.  RESULTS AND DISCUSSION

The CNN model's strengths and weaknesses in image-to-recipe prediction are shown by a thorough examination of its
effectiveness. When processing datasets as large as RecipelM, the CNN model showed remarkable accuracy. It is
appropriate for a wide range of culinary applications due to its capacity to handle enormous volumes of data. The model
demonstrated an impressive ability to identify intricate patterns in food photos, allowing for precise recipe predictions.
Moreover, the model's accuracy varies depending on the type of food. Specifically, the CNN model showed weaker
performance when it came to picking up on the subtleties of certain cuisines, like Indian food.

This research indicates that to better accommaodate different culinary traditions, it may be necessary to make architectural
improvements or adjust training methods. The performance of the CNN model was satisfactory in terms of efficiency.
Processing and analyzing huge datasets efficiently was made possible by its design and training techniques. Efficiency
can still be increased, though, especially in terms of processing speed and memory usage.

All things considered, the CNN model is a promising tool for a variety of culinary applications due to its impressive

efficiency and accuracy in image-to-recipe prediction. More investigation is required to improve its performance in a
variety of culinary contexts and maximize its effectiveness when handling sizable datasets.
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IX. FUTURE DIRECTIONS

To overcome the limitations found in this study, future research directions in image-to-recipe prediction using deep
learning models should concentrate on these areas. Enhancements to the architecture can be investigated to increase the
CNN model's accuracy in a variety of cuisines, and training techniques can be improved to better capture the subtleties
of various culinary customs. Model compression and pruning are two efficiency optimization strategies that should be
looked into if you want to increase processing speed and decrease memory usage without sacrificing accuracy. The
predictive power of the model may also be improved by integrating outside culinary expertise and investigating different
deep learning models, such as Transformers or Graph Neural Networks. Future research can help create more effective
and efficient Al-driven culinary applications by exploring these research avenues.

X. CONCLUSION

This study illustrated the CNN model's potential for image-to-recipe prediction. Concerning processing large-scale
datasets and identifying intricate patterns in food images, the model's remarkable accuracy lays a solid basis for its future
culinary applications. Even though it proved difficult to accurately depict a variety of cuisines, these topics offer chances
for additional study and creativity. Future research can concentrate on improving the model's architecture, training
techniques, and efficiency by building on the knowledge obtained from this study and investigating different deep-
learning strategies. More efficient and adaptable Al-driven culinary applications will emerge as image-to-recipe
prediction models continue to advance.
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