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I 

 

Abstract 

Dietary decisions affect obesity, arterial occlusion, and heart disease. Human 

health care specialists such as dietitians cannot be with every user as guiding person 

manually toward optimal choices is a difficult process. Accordingly, the combination 

of  the automated adaptive guidance with expert knowledge can help provide a scale 

health advice technologically without human intervention. This thesis focuses on 

recommending best restaurants to users, depending on their information. The proposed 

system analysis the restaurants food photos to extract new nutrition information and 

improve the accuracy of predicting best restaurants based on nutrition facts. 

The thesis adopts the Convolutional Neural Network (CNN) technique to 

analyse food photos and extract a list of ingredients of meal dishes. The extracted 

ingredients from photos are used to calculate nutrition information for each meal. The 

extracted latent features from photos are combined with other users' information to 

check restaurant similarities to their neighbours. Then the system picks a group of the 

nearest restaurants to recommend similar preferences to the current user. Thus, a 

collaborative filtering recommendation system is adopted in this work. 

The proposed system is evaluated by the recall and NDCG of the 

recommended products for all users during the training set period and comparing them 

to the most recent period of user preferences as a testing set. Recall values range 

between 1% and 97%, and the average is 47%, whereas the NDCG values range 

between 23% and 50% in which 33 % is the average of the entire system. Yelp has 

functioned as a data-driven application and has made a dataset containing business 

information, user information, and check-in data. The experiment is implemented on 

the Yelp dataset that was crawled by the proposed system. 
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Chapter One 

General Introduction 

1.1  Background 

E-trade websites flourish rapidly and allow hundreds of thousands of 

items to be sold [1]. Selecting an item from many such options requires using an 

extra tool known as a recommender system [2], [3]. The recommender system 

(RS) enables consumers to find out things they might not have noticed otherwise. 

It gathers information about the user's preferred items and then suggests them [4]. 

Several e-commerce businesses have adopted the Collaborative Filtering (CF) 

strategy [4], including Amazon Prime Video, Yelp [5], marketplace, and 

AliExpres. The popularity of CF approaches is because of sharing the 

participants' interests. Calculating the typical user rating [6] is utilized  to watch  

identical  users or things. When sufficient rating information is available, CF 

approaches are practical [4]. 

In addition, food from important things that represent the quality of the 

place and the places with the highest values are those that can be directly tied to 

the variety of food available. However, one of the primary challenges is managing 

users' health effectively at all times and locations.  

     According to previous works, a recommendation system 

incorporating user personal information and context and food resources will 

shape the future of health behaviors. Explored this principle by directing users 

toward healthy food selections tailored to their biological and contextual 

characteristics [7]. 

Most people ignore notable foods and restaurants in their 

neighborhoods [8]. This is true not only for foreigners or visitors but also for the 

indigenous people. With the proliferation of restaurants, clients frequently 

become perplexed about the ideal restaurant for their interests. As a result, 
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individuals will have difficulty locating the best location and food to eat, 

especially if they are new to the area [9]. 

Additionally, the location is critical in efficiently determining the 

customer's preference efficiently. In [10], almost all social networks employ 

location information to provide better user services. As a result, a location-aware 

recommender system is required. 

Daily, about 3 billion images are exchanged on social media due to the 

widespread use of camera-equipped smartphones and the growing popularity of 

numerous photo-sharing platforms [1]. Consumers worldwide were anticipated 

to snap 1.3 trillion photographs in 2017. Consumers enjoy photographing of their 

dining experiences and sharing them online [11]. Moreover, restaurants provide 

a wealth of information about consumer ratings, restaurant attributes, and the 

competitive landscape. As a result, it provides with photographs containing 

attributes that can be extracted as features and other metadata that help predict 

the best restaurant in a given location. 

Photographs convey a wealth of information about the restaurant (e.g., 

food items served, ambiance, etc.). Hypothesize that these images will assist 

viewers visualizing how much they could love the food items and/or their eating 

experience. Thus, when creating suggestions based on metadata, results can be 

enhanced in more accurate recommendations. The researchers use machine 

learning techniques to extract various attributes from 755,759 Yelp images [1]. 

The recommendation system for restaurants significantly impacts 

social media [8]. The purpose of this present thesis is to provide consumers with 

new upgraded recommendations. The suggested recommendation system is based 

on extracting new features from photographs in the Yelp dataset and their 

associated metadata and location tags. The suggested enhancements are based on 

an analysis and prediction of ingredients of food meal dishes, after a prediction 

of ingredients used to extract latent information to create a new rating matrix 

based on user preferences and restaurant features. 
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From the related works, the researchers found low accuracy [2] of the 

recommended system for the list of user preferences (preferred restaurants).  So, 

this model is suggested to raise the RS accuracy and create a mechanism for 

implementing a newly merged rating matrix using multiple data threads. 

The suggested method also tries to decrease the sparsity of the original 

rating data by enhancing the system's implicit feedback. It considers users' 

behavior and online shared tagged photos. Finally, Collaborative Filtering (CF) 

is the core of the suggested model to recommend more efficient choices a user 

may prefer. 

1.2 Problem Statements 

After reviewing related works and conducting some analysis studies on 

the Yelp dataset. The Proposed system focused on some significant problems that 

are addressed in the suggested model:  

• Extraction of nutrition information from food photos, is an open problem 

in the recommender systems and has not been discussed clearly in previous 

research [18][19]. 

• The prediction of such food types needs to be verified from meal dishes 

photos, and there are problems in extracting their latent features. 

• According to previous research, predicting user preferences from current 

row data obtained low accuracy [20]. However, rating data suffers from 

sparsity. 

• A rating matrix that depends on an implicit feedback model suffers from 

degradation; such a model must depend on multiple data categories.  
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1.3 Related Works 

Most restaurant recommendation systems focus on extracting features 

from metadata on social media and predicting food images. This is to help predict 

a good restaurant using filter algorithms. Studies explicitly solved image food 

prediction problems and extracted Nutrition Information (latent features).   

Researchers have recently started to work on cross-prediction food 

photos and restaurant recommender-based preferences of users (metadata). 

 Existing research can be divided into three groups which are Food 

Photos Prediction, Nutrition Information Extraction Techniques, and 

Recommender Systems.  

1.3.1  Food Photos Prediction 

Deepak et al.(2022) proposed a model that takes an input food image 

and classifies it using Convolutional Neural Networks (CNN) layers according to 

the training list of food categories. Then, based on the selected category, it 

displays the estimated nutritional value of the food item. In this scenario, they 

recognized the food image using CNN, a Deep Learning approach, bypassing it 

through layers such as Dense, Dropout, Flatten, Conv2D, and Maxpooling2D. 

Additionally, they designed a system that uses an ever-growing and dynamic 

collection of culinary images. they know that food and its classes are immense 

and constantly growing, resulting in the disastrous loss of idealistic notions in 

present systems [12]. 

Luo et al.(2020) suggested convolutional attention based on the value 

of visual information and the efficacy of deep learning to examine the importance 

of various categories of images in restaurant suggestions. The model is fed multi-

view restaurant photos (containing food, drink, inside, and outside) and a user 

restaurant rating matrix. A pre-trained deep convolutional neural network extracts 

the images' high-dimensional expressiveness [14].  
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Zhang et al.(2020) presented a model for restaurant's prediction and 

rating that incorporates multi-view visual information and implicit feedback data. 

The photos' visual features (visual information) are retrieved and merged into a 

collaborative filtering framework using a deep convolutional network. To 

improve personalization, the multi-view visual elements are combined using 

user-related weights. Weights assigned to users reflect each user's unique 

aesthetic taste for restaurants, and the weights are unique and autonomously 

amongst individuals [15].  

Hashmi et al.(2019) proposed a model for semantically embedding 

image-specific information into the star rating and recommendation processes 

using this rich image data of food. A transfer learning strategy was applied to 

employ pre-trained CNNs (Convolutional Neural Networks) to label Yelp food 

photographs using the Food101 data set. Restaurant star ratings were developed 

by establishing a correlation between restaurant photographs and images 

submitted by users. An approach was suggested to identify hidden characteristics 

of food photos and descriptions employed in the recommendation strategy [2].  

Sun et al.(2019) offered a model using the XGBoost algorithm and 

machine learning techniques to an image classification model for classifying food 

photos and extracting new features [17]. 

Sundermann et al.(2018) proposed a model for evaluating images to 

generate features specifying whether a restaurant is a Survival or not, utilizing the 

XGBoost technique to implement decision trees optimized for speed and 

performance analyzing photos uses the Clarifai API [10].  

Peng et al.(2017) suggested a methodology that utilized machine 

learning techniques, specifically image classification algorithms to determine the 

context and rich information associated with various Yelp photos. Trained and 

tested the dataset using three distinct models [16]. 

Some of these studies have not considered predicting of meal food 

photos in Yelp dataset and extracting latent food features. Most researchers 
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focused on predicting general photos, not meal food, and extracting general latent 

features. Additionally, some researchers focused on food photos, not meals but 

raw food. Finally, researchers predict meal food photos but with low accuracy. 

Therefore, predicting meal food and features extraction from photo analysis with 

reasonable accuracy is a work not reviewed in other related works. This technique 

will handle in the proposed research. 

1.3.2   Nutrition Information Extraction 

Kumar et al.(2021) proposed Support Vector Machine (SVM) and 

enhanced Multilayer Perceptron (MLP) models are used in research to perform 

food item recognition and calorie prediction. The suggested study utilizes a 

variety of preprocessing approaches, segmentation, and feature extraction to 

analyze a single food item. For recognition, the collected features are input into 

SVM and MLP classifiers [18]. 

Liang et al.(2018) offered deep learning neural networks that were used 

to create an approach for automatically predicting meal calories from ingredient 

pictures. The method begins by training an object recognition model to recognize 

all the food elements in the image, using the white dish as a reference object. It 

then uses polynomial linear regression to fit the relationship between the weight 

of the food ingredient and the area of the food ingredient in the image. Finally, it 

estimates the calories from the ingredients' calorific values [19].  

Such papers do not estimate nutritional information from meal food 

photos. Some researchers focused on estimating nutritional information from 

general categories of food photos. Additionally, some researchers only focused 

on estimating nutritional facts from meal titles. Therefore, extracting the 

ingredients of food from meal food photos and estimating nutritional information 

is a work not reviewed in previous related works. This technique will be handled 

in the proposed system. 



Chapter One                                                                                      General Introduction 

7 

 

1.3.3   Recommender Systems 

Varatharajan et al.(2022) suggested an approach that assists users in 

selecting the optimal food to consume based on their food preferences. The 

application is intended for everyone who wishes to eat at a restaurant. 

Collaborative filtering is used to power the restaurant suggestion system, and this 

model considers the user's meal preferences and ratings when making food 

recommendations. This collaborative filtering technique combines item- and 

user-based filtering [20].  

V. J. C and J. S. Raj (2021) proposed a model to study the effect of 

location on business success through a matrix factorization model along with 

other location-related characteristics (postal code, latitude, longitude, etc.) [21]. 

Nag et al.(2017) offered a model quantifying the food ingredients on 

the menu and providing recommendations based on the user's food preferences 

[22].  

Such studies make recommendations based on user metadata 

preferences, not food photo features. Additionally, some researchers focused on 

extracting latent features from food menus (text mining) to support 

recommendations. Therefore, extracting new features (nutritional information) 

from meal food photos is a work not reviewed in previous related works. This 

technique will support the recommendation in the proposed system. The 

researchers have obtained combined features from metadata or features extraction 

from photo analysis to support the recommender system, which is a good blend 

that will handle in the proposed research. 

1.4 Thesis Objectives 

In this thesis, the main aim is to build a restaurant recommender system 

with acceptable accuracy based on user preferences. Four objectives are 

developed through the implementation of the proposed system: 
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• Suggesting a model to be used for nutrition information extraction from 

Food Photos using the Nutrition5k dataset. 

• Generating a new (photo-data) implicit feedback—model to produce newly 

latent features. 

• Producing a newly hybrid rating matrix that can reduce sparsity. 

• Using the proposed recommender system to predict best restaurants based 

on nutrition facts. 

1.5 Thesis Organization 

This thesis is structured as follows:  

Chapter Two (Theoretical Background): This Chapter discusses the 

main concepts used in this thesis such as food ingredients estimation, nutrition 

information extraction, and recommender system list the main theoretical 

approaches of food ingredients estimation and nutrition information extraction. 

The proposed system used recommendation techniques like Collaborative 

Filtering (CF) and some similar measurement methods used in it. 

Chapter Three (The Proposed System): This Chapter identifies and 

describes the practical aspects of the suggested algorithms and techniques used 

to develop the proposed system. 

Chapter Four (Results and Discussions): This Chapter exhibits the 

system's results via tables and graphs. It presents the preliminary versions of the 

study and the most significant findings in this thesis.  

Chapter Five (Conclusions and Future Works): This Chapter provides 

a comprehensive assessment of this thesis's fundamental concerns and applicable 

system and future work that can be built upon the suggested system or to create 

new techniques to improve the outcomes and the work itself.  
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Chapter Two 

Theoretical Background  

2.1  Overview 

This chapter provides a theoretical background that forms the basis of the 

proposed thesis. It reviews the concepts of food photos, nutrition information 

extraction methods, and types of nutrition information that can be utilized. Profiling 

options for user interactions and data collection are also reviewed. Then, the Light 

Graph Convolutional Neural network (LightGCN) algorithm is examined in detail. 

After that, the similarity metrics utilized by the proposed system are introduced. 

Finally, the research datasets are discussed. 

2.2 Food Photos 

Sharing food-related images on social media has become fashionable, and 

people search for interesting culinary dishes and establishments. As a result, in-depth 

studies for numerous applications were linked to food recognition, eating behaviors, 

and dietary evaluation that have focused on detecting, classifying, and evaluating 

food items [49]. 

Food-related images have become increasingly popular due to social 

media, food recommendations, and dietary assessment systems. For example, 

sharing dining-out experiences on social media is a new trend. People are becoming 

increasingly interested in learning more about different parts of their food and 

finding and sharing new cuisines. In recent years, many efforts on food recognition 

based on various visual representations have been published [50]–[52]. Most of these 

studies are limited to a few food classes in controlled conditions [50].
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 Food recognition using only visual information remains a difficult task. 

Food things, unlike objects, are malleable and have a high degree of variability. For 

example, different cooking procedures and spices will result in distinct appearances 

of the same food. Furthermore, several meals share many ingredients, making 

variations within food classes challenging to discern. Another possible challenge is 

that the appearance and presentation of the same dish in different places add to the 

difficulty of recognizing it. 

2.2.1   Geotagged Photos 

Digital photographs with spatial information are usually referred to as 

geotagged photos. Photographs can be geotagged manually or automatically. A 

geotag saves the latitude and longitude coordinates of each Joint Photographic 

Experts Group (JPEG) file into the Exchangeable Image File (EXIF) data space [23]. 

When geotagged images are published to online sharing communities such 

as Facebook or Twitter, the image can be viewed on a map to determine where it 

was shot. In this manner, users can view images from a map, search for images from 

a specific area, and discover images taken by other users of the exact location. 

Numerous cell phones geotag their photographs, and photographers who do not wish 

to share their location can disable this function.   

Geotagging is utilized to determine social tendencies [30]. For instance, 

Instagram has a considerable number of geotagged images and videos that are joined 

with hashtags in captions utilized by owners. This is to describe the images’ content 

and, in some cases, their feelings and moments relevant to those photos. This can 

significantly improve place information such as exciting items and activities at that 

place. For instance, Golden Gate Park may be a good option if a user seeks a place 

to rest. They obtain this vital information by analyzing various hashtags based on 

users' experiences at that site [32]. Figure 2.1 shows a food geotagged photo example 
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in Fawaness Restaurant in the Hilla location. This photo was posted on the owner’s 

Instagram.   

 

Figure 2.1: Food Geotagged Photo Example 

2.2.2   Techniques for Extracting Features 

Food research has fast expanded techniques for extracting features from 

visual contents in images since computer vision, and image processing technology 

have proliferated in the Artificial Intelligence field. The convolutional neural 

network (CNN), one of the artificial neural networks, is widely used in the analysis 

of the visual content of photographs because it performs well in image recognition 

and classification [16].  

The Meta-researchers collaborate with Universitat Politecnica de 

Catalunya researchers to build a Facebook Inverse Cooking Algorithm that predicts 

a full recipe from an image better than humans. This program can expect ingredients, 

cooking instructions, and a recipe title based on an image alone [31]. 

 Figure 2.2  illustrates an example of the work of this algorithm. 
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Figure 2.2: An Example of a Generated Recipe by the Inverse Cooking Algorithm [31] 

Previously, the algorithm relies on simple recipe retrieval systems based 

on visual similarities in an embedding space. Currently, these methods heavily relies 

on the learned embedding's quality, dataset size, and variability. Thus, these methods 

fail when the input image and the static dataset do not match [31].  

Instead of extracting a recipe straight from a picture, the inverse cooking 

method provides a pipeline with an intermediate stage where the list of ingredients 

is first obtained. This allows the instructions to be generated not just with the image 

but also with the components. Figure 2.3 illustrates Inverse Cooking Recipe 

Generation Model [31]. 



Chapter Two                                                                                   Theoretical Background 

13 

 

 

Figure 2.3: Inverse Cooking Recipe Generation Model [31] 

In [31], they assess the quality of expected elements using user trials to 

evaluate the model's effectiveness was assessed. The study compared their model's 

performance to that of humans in ingredient production by randomly selecting 

sixteen photos from the test set and asking participants to choose up to 22 different 

ingredients that correspond to the presented image. To lessen the work's complexity 

for humans, they lowered the number of words for ingredients from 1489 to 220 by 

growing the frequency threshold from ten to one thousand. The paper received 

responses from 31 unique individuals, averaging 5.6 responses per image. The study 

retrain top ingredient predict algorithm by restricting several words of components 

to ensure a fair comparison. The paper calculates Intersection over Union (IoU) and 

F1 ingredient evaluations gathered from humans, the recapture baseline, and their 

methodology. Humans outperform the retrieval reference standard 35.25% F1 vs. 

30.60%. F1 of 35.25 percent vs. 30.60 percent, respectively were obtained. 

Additionally, technique beats baseline human performance and retrieval-based 

systems, with an F1 score of 49.09 percent [31]. 

In [31], the proposed model uses only the ingredient list generation part 

from this model to generate a list of ingredients for each food photo and extract new 

features from these ingredients, as shown in Algorithm 2.1. 
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A list of ingredients varies in size, a systematic gathering of distinct meal 

ingredients. Training data be composed of 𝑴 photos and ingredient list pairs; the 

target {(𝒙(𝒊), 𝑳(𝒊))}
𝒊=𝟎

𝑴
 is to predict  𝑳̂ predict list from a photo 𝒙 by maximizing the 

next objective [31], as shown in Equation 2.1 [31]: 

𝒂𝒓𝒈 𝒎𝒂𝒙
𝜽𝑰,𝜽𝑳

∑  𝑴
𝒊=𝟎 𝒍𝒐 𝒈 𝒑(𝑳̂(𝒊) = 𝑳(𝒊) ∣ 𝒙(𝒊); 𝜽𝑰, 𝜽𝑳)                                          2.1 

𝜃𝐼: learned features extracted from food photos using Resnet50 

𝜃𝐿: learned features extracted from ingredients list using Transformer model 

𝐿: list of ingredients in 1milion recipe dataset 

𝑀: food photos 

𝑥: food photo 

𝐿̂: predicted list 

A set of ingredients is a variable-sized, disorganized grouping of distinct 

meal ingredients. The model can gain a set of ingredients 𝑺 set of ingredients by 

choosing 𝑲 ingredients from the dictionary; 𝓓: 𝑺 = {𝒔𝒊}𝒊=𝟎
𝑲  training data be 

composed of 𝑴 photos and ingredient set pairs: {(𝒙(𝒊), 𝒔(𝒊))}
𝒊=𝟎

𝑴
 In this case, the 

Algorithm 2.1 : Inverse Cooking Model [31]: 

Inputs : Photos : JPG file                                 // Food Photos from Yelp dataset 

Outputs : IngredientsList : list[]                       // The Result list of ingredients 

Process :  

Begin 

FOREACH photo in Photos  DO 

Begin 

            PhotosFeatuers  Encode (photo)  // Uses ResNet50 

            IngedientsList  IngedientsPredict(PhotosFeatuers) // Uses Transformal Model 

End 

Return IngedientsList 

End 

 

s 
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target is to predict 𝐬̂ set of ingredients prefrom a photo 𝐱 by maximizing the next 

objective [31], as shown in Equation 2.2 [31]: 

𝒂𝒓𝒈 𝒎𝒂𝒙
𝜽𝑰,𝜽𝑳

∑  𝑴
𝒊=𝟎 𝒍𝒐 𝒈 𝒑(𝒔̂(𝒊) = 𝒔(𝒊) ∣ 𝒙(𝒊); 𝜽𝑰, 𝜽𝑳)                                          2.2      

𝜃𝐼: learned features extracted from food photos using Resnet50 

𝜃𝐿: learned features extracted from ingredients list using Transformer model 

𝑠: list of ingredients in 1milion recipe dataset 

𝑀: food photos 

𝑥: food photo 

𝒔̂: predicted set 

The researchers employed a target distribution technique  𝒑(𝒔(𝒊) ∣ 𝒙(𝒊)) =

𝒔(𝒊)/∑𝒋  𝒔𝒋
(𝒊)

 to model the joint distribution of set elements and train a model by 

minimizing the cross-entropy loss between 𝒑(𝒔(𝒊) ∣ 𝒙(𝒊)) and the model's output 

distribution 𝒑(𝒔̂(𝒊) ∣ 𝒙(𝒊)), Despite that, it is unclear how to transform the objective 

distribution back to the set of items with mutable cardinality. In this case, [31] built 

a feed-forward network and trained it with the objective distribution cross-entropy 

loss. To recover the ingredient set, in [31], the researchers proposed sample 

element's probabilities 𝒑(𝒔̂(𝒊) ∣ 𝒙(𝒊)) greedily and stop the sampling once the sum of 

probabilities 𝒑(𝐬̂(𝒊) ∣ 𝐱(𝒊)) of chosen elements is above a threshold. Therefore, 

referred to this model as feed-forward (objective distribution) [31].  

One of the method's key accomplishments was to outperform a baseline 

recipe retrieval system and the average human in predicting the ingredients from an 

image. Table 2.1 illustrates evaluation metrics for Inverse Cooking Model [31]. 

 

 



Chapter Two                                                                                   Theoretical Background 

16 

 

Table 2.1: Left: Intersection over Union(IoU) and F1 scores for ingredients gained with retrieval 

way, Facebook’s methodology. Right: Recipe success rate based on human judgment [31]. 

 IoU F1  Success % 

Human  21.35 35.21 Real 80.32 

Retrieved 18.02 30.54 Retrieved 48.82 

Inverse Cooking Model 32.51 49.07 Inverse Cooking Model 55.46 

 

The inverse Cooking algorithm was used to develop and publish food 

recommendation system applications. The user is given many ideas based on the 

expected components in the online application, such as possible ingredient 

combinations [31]. 

The first stage in the proposed methodology is pre-trained convolutional 

neural network model using the learning-based CNN model (Recipe Retrieval 

Algorithm) for ingredient prediction of food meals. This section of the model is split 

into two major phases. The initial stage image encoder extracts features from food 

photos using Resnet50 encoder and obtains the ingredient embedding. In the second 

phase the decoder architecture is used to predict a list of ingredients using the 

transformer model [31]. As shown in Figure 2.4. 

 
 

Figure 2.4: Predicted Ingredients Model [31] 
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A)   Image Encoder 

Based on the convolutional neural networks (CNN) model and introducing 

a deep-residual-learning framework, ResNet can successfully address the 

degeneration problem as network depth increases. In this thesis. ResNet50 

Algorithm 2.2 was designed as the features extraction network of food meals stacked 

upon each other to form the primary building block of ResNet architecture as shown 

in Figure 2.5 [31]. Table 2.2 explain ResNet50 algorithm. The residual module has 

two options. It can either implement a series of operations on the input or overshoot 

all of them. These stacked residual modules fit a whole network.  

Table 2.2: Resnet50 Details [28]. 

 

Stage Description 

       Zero-padding pads the input with a pad of (3, 3). 

Stage 1 • The 2D convolution has 64 filters of shape (7, 7) 

• BatchNorm is applied to the channel’s axis of the input 

• Max-pooling uses a (3, 3) window and a (2, 2) stride. 

Stage 2 • The convolutional block uses three set of filters of size [64, 64, 256]. 

• The 2 identity blocks use three set of filters of size [64, 64, 256]. 

Stage 3 • The convolutional block uses three set of filters of size [128, 128, 512]. 

• The 3 identity blocks use three set of filters of size [128, 128, 512]. 

Stage 4 • The convolutional block uses three set of filters of size [256, 256, 1024]. 

• The 5 identity blocks use three set of filters of size [256, 256, 1024]. 

Stage 5 • The convolutional block uses three set of filters of size [512, 512, 2048]. 

• The 2 identity blocks use three set of filters of size [512, 512, 2048]. 

      The 2D average pooling uses a window of shape (2, 2) 

      The flatten layer (learned featuers) 
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Algorithm 2.2 : Resnet50 Algorithm [28]: 

Inputs : photos: JPG file                                       // Food Photos 

Outputs : learned_featuers : Vecter of Integer     // Learned Featuers 

Process :  

Begin 

FOREACH photo in Photos DO 

Begin 

              ZeroPad  ZeroPadding2D((3,3))             // add zero to input photo 

                   X  Conv2D (64, (7, 7), strides=(2, 2), name='conv1', kernel_initializer=glorot_uniform     

                         (seed=0))( ZeroPad)                              // apply convolution process                                                                                     
                   X  BatchNormalization (axis=3, name='bn_conv1')(X)    // make normalization 

                   X  Activation ('relu') (X)                                                       

                   X  MaxPooling2D ((3, 3), strides=(2, 2))(X)                    // select max value 
                   X  convolutional_block (X, f=3, flters=[64, 64, 256], stage=2, block='a', s=1)                                

                   X  identity_block (X, 3, [64, 64, 256], stage=2, block='b')   

                   X  identity_block (X, 3, [64, 64, 256], stage=2, block='c')  
                   X  convolutional_block (X, f = 3, flters = [128, 128, 512], stage = 3, block = 'a', s = 2)    

                   X  identity_block (X, 3, [128, 128, 512], stage=3,block='b') 

                   X  identity_block (X, 3, [128, 128, 512], stage=3,block='c') 

                   X  identity_block (X, 3, [128, 128, 512], stage=3,block='d') 
                   X  convolutional_block (X, f=3, flters = [256, 256, 1024], stage = 4, block='a', s = 2)      

                   X  identity_block (X, 3, [256, 256, 1024], stage=4, block='b') 

                   X  identity_block (X, 3, [256, 256, 1024], stage=4, block='c') 
                   X  identity_block (X, 3, [256, 256, 1024], stage=4, block='d') 

                   X  identity_block (X, 3, [256, 256, 1024], stage=4, block='e') 

                   X  identity_block (X, 3, [256, 256, 1024], stage=4, block='f') 

                   X  convolutional_block (X, f = 3, flters = [512, 512, 2048], stage = 5, block='a', s = 2)    
                   X  identity_block (X, 3, [512, 512, 2048], stage=5, block='b') 

                   X  identity_block (X, 3, [512, 512, 2048], stage=5, block='c') 

                   X  AveragePooling2D ((2,2), name="avg_pool")(X)                 // select average value                             
              learned_featuers  Flatten ()(X)                                                                                                             

     End 

RETURN learned_featuers 

End 
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Figure 2.5: Block Diagram of the Resnet50 Model [28]. 

For Training, 85 percent of photos were used as training data and 15 

percent of images as test data. The activation for all layers except the final layer was 

ReLU function. Adam was chosen for the optimization task with a learning rate (lr) 

of 0.0001. This network was trained through 100 training epochs, and data were 

transmitted to the network in batches of 16 sizes (batch-size). The length of each 

epoch was 28 seconds [31]. 

B)   Ingredient Decoder 

In this phase, the transformer model was used to generate a list of 

ingredients. The transformer uses encoder-decoder architecture. The encoder 

extracts features from the input (a sentence), and the decoder uses the features to 

produce an output list of ingredients [31]. 

In this case, there is no need to extract features because they are extracted 

using the Resnet50 network. Therefore, the transformer's decoder is needed as 

displayed in Figure 2.6. 
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Figure 2.6: The Block Diagram of the Ingredients Decoder 

Each decoder is comprised of three key elements: 1) a self-attention 

technique. 2) an attention technique over the encodings, and 3) a feed-forward neural 

network. The self-attention technique accepts input encodings from the preceding 

encoder and weights their relative importance to generate output encodings. The 

feed-forward neural network proceeds each output encoding individually and adds 

an attention technique that extracts relevant data from the features generated by the 

Resnet50. This technique is also known as the encoder-decoder attention because 

the decoder acts similarly to the encoder, except for the attention mechanisms [70]. 

Instead of encodings, the first decoder accepts positional information and 

embeds the output series as input. Therefore, the output sequence must be partially 

disguised to avoid this information flow in the opposite direction. This allows for 

the production of autoregressive ingredients. For each attention head, subsequent 

tokens cannot receive attention. The final decoder is followed by a final linear 

transformation and softmax layer as shown in Algorithm 2.3 to generate the output 

probability ingredients [70], (see Figure 2.7). 
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Figure 2.7: The Block Diagram of the Transformer Decoder [70] 

Algorithm 2.3 : Transformer Decoder Algorithm [70] : 

Inputs : ingredient_recipe: list of ingredient DS                      // 1 milion recipe dataset 

              learned_featuers: vecter of featuers                         // featuers extracted from ResNet50 

Outputs : ingredient_list: list of ingredient                          // list of ingredient extracted from model      

Process :  

Begin 

X  Embadding (ingredient_recipe)             // embedding to convert list into vector 
X  SelfAttention(X)                                    // weighted position of ingredient in list 

X  Attention(X, learned_featuers)              // use learned featuers to select from ingredients 

X  FeedForward(X) 

X  Linear(X) 

ingredient_list  Dense (activation='sofmax')(X)            // select best ingredient represent   

End                                                                                                    food meal 
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Nutrition information refers to related nutritional information on food, 

food products, or dietary supplements that are intended for one or more healthy 

population groups; the calorie value and composition of protein, fat, and carbs, as 

well as vitamins and minerals, are based on scientific data, reports, and research [32]. 

Food and nutrition information significantly affect humans' quality of life, health, 

and happiness [33]. The number of overweight or obese persons is increasing. 

According to the WHO, In 2016, more than 1.9 billion adults (39%) were 

overweight, and more than 650 million (13%) were obese [35]. Obesity is a 

significant cause of diseases. For these reasons, food-related research [36][37] has 

consistently been a hot topic and garnered significant attention from a variety of 

sectors. 

Nutrients are chemical compounds in food that the body needs to generate 

energy, structure, and regulate chemical processes. Nutrients are classified into six 

categories which are: Carbohydrates, Lipids, Proteins, Water, Vitamins, Minerals 

[38]. 

Nutrients are classified into macronutrients and micronutrients, organic 

and inorganic, and whether or not they supply energy to the body (energy-yielding) 

[38]. Figure 2.8 describes significant categories of nutrient information. 

 

Figure 2.8: Major Categories of Nutrients [38] 
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2.3 User Profiling  

Personalization of information has propelled recommender systems to 

new heights. Personalization allows these systems to deliver precise and effective 

user-specific recommendations. Personalization is facilitated by user profiling, 

which retrieves the information to personalize a situation while preserving a unique 

user profile for each user [39]. 

In addition, personalization has gained substantial importance in computer 

science, particularly in the applications of Recommendation Systems. A 

recommender system must accommodate several users with varied preference 

criteria. Recommender systems must fulfill the demands of all users, either by 

recommending user-specific goods or adapting to their needs. Consequently, the user 

profile aids the recommender system in comprehending the user's needs and acting 

appropriately [39]. 

Therefore, user profiling is identifying information about a user's benefit 

field. The system can use this information to learn more about the user, improving 

the retrieval process to the user's delight. two crucial features of user profiling are 

efficiently knowing the user and offering items of interest based on this knowledge 

[39].  

2.3.1   Explicit User Profiling 

Static profiling is the investigation of fixed and predictable user traits. This 

method predicts user behavior by examining available facts about the user. 

Typically, this data is gathered through online forms, questionnaires, etc. This 

technique is often referred to as static profiling. When researchers rely only on 

explicit profiling, they run into problems because users are reluctant to reveal their 

information out of privacy concerns or because the form-filling process is boring, 
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and the user attempts to avoid it. Therefore, the accuracy of this form of profile 

reduces with time [40]. 

2.3.2   Implicit User Profiling 

Instead of relying on the present information about the user, implicit 

profiling depends more on what will discover in the future, i.e., systems attempt to 

learn more about the user. Consequently, this type of system is often referred to as 

Behavioral Profiling, Adaptive Profiling, and, more commonly, the Ontological 

Profiling of the user. Various filtering approaches are also applied in such profiling. 

A wealth of academic literature describes different filtering strategies, including 

Rule-based filtering, Collaborative filtering, and Content-based filtering [41]. 

2.3.3   Hybrid User Profiling 

This strategy combines the advantages of both implicit and explicit user 

profiling. It takes a user's static and behavioral features into account, i.e., retrieving 

behavioral information about a user. This strategy improves the efficiency of 

profiling and maintains the correctness of temporal data by updating information in 

a temporal manner [42]. 

2.4 Profile Techniques 

By analyzing multiple experiments, the researchers can determine that a 

user profiling system can be broken down into subtasks such as profile extraction 

and profile integration. Lastly, benefit detection. Now, the numerous approaches for 

each of these responsibilities are discussed. 



Chapter Two                                                                                   Theoretical Background 

25 

 

2.4.1  Profile Extraction 

Profile extraction differs from extracting meaningful information about a 

user from multiple sources, and researchers have utilized numerous techniques and 

models. These strategies include web data extraction, social media data extraction, 

and user behavior-based techniques that assist user profiling systems in collecting 

valuable information about users [43]. 

Some of the primary operations may be brief as follows: 

• Content tracing: Movable the mouse pointer over a paragraph while reading 

[43]. 

• Link pointing: This entails positioning the mouse cursor over a link without 

clicking it [45]. 

• Link clicking: Utilizing a link to navigate to a new page [45]. 

• Content selection: choosing text by dragging with the mouse [46]. 

• Scrolling: The movement of a window at a defined rate [45]. 

• Registration of bookmarks: marking a page as a bookmark [39]. 

• Saving: Saving an HTML page [43]. 

• Printing: Printing a document [39]. 

• Window movement: Repositioning a browser window [42]. 

• Window resizing: Changing the window size in a web browser [42]. 

2.4.2  Profile Integration 

After extracting essential information, there may occasionally be issues 

with data cleaning. There is a possibility that some of the acquired data are duplicates 

or appear to be duplicated but are unique. It is necessary to identify singular and 
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duplicate data to overcome this issue, which will assist the profiling system with the 

following subtask. 

2.4.3  Interest Discovery 

After collecting information about the users, it is required to split them 

into distinct classes to provide the system with feedback. This can be accomplished 

by classifying users based on their behavior. This approach is known as filtering, 

and considerable research has been conducted [47]. 

2.5 Recommender Systems 

A recommender system or recommendation system is a subclass of 

information filtering systems that predict the "rating" or "preferred" a user would 

assign to an item [48]. 

In recent years, the explosion of data has intensified due to the rapid 

development of sensor technology, storage technology, computing technology, and 

network technology. As the volume of data grows, the problem of too much 

information occurs. This makes it harder for a user to choose the best decision. The 

term for this phenomenon is information overload. The use of artificial intelligence 

to extract abstract information from vast amounts of data and translate it into 

practical knowledge is one of the core challenges of large-scale data analysis. To 

counteract the problem of information overload, a recommender system emerges as 

the need arises. Its primary goal is to evaluate users’ historical behavior and 

preference data, construct a model, automatically offer valuable items or services to 

the user, and then generate a tailored list. In addition to recommending items with 

comparable preferences based on the user's preferences, the recommender system 

can also recommend obscure objects of interest to the user. These challenges can be 
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mitigated by recommender systems rapidly recognizing users' future demands and 

selecting desirable products from a massive quantity of candidate data [49]. 

Recommender systems can be classified into three classes: 

• Content based Recommender Systems 

• Collaborative Filtering based Recommender Systems 

• Hybrid Recommender Systems 

2.5.1  Content based Recommender Systems 

Content-based recommender systems identify commonalities between 

things based on their contents. After examining many things a user has previously 

favored, a profile of the user’s preferences is produced. Based on this profile, the 

recommender system might search the database and select the right things [50]. 

These techniques are complicated due to their inability to discern user 

preferences based on the contents of objects. Numerous solutions to this problem 

have been developed via data mining and machine learning. For example, to 

recommend articles to a particular reader, a recommender system must first obtain 

and analyze the contents of every book the reader has previously read. Text mining 

techniques, such as the well-known Term Frequency-Inverse Document Frequency 

(TF-IDF) analysis, can extract keywords from text (TF-IDF). After incorporating a 

book's keywords with their respective weights, a multidimensional vector can 

represent it. The reader's interests can be represented by the centers of these vectors, 

which can be found using specialized clustering techniques [50]. 

2.5.2  Collaborative Filtering(CF) Recommender Systems 

Collaborative filtering (CF) has been proven as one of the most efficient 

algorithmic techniques for generating recommendations. CF, in contrast to content-
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based approaches, relies only on each user's item ratings. It is founded on the concept 

that individuals who have ranked comparable items similarly are likely to share 

similar preferences. Collaborative filtering suggests items based on the preferences 

of other users with similar tastes or identifies items equivalent to those previously 

rated by the target user. It employs statistical techniques to establish the similarity 

between the user and item vectors. Memory-based and model-based CF approaches 

are two separate categories [49]. 

2.5.3  Hybrid Recommender Systems 

There are three types of hybrid recommendation systems: monolithic 

hybrid, parallel hybrid, and hybrid pipeline. The monolithic hybrid recommendation 

is a mixed technique incorporating numerous recommendation systems into a single 

algorithm [51]. Combining at least two different recommendation systems is 

required for the remaining two-hybrid suggestions. Second, the parallel hybrid 

recommendation is autonomous, independently generating a list of requests for each 

input and then integrating the output data to build the final recommendation set. The 

pipeline hybrid recommendation integrates multiple recommender systems in a 

pipelined architecture, with the output of one recommender system acting as the 

input to the next. The subsequent recommendation unit may utilize a portion of the 

initial input data. Hybrid recommender systems take advantage the power of 

multiple data sources or improve the effectiveness of existing recommender systems 

within a particular data modality [52]. 

2.6 Deep Learning 

Deep learning is a machine learning technique that teaches computers to 

do what comes naturally to humans: learn by example. Deep learning is a key 

technology behind driverless cars, enabling them to recognize a stop sign or to 
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distinguish a pedestrian from a lamppost. The key to voice control in consumer 

devices like phones, tablets, TVs, and hands-free speakers. Deep learning is getting 

lots of attention lately, and for good reason. It’s achieving results that were not 

possible before [75]. 

In deep learning, a computer model learns to perform classification tasks 

directly from images, text, or sound. Deep learning models can achieve state-of-the-

art accuracy, sometimes exceeding human-level performance. Models are trained by 

using a large set of labeled data and neural network architectures that contain many 

layers [75].  

2.6.1  Graph Neural Networks (GNN) 

Neural Networks have gained massive success in the last decade. 

However, early variants of Neural Networks could only be implemented using 

regular or Euclidean data, while a lot of data in the real world have underlying graph 

structures which are non-Euclidean. The non-regularity of data structures has led to 

recent advancements in Graph Neural Networks. In the past few years, different 

variants of Graph Neural Networks have been developed, with Graph Convolutional 

Networks (GCN) being one of them. GCN is also considered as one of the basic 

Graph Neural Networks variants [76]. 

As in the convolution layers of the Convolutional Neural Networks, 

‘convolution’ in GCN has the same operation. It refers to multiplying the input 

neurons with a set of weights that are commonly known as filters or kernels. The 

filters act as a sliding window across the whole image and enable Convolution 

Neural Network (CNN) to learn features from neighboring cells. Within the same 

layer, the same filter will be used throughout an image, referred to as weight sharing. 
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For example, using Convolution Neural Network (CNN) to classify images of cats 

versus non-cats, the same filter will be used in the same layer to detect the nose and 

the ears of the cat [76]. 

GCN perform similar operations where the model learns the features by 

inspecting neighboring nodes. The major difference between CNN and Graph 

Neural Network (GNN) is that CNN are specially built to operate on regular 

(Euclidean) structured data, while GNN are the generalized version of CNN where 

the numbers of nodes connections vary, and the nodes are unordered (irregular on 

non-Euclidean structured data) [76]. In this thesis, Light Graph Convolutional 

Network (LightGCN) model is adopted for many reasons. First, the LightGCN 

model was used in previous work [58]. Second, it removed some operations from 

the GCN model, like self-connection, feature transformation, and nonlinear 

activation, to simplify and reduce calculation time without affecting the quality of 

the model. Finally, It obtained the best accuracy compared with other techniques, 

Table 4.5 illustrate compared LightGCN with other models. 

2.6.2  Light Graph Convolutional Network (LightGCN) 

LightGCN is model that incorporates the most fundamental component of 

GCN, and neighborhood aggregation for collaborative filtering. After assigning each 

user (item) an I.D. embedding, in paper [53] the researchers propagate the 

embedding on the user-item interaction graph to refine them. Next, employ a 

weighted sum to combine the embedding collected at different propagation layers to 

construct the final embedding for prediction. The entire model is beautiful and 

essential, making it easier to train and more effective experimentally than Neural 

Graph Collaborative Filtering (NGCF) and other methods such as Mult-VAE [53]. 
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 Graph Convolutional Network (GCN) is based on the principle of 

learning node representations by smoothing graph features [54]. To do this, graph 

convolution is conducted iteratively, i.e., the new representation of a target node is 

produced by merging its neighbors' attributes. This form of neighborhood 

aggregation may be summed up, as shown in Equation 2.3 [59].  

 

𝒆𝒖
(𝒌+𝟏)

= 𝑨𝑮𝑮 (𝒆𝒖
𝒌, {𝒆𝒊

𝒌 ∶ 𝒊 ∈  𝑵𝒖})                                                            2.3                                            

𝑒𝑢: embedding of user 

𝑒𝑖: embedding of item     

𝑘: length of a recommended list 

AGG: convolution process between users embedding and item embedding     

𝑁𝑢: number of user neighbors 

 AGG is an aggregation function that examines the representation of the target 

node and its neighbors in the kth layer. Numerous papers, including the weighted 

sum aggregator in Graph Isomorphism Networks (GIN), have detailed the AGG 

[55], the Long Short-Term Memory (LSTM) aggregator in GraphSAGE [56], and 

the bilinear interaction aggregator in Boundary Graph Neural Networks (BGNN) 

[57], among others. However, most research associates the AGG function with 

feature transformation or nonlinear activation. Perform well on node or graph 

classification tasks that include semantic input data [53] . 

The secret to LightGCN, as shown in Figure 2.9, resides in two basic 

designs: (1) Light Graph Convolution (LGC) and (2) Layer Combination. 
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Figure 2.9: LightGCN Model Architecture [58] 

A)   Layer Neighborhood Aggregation 

In this stage, within each layer, for each user in the graph, embedding is 

the weighted sum of all its neighboring items' embedding. 

The exact equation for aggregators for users graph convolution operations, as shown 

in Equation 2.4 [58]: 

𝒆𝒖
(𝒌+𝟏)

= ∑  𝒊∈𝓝𝒖
 

𝟏

√|𝓝𝒖|√|𝓝𝒊|
𝒆𝒊

(𝒌)
                                                                   2.4  

𝑒𝑢: embedding of user 

𝑒𝑖: embedding of item     

𝑘: length of a recommended list 

𝑁𝑢: number of user neighbors 

𝑁𝑖: number of item neighbors 
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The symmetric normalization term 
𝟏

√|𝓝𝒖|√|𝓝𝒊|
 follows the design of standard GCN, 

which can avoid the scale of embeddings increasing with graph convolution 

operations [58]. 

The exact equation for aggregators for items graph convolution operations, as shown 

in Equation 2.5 [58]: 

𝒆𝒊
(𝒌+𝟏)

= ∑  𝒖∈𝓝𝒊
 

𝟏

√|𝓝𝒊|√|𝓝𝒖|
𝒆𝒖

(𝒌)
                                                                   2.5  

𝑒𝑢: embedding of user 

𝑒𝑖: embedding of item     

𝑘: length of a recommended list 

𝑁𝑢: number of user neighbors 

𝑁𝑖: number of item neighbors 

The symmetric normalization term 
𝟏

√|𝓝𝒊|√|𝓝𝒖|
 follows the design of standard GCN, 

which can avoid the scale of embedding increasing with graph convolution 

operations [58]. 

Where 𝒆𝒖
(𝒌)

 and 𝒆𝒊
(𝒌)

 are the users and item node embeddings at the k-th 

layer, |𝓝𝒖| and |𝓝𝒊| are the user and item nodes’ number of neighbors, as shown 

in Figure 2.9. 

Similarly, for each item, the updated embedding is computed using a 

weighted sum of its neighboring users. 
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B)   Layer Combination 

At layer combination, instead of taking the embedding of the last layer, 

LightGCN computes a weighted sum of the embeddings at distinct layers, as shown 

in Figure 2.9: 

Weighted summation can be calculated, as shown in Equation 2.6 [58]: 

𝒆𝒖 = ∑  𝑲
𝒌=𝟎 𝜶𝒌𝒆𝒖

(𝒌)
;  𝒆𝒊 = ∑  𝑲

𝒌=𝟎 𝜶𝒌𝒆𝒊
(𝒌)

                                                            2.6  

𝑒𝑢: embedding of user 

𝑒𝑖: embedding of item     

𝑘: length of a recommended list 

𝛼𝑘: learning rate  

where α ≥ 0. Here, alpha values may be learned as network parameters or 

established as empirical hyperparameters. It has been discovered the Equation 2.7 

[58] is effective way to specify better learning rate. 

𝜶 =
𝟏

𝒌+𝟏
                                                                                                        2.7  

Based on the inner product of the final user and item embeddings, 

LightGCN predicts, as shown in Equation 2.8 [58] : 

𝒚̂𝒖𝒊 = 𝒆𝒖
𝑻𝒆𝒊

𝑻,                                                                                                 2.8  

𝑒𝑢
𝑇: final embedding of user 

𝑒𝑖
𝑇: final embedding of item 

𝑦̂𝑢𝑖: final prediction 

This inner product (cosine similarity) examines the similarity between the 

user and the items and this, in turn, allows determining the likelihood that the user 

will enjoy the item. 
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2.7  Similarity Measures 

This section examines the concept of distance measurement. Similarities 

play a significant role in recommendation systems that employ neighborhood-based 

approaches: 

• Similarity metrics inside RS choose neighbors with ratings that can be utilized 

in prediction systems. 

• In the prediction computation methods provide extra or low-importance 

attributes for the neighbors. 

The calculation of similarities is one of the most crucial components of 

developing neighborhood-based recommendation systems. This can significantly 

affect accuracy and performance. Many methods are proposed to calculate 

similarities, such as Euclidean distance [77], Minkowski distance [77], and Cosine 

distance. This thesis used cosine distance because this measure was used by previous 

work and depends on the angle between two vectors projected in a multi-dimensional 

space [62]. 

In data analysis, cosine similarity is the cosine of the angle between two 

sequences to evaluate the similarity. It is the dot product of the vectors divided by 

the product of the vectors' lengths. The cosine similarity is, therefore, independent 

of the magnitudes of the vectors and only reliant on their angles. The interval [-1,1] 

always contains the cosine similarity. For example, the cosine similarity of two 

proportional vectors is 1, that of two orthogonal vectors is 0, and that of two 

opposing vectors is -1. Specifically, cosine similarity is utilized in positive space, 

where the result is cleanly by [0,1] [63], as shown in Equation 2.9 [63]. 
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𝒄𝒐𝒔(𝒙, 𝒚) =  
∑ 𝒙𝒊𝒚𝒊

𝒏
𝒊

√∑ 𝒙𝒊
𝟐 ∑ 𝒚𝒊

𝟐𝒏
𝒊

𝒏
𝒊

                                                                            2.9  

𝑥: first vector 

𝑦: second vector     

𝑛: length of vectors                               

This form of remote measurement can be used to determine users' 

likenesses by implying a user 𝒖 as a vector 𝐱𝐮 ∈ 𝐑|𝐥|, So 𝐱𝐮 = 𝐫𝐢 Suppose the user 

𝑢 has rated the item 𝑖  and 0 otherwise” [63]. 

This distance metrics shortcoming is that it does not consider the 

differences in the means and variances of the rating values supplied by users x and 

y [63]. 

2.8 Evaluation Metrics 

Evaluation metrics are employed to quantify the quality of the statistical 

or machine learning model. Evaluation of machine learning models and algorithms 

is fundamental for every project, and numerous evaluation metrics are available for 

testing models. These are precision, recall, Normalized Discounted Cumulative Gain 

(NDCG), and others [44]. 

2.8.1  Precision 

Precision is the actual correct prediction divided by total prediction made 

by model. It is used to answer with the number of things from all correct 

recommendations, as shown in Equation 2.10 [26]. 

𝒑 =  
𝑻𝑷

𝑻𝑷+𝑭𝑷
                                                                                               2.10  

𝑝: precision  

𝑇𝑃: true positive     
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𝐹𝑃: false positive                               

In recommender system, Equation 2.11 is used [25]: 

𝑷 =  
# 𝒐𝒇 𝒐𝒖𝒓 𝒓𝒆𝒄𝒐𝒎𝒎𝒆𝒏𝒅𝒂𝒕𝒊𝒐𝒏𝒔 𝒕𝒉𝒂𝒕 𝒂𝒓𝒆 𝒓𝒆𝒍𝒆𝒗𝒂𝒏𝒕

# 𝒐𝒇 𝒊𝒕𝒆𝒎𝒔 𝒘𝒆 𝒓𝒆𝒄𝒐𝒎𝒎𝒆𝒏𝒅𝒆𝒅
                                          2.11  

2.8.2  Recall 

Recall is the actual correct prediction divided by total correct made by 

model. In order to answer the coverage issue, it is necessary to determine how many 

of the deemed-relevant elements are covered by the recommendations. as shown in 

Equation 2.12 [26].  

𝑹 =  
𝑻𝑷

𝑻𝑷+𝑭𝑵
                                                                                              2.12  

𝑅: recall  

𝑇𝑃: true positive     

𝐹𝑁: false negative                               

In recommender system, Equation 2.13 is used [25] : 

𝑹 =  
# 𝒐𝒇 𝒐𝒖𝒓 𝒓𝒆𝒄𝒐𝒎𝒎𝒆𝒏𝒅𝒂𝒕𝒊𝒐𝒏𝒔 𝒕𝒉𝒂𝒕 𝒂𝒓𝒆 𝒓𝒆𝒍𝒆𝒗𝒂𝒏𝒕

# 𝒐𝒇 𝒂𝒍𝒍 𝒕𝒉𝒆 𝒑𝒐𝒔𝒔𝒊𝒃𝒍𝒆 𝒓𝒆𝒍𝒆𝒗𝒂𝒏𝒕 𝒊𝒕𝒆𝒎𝒔
                                          2.13  

2.8.3  Normalized Discounted Cumulative Gain (NDCG) 

Gain for an item is essentially equivalent to its relevance score, which can 

be a numeric rating such as Google's search results, which can be evaluated on a 

scale from one to five, or binary in the case of implicit data, in which we only know 

if a user has consumed a given item or not. 

Cumulative Gain is defined as the aggregate of gains up to 

recommendation list position k, as shown in Equation 2.14 [24]. 

𝑪𝑮(𝒌) =  ∑ 𝑮𝒊
𝒌
𝒊=𝟏                                                                                             2.14  

𝐶𝐺: Cumulative Gain     
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𝑘: length of list  

𝐺: Gain     

Ordering is not considered, it is a shortcoming of CG. The CG would not 

be changed by rearranging the relative order of any two items. When ranking order 

is crucial, this is troublesome. For instance, users would not want most relevant web 

pages to appear at the bottom of Google’s search results. 

By dividing the Gain by rank, we encourage the algorithm to place the 

most relevant items at the top to achieve the maximum Discounted Cumulative Gain 

(DCG) score, as shown in Equation 2.15 [24]. 

𝑫𝑪𝑮(𝒌) = ∑
𝑮𝒊

𝒍𝒐𝒈𝟐(𝒊+𝟏)
         𝒌

𝒊=𝟏                                                                    2.15  

𝐷𝐶𝐺: Discounted Cumulative Ggain     

𝑘: length of list  

𝐺: Gain     

A problem remains with the DCG score. The relation between the DCG 

score and the number of recommendations on the list. Therefore, cannot compare 

the DCG score of a system that suggests the top five things to that of a system that 

recommends the top ten, as the latter will have a higher score not due to the quality 

of its recommendations but due to its length. 

This problem is resolved by introducing the ideal DCG (IDCG). IDCG is 

the DCG score for the ideal ranking, which ranks items from the most relevant to the 

least relevant up to position k, as presented in Equation 2.16 [24]. 

𝑰𝑫𝑪𝑮(𝒌) =  ∑
𝑮𝒊

𝒍𝒐𝒈𝟐(𝒊+𝟏)

|𝑰(𝒌)|
𝒊=𝟏                                            2.16  

𝐼𝐷𝐶𝐺: Ideal Discounted Cumulative Ggain     

𝑘: length of list  

𝐺: Gain     
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Moreover, Normalized Discounted Cumulative Gain (NDCG) merely 

normalizes the DCG score by IDCG so that its value is always between zero and 

one, irrespective of the period, as presented in Equation 2.17 [24]. 

𝑵𝑫𝑪𝑮(𝒌) =  
𝑫𝑪𝑮(𝒌)

𝑰𝑫𝑪𝑮(𝒌)
                                                                                2.17  

𝑁𝐷𝐶𝐺: Normalized Discounted Cumulative Gain 

𝑘: length of list  

𝐷𝐶𝐺: Discounted Cumulative Ggain     

𝐼𝐷𝐶𝐺: Ideal Discounted Cumulative Ggain     

2.9 Datasets 

In this thesis, two datasets are used which are Yelp dataset [64] and 

Nutrition5K dataset [65]. 

2.9.1  Yelp Dataset 

The primary resource in this model is the Yelp dataset, which will estimate 

nutrition facts in this application. A subset of Yelp's businesses, reviews, and user 

data is available for personal, educational, and research use. In the form of JSON 

files. It contains a directory of 10000 restaurants, with addresses, menu selections, 

and ranking. Yelp provides around 200000 images from over 1999 establishments, 

with the dataset available on the Yelp Data Challenge website. This dataset contains 

interior, exterior, beverage, and food photographs. Yelp has designated the four 

categories above, but there are no subcategories for specific types of cuisine. 

Customers or business owners upload the majority of photographs. These 

photographs may contain good captions which accurately describe the photographs 
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they accompany. Numerous photographs have lack captions or contain inaccurate 

captions, as shown in Figure 2.10 [64]. 

 

Figure 2.10: Yelp Open Dataset [64] 

2.9.2  Nutrition5k 

Nutrition5k is a visual and nutritional dataset for ~5k realistic plates of a 

food captured from Google cafeterias using a custom scanning rig [65].  

Key Features 

Scans data for 5,006 plates of food, each containing: 

• rotating side-angle videos 

• Overhead RGB-D images (when available) 

• Fine-grained list of ingredients 

• Per-ingredient mass 

• Total dish mass and calories 

• Fat, protein, and carbohydrate macronutrient masses 
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Chapter Three 

The Proposed System 

3.1 Overview  

This chapter explains the practical aspects of the suggested system 

pertaining to this thesis. In addition, illustrate preprocess phase on Yelp dataset to 

extract implicit feedback. Also, in the preprocessing phase, explain the technique for 

creating user profiles from metadata, generating a rating matrix, manipulating 

dataset photos to extract nutrition information, and generating a new implicit rating 

matrix. Further, mixed two rating matrices to generate an explicit, implicit rating 

matrix and inserted the LightGCN model to recommend the best restaurants. 

3.2 System Design 

This section describes the proposed system phases and algorithms used in 

this thesis. The first step is the preprocessing of data gathered from the Yelp dataset. 

It includes generating a new profile for each user from metadata by selecting 

suggested features related to the recommender system. 

Generating implicit feedback is the second task for the proposed system, 

by processing food photos using Facebook Inverse Cooking Algorithm and the 

Nutrition5k dataset to extract new features and estimate nutrition information for 

each Ingredient extracted from the previous algorithm.  

The system goes through rating matrix implementation based on user 

history data information and generates implicit features; as mentioned above, it 

calculates implicit features from food photos. The rating matrix will be implemented 

using a Collaborative filtering mechanism for each user's relations with other users' 
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history. Normalization is applied to these values for users' information and saved 

into the rating matrix as implicit feedback inducted from user histories. 

Deep learning is used to extract new implicit feedback characteristics from 

food photographs to improve the rating matrix. The Facebook Inverse Cooking 

model is used to implement this technique, as will be detailed in better detail below. 

This chapter concludes with a discussion of the nearest neighbor 

mechanism utilized in this framework to obtain final findings and the best-predicted 

restaurant that the user will visit next, based on the user's dietary preferences and 

other metadata to improve the proposed system's outcomes. Figure 3.1 illustrate the 

primary stages of the proposed system, and each level will be explored in detail in 

the following sections. 

3.3 Data Gathering 

The suggested system utilizes a subset of businesses, reviews, user 

information, and geotagged food photos for businesses (restaurants).  

The dataset consists of information about 150.346 businesses 

(business_id, checkin_count, name). Table 3.1 displays an example of one business 

record across eleven metropolitan areas in the USA and Canada of 200.000  photos 

(photo_id, business_id, caption, label). Table 3.2 displays an example of one record 

of photo, and 6.990.280 reviews ( review_id, user_id, business_id, stars). Table 3.3 

displays an example of one record of review posted on Yelp from 1.987.897 users 

(user_id, name). Table 3.4 displays an example of one record of a user [64]. 
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Figure 3.1: Block Diagram for the Main Phases of the Proposed System 
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Table 3.1: Business Metadata Example 

business_id name checkin_count 

2bncbx08BFs_IO6H-yWBxw Bubor Cha Cha 325 

Table 3.2: Photo Metadata Example 

photo_id business_id caption label 

_nN_DhLXkfwEkwPNxne9hw tnhfDv5Il8EaGSXZGiuQGg carne asada fries food 

Table 3.3: Review Metadata Example 

review_id user_id business_id stars 

lWC-

xP3rd6obsecCYsGZRg 

ak0TdVmGKo4pwqdJSTLwWw buF9druCkbuXLX526sGELQ 4 

Table 3.4: User Metadata Example 

user_id name 

q_QQ5kBBwlCcbL1s4NVK3g Jane 

The second dataset utilized by the proposed system is a collection of 

ingredient metadata from a Comprehensive Nutrition Dataset. It consists of a list of 

all ingredients covered in the dataset's dishes, their unique IDs, and important per-

gram nutritional information sourced from the USDA [66] Food and Nutrient 

Database. Table 3.5 shows an example of one record of strawberry's nutrition 

information [64]. 

Table 3.5: Ingredients Information Example 

Ingr cal/g fat(g) carb(g) protein(g) 

strawberries 0.33 0.003 0.08 0.007 
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3.3.1  Files Format of Dataset 

Some Data are ignored in this dataset. Used data are described in the 

following lines, one for each line. Table 3.6 and Table 3.7 show a structure of Yelp 

dataset. 

Table 3.6: JSON File Yelp Dataset 

Column Name Datatype Description 

Column Name Datatype Description 

Bussiness_id Str 22  char string 

Name Str Business name 

ReviewId Str 22 char  

User_Id Str 22  char user-id 

Name Str user first name 

Photo_id Str 22  char photo id 

label Str Category of the photo belongs to 

Table 3.7: TXT File Nutrition5K 

Column Name Datatype Description 

Ingr Str Ingredient name 

Cal/g Float Amount of calories in one gram 

Fat/g Float Amount of fat in one gram 

Carb/g Float Amount of carbohydrate in one gram 

Protein/g Float Amount of protein in one gram 
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3.3.2  Data Structure and Data Flow 

User's, Restaurant information, and reviews(metadata) are examined by 

scanning all files for users and restaurants to generate a data frame that represents 

whole users’ histories, restaurants' histories, and reviews. 

Food photos are collected from users' images shared on Yelp social media 

for business. Foods' photos generate ingredient nutrition information (implicit 

feedback), as illustrated in Figure 3.2. 

The collected metadata from the users' histories and restaurant histories and 

other metadata will be combined with ingredients nutrition information generated 

from food photos analysis to be used later in the proposed system to create a new 

rating matrix that is used as the base data for the system as illustrated in Figure 3.1. 

The rating data section offers rating values that are derived and reinforced 

from an ingredient's nutrition information extracted from food images. 

The collaborative filtering data section is the final data in the suggested 

system. This section of data is represented as relevant features between users' data 

and restaurants' data after embedding. Thus, each entry in that matrices is one 

significative value of an entire vector that represents the user’s feature in constructed 

dimensional representation of data for predicting and recommending relevant 

information to users based on their history and restaurant data, as illustrated in Figure 

3.2. 
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Figure 3.2:The Proposed System Data Flow 

3.4 Data Preprocessing  

The raw data of the Yelp dataset is vast and has high dimensionality. 

Therefore, must make preprocessed to prepare for the rating matrix.  

The first stage is cleaning data by dropping all unnecessary data for all 

data frames after taking one million records as samples from the data, and then 

combining users' data with review data based on ("user_id") and then getting the 

check-in count from the restaurant visited to date in a check-in data frame, and then 
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combines photos data and nutrition information extracted from food photos analysis 

based on ("photo_id"), and then combines the results data with a business data frame 

based on ("business_id"). 

The second stage makes a filter to minimize the number of records data 

resulting from the first stage based on the city name (for instance: "Orlando"). to 

limit data resulting (businesses) to restaurants, only make another filter in 

("categories"). 

The third stage in preprocessing is obtaining the records average of 

businesses that have multiple photos taken from the same user. The final result 

matrix represents a new profile for each user review for each restaurant. 

The proposed model suggests processing food images on Yelp dataset to 

extract the contents of each food type and nutrition information for each image food 

meal as shown in Figure 3.1. This is used as healthy implicit feedback to take 

advantage of the rapid accumulation of rich photos on social media. The proposed 

methodology is a machine-learning framework for predicting food ingredients. Also 

compute critical health metrics for each ingredient and combine them to obtain 

nutrition data for the food. 

The proposed model aims to prepare a machine-learning framework for 

predicting food ingredients. Additionally, essential health metrics were computed 

for each ingredient and combined them to obtain the food's nutritional information 

[63]. The findings demonstrated a promising method for collecting food components 

and nutrition information from them, allowing developers and architects to leverage 

this model when designing food and health systems and systems of recommendation. 

Figure 3.3 illustrates an example of the proposed model. The model has 

the main module of the CNN-based pre-trained model. After completing the 

prediction procedure using a pre-trained model, the estimated nutrition information 
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model gives the item's name and ingredients. Then, nutritional data is derived from 

the Nutrition5k Dataset.  

 

 

  

 

  

 

Figure 3.3: The Proposed Model Example 

 

Figure 3.4 illustrates that before predicting the dataset's photos, it must be 

preprocess stage to the dataset to extract food photos only from the Yelp dataset. 

The next stage is predicting food ingredients.  

Title Ingredients 

Bbq Chicken Salad Onion, Chicken, Pepper, Lettuce, Barbecue_sauce 

ingr cal/g fat(g) carb(g) protein(g) 

Onion 0.4 0.001 0.09 0.011 

Chicken 1.65 0.036 0 0.31 

Pepper 0.4 0.002 0.093 0.02 

Lettuce 0.15 0.002 0.029 0.014 

Barbecue_sauce 1.72 0.006 0.41 0.008 

Total 4.32 0.047 0.622 0.363 

Inverse Cooking Model 

 

Nutrition Information Extraction 
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Figure 3.4: The Block Diagram of the Proposed Model 

    In the final stage, the nutritional information was extracted. After 

obtaining the name of the food and its components, it was sent to extract the 

nutritional components. After taking the predicted components, the nutritional 

information for each component was calculated from the Nutrition5k dataset, as 

shown in Algorithm 3.1. All the ingredients were collected together to extract the 

essential nutritional information (calories, carbohydrates, fat, protein), according to 

the United States Department of Agriculture Food and Nutrition Information Center 

[66] for one gram of the food. The mass and size of the food were not considered 

due to the difficulty of predicting the size of the food and its components from the 

photo. 

Nutrition5K Dataset 

Extract Food Photos 

Pre-trained Model (feed-forward convolutional networks) 

Predict Set of Food Ingredients 

Extract 

Nutrition 

Facts 

Calculate Nutrition Information for Each Ingredients 

Summation Nutrition Information for All Food Ingredients 

Yelp Dataset 

Extract Nutrition Facts for Food Meal 

Process 

Preprocess 

Predict 

Food 

Ingredient
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Algorithm 3.1 : Nutrition Information Extraction : 

Inputs : photo , photo id , photo category ,        // Food Photos , Photo ID , Photo Category 

              ingredient name , calories , fat ,            // Nutrition5k Dataset   

              carbohydrate , protein  

Outputs : result cal , result fat , result carb ,     // Result of Nutrition Information Extracted 

                 result prot  

Process :  

Begin 

FOREACH photo category is “food” DO 

             ResultIngedientsList  PredictFoodIngedients(photo) 

FOREACH ResultIngedient in ResultIngedientsList DO 

Begin 

              IF ResultIngedient within IngedientsList(DS) THEN 

              Begin 

                      Summation result Cal with Calories  

                           Summation result fat with Fat 

                      Summation result carb with Carbohydrate 

                      Summation result prot with Protein 

             End 

             ELSE 

             Begin 

                           Summation result Cal with zero  

                           Summation result fat with zero 

                      Summation result carb with zero 

                      Summation result prot with zero 

             End 

End 

End 
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3.5 The Methodology 

The methodology is divided into two distinct ways. The first is the use of 

learning-based CNN models for ingredient prediction, whereas the second generates 

a list of predicted ingredients and nutrition facts extraction. 

3.5.1 Pre-Trained Recipe Retrieval Model 

The first stage in the proposed model is using Recipe Retrieval Model to 

predict a list of ingredients from food meals. This model is split into two main 

phases:  

In the initial phase, the Resnet50 model extracts learned features from 

food photos this phase is called the image encoder as shown in Algorithm 2.2 (Table 

2.2 explain the Resnet50 model). The second phase, use learned features extracted 

in the previous phase to generate a list of ingredients using a transformer model as 

shown in Figure 2.7 this phase is called the ingredient decoder. Figure 2.4 illustrates 

the Recipe Retrieval Model. 

3.5.2  Creating the Proposed Rating Matrix  

To accomplish the primary objective of the suggested system, a rating 

matrix that serves as an input to the following processing stage is required. The 

proposed rating matrix is a combined rating matrix from nutrition information 

extracted from food photos and a rating matrix from user review profiles to be a new 

rating matrix. The outcome matrix must be normalized (see Algorithm 3.2) because 

the nutrition information has a large and scattered rating; thus algorithm of 

normalization technique is applied for each user rating on the values of the matrix to 

be turned into a rating matrix with given values of the domain [1....5]. The hybrid 
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rating matrix represent as an input to the recommender system as shown in Figure 

3.1. 

 

The algorithm of the implicit feedback technique (see Algorithm 3.3) is 

proposed to create and construct rating matrices. The system relies on implicit 

feedback to construct a rating matrix collected in the user review profile by explicit 

feedback. The suggested system has a unique technique that generates ratings from 

scratch without needing user intervention. This concept will increase systems' 

abilities to be more independent from users' natural choices and decisions. 

 

Algorithm 3.2 : Ratings Normalization [74]: 

Inputs : Ratings, MinValue, MaxValue, 

Outputs : Norm_Ratings 

Process :  

Begin 

OldRange  (MaxValue – MinValue) 

NewRange  (5 - 1)                                   // because orginal rate in scope (1..5) 

FOREACH value IN Ratings DO 

newValue  (((value – MinValue) * NewRange) / OldRange) + 1  

add newValue to Norm_Ratings 

End 

 

 

Algorithm 3.3 : Proposed Rating Matrices Generate : 

Inputs : UserProfile, NutritionInformation                    // implicit and explicit rating matrix 

Outputs : FinalRatings                                                  // hybrid rating matrix 

Process :  

Begin 

FOREACH photo_id IN NutritionInformation 

      IF photo_id in UserProfile DO   // matching 

            add NutritionInformation and UserProfile to FinalRatings 

End 
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3.5.3  Recommendation 

The primary function of the proposed system is to suggest restaurants to 

the user. The user-restaurant relationships should be represented as a bipartite graph 

in the proposed system that applies the LightGCN [58] model to the new rating 

matrix. Users and restaurants can be imagined as two nodes on opposite sides of a 

graph with edges reflecting user-restaurant interactions as shown in Figure 3.5. 

 In this case, it is aimed to predict whether a user likes a restaurant, so one 

way to summarize the data is using a bipartite graph [61]. As displayed in Figure 

3.6. 

 

     

    Figure 3.5: Bipartite Graph [61] 

 

R 

Rate 

U 
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Figure 3.6: Bipartite Graph (User – Restaurant) 

          The secret to LightGCN, as shown in Figure 3.7, resides in two 

basic designs: (1) intra-layer neighborhood aggregation and (2) inter-layer 

combination. 

           

Figure 3.7: The Block Diagram of the LightGCN Model 

 

 

Merged Rating Matrix 

Apply Aggregation Function 

Layer Combination (weighted sum) 

Final Representation of a User (in restaurants) 

Prediction Model 

List of Recommended Restautants 
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A)  Layer Neighborhood Aggregation 

For each layer, each user in the graph is embedded as the weighted sum of 

all its neighboring items’ embeddings (restaurants), as presented in Figure 3.8. 

 

 

Figure 3.8: Weighted Sum of Embeddings 

where eᵤ⁽ᵏ⁾ and eᵢ⁽ᵏ⁾ are the user and item (restaurant) node embeddings at 

the k-th layer, | Nᵤ| and |Nᵢ| are the user and item nodes’ number of neighbors. 

Similarly, the updated embedding is computed using a weighted sum of 

its neighboring users for each item. 

After K iterations over all the nodes, derive the K-th layer embeddings is 

derived, E⁽ᴷ⁾ as shown in Figure 3.9 and Algorithm 3.4 . 
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Figure 3.9: K-th Layer Embeddings 

 

Algorithm 3.4 : Layer Neighborhood Convolution: 

Inputs : Hybrid Rating Matrix 

Outputs : K-th layer embeddings 

Process :  

Begin 

FOREACH node IN bipartite_graph 

     E   ComputeEmbedding(node)    // compute embedding for each node using 

                                                                                                                      Eq 2.4 

RETURN E⁽ᴷ⁾                                      // derive the K-th layer embeddings 

End 
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B)  Layer Combination 

At layer combination, instead of taking the embedding of the last layer, 

LightGCN computes a weighted sum of the embeddings at distinct layers, as 

depicted in Figure 3.10 : 

 

Figure 3.10: Layer Combination 

where α ≥ 0. Here, alpha values may be learned as network parameters or 

established as empirical hyperparameters.  

This is based on the inner product of the final user and item (restaurant) 

embeddings. 

This inner product examines the similarity between the user and the 

restaurant. This allows determining, the likelihood that the user will enjoy the 

restaurant. 
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Train the LightGCN model; an objective function congruent with 

restaurant recommendation objective is required. The Bayesian Personalized 

Ranking (BPR) loss was used, which encourages observed user-item predictions to 

have higher values than unobserved user-item predictions. This is illustrated in 

Algorithm 3.5. 

 

 

 

 

 

Algorithm 3.5 : Calculate Total Weights: 

Inputs : K-th layer embeddings , ai // alpha values using Eq 2.7 

Outputs : result_list                     // List of recommended restaurants 

Process :  

Begin 

FOREACH weight_emb IN layers_embeddings 

Begin 

     ei  Sum(weight_embi,ai)                          // weighted summation using  Eq. 2.6 

     eu  Sum(weight_embu,au)                        // weighted summation using  Eq. 2.6 

End 

y  InnerProduct(ei , eu)                                 // similarity between the user and  

                                                                           restaurantembeddings using Eq.2.8 

result_list  Train_model(y)                         // using Bayesian Personalized  

                                                                        Ranking (BPR) as objective function                                                                  

End 
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Chapter Four 

Results and Discussions 

4.1 Overview 

This Chapter presents the outcomes of the proposed system stages 

mentioned in Chapter three. It begins with user profiling results, nutrition 

information estimation results, and the recommended system results, with a few 

examples and comparisons with the original recommender system and some others.   

The rating matrices are the primary data space introduced here, and the 

nutrition information estimation model inducts implicit feedback generation to 

produce a new rating matrix. Finally, it shows the recommended lists of restaurants 

that the suggested system recommends based on the history of users' preferences. 

4.2 Nutrition Information Extraction 

In the first stage, the suggested system extracted implicit feedback from 

food photos as represented nutrition information to be used later in the proposed 

recommender system. As described in Chapter 3 a machine-learning framework 

(Facebook inverse cooking Model) for predicting food ingredients. 

The framework's result is the food meal's title with the ingredients. Table 

4.1 shows the framework results of a sample of food photos was used. 
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Table 4.1: A Sample of Framework Results of a Sample of Food Photos 

 

Table 4.2 illustrates the model's test accuracy examples depend on the 

correct prediction of components. The more correct the estimate of the components, 

the more accurate and better the result of calculating nutritional information. 

 

 

 

 

 

 

Meal Food Photo Title Ingredients Production 

  

Chicken tacos tortilla, pepper, oil, onion, cilantro, 

salt, corn, cumin, clove 

  

Chicken and vegetable soup pepper, onion, oil,   chicken, salt, 

broth, celery 

 

Blt & cheese sandwich lettuce, bun, cheese, tomato, cream, 

bacon, pepper 
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Table 4.2: Ingredient Prediction Examples 

 

 Figure 4.1 shows the high predictive accuracy rate of the nutritional 

estimation model of the food images after taking 53 samples, inserting them into the 

proposed model, and comparing the estimated ingredients from the proposed model 

with the actual ingredients of the food. Worthy of attention is that the precision of 

the suggested model is primarily dependent on the precision of the ingredients 

prediction model.  

Meal Food Photo Ingredients 

Production 

Ingredients 

Real 

Extracted 

Nutritional 

Information/g 

Real Nutritional 

Information/g 

 

Onion, 

chicken, 

pepper, lettuce, 

barbecue_sauce 

Chicken, 

tomatoes, onion, 

perpper, lettuce, 

beans, corn, 

BBQ sauce 

Cal/g = 4.32 

Fat/g = 0.047 

Carb/g = 0.62 

Prot/g = 0.36 

Cal/g = 7.14 

Fat/g = 0.11 

Carb/g = 1.11 

Prot/g = 0.46 

 

Oil, pepper, 

onion, seeds, 

spinach, 

vinegar, salt, 

egg, sugar 

Spinach, tahini, 

miso pasta, 

sesame, oil, 

caster suger, 

lime juice, 

toasted sesame 

seeds  

Cal/g = 20.91 

Fat/g = 1.604 

Carb/g = 1.33 

Prot/g = 0.49 

Cal/g = 28.48 

Fat/g = 2.089 

Carb/g = 2.09 

Prot/g = 0.68 



Chapter Four                                                                                      Results and Discussions 

 

63 

 

 

Figure 4.1: Accuracy Rate Ingredient Prediction for Proposed Model 

4.3 User Profile Creation 

The second stage is creating a user profile to be used later in the 

recommender system. As described in chapter three, dropping unnecessary fields, 

adding new implicit feedback extraction from geotagged photos (nutrition 

information) and multiple filters to the Yelp dataset were applied to create a user 

profile for related features of restaurants to be used later in the recommendation as 

shown in Table 4.3. 

Table 4.3: User Profile Example 

0

2

4

6

8

10

12

14

16

Cal/g Fat/g Carb/g Prot/g

AVG COMPARE BETWEEN EST.  VS  REAL 
NUTRITION INFORMATION

Estimation Nutrition Information Real Nutrition Information

Columns Data DataType 

Index 0 int 

user_id 5 Int 

business_id 1031 
Int 

 

Name Porch Light Latin Kitchen Str 



Chapter Four                                                                                      Results and Discussions 

 

64 

 

4.4 The Proposed Hybrid Rating Matrix  

The most critical phase in Recommender System is the rating matrix 

phase. The proposed rating matrix is a hybrid of original metadata and implicit 

feedback features extracted as shown in Table 4.3. Table 4.4 illustrates the rating for 

each restaurant after adding nutrition information to the original features in the 

proposed rating matrix. Some ratings increased because their food had high nutrition 

information, others were decreased because their food had low nutrition information. 

Finally, some restaurants have moderate nutrition information, which is still rated 

without change. 

Table 4.4: The Proposed Rating Matrix Samples 

Stars 5 Int 

CalRating/g 4 Int 

FatRating/g 2 Int 

ProtRating/g 1 Int 

checkin_count 314 int 

UserID RestaurantID Old Rating Proposed Rating 

-7402470122358638537 9217269774983615800 5 4 

-6765064205309550796 -3459707240469909404 5 4 

6060192195421711078 -2645252880351862891 1 2 

-1053509608820923404 -4858826198152703627 3 4 

-3561313031674806888 -257564561779987369 4 4 
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4.5 The Proposed Recommender System 

LightGCN was adopted in this thesis to compare its findings with previous 

researchers as shown in Table 4.5. 

                Table 4.5: Compared LightGCN with Other Models 

 

 

 

 

 

 

 

 

 

4.5.1  System Training  

After creating a hybrid, the proposed rating matrix must describe the 

results of training the proposed system using the LightGCN model to note the loss 

function development of the model through increased epochs iteration to get the best 

weights to use in system evaluation. 

The Model configuration used in the training phase is as follows:  

n_layers=64, 

batch_size=20000, 

epochs=1000, 

learning_rate=0.005, 

eval_epoch=5, 

top_k=10, 

Figure 4.2 describes the training phase through 1000 epochs. 

Dataset Yelp 

Method Recall NDCG 

GRMF [69] – 2015 0.0571 0.0462 

NGCF [53] – 2019 0.0579 0.0477 

GRMF-norm [71] –2019 0.0561 0.0454 

Mult-VAE [72] – 2020 0.0584 0.0450 

LightGCN [58] – 2020 0.0649 0.0530 
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Figure 4.2: The Evaluation Metrics and Loss Through Training Phase 

4.5.2  System Evaluation 

The results show the superiority of the LightGCN model over other 

models to verify the system. After training LightGCN Model multiple times in 

different numbers on top of K, the result is shown in  Table 4.6. 

Table 4.6: Results of the Recommender System for Multiple k 

Recommended Items 

Count 

Avg Recall System 

Users 

Avg NDCG  System 

Users 

Avg Precision  

System Users 

500 0.97467 0.50187 0.03596 

400 0.96321 0.4976 0.04444 

300 0.92845 0.48678 0.0572 

200 0.79245 0.4403 0.07359 

100 0.5138 0.33457 0.09578 

80 0.43742 0.30259 0.10184 

50 0.31367 0.24682 0.11702 

25 0.18365 0.18353 0.1364 

10 0.09673 0.19156 0.1789 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

LightGCN Training

Loss Recall NDCG Precision
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5 0.05481 0.20987 0.2014 

1 0.01296 0.237 0.237 

Average 0.479256364 0.330226364 0.116320909 

The evaluation metrics used for measuring the performance of the system 

(Recall, precision, Normalized Discounted Cumulative Gain (NDCG)) depend on 

the number of top K (number of recommender restaurants). 

The result showed that when the top K =1, the highest precision and the 

lowest recall were obtained. The NDCG is the avg between recall and precision, as 

shown in Figure 4.3. 

 

Figure 4.3: Avg Recommander Results 

Precision and recall are the two most popular and practical criteria for 

assessing the quality of relevant predictions. However, recommender systems have 

a life of their own. If precision is chosen, The measurements will focus on how well 

relevant items are retrieved (already rated as good). Nevertheless, greater precision 

0

0.2

0.4

0.6

0.8

1

1.2

500 400 300 200 100 80 50 25 10 5 1

Recommander Result

Avg Recall System Users Avg NDCG  System Users Avg Precision  System Users
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reduces the potential to provide original and recommendations (false positives)—for 

instance, a recommender system for cancer [73]. 

The result in Table 4.7 illustrates the proposed systems result's superiority 

using the same model on the proposed rating matrix with the same experiment 

parameters (records = 61.437) compared with the benchmark paper results. 

Table 4.7: Comparing the Results with Other Works 

LightGCN 

 Model 

Recommended Items 

Count 

Recall System 

Users 

NDCG  System 

Users 

Results of the proposed 

system 
10 0.09673 0.19156 

Benchmark Paper 

Results 
10 0.0649 0.0530 

Figure 4.4 illustrates the superiority of the proposed system’s results 

compared to other models and benchmark paper results. 

 

Figure 4.4: The Flowchart of Compare Results with Others methods 

The key challenge with this dataset is the sparsity that causes these results. 

0

0.05

0.1

0.15

0.2

0.25

NGCF Mult-VAE GRMF GRMF-norm LightGCN LightGCN (our
experiment)

COMPARED RESULTS  WITH OTHERS
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Chapter Five 

Conclusions and Future Works 

5.1 Conclusions 

Based on the suggested system, the following conclusions can be drawn: 

At the moment, obesity is a severe worry of human existence, and people 

have developed interested methods in monitoring their weight and eating habits to 

avoid becoming obese. Thus, this research presents an approach to show the type of 

food people consume and its characteristics. This thesis has developed a system for 

nutritional assessment that takes an image of a meal and generates a title and 

ingredients list. This is a study from rare studies to estimate food ingredients from 

food photographs and then evaluate nutritional information based on the predicted 

ingredients. 

The system proposed implicit feedback extractions to recommend the best 

restaurants, and it depends on generating new features from geotagged food photos 

shared by users on Yelp business social media. 

The applied LightGCN model predicts the best restaurants based on 

nutritional information and other related features in the proposed system. The results 

show that the proposed system outperformed other models. The overall findings are 

avg recall of 47% and avg NDCG of 33% with different experiments on different 

numbers of K. 

The suggested rating matrix generated from implicit features with other 

metadata minimized sparsity in the original dataset based on implicit feedback. 

The system cannot add new users because of the “cold start” 

recommendation problem, the system training is offline, and the pre-trained model
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 is not compatible with photos taken by users that causing some problems in 

predicting meal ingredients that are not accurate nutritional information estimation. 

5.2 Future Works 

Further improvement is still required according to the concepts and 

models utilized to develop this system. Numerous concepts might be used to enhance 

and improve the system and its models such as: 

• Creating a new Geo-Social recommender system by combining a separate 

social network with the proposed system. 

• Adding new users to recommender systems is one of the objectives of such 

systems; therefore, developing a mechanism to add new users is one of the 

future efforts. 

• Instead of Top-N suggestions, different forms of distribution can be used to 

determine the list of nearby restaurants and/or the list of recommended items. 

• Utilizing or enhancing machine learning model to predict food ingredients 

from food photos to improve the accuracy of nutritional information.  

• Real-time applications can also be used to access online databases to improve 

the proposed system.  

• In the future, the proposed system can be applied to Iraqi restaurants after 

collecting a complete dataset on Iraqi restaurants. 
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 المستخلص 

يمكن   لا  القلب.  وأمراض  الشرايين  وانسداد  للسمنة  الرئيسية  المؤشرات  هي  الغذائية  القرارات 

لمتخصصي الرعاية الصحية البشرية ، أن يكونوا دائمًا بجانب كل مستخدم ، لتوجيههم يدوياً نحو الخيارات  

الخبرا معرفة  مع  جنب  إلى  جنباً  المؤتمتة  التكيفية  الإرشادات  المشورة المثلى.  نطاق  توسيع  بإمكانية  ء 

 الصحية تقنيًا دون تدخل بشري.

المستخدمين بأفضل المطاعم ؛ اعتمادا على معلومات المستخدمين. يحلل   توصيةعلى    الرسالةتركز هذه  

النظام المقترح صور الطعام للمطعم لاستخراج معلومات غذائية جديدة ويحسن دقة تنبؤ المطاعم اعتماداً  

 على حقائق التغذية.

العصبية  الرسالةتقدم   الشبكة  صور  لتحليل    Convolutional Neural Network  (CNN)  تقنيات 

لحساب  الصور  من  المستخرجة  المكونات  تسُتخدم  الوجبات.  أطباق  مكونات  قائمة  لاستخراج  الطعام 

المعلومات الغذائية لكل وجبة. يتم دمج الميزات الكامنة المستخرجة من الصور مع معلومات المستخدمين 

م. ثم يختار النظام مجموعة  للتحقق من تشابه المطاعم مع جيرانه  خرى لبناء مصفوفة تقييم جديدة مقترحهالآ

تعاوني  ترشيح  نظام  اعتماد  تم   ، وبالتالي  الحالي.  للمستخدم  مماثلة  بتفضيلات  للتوصية  المطاعم  أقرب 

 للتوصية في هذا العمل.

خلال   من  النظام  تقييم   Normalized Discounted Cumulative  (NDCG)و    Recallيتم 

Gain   الموصى بها لجميع المستخدمين خلال فترة مجموعة التدريب ومقارنتها بالفترة الأخيرة   للمطاعم

٪ ، بينما 47٪[ ، والمتوسط  97-٪  1بين ]  Recallال  لتفضيلات المستخدم كمجموعة اختبار. تتراوح قيم  

ة  على مجموع  اربالتججميع    عمليتم  . ٪ للنظام بأكمله33٪[ و  50-٪  23بين ]  NDCGتتراوح قيم  

 .المقترح نظامنا استخدامها كقاعدة بيانات أساسية في التي تم Yelpبيانات 
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