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Abstract 

Image-based dietary assessment is transforming the measurement and analysis of eating habits with innovative 

data-driven approaches for improving public health and personalized nutrition. Driven by advancements in 

machine learning and visual representation technologies, IBDA systems accurately recognize foods and 

estimate portion sizes, allowing for real-time dietary monitoring of individuals and populations. Such tools 

hold great potential in closing dietary gaps, delivering targeted nutrition guidance, and informing large-scale 

public health programs fighting chronic diseases and malnutrition. While promising, there are several 

challenges facing the wide adoption of IBDA, including concerns on data privacy, cultural diversity in food 

datasets, and user compliance. Novel innovations in multimodal data integration, self-supervised learning, and 

low-cost mobile solutions can make IBDA more accessible, scalable, and inclusive. This review highlights the 

transformative potential of IBDA in advancing global nutrition strategies, emphasizing the need for ethical 

considerations and culturally sensitive approaches. By bridging gaps in dietary monitoring and enabling 

personalized interventions, IBDA stands at the forefront of modern nutrition and public health innovation. 
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1. Introduction 

Dietary assessment is a vital component of public health and nutrition, providing information on eating 
behaviours and nutrient intake and their related health outcomes. Traditional methods, such as food 
diaries and 24-hour recalls, are generally time-consuming, prone to reporting errors, and burdensome for 
the users. Recent advances in computer vision and machine learning have made image-based dietary 
assessment a promising alternative that depends on visual representation for the analysis and 
quantification of food intake in an efficient and accurate way [12], [15]. 

 

1.1 Background and Motivation 

The global burden of diet-related illnesses brings out the need for innovative dietary assessment methods 

that are both accurate and user-friendly. Traditional approaches often have inherent limitations, including 

recall bias, underreporting, and user non-compliance, especially among diverse and vulnerable 

populations [12], [14]. Image-based dietary assessment tackles these challenges by allowing users to 

capture real-time food images, which can later be analyzed using advanced algorithms for food 

recognition and portion estimation [5], [11]. 

 

Integration with technologies of deep learning and sensor-based systems has increased the accuracy and 

scalability of these approaches even further [2], [17]. For instance, DeepTrayMeal and other visual 

representation frameworks have shown the possibility of automating dietary analysis with minimal user 
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intervention, thus opening the possibilities for widespread adoption in public health [5], [13]. In the light 

of these innovations, great promise lies with personalized nutrition and improvement in diet behavior, 

especially within resource-constrained settings where traditional assessment methods are very resource-

intensive [1], [6]. 

 

1.2 Objectives and Scope of the Review 

The aim of this review is to highlight some implications of image-based dietary assessment for public 

health and nutrition, focusing on the following aspects: 

 Highlighting the technological advancements and methodologies used in image-based dietary 

assessment, including deep learning, 3D imaging, and sensor integration [3], [8], [18]. 

 Exploring the applications of these tools in dietary monitoring, personalized nutrition 

interventions and in response to public health challenges like obesity and malnutrition [4] [9]. 

 Validating image-based methods for accuracy, feasibility, and acceptability by users through 

validation studies and pilot implementations [6], [11], [15]. 

 Discussing the limitations, ethical considerations, and future opportunities for research within 

this area [7], [14], [16]. 

        
Figure1. System Overview: Image-based dietary assessment workflow for food recognition, 

segmentation, and weight prediction to improve public health [21]. 
 

2. Literature Review 

2.1 Image-Based Dietary Assessment: Overview 

Image-based dietary assessment has emerged as a transformative tool in the field of public health nutrition. 
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By utilizing digital food images combined with computational techniques, this method provides accurate, 

efficient, and user-friendly alternatives to traditional dietary assessment methods. This section introduces 

key concepts and traces the evolution of image-based dietary assessment. 

 

2.2 Definitions and Key Concepts 

Image-based dietary assessment is a technique that uses photographs or videos of meals, analyzed by 

advanced algorithms, to identify food items, estimate portion sizes, and compute nutrient values. The core 

principles of this approach include: 

 Food Recognition: The identification of food items photographed by a user with the help of 

machine learning algorithms and food image databases [4], [13]. 

 Portion Size Estimation: Volume reconstruction, 3D imaging, or shape-based analysis to 

estimate food quantities [8], [11]. 

 Nutrient Analysis: Calculating energy and nutrient value based on food identification and 

portion size estimation [1], [14]. 

Advanced systems incorporate other data sources, including sensors and metadata about the users, to 

increase the accuracy of the dietary assessment [2], [17]. A few critical technologies, such as deep learning 

and computer vision algorithms, have significantly improved the scalability and accuracy of these 

approaches [5], [13]. 

 

2.3 Evolution of Image-Based Dietary Assessment 

Development of image-based dietary assessment tools can be traced through distinct phases, reflecting 

technological advancements and expanding applications. 

i. Initial Explorations: In the first studies, simple image analysis techniques were used to identify 

foods and estimate portion sizes. Those methods were limited due to the limited computational 

power and the small size of datasets, yielding modest accuracy [12], [15]. 

ii. Steps in Machine Learning: The deep learning models, especially the convolutional neural 

network (CNN) architecture, made all the difference. These models performed much better than 

their traditional counterparts in food classification and portion estimation tasks, such as in 

systems like DeepFood and DeepTrayMeal [5], [13]. 

iii. Integration with Sensors: More recent approaches have integrated image data with sensor 

technologies, including wearable devices and environmental sensors, to increase the reliability 

of the data acquired in free-living conditions. For instance, integrated systems detect food intake 

events and improve dietary tracking accuracy [2], [17]. 

iv. Emphasis on User-Centric Design: Usability and cultural appropriateness are increasingly the 

focus of recent research. For example, photo-assisted interventions have been designed for 

specific populations, including elderly individuals and college students, proving the potential of 

such tools in a variety of settings [3], [6]. 

v. Emergence of Global Datasets: The creation of large-scale food image datasets, such as 

nutrition-specific databases, has further supported the evolution of image-based dietary tools, 

allowing for more accurate food recognition across diverse cuisines and dietary patterns [10], 

[14]. 

3. Image-Based Dietary Assessment: Technologies and Methods 

Technological advancement has driven the rapid evolution of image-based dietary assessment, enabling 

more accurate and scalable tools for food recognition, volume estimation, and nutrient analysis. This 

section will go in-depth into the main technologies and methods underpinning these systems. 

 

3.1 Visual Representations for Food Recognition and Volume Estimation 

Visual images are the basis for image-based dietary assessment, allowing for the identification and 

quantification of foods. Among the key methods are: 
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 Food Recognition: Advanced visual algorithms analyze food images to classify food types. 

Approaches range from traditional image processing techniques to neural network-based models 

trained on large-scale food image datasets [4], [10]. 

 Volume Estimation: 3D modeling, shape-based analysis, and depth estimation are some of the 

techniques used in estimating food portion sizes. For instance, 3D image projection and manual 

wire mesh transformations have been considered for accurate volume estimations [11], [18]. 

 Contextual Analysis: Integrating contextual information, like dining environments and plate 

sizes, improves the accuracy of food recognition and portion estimation [14], [17]. 

These visual techniques, therefore, are important in bridging the gap between digital imagery and dietary 

metrics, providing a user-friendly alternative to traditional methods. 

 

3.2  Role of Machine Learning and Deep Learning Models 

Machine learning (ML) and deep learning (DL) models have revolutionized image-based dietary 

assessment by considerably improving the accuracy and efficiency of food analysis. 

 Convolutional Neural Networks (CNNs): CNNs are extensively applied in food classification 

and feature extraction and have obtained state-of-the-art performance in recognizing various 

food items [5], [13]. 

 Self-Supervised Learning: Some emerging self-supervised learning approaches have shown 

promise in improving the representation of food images, usefully when labeled data is limited 

[7]. 

 Hybrid Models: Combining ML models with rule-based systems can improve food recognition 

accuracy by using domain-specific knowledge [1], [15]. 

Notable examples are the DeepFood system, which uses deep learning to analyze food images and 

estimate portion sizes, and DeepTrayMeal, designed for automated assessment of tray-based meals [5], 

[13]. These models show the scalability of DL in dietary assessment applications across different contexts. 

 

3.3  Integration of Sensors with Image Analysis 

The combination of sensor technologies with image analysis creates new dimensions for dietary 

assessment, increasing its accuracy in real-world settings. 

 Wearable Sensors: Chest-mounted cameras and motion sensors provide real-time eating 

behaviors that are used to enhance the accuracy of image-based data [2], [19]. 

 Environmental Sensors: Integrated systems utilize environmental information (e.g., ambient 

light, temperature) to enhance the recognition of food objects and events [17], [18]. 

 Multimodal Approaches: The combination of image data with sensor inputs, such as audio or 

chewing sensors, allows for the comprehensive analysis of food intake in free-living conditions 

[2], [14]. 

For example, sensor-enhanced systems, as described by Ghosh et al. (2024), offer accurate detection of 

food intake events, enabling enhanced dietary monitoring in naturalistic settings [2]. These integrations 

point out the potential for truly seamless and unobtrusive dietary assessment solutions. 

 

4 Applications in Public Health and Nutrition 

Image-based dietary assessment tools have tremendous potential to impact public health and nutrition by 

providing efficient and scalable methods for monitoring diets, promoting personalized interventions, and 

addressing dietary gaps in various populations. This session will discuss the different applications of these 

tools in improving public health outcomes. 

 

4.1 Dietary Surveillance for Population Health 

Dietary monitoring is important in understanding population health trends, identifying risk factors, and 
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informing public health policy. The benefits of image-based dietary assessment in this regard include: 

 Real-Time Data Collection: Image-based approaches allow for the monitoring of food intake in 

real time, hence providing information regarding dietary behaviors and trends over a period of 

time. Such systems, therefore, show lesser bias compared to the traditional recall methods [12], 

[14]. 

 Large-Scale Dietary Surveys: These tools can be deployed in large-scale population studies—

like national health surveys or cohort studies—by automating food identification and portion 

size estimation. Such applications can help monitor the effectiveness of dietary interventions on 

a broad scale [9], [11]. 

 Monitoring Dietary Transitions: As diets globally are shifting to becoming more processed, 

image-based dietary tools can track these transitions and measure their impact on public health 

in terms of an increase in diet-related chronic diseases, such as obesity and diabetes [14], [16]. 

These capabilities make image-based dietary assessment a powerful tool for monitoring and evaluating 

dietary patterns in diverse populations. 

 

4.2  Tailored Nutrition Interventions 

Personalized nutrition interventions are the tailoring of dietary recommendations to the specific needs, 

preferences, and health conditions of an individual. In this regard, image-based dietary assessment is an 

important area that provides accurate, real-time information on food intake. 

 Dietary Feedback and Guidance: Real-time feedback on food intake enables personalized 

dietary recommendations that can be adjusted based on the individual's preferences, health 

goals, and nutritional needs. Systems like DeepFood and those integrating AI algorithms can 

provide individualized suggestions based on food recognition and nutrient analysis [5], [13]. 

 Behavioral Nudges: Image-based tools can facilitate much more healthy eating behaviors 

through logging of progress and by means of behavioral nudges, for example, portion control 

or alternatives to food choice [16], [9]. 

 Chronic Disease Management: For patients with chronic diseases such as diabetes or 

cardiovascular diseases, personalized nutrition interventions based on food image analysis can 

help manage their condition by adhering to dietary guidelines [12], [14]. 

These applications highlight how image-based dietary tools can empower individuals to make more 

informed decisions about their diet, fostering better health outcomes through personalized nutrition. 

 

4.3 Improving Dietary Gaps in At-Risk Communities 

It is quite common for vulnerable populations—among them, the elderly, children, and people in low-

resource settings—to have considerable barriers to sufficient dietary assessment and nutrition 

management. Image-based dietary assessment can play a central role in overcoming these gaps: 

 Elderly Populations: For older adults who might find the traditional dietary recall methods 

problematic, image-based systems provide easier access and create less cognitive strain for 

monitoring food intake. A number of studies have shown the applicability of photo-assisted 

dietary assessment in this population [3], [6]. 

 Children and Adolescents: Among younger populations, where self-reporting is generally 

unreliable, image-based methods are more engaging and accurate alternatives to track eating 

behaviors in support of early interventions for childhood obesity or malnutrition [6], [15]. 

 Low-Resource and Remote Setting: In many settings with limited access to health professionals 

or dietetic counselors, mobile-based image dietary assessment tools can provide remote, 

accessible solutions for monitoring food intake and promoting nutrition education [5], [9]. 

These tools can empower vulnerable populations to adopt healthy eating habits, overcoming traditional 

barriers to dietary assessment, and hence improve their nutritional status. 
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5 Validation and Feasibility Studies 

For image-based dietary assessment methods to be adopted widely in public health and nutrition, it is 

important that their accuracy, reliability, and feasibility be evaluated. This section reviews validation 

studies that have been conducted to assess the effectiveness of these tools and discusses challenges related 

to user adoption and perspectives. 

 

5.1 Accuracy and Reliability of Image-Based Methods 

Validation studies have a critical role in the assessment of the accuracy and reliability of image-based 

dietary assessment methods, ensuring that they can deliver trustworthy results when used in real-world 

settings. 

 Food Recognition Accuracy: A primary focus of validation studies is the assessment of food 

recognition algorithm precision. These studies have shown that deep learning models, 

particularly CNNs, achieve a high level of accuracy in the classification of foods, though with 

less success in the identification of uncommon or composite dishes [5], [13]. 

 Portion Size Estimation: The validation of portion size estimation methods is critical to provide 

image-based tools with reliable volume or weight estimates. Literature showed that 3D image 

reconstruction and depth analysis techniques provide promising results in volume estimation, 

while some studies show variability in accuracy depending on factors like lighting, camera 

angle, and image quality [11], [14]. 

 Cross-Population Validity: In order to make image-based approaches applicable to diverse 

populations, studies have investigated their performance on different demographic groups, 

including children, elderly people, and people from different cultural backgrounds. These 

studies have shown that, in most cases, the methods are robustly performing; however, there are 

limitations in handling culturally specific foods or atypical meal presentations [6], [15]. 

Taken together, validation studies prove that image-based dietary assessment methods can achieve 

reasonable accuracy and reliability, especially by the combined use of leading-edge machine learning 

models and large-scale food image databases. However, continued research is needed to improve their 

performance under real-life conditions with many variables. 

 

5.2 User Views and Adoption Issues 

While the technical accuracy of image-based dietary assessment methods is critical, it is also important 

to understand users' perspectives in order to overcome adoption challenges for widespread use. 

 User Acceptance: Users generally reported that image-based dietary assessment tools are easier 

to use and less burdensome than traditional methods, such as food diaries or 24-hour recalls [9], 

[12]. However, some users report difficulties in capturing images of foods clearly, especially 

when eating in different lighting situations or when meals are complex. 

 Cultural and Dietary Diversity: A critical adoption challenge is the ability of image-based tools 

to accurately recognize foods from diverse cuisines and dietary patterns. A number of studies 

have shown that users in different regions or cultures might find these tools less useful for local 

food items, therefore requiring adaptation of the food database and recognition models toward 

global diversity [10] and [13]. 

 Privacy and Data Security: Users are concerned about privacy and data security issues when 

using mobile applications that require taking food photos. The main concerns that have to be 

faced regarding data storage, sharing, or misuse of personal information will definitely improve 

trust and adoption [16], [18]. 

 Technological Barriers: There is also an issue of accessibility with the image-based tools, 

especially for vulnerable populations. One might not have the technology needed to use them, 

for example, smartphones with cameras or even internet access; this could diminish the 

possibility of using these methods in many settings, especially in low-resource settings [5], [9]. 
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Despite these challenges, the literature suggests that appropriate education, adaptation to cultural contexts, 

and improved user interfaces can increase the adoption of image-based dietary assessment tools, leading 

to greater acceptance and engagement from diverse populations. 

  

6  Current Challenges and Limitations 

While image-based dietary assessment tools show great potential to improve dietary monitoring and 

public health, a number of challenges and limitations stand in the way of their widespread adoption and 

effectiveness. This section considers a few of the most important of these challenges, including ethical 

concerns, data quality issues, and the complexities of cultural and dietary diversity. 

 

6.1 Ethical and Privacy Concerns 

The use of image-based dietary assessment raises major ethical and privacy concerns that must be dealt 

with appropriately to assure the safety and trust of the users. 

 Data Privacy: The food images can reveal sensitive personal information, such as the user's 

eating habits, location, and even their lifestyle choices; hence, privacy is a key concern. Users 

will be concerned with the collection, storage, and sharing of their dietary data stored in cloud 

servers or shared with third-party service providers [9], [16]. Ensuring the compliance of the 

systems with the data protection regulations like GDPR (General Data Protection Regulation) 

and HIPAA (Health Insurance Portability and Accountability Act) would be necessary for 

mitigating privacy risks. 

 Informed Consent: Proper informing of the user regarding data collection processes and how 

their images and data will be used should be done. The need for clear informed consent 

procedures is critical in building trust and promoting the uptake of image-based dietary 

assessment tools [16, 18]. 

 Bias in Data Usage: Ethical concerns also arise when considering the possible misuse of dietary 

data. For example, analyzing food images may lead to targeted marketing or dietary 

interventions that could be against the best interest of an individual, thus violating their privacy 

or bringing about discriminatory practices [12], [15]. 

Broader implementation of these image-based dietary assessment tools will need to address these issues 

with strong data protection policies and ethical guidelines in place. 

 

6.2 Data Quality and Annotation Bottlenecks: 

Image-based dietary assessment tools demand high-quality, well-annotated food images for their accuracy 

and reliability. However, the following are related to data quality and annotation issues: 

 Food Image Quality: The quality of food images can vary, with differences in lighting, shooting 

angle, and background, greatly affecting the accuracy of food recognition algorithms. Therefore, 

low-quality images or badly taken parts of foods will determine incorrect portion sizes or 

misclassification of foods [11], [13]. 

 Image Annotation: Annotating food images for machine learning models is a time-consuming 

and labor-intensive process. Large-scale datasets require accurate labeling of thousands of 

images, which is prone to errors and inconsistencies. Furthermore, the lack of standardized 

annotation practices across different datasets can lead to confusion and decreased accuracy of 

models trained on multiple datasets [10], [18]. 

 Data Scarcity and Diversity: Although food image datasets have increased in recent years, many 

still lack diversity in food types, especially considering the global cuisines. This limitation leads 

to less accurate recognition of food items that do not frequently occur within big, publicly 

available datasets [4], [7]. 

These data-related bottlenecks significantly affect the development and deployment of image-based 

dietary tools. Improving the quality of data collection and annotation processes is essential to enhance 
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model performance and reliability. 

 

6.3 Cultural and Dietary Diversity in Image Datasets 

This, in turn, creates a big challenge in creating food image datasets and a significant barrier to the 

generalizability of image-based dietary assessment methods. 

 Food Diversity: A major limitation of the existing image datasets is the underrepresentation of 

foods from diverse cultures and regional diets. Most datasets are heavily biased toward Western 

food items, which severely degrades performance when identifying or analyzing foods from 

other cultures [10], [13]. This lack of dietary diversity is problematic when the tools are 

deployed in global or multicultural settings. 

 Cultural Differences in Portion Sizes: Portion sizes and the way meals are presented can vary 

greatly across cultures, and this can impact how portion size is estimated. Image-based methods 

that do not account for these cultural differences may fail to provide accurate dietary 

assessments for people from diverse backgrounds [5], [15]. 

 Local Adaptations: To improve the efficacy of image-based dietary tools in diverse settings, 

adaptations to local food classifications, portion sizes, and consumption patterns are needed. 

This requires incorporating local food knowledge, involving cultural experts in dataset 

development, and adapting algorithms to handle a broader range of dietary practices [13], [16]. 

Table 1. Literature Review 

 

Reference/ 

Year 

Title Methodology Findings Research Gap 

[1] / 2024 Development of a 

dental diet-tracking 

mobile app for 

improved caries-

related dietary 

behaviors 

Mobile 

application 

development; 

Pilot study 

Enhanced 

nutrition tracking 

for oral health; 

High user 

satisfaction 

Limited to dental 

dietary behaviors; 

applicability to 

general dietary 

assessment not 

tested 

[2] / 2024 Integrated image and 

sensor-based food 

intake detection in 

free-living 

Image and sensor 

data integration; 

Real-world trials 

Reliable intake 

detection; 

Information on 

free-living 

conditions 

Challenges in 

sensor integration 

for diverse 

populations 

[3] / 2024 Photo-assisted dietary 

intake assessment 

among college 

students and elderly 

individuals 

Photo-assisted 

dietary recording; 

Usability study 

Validated tool for 

dietary 

assessment in 

specific 

demographics 

Lack of research 

in other 

population groups 

or cultural 

contexts 

[4] / 2024 Image-based dietary 

assessment: A healthy 

eating plate estimation 

system 

AI-based 

estimation system; 

Algorithm 

verification 

Accurate plate 

estimation using 

AI; Potential for 

real-time 

feedback 

Limited focus on 

specific dietary 

systems; 

generalizability 

not addressed 

[5] / 2024 DeepTrayMeal: 

Automatic dietary 

assessment for 

Chinese tray meals 

Deep learning on 

meal-specific 

datasets 

Enhanced 

accuracy for tray-

based meals; 

Dataset 

efficiency 

Applicability 

beyond tray 

meals; limited 

cultural diversity 

in datasets 

[6] / 2023 Count every bite to 

make ‘every bite 

count’ 

Systematic review 

of diet 

measurement gaps 

for children 

Identified gaps in 

diet observation 

from birth to 24 

months 

Lack of focus on 

image-based 

methods in 

pediatric 

populations 
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[7] / 2023 Self-Supervised 

Visual Representation 

Learning on Food 

Images 

Self-supervised 

learning for food 

image 

classification 

Better model 

performance with 

less labeled data 

Scalability for 

diverse food 

image datasets; 

real-world 

implementation 

[8] / 2023 Estimating food 

amounts in a circular 

bowl from a single 

image 

Single-image deep 

learning-based 

estimation 

Accurate serving 

size estimation 

for particular 

serving 

categories 

Limited focus on 

specific container 

types; broader 

applications not 

explored 

[9] / 2023 Serving size estimates 

using digital food 

photographs among 

Japanese adults 

Digital photo 

analysis with 

cultural focus 

Accurate serving 

size estimation 

for Japanese 

foods 

Lack of 

generalisability to 

non-Japanese 

populations 

[10] / 2022 Towards the Creation 

of a Nutrition and 

Food Group-Based 

Image Database 

Creation of a 

curated food 

image database 

Better dataset for 

nutrition studies 

Partial dataset 

representation for 

global food 

diversity 

[11] / 2022 Food volume 

estimation by 

integrating 3D image 

projection and manual 

mesh transformations 

Combined 3D 

imaging with 

manual 

intervention 

Accurate volume 

estimation in 

controlled 

environments 

Limited usability 

in real-world, free-

living scenarios 

[12] / 2021 Overview of dietary 

assessment methods 

for research 

Comprehensive 

review of dietary 

assessment tools 

Comparative 

insights into 

traditional and 

modern tools 

Lack of attention 

to emerging 

image-based 

technologies: 

[13] / 2020 DeepFood: Food 

image analysis and 

dietary assessment via 

deep models 

Deep learning in 

food recognition 

High accuracy in 

image-based 

dietary 

monitoring 

Small dataset size; 

not tested on other 

cuisines 

[14] / 2020 Image-based food 

classification and 

volume estimation: A 

review 

Review of image-

based 

classification and 

volume estimation 

approaches 

Identified trends 

in classification 

and volume 

estimation 

Gaps in 

integrating 

classification with 

real-time 

applications 

[15] / 2020 Validity of image-

based dietary 

assessment methods 

Systematic review 

and meta-analysis 

Validated 

different image-

based approaches 

Limited 

generalizability in 

diverse cultural 

contexts 

[16] / 2020 Image-Based Food 

Classification and 

Volume Estimation for 

Dietary Assessment : 

A Review 

Conceptual 

review of image-

based dietary tools 

Overview of 

technical 

developments 

Lack of practical 

case studies in 

real-world settings 

[17] / 2019 Context-Based Image 

Analysis with 

Applications in 

Dietary Assessment 

and Evaluation 

Contextual image 

analysis for food 

log 

Showed promise 

in contextual 

analysis for 

dietary evaluation 

Limited focus on 

integrating 

contextual data 

with standard food 

analysis 

[18] / 2017 Model-Based Food 

Volume Estimation 

Using 3D Pose 

3D pose-based 

volume estimation 

model 

Accurate 3D 

Volume 

Estimation 

Computational 

complexity; real-

world deployment 

challenges 

[19] / 2013 Accuracy of food Wearable camera Reliable data Privacy concerns; 
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portion size estimation 

using a chest-worn 

camera 

technology for 

portion size 

estimation 

collection under 

free-living 

conditions 

limited user 

adoption 

[20] / 2012 Automatic portion 

estimation and visual 

refinement in mobile 

dietary assessment 

Automated 

portion size 

estimation with 

refinement 

features 

Improved 

segment 

precision with 

low user input 

Real-time 

functionality not 

emphasized 

 

7. Conclusion 

This Image-based dietary assessment methods are revolutionizing nutrition monitoring and health 

management, driven by advancements in visual representations and machine learning. These tools enable 

the accurate recognition of foods and estimation of portion sizes, supporting large-scale dietary 

monitoring and personalized nutrition interventions [13], [5]. Validation studies prove their reliability, 

although challenges remain, including privacy concerns, cultural diversity in datasets, and user 

compliance [12], [6]. 

The implications for public health, therefore, are huge. Image-based tools can strengthen dietary 

surveillance for population health initiatives, fill dietary gaps in vulnerable groups, and promote 

personalized dietary prescriptions for the management of chronic diseases such as diabetes [9], [14]. 

Mobile-based solutions democratize access, especially in low-resource settings, and promote health 

equity [5], [9]. Policymakers should encourage the development of culturally appropriate, localized food 

datasets that make the technology usable globally [10], [13]. 

By and large, technologies have the potential to revolutionize public health strategies by providing 

novel, equitable, and personalized approaches to improving nutrition and health outcomes. 
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