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Abstract

Food quality assessment is a critical process in
ensuring food safety, reducing economic losses,
and preventing health issues caused by the
consumption of spoiled food. This project
presents an intelligent Food Quality Assessment
System using deep learning with confidence-
based prediction to automatically analyze food
freshness from images. The system leverages
computer vision techniques and Convolutional
Neural Networks (CNNs) to classify food items
into five categories: Very Fresh, Fresh, Slightly
Aged, Stale, and Spoiled, providing a more
detailed evaluation compared to traditional
binary classification methods. To enhance
performance, the system incorporates advanced
preprocessing  techniques and clustering
algorithms such as K-Means, Agglomerative
Clustering, and DBSCAN, along with multiple
deep learning models including AlexNet, VGG16,
and ResNet50. A real-time web-based interface is
developed using Streamlit, allowing users to
upload images and receive instant predictions
with confidence scores. Experimental results
show that the combination of AlexNet with
Agglomerative Clustering achieves the best
performance with an accuracy of 84%. The
proposed system provides a reliable solution for
applications such as retail, agriculture, and food
safety monitoring, highlighting the importance of
Al-driven approaches in improving food quality
assessment.
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I. Introduction

The rapid advancement of artificial intelligence and
deep learning technologies has led to the
development of highly efficient automated systems
in various domains, including food quality
assessment. Ensuring the freshness and safety of
food is a critical concern, as the consumption of
spoiled food can lead to serious health issues and
economic losses. Traditional food quality evaluation
methods rely on manual inspection, which is often
subjective, time-consuming, and inconsistent. With
the growing demand for reliable and scalable
solutions, there is a need for intelligent systems that
can accurately assess food quality using modern
computational techniques.

Food quality assessment plays an essential role in
industries such as agriculture, retail, and food
processing, where maintaining freshness standards
is crucial. Conventional approaches typically
classify food as either fresh or spoiled, providing
limited information about its actual condition.
Moreover, manual inspection methods are highly
dependent on human judgment and environmental
factors, making them unreliable for large-scale
applications. As a result, there is an increasing
demand for automated systems that can provide
detailed, consistent, and accurate evaluation of food
freshness.
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To address these challenges, this project presents an
intelligent Food Quality Assessment System using
deep learning with confidence-based prediction. The
system leverages Convolutional Neural Networks
(CNNs) and computer vision techniques to analyze
food images and classify them into five categories:
Very Fresh, Fresh, Slightly Aged, Stale, and Spoiled.
In addition, clustering algorithms such as K-Means,
Agglomerative Clustering, and DBSCAN are
integrated to enhance feature representation and
improve classification performance. Multiple deep
learning models including AlexNet, VGG16, and
ResNet50 are evaluated to determine the most
effective approach.

Furthermore, a user-friendly web-based interface is
developed using Streamlit, enabling users to upload
food images and receive instant predictions along
with confidence scores and recommendations. This
improves the usability and practicality of the system
for real-world applications. The proposed system
not only enhances prediction accuracy but also
provides a reliable solution for monitoring food
quality across different domains.

Overall, this project contributes to the field of
artificial intelligence and food safety by providing
an efficient, accurate, and scalable system for food
quality assessment. It helps in reducing food waste,
improving decision-making, and ensuring the
consumption of safe and high-quality food.

I1. Literature Review

R. Singh et al. (2024) — Deep Learning Approaches
for Food Freshness Detection. This study provides a
comprehensive  overview of deep learning
techniques for food quality assessment using
Convolutional Neural Networks (CNNs). It explains
how models such as VGG16 and ResNet can
accurately classify food images based on visual
features like color and texture. The research
highlights the effectiveness of feature extraction and
image-based analysis in detecting food freshness,
achieving high accuracy in classification tasks.

A. Hassoun et al. (2023) — Food Quality 4.0: Digital
Transformation. This research introduces the
concept of Food Quality 4.0, where traditional food
inspection methods are replaced with digital and
automated systems. It emphasizes the role of
artificial intelligence, data analytics, and smart
monitoring systems in improving food quality
assessment and reducing human dependency.

E. T. Yasin et al. (2023) — Al-Based Detection of
Food Freshness. This study focuses on applying
artificial intelligence techniques to detect freshness
in food products, especially perishable items like
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fish. It demonstrates that deep learning models
significantly outperform traditional methods in
terms of accuracy and reliability.

X. Lietal. (2023) — Al-Based Intelligent Packaging
for Food Monitoring. This research presents
intelligent packaging systems integrated with Al for
continuous monitoring of food quality. It highlights
how real-time data collection and analysis can
improve supply chain management and ensure food
safety.

L. Ruiz-Garcia et al. (2019) — Wireless Sensor
Technologies in Food Industry. This study explores
the use of wireless sensor networks and IoT
technologies for monitoring  environmental
conditions affecting food quality. It shows that real-
time tracking can improve freshness detection,
although it requires additional infrastructure
support.

A. Onal (2018) — Analytical Methods for Food
Freshness Detection. This research discusses
chemical analysis techniques used to detect spoilage
indicators in food. While these methods are highly
accurate, they are time-consuming and require
laboratory setups, making them less practical for
real-time applications.

C. Di Natale et al. (2018) — Electronic Nose Systems
for Food Quality Analysis. This study focuses on
sensor-based  systems that analyze wvolatile
compounds to determine food freshness. It
demonstrates that electronic nose technologies can
effectively detect spoilage but are costly and
complex to implement.

P. Butz et al. (2017) — Non-Invasive Techniques for
Food Quality Analysis. This research reviews
imaging and spectroscopy-based techniques for
assessing food quality without damaging the
product. It highlights their speed and reliability in
real-time monitoring systems.

M. Kumar et al. (2017) — Machine Learning in Food
Forensics. This study discusses the application of
machine learning techniques in detecting food
contamination and ensuring quality standards. It
emphasizes the importance of automated systems in
improving food safety and reliability.

V. Koubova et al. (2009) — Detection of Foodborne
Pathogens Using Biosensors. This research
introduces biosensor-based methods for detecting
harmful microorganisms in food. It provides
accurate and rapid results but requires controlled
laboratory environments, limiting its practical
usability.
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Overall, these studies highlight the growing
importance of artificial intelligence, machine
learning, and advanced sensing technologies in food
quality assessment. They emphasize that combining
deep learning with modern techniques can
significantly improve accuracy, efficiency, and real-
time monitoring capabilities in food freshness
detection systems.

IT1. Methodology
3.1 Existing System

Food quality assessment in existing systems
primarily involves manual inspection and traditional
image processing techniques combined with basic
machine learning models. Most systems rely on
visual analysis methods such as color, texture, and
shape examination to determine the freshness of
food items. Some approaches utilize machine
learning algorithms and basic deep learning models
with limited feature extraction techniques to classify
food as fresh or spoiled.

These systems attempt to differentiate food quality
by analyzing visual variations such as discoloration,
texture changes, and surface patterns. However,
traditional methods face significant challenges in
accurately assessing food freshness, especially when
dealing with complex or varied food images under
different environmental conditions.

Low Accuracy in Food Quality Detection:
Existing systems often fail to accurately classify
food freshness due to limited feature extraction and
reliance on simple models. Variations in lighting,
background, and image quality further reduce the
accuracy of these systems.

Lack of Real-Time Processing: Many existing
approaches are not designed for real-time analysis
and require considerable processing time. This
limitation makes them unsuitable for applications
where quick decision-making is essential, such as
retail monitoring and food safety inspection.

Single Model Dependency: Most systems depend
on a single machine learning or deep learning model,
which restricts their performance and robustness.
The lack of multiple model evaluation reduces the
system’s ability to handle diverse datasets
effectively.

Limited Classification Capability: Existing
systems are generally restricted to binary
classification (fresh vs. spoiled), which does not
provide detailed information about intermediate
freshness levels, leading to less informative results.
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High Error Rates: Traditional methods often
produce incorrect predictions due to insufficient
preprocessing techniques and limited model
capabilities, reducing the reliability of the system in
practical applications.

Lack of User-Friendly Interface: Many existing
systems do not provide an interactive or user-
friendly interface, making them difficult for non-
technical users to operate and limiting their real-
world usability.

As the complexity of food quality assessment
increases, it becomes more difficult for traditional
systems to accurately detect subtle differences in
freshness levels.

This limitation makes them unsuitable for
applications where accurate and real-time food
quality evaluation is required.

3.1 Proposed System

The proposed system focuses on developing an
efficient and accurate Food Quality Assessment
System using advanced deep learning and computer
vision techniques. This system utilizes a hybrid
approach  combining  Convolutional ~ Neural
Networks (CNNs) with clustering algorithms such
as K-Means, Agglomerative Clustering, and
DBSCAN for improved image analysis. The input
food image is first preprocessed through resizing,
normalization, noise reduction, and data
augmentation to ensure consistency and quality.
Feature extraction is then performed using deep
learning models to capture important visual
characteristics such as color, texture, and patterns.

These extracted features are passed to trained
classification models, which analyze and classify the
food into five categories: Very Fresh, Fresh, Slightly
Aged, Stale, and Spoiled. The system also
incorporates a web-based interface using Streamlit,
allowing users to upload food images and receive
real-time prediction results along with confidence
scores and recommendations. This approach
improves classification accuracy, efficiency, and
usability compared to existing systems.

Advantages of Proposed System

High Classification Accuracy: The use of multiple
deep learning models along with clustering
techniques significantly improves the accuracy of
food quality classification compared to traditional
single-model systems.

Real-Time Processing: The system is designed to
process images quickly and provide instant results,
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making it suitable for real-time applications such as
retail monitoring and food safety inspection.

Robust Feature Extraction: Advanced
preprocessing and CNN-based feature extraction
techniques effectively capture important visual
characteristics of food images, enhancing
classification performance.

Reduced Error Rates: By using multiple models
and improved data representation, the system
minimizes incorrect predictions, increasing
reliability and consistency.

User-Friendly Interface: The Streamlit-based web
application provides an easy-to-use interface where
users can upload images and view results without
technical expertise.

Recommendation Support: The system provides
suggestions based on food quality levels, helping
users make better decisions regarding consumption
and storage.

3.2 Feasibility Study

The feasibility study is an important step in system
development that determines whether the proposed
system is practical and beneficial. It evaluates the
system based on technical, economic, and
operational  aspects to ensure  successful
implementation.

3.3.1 Economic Feasibility

The proposed system is highly economical as it is
developed using open-source technologies and
libraries. Tools such as Python, TensorFlow/Keras,
OpenCV, and Streamlit are freely available,
eliminating the need for expensive software
licenses. This significantly reduces the overall
development cost. The hardware requirements are
also cost-effective, as the system can run on standard
computers without the need for high-end
infrastructure. There are minimal maintenance and
operational costs involved, as updates and
improvements can be made using freely available
resources.

Additionally, the system provides high value in
applications such as retail, agriculture, and food
safety monitoring, making it a cost-efficient
solution. Therefore, the project is financially viable
and suitable for implementation within a limited
budget.
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3.3.2 Technical Feasibility

The proposed Food Quality Assessment System is
technically feasible as it is built using well-
established and widely supported technologies such
as Python, TensorFlow/Keras, OpenCV, NumPy,
and Streamlit. These tools provide efficient support
for image processing, feature extraction, and deep
learning model development. The system utilizes
CNN architectures such as AlexNet, VGG16, and
ResNet50, which are proven techniques for image
classification tasks.

3.3.3 Social Feasibility

The proposed Food Quality Assessment System is
socially beneficial as it addresses the growing
concern of food safety and quality in society. With
increasing food demand and consumption, there is a
high risk of consuming spoiled or unsafe food,
which can lead to serious health issues.

This system helps in accurately identifying food
freshness, thereby promoting health and safety. It
can be effectively used in areas such as retail,
agriculture, food processing, and households to
reduce food waste and ensure quality standards. It
contributes to creating a safer and healthier
environment by minimizing the risks associated with
spoiled food consumption.

Additionally, the system is designed to be user-
friendly and accessible, allowing people from
different backgrounds to use it without requiring
technical expertise. This increases its acceptance
and usability among the general public.

The system can be effectively used in multiple
domains to improve food safety and quality
monitoring, contributing to better decision-making
and resource management.

3.4 System Specifications
3.4.1 Hardware

Processor: Intel Core i5 or higher

RAM: Minimum 4 GB (8 GB recommended for
better performance)

Storage: At least 10 GB of free disk space
System Type: 64-bit system

Input Devices: Keyboard and mouse

Output Devices: Monitor or display screen
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3.5 Architecture

Input Image — Preprocessing — Feature
Extraction — Clustering — CNN Model —
Prediction — Confidence Score — Output

Food Freshness Detection System

Input Image Preprecessing Pipeline Feature Extraction Clustering Analysis
|
m ‘ Resize / Normalize ‘ CNN ModeuT K-Means / Agglamerative

v 4 \i

Image Upload 1 Augmentation  —»| 8 Architectures }».i Classification

v v

[ AJ A4
Quality Check l Edge Detection —» Ensemble ‘—' Confidence Sconng

) v
Web Interface Final Prediction

The proposed food quality assessment system follows
a structured pipeline for accurate and efficient
classification of food freshness. The process begins
with the input image, where a food image is provided
by the user through the interface.

In the preprocessing stage, the input image is prepared
for analysis by applying techniques such as resizing,
normalization, and noise reduction. This step ensures
uniformity and improves the quality of the data for
better model performance.Next, feature extraction is
performed using deep learning techniques, where
important visual characteristics such as color, texture,
and patterns are extracted from the image. These
features are essential for distinguishing different levels
of food freshness.The extracted features are then
passed to the clustering module, where algorithms like
K-Means, Agglomerative Clustering, or DBSCAN are
used to group similar feature patterns. This enhances
feature representation and helps in improving
classification accuracy.

Following this, the processed data is fed into the
CNN model, which acts as the core component of
the system. The Convolutional Neural Network
analyzes the features and performs classification
based on learned patterns from the training data.the
model then generates a prediction, categorizing the
food into one of the predefined classes such as Very
Fresh, Fresh, Slightly Aged, Stale, or Spoiled.Along
with the prediction, a confidence score is calculated,
indicating the reliability of the model’s decision.
This helps users understand how certain the model
is about its output.Finally, the system produces the
output, displaying both the predicted class and the
corresponding confidence score through a user-
friendly interface.
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IV. Results

M Food Freshness Detection

Confidence Scores:

Fig-6.2.1 : Food Quality Assessment System
Interface

Sightly Aed: 0%
Sule 59

Spain 714

? Recommendations:

Sample Images

Fig-6.2.2 : Food Quality Spoilage Prediction
Output

] Confidence Scores:

SightyAge:0.5%

Fig-6.2.3 : Food Quality Prediction Output
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V. Conclusion

The proposed food quality assessment system using
deep learning with confidence-based prediction
provides an efficient and reliable solution for
evaluating food freshness. By leveraging
Convolutional Neural Networks (CNNs) along with
clustering techniques, the system is capable of
accurately classifying food into five distinct
freshness levels: Very Fresh, Fresh, Slightly Aged,
Stale, and Spoiled.

The integration of preprocessing methods such as
normalization,  resizing, and  augmentation
significantly improves model performance. Among
the evaluated models, the combination of AlexNet
with Agglomerative Clustering achieved the best
VI. Future Work

Although the proposed system demonstrates good
performance, several improvements can be made to
enhance its efficiency and scalability:

Advanced Deep Learning Models: Future work can
include the use of more advanced architectures such
as EfficientNet and Vision Transformers to improve
accuracy. Larger Dataset: Expanding the dataset
with more diverse food categories and real-world
conditions can improve generalization. Mobile
Application Development: The system can be
deployed as a mobile application for wider
accessibility and real-time usage. Integration with
10T Devices: Combining the system with loT sensors
can enable automated monitoring of food quality in
storage and transportation. Real-Time Video
Analysis: Extending the system to process video
streams can allow continuous monitoring in
industries.

improved Accuracy: Optimization techniques such
as hyperparameter tuning and ensemble learning
can be used to achieve higher accuracy.

Multi-modal Analysis: Incorporating additional
data such as smell or temperature (if available) can
further improve prediction reliability.
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