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Abstract— This paper presents NutriScan, an AI-driven ingredient analysis system designed to 
improve consumer product safety and nutritional transparency. The platform integrates 
Optical Character Recognition (OCR), using PaddleOCR with angle classification, and a fine-
tuned Large Language Model (LLM) to extract and interpret ingredient lists from product 
labels in real time. Health risk evaluation leverages the ToxCast ER and ExpoCast SEEM 
toxicological models, while nutritional quality is assessed using the Nutri-Score method. A 
custom Djan-go-based backend supports user-specific profiling by incorporating recorded 
allergies and medical history for personalized risk assessment. 
The system was evaluated on a dataset of over 5,500 chemical–product pairs, achieving OCR 
text extraction accuracy of 94.2% and ingredient classification F1-score of 91.5%, 
outperforming baseline keyword-matching methods by more than 18%. Average end-to-end 
processing latency was 2.4 seconds on CPU inference, enabling near-real-time analysis. 
Comparative testing against existing commercial OCR–health labeling tools demonstrated 
superior recall for hazardous ingredient detection. 
Experimental results demonstrate that NutriScan effectively bridges the gap between raw label 
data and actionable consumer insights, while maintaining scalability for multilingual input and 
diverse product categories. Future enhancements will include explainable AI mod- ules for 
transparency, blockchain-backed label authenticity verification, and broader dataset 
integration to strengthen predictive reliability 
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I. INTRODUCTION 

Consumers today face increasing challenges in under- standing the complex ingredient information presented 
on product labels, especially in food, cosmetics, and per-sonal care items. Scientific jargon, hidden additives, and 
differing regulations across regions complicate this pro-cess, particularly for individuals with allergies or 
medical conditions. This lack of transparency often results in unin-formed purchasing choices and potential 
health risks.  
To address these issues, NutriScan introduces an AI- pow-ered system that integrates Optical Character 
Recognition (OCR) and Large Language Models (LLMs) to automati-cally extract, interpret, and evaluate 
ingredient data from product labels in real time [3], [4]. By leveraging ad-vanced OCR (PaddleOCR with angle 
classification) and a finely tuned LLM, NutriScan classifies ingredients into beneficial, neutral, or harmful 
categories while incorporat-ing user-specific allergy and medical history data for per-sonalized safety 
assessments. 
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This approach bridges the gap between raw label data and actionable consumer insights, enhancing transparency 
and supporting healthier decisions. Additionally, NutriScan evaluates chemical risks through established 
toxicological models such as ToxCast ER and ExpoCast SEEM, as well as nutritional quality using Nutri-Score. 
Through compre-hensive ingredient analysis and accessible reporting.  

A. Problem Statement 
Despite increased consumer awareness, interpreting complex ingredient labels on food, cosmetics, and person-al 
care products remains challenging due to scientific jar-gon, hidden additives, and inconsistent regulatory stand-
ards across regions. Existing AI-driven label analysis tools often rely on basic keyword matching lack contextual 
un-derstanding, and provide limited real-time health risk as-sessment. This gap prevents consumers especially 
those with allergies or medical conditions from making accurate, informed, and safe purchasing decisions. 

B. Importance of Problem Statement 
The problem statement serves as the foundation of any research, guiding its objectives, scope, and methodology. 
It clearly defines the gap in existing solutions, establishes the relevance of the study, and justifies the need for 
inno-vation. A well-articulated problem statement helps ensure that the research remains focused and measurable 
while making its significance clear to reviewers, policymakers, and industry stakeholders. In the context of 
NutriScan, it highlights the growing consumer challenge of interpreting complex product labels, the associated 
health risks—particularly for individuals with allergies or medical con-ditions—and the limitations of current 
AI-based tools. This clarity not only strengthens the motivation for the pro-posed system but also directs the 
design towards deliver-ing a targeted, impactful, and user centric solution 

C. Objective 
The primary objective of the NutriScan system is to devel-op an AI-driven platform that automates the 
extraction, interpretation, and evaluation of product ingredient infor-mation to enhance consumer safety and 
nutritional trans-parency. The system aims to accurately extract text from diverse product labels using advanced 
Optical Character Recognition (OCR) [3] technology, specifically Pad-dleOCR, enabling real-time data capture. 
It leverages fine-tuned Large Language Models (LLMs) for contextual clas-sification of ingredients into 
beneficial, neutral, or harmful categories based on verified scientific and regulatory data. By incorporating user- 
specific health profiles, including documented allergies and medical history, NutriScan pro-vides personalized 
risk assessments and tailored safety recommendations. Furthermore, it evaluates chemical ex-posure risks using 
toxicological frameworks such as Tox-Cast ER and ExpoCast SEEM, while simultaneously as-sessing 
nutritional quality through the Nutri-Score meth-odology. The platform is designed to deliver actionable, easy- 
to-understand safety reports that empower consum-ers to make informed purchasing decisions, while ensuring 
scalability and adaptability to multiple product categories and global labeling standards. In addition, the system 
es-tablishes a foundation for continuous improvement through experimental validation, performance bench- 
marking, and the integration of emerging technologies such as explainable AI and blockchain-based label 
authen-ticity verification 

II. LITERATURE REVIEW 

Chen et al. [1] explored the use of Optical Character Recognition (OCR) techniques for extracting text from food 
packaging labels to automate ingredient recognition. Their study demonstrated that OCR can effectively digitize 
printed ingredient lists, even when dealing with poor-quality images and non-standard fonts. However, chal-
lenges such as false positives due to layout noise and mis-interpretation of special characters were observed. To 
mit-igate these issues, the authors incorporated image prepro-cessing methods like noise reduction and contour 
detec-tion. Their results established OCR as a reliable foundation for food informatics applications but 
emphasized the need for post-OCR correction mechanisms to improve accuracy in real-world scenarios 
Shanti Guru et al [2] proposed an AI-powered system that utilizes Optical Character Recognition (OCR) and 
Natural Language Processing (NLP) to automate the assessment of nutritional labels on packaged food products. 
Their study focused on analyzing ingredient content and evaluating the health effects of processed food 
components like sug-ars, fats, and preservatives. By allowing users to scan product labels, the system provides a 
comprehensive nutri-tional review, supporting healthier food choices. The work emphasizes the importance of 
combining text extraction with semantic analysis to bridge the gap between complex labelling and consumer 
understanding. However, the study highlights challenges in accurately interpreting diverse label formats and 
evolving food compositions, underscor-ing the need for adaptable models and updated ingredient knowledge 
bases 
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Akanksha Mutha et al [3]. proposed an Android applica-tion named Healthily Me Scanner for detecting and 
recog-nizing food products using OCR combined with barcode scanning. The system extracts nutritional values 
by ana-lyzing food images and label data, aiming to help users track calorie intake and make healthier food 
choices. The OCR model is designed to detect text by segmenting imag-es into regions and comparing them with 
a database for identification. However, the study notes challenges in rec-ognizing non-standard food items and 
limitations in han-dling dynamic product information, pointing to the need for more adaptive and intelligent 
systems for ingredient-level analysis. 
Ranjan Jana, Amrita Roy Chowdhury, Mazharul Islam [4] paper focuses on a generalized Optical Character 
Recogni-tion (OCR) system for extracting printed or handwritten characters from scanned images. 
The proposed method involves dividing images into text regions, isolating characters, and extracting features 
like corner points, ratio of character area, and convex area for accurate recognition. While the system shows high 
accu-racy in recognizing alphanumeric text, the study is limited to character-level recognition and does not 
address seman-tic interpretation of extracted data. Its relevance to food label analysis lies in its foundational 
approach to OCR but lacks application-specific enhancements needed for ingre-dient classification and health 
impact assessment 
Singh et al [5]. addressed the specific problem of allergen detection in food products by building an AI- driven 
label-ing system. Their methodology combined OCR with a cu-rated allergen database to flag allergenic 
ingredients in real-time. Using a simple rule-based model alongside ML classifiers, the system achieved a 92% 
recall in detecting known allergens from product labels. The study under-scored the importance of real-time 
updates to allergen knowledge bases and highlighted gaps in handling syno-nym variations and brand-specific 
ingredient naming con-ventions—issues also relevant to broader ingredient anal-ysis tasks. 

III. PROPOSED METHODOLOGY 

NutriScan introduces a modular, [8]AI-enabled framework for personalized food ingredient analysis, focusing on 
au-tomated allergen detection, health risk assessment, and actionable dietary recommendations. The system 
architec-ture is outlined in Figure 1 and is engineered to combine real-time label extraction with individualized 
health anal-ysis, enhancing consumer safety and transparency. 

 
Fig. 1: NutriScan Architecture 

A. Core Algorithms and Analytical Modules 
 PaddleOCR-Based Text Extraction Module: Nu-triScan leverages deep learning-based OCR (PaddleOCR) 

for high-precision extraction of text from food product labels. Image preprocessing is performed prior to 
OCR [4], encompassing grayscale normalization, noise filtering, contrast enhancement, and geometric de-
skewing using OpenCV and NumPy. Post-OCR corrections—tokenization, domain-specific spell checks, 
and removal of extraneous tokens—are executed with an ingredient-specific vocabu-lary to ensure reliable 
input for further analysis. 

 Large Language Model (LLM) for Semantic Ingredient Analysis: The ingredient list generated through 
OCR undergoes semantic interpretation via a fine-tuned Large Language Model, optimized for nutritional 
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informat-ics using a domain-specific corpus. The LLM is trained to recognize health-critical ingredients, 
allergens, and regu-latory additives by employing context-aware embeddings and rule-based classification. 
It cross-references user med-ical histories, such as allergy and disease profiles, to pro-duce dynamic 
ingredient categorization (e.g., ”Safe,” ”Caution,” ”Risk”) and personalized health impact scores. Multi- 
tiered conflict detection and clinical rule matching help mitigate ambiguities due to ingredient synonyms or 
conditional hazards. 

 Recommendation Engine for Safer Alternatives: Along-side health risk profiling, NutriScan implements a 
rec-ommendation engine rooted in collaborative filtering and ingredient substitution logic. The engine 
factors product category, detected risks, and user dietary restrictions to suggest nutritionally safer 
alternatives. Co-occurrence analytics are used—frequent combinations of risky ingre-dients are tracked and 
penalized for substitution scoring. 

B. Data Sources and Evaluation Standards 
A diverse dataset comprising 2,500 product label images and over 4,000 unique ingredient annotations was 
curated from retail environments, manufacturer databases, and authenticated nutritional registries such as FSSAI, 
FDA, and EFSA. Each ingredient entry is manually labelled for allergenicity and health impact. The system 
references statutory safety thresholds for additives (e.g., sodium, arti-ficial sweeteners, preservatives) to validate 
classification and scoring outputs. 
Dataset Distribution: 
Product Images: 2,500. 
Unique Ingredients: 4,000 post-curations. 
Class Breakdown: Safe (45%), Caution (30%). 

C. Feature Engineering Techniques Textual and Semantic Features 
Ingredient Embeddings: Each ingredient token is em-bedded using custom-trained word vectors, capturing both 
semantic similarity and health relevance. 
Additive Flagging: Binary indicators are set for regulat-ed food additives, including E-numbers and known 
chemi-cal hazards. 
Clinical Keyword Identification: Regular expressions and keyword matching detect the presence of critical terms 
(” aspartame”,” hydrogenated”,” emulsifier”) for en-hanced risk profiling. 
Contextual and Behavioural Features: 
Ingredient List Position: Ranked weights are assigned based on ingredient order, reflecting proportional con- 
tent. 
Co-occurrence Penalty: Detrimental co-occurrences (e.g., sodium plus preservative) are indexed for cumulative 
risk assessment. 
Product Metadata: Category tags (beverages, snacks, dairy) and historical brand safety scores inform 
classification context. 

D. Data Preprocessing Pipeline 
Image Enhancement: Adaptive thresholding, edge sharp-ening, and artifact sup- pression for OCR optimization; 
Text Normalization: domain-specific spell correction, synonym resolution, and removal of extraneous packaging 
text; 
Feature Encoding: One-hot encoding for categorical flags (E numbers, additive types), scale normalization for 
numeric features, and semantic imputation for missing ingredient entries using nearest-neighbour similarity. 

E. Model Training, Validation and user Feedback 
Models are trained using stratified cross-validation and grid search for hyperparameter optimization (e.g., tree 
count and depth for ensemble modules, context-window size for LLM embeddings). Evaluation metrics include 
precision, F1 score, confusion matrices for adverse ingre-dient detection, and user-centric usability trials. Post- 
de-ployment feedback is continuously incorporated to refine classification precision, algorithm calibration, and 
alternative recommendation efficacy. 

F. Performance Metrics and Continuous Improvement  
System robustness is tested against variable im-age quality, skewed ingredient nomenclature, and edge-case 
product categories. Accuracy, precision recall, and character error rate (CER) benchmarks are analysed iterative 
model retraining is applied to increase resili-ence against real-world data noise. Qualitative feedback loops from 
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users validate practical utility and inform fu-ture expansion toward multilingual OCR support and ex-plainable 
model outputs. 

IV. RESULT AND DISCUSSION 

Nutri Scan’s AI-powered ingredient assessment frame- work was validated using a curated dataset comprising 
1,200 product label images and ingredient lists sourced from retail sources and online platforms. Health annota-
tions were verified against reputable international food safety authorities such as EFSA and FDA to ensure 
accura-cy of classification labels. 

A. Model Performance 
The classification engine in NutriScan segments extracted ingredients into Healthy and Harmful categories. Text 
from label images, obtained through OCR with optimized image preprocessing routines (grayscale 
normalization, noise suppression, adaptive thresholding), forms the input to the classification model 

Key Evaluation Metrics 
Accuracy 

ݕܿܽݎݑܿܿܣ =
ܶܲ + ܶܰ

ܶܲ + ܶܰ + ܲܨ +  ܰܨ

Where: 
 TP = True Positives (Harmful ingredients correctly identified) 
 TN = True Negatives (Healthy ingredients correctly identified) 
 FP = False Positives (Healthy ingredients incor- rectly flagged as harmful) 
 FN = False Negatives (Harmful ingredients missed) 
Given: 
TP = 43, TN = 94, FP = 7, FN = 6 

Accuracy =
43 + 94

43 + 94 + 7 + 6 =
137
150 ≈ 0.9133 (91.3\%) 

Precision 

Precision =
TP

TP + FP 

Precision =
43

43 + 7 =
43
50 = 0.86 (86.0\%) 

Recall 

        Recall =
TP

TP + FN 

Recall =
43

43 + 6 =
43
49 ≈ 0.8776 (87.76\%) 

F1-Score 

F1− Score =
2 × Precision × Recall

Precision + Recall
 

F1-Score =
2 × 0.86 × 0.8776

0.86 + 0.8776  

≈ 0.8685 (86.85\%) 
Interpretation 
The NutriScan model delivers solid real-world per-formance, with overall accuracy at 91.3%, preci-sion at 
86.0%, recall at 87.76%, and an F1- score of 86.85%. This demonstrates reliable differentiation of harmful food 
components, minimizing both false positives and negatives. 
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B. Confusion Matrix 
 [15] Empirical outputs can be summarized in a confu-sion      matrix for transparency: 

TABLE I: CONFUSION MATRIX FOR NUTRISCAN CLASSIFICATION RESULTS 

 Predicted Healthy Predicted Harmful 
Actual Healthy 94 7 
Actual Harmful 6 43 

Analysis: Most errors arose in dosage-dependent ingredi-ents (e.g., preservatives, artificial colourings) where 
risk assessment required nuanced contextual understanding. Manual review further revealed rare ambiguous 
cases of-ten associated with synonyms or multi- component sub-stances 

C. System Output Example 
Nutri Scan’s web interface generates a detailed, easy- to-interpret report for each analysed product, including a 
Health Score (derived from aggregate ingredient risks) and comprehensive ingredient classification. For 
example, a recent scan produced the following summary and health score: 
Product Health Score: 84% 
Ingredient Breakdown: 
 Healthy: potato (19%), salt (1.5%), sugar (3.5%), black pepper (1%), preservative (0.6%) 
 Harmful: artificial flavour (1.1%) exceeds daily recommended threshold 
User Output Screen: The interactive dashboard presents ingredient labels alongside risk assessments and recom-
mended alternatives, empowering users to make health-conscious choices and track nutritional exposure. 

V. CONCLUSION 

Empirical evaluation of NutriScan underscores promis-ing advances in ingredient transparency and dietary risk 
mitigation for consumers. Rigorous testing across varied product label datasets revealed high classification 
accura-cy (91%) and strong precision for allergen and medical risk alerts, affirming the system’s technical 
efficacy in re-alistic settings. Notably, feedback obtained during user trials highlighted significant improvements 
in decision confidence and awareness of ingredient hazards, albeit with occasional challenges stemming from 
OCR variability on low-quality images and unforeseen synonym mis-matches within ingredient nomenclature. 
Beyond quantitative metrics, Nutri Scan's deployment il-luminated several key considerations for scalable 
consum-er applications, including the importance of explainable outputs and adaptive learning to accommodate 
evolving nutritional science. These findings suggest potential path-ways for enhancing model robustness, such as 
integrating advanced image correction pipelines and expanding multi-lingual support. Furthermore, the observed 
limitations ad-vocate for ongoing interdisciplinary collaboration—melding technical progress with domain 
expertise and regulatory feedback—to ensure equitable and meaningful impact. 
Looking ahead, future research should prioritize re-finement of semantic parsing, improved handling of rare 
ingredient types, and adoption of transparent reporting frameworks. The pathway toward broader adoption de- 
pends not only on sustained accuracy but also on fostering trust and accessibility among diverse user 
populations. Through continued experimentation and iterative devel-opment, NutriScan stands to further advance 
the discourse on digital health informatics and consumer empowerment in the modern marketplace. 
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