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Abstract—Food spoilage is a critical concern impacting
health, sustainability, and food security. Conventional
methods of spoilage detection rely heavily on human
judgment or expensive laboratory setups, making them
inefficient or inaccessible for everyday use. This paper
introduces FreshlQ, an Al-integrated real-time system
for detecting spoilage in fruits and vegetables using a
combination of sensors and machine learning
algorithms. The system combines environmental data
(temperature, humidity), gas emissions (methane,
ammonia, alcohol), color data, and visual signs of
spoilage to determine freshness. Designed for household,
industrial, and retail settings, FreshIQ aims to reduce
food waste, improve safety, and support smart food
management.

Index Terms—Food spoilage, algorithms, food waste,
food managment

1. INTRODUCTION

1.1 Food Spoilage Overview

Food spoilage is the deterioration of food to the point
it is not edible to humans or its quality of edibility
becomes reduced. It is typically caused by bacteria,
molds, and environmental conditions such as
temperature and humidity. Spoilage leads to changes
in taste, smell, appearance, and nutritional value of
food.

In fruits and vegetables, spoilage can be caused by
enzymatic reactions, microbial activity, or improper
storage. Detecting these changes early is critical to
avoid foodborne illnesses and economic waste.

1.2 Traditional Detection Methods

Traditional methods of spoilage detection include
sensory evaluation based on smell, touch, and visual
inspection; chemical testing that measures pH, gas
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emissions, or specific spoilage metabolites; and
microbiological assays which test for bacterial or
fungal growth. However, these methods are generally
time-consuming, demand specialized tools or
professional knowledge, and are not suitable for
everyday use in houscholds or small-scale retail
settings.

1.3 Key Technologies Used

Artificial Intelligence (Al) encompasses technologies
that enable machines to perform functions
traditionally associated with human intelligence.
Within the FreshlQ system, Al plays a vital role in
interpreting visual and sensor-based data to assess the
likelihood of food spoilage. The Internet of Things
(IoT) refers to a framework of smart devices capable
of collecting and sharing data. In FreshIQ, this concept
is implemented through interconnected sensors and
camera units that continuously track food quality
parameters. Convolutional Neural Networks (CNNs),
a category of deep learning models, are particularly
adept at analyzing images. They are utilized here to
detect spoilage indicators such as discoloration, mold,
and abnormal textures on produce. At the hardware
level, the ESP32 microcontroller serves as the central
processing unit. Known for its affordability and
energy efficiency, it features integrated Wi-Fi and
Bluetooth, allowing seamless communication among
system components.

1.4 Concept of FreshlQ

FreshlQ brings together these technologies to identify
early indicators of food spoilage. The system is
capable of detecting gaseous compounds like
ammonia and methane, monitoring environmental
conditions such as temperature and humidity, and
examining the external appearance of food items to
determine their freshness. Based on its analysis, the
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system delivers real-time alerts and actionable
suggestions through a web-based or mobile interface.
By simplifying and automating the spoilage detection
process, FreshIQ enhances food safety, minimizes
waste, and promotes more efficient food management.

2. AI/ML APPLICATIONS IN SPOILAGE
DETECTION

2.1 Role of Al in Visual Spoilage Detection

Artificial Intelligence, particularly through deep
learning models like Convolutional Neural Networks
(CNNs), plays a crucial role in identifying visual
indicators of spoilage. CNNs can be trained using
image datasets containing labeled examples of fresh
and spoiled produce. Once trained, the model can
analyze new images to detect signs such as
discoloration like browning or black spots, visible
mold growth, and texture irregularities. FreshIQ
utilizes models like YOLOv4, which are optimized for
object detection, to locate and classify these spoilage
indicators. High-resolution images captured by the
ESP32-CAM module are processed to identify early
changes in appearance. Advanced image pre-
processing techniques such as normalization,
segmentation, and noise reduction are implemented to
enhance detection accuracy even under varied lighting
conditions.

2.2 Al Model Training and Optimization

The Al model used in FreshIQ is trained on a diverse
dataset of fruits such as tomatoes, bananas, and
guavas. Each image is annotated with spoilage stages,
allowing the CNN to learn distinguishing features. The
model is then optimized for low latency inference,
reduced memory usage, and deployment on edge
devices such as the ESP32-CAM. Quantization and
pruning techniques are applied to compress the model,
enabling efficient real-time performance without
relying heavily on cloud computation.

2.3 Integration with Environmental and Gas Sensor
Data

While visual analysis alone can detect surface-level
spoilage, combining it with gas and environmental
data greatly improves accuracy. Al algorithms are
used to correlate image data with gas levels from MQ-
series sensors and temperature and humidity readings
from the DHT11 sensor. This multimodal data fusion
approach helps reduce false positives. For instance, a
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color change detected visually may not indicate
spoilage if gas levels remain within acceptable
thresholds. By integrating these inputs, the system
delivers a more reliable freshness classification.

2.4 Al-Powered Alert System and Recommendations
The final Al output classifies produce into categories
like Fresh, At Risk, or Spoiled. Based on this
classification, the system triggers alerts on a web
interface or mobile app, recommends recipes using
ingredients nearing spoilage by querying RecipeDB,
and suggests optimal storage tips to preserve
freshness. This smart decision support makes FreshIQ
more than just a detection system; it becomes an
assistant for kitchen and inventory management.

2.5 Advantages of Al in Food Safety

Al systems provide rapid analysis of complex data in
real time, enabling instant action. They reduce human
error in spoilage identification and can scale across
household kitchens, restaurants, and industrial food
chains. Additionally, the adaptability of AI models
allows them to be retrained or updated to include more
food types and environmental conditions. The
integration of Al into spoilage detection thus
represents a transformative step toward efficient,
automated food safety monitoring.

3. METHODOLOGY

3.1 Overview of the System Design

FreshlQ is designed with a modular structure that
combines various hardware sensors with a software
framework powered by artificial intelligence. The
system functions through three primary stages:
collecting data, analyzing that data, and delivering
practical output. At the center of this setup is the
ESP32 microcontroller, which manages inputs from
all sensors and handles the flow of information
between different components. The hardware
components have been carefully chosen for their
affordability, compact size, and suitability for running
Al applications directly on the device

3.2 Sensor Integration and Configuration

To identify volatile organic compounds released
during food spoilage, the system employs MQ-series
gas sensors (MQ3, MQ4, MQ135, MQ137), which are
capable of detecting substances like methane,
ammonia, and alcohol. Changes in the surface color of
produce are tracked using the TCS3200 color sensor,
while environmental conditions such as temperature
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and humidity are recorded by the DHT11 sensor.
These environmental variables are critical for
understanding how external factors influence the
spoilage process. All sensor modules interface with
the ESP32 microcontroller, which is responsible for
acquiring, filtering, and preparing the data for further
analysis.

3.3 Image Capture and Al Processing

The ESP32-CAM module is used to acquire real-time
images of the produce. In scenarios where the onboard
camera underperforms in low light, external
smartphone cameras are used as a substitute for better
resolution and clarity. Captured images are either
processed locally on the ESP32 using a lightweight
CNN or transmitted to an external processing unit. The
trained Al model evaluates these images for visual
signs of spoilage including mold, discoloration, and
texture changes.

3.4 Multimodal Data Fusion

One of the key innovations of FreshlQ is the fusion of
multiple types of data: gas levels, environmental
conditions, and visual inputs. This multimodal
approach increases system reliability. For example, a
fruit showing visual signs of spoilage will be cross-
verified by elevated methane or ammonia levels before
classifying it as spoiled. The final classification is
done using a decision algorithm that consolidates these
inputs to provide a binary or probabilistic freshness
rating.

3.5 Output and Alert Mechanism

The system output is delivered via a web interface,
where users can see the freshness status of each item.
The interface is built to be intuitive and user-friendly,
showing visual alerts like red or green indicators along
with textual insights. Future extensions include push
notifications through a mobile application, voice
assistant integration, and smart kitchen dashboard
compatibility.

4. SYSTEM ARCHITECTURE AND
DEPLOYMENT

4.1 Hardware Architecture

The hardware system is designed for compact
deployment. The ESP32 board acts as the central hub,
interfacing with all peripheral sensors and camera
modules. Each sensor module is housed in a compact
casing, and the wiring is optimized for minimum
interference and maximum data integrity. A power

IJIRT 180923

management unit ensures stable voltage supply to each
sensor, with the whole unit being powered via a
rechargeable battery or USB interface.

4.2 Communication Protocols

Data exchange between system components and the
server interface is mainly facilitated through Wi-Fi,
while Bluetooth serves as an alternative
communication method. The ESP32 microcontroller,
equipped with integrated networking features,
supports seamless wireless connectivity, making it
well-suited for this application. This setup enables
users to remotely track and evaluate the freshness of
stored food items via cloud or local server access.

4.3 Data Flow and Processing Pipeline

Sensor data is continuously collected and time-
stamped. Environmental and gas data are averaged
over short intervals to minimize noise. Meanwhile,
image data is processed either in real-time or queued
for batch analysis. The results from both sources are
merged using a decision algorithm that computes the
final freshness index.

4.4 Edge vs Cloud Computation

In early phases, Al inference was cloud-based,
introducing latency. For efficiency, FreshlQ has
transitioned to edge computing where lightweight Al
models are deployed directly on the ESP32-CAM.
This significantly reduces response time and
eliminates dependency on external networks.
However, cloud support remains for tasks requiring
higher computational power such as training new
models or visualizing long-term trends.

4.5 User Interaction and Visualization

The user dashboard visualizes sensor readings, image
diagnostics, and Al predictions in an accessible
manner. It provides real-time updates, color-coded
freshness statuses, and actionable suggestions. This
ensures that users can make timely decisions about
consuming or discarding food items, ultimately
reducing waste and promoting safe food consumption
practices.

5. RESULTS AND EVALUATION

The FreshIQ system was tested in both controlled and
semi-controlled environments using fruits such as
bananas, tomatoes, and guavas. Over the span of five
to seven days, spoilage indicators were observed and
correlated with the system’s output. The integrated Al
model demonstrated an overall classification accuracy
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of 93.4%, with precision and recall rates of 91.2% and
92.7% respectively. It was able to detect spoilage
approximately 24 hours earlier than typical visual
inspection would allow. The system’s performance
was robust across different lighting conditions due to
adaptive pre-processing techniques. False positives
were notably reduced by combining gas sensor data
with visual and environmental inputs, validating the
effectiveness of the multimodal approach. These
results confirm the system’s potential for real-world
deployment in both domestic and commercial food
monitoring settings.

6. APPLICATIONS

FreshlQ has broad applications across different
sectors. In households, it aids users in managing food
inventory more efficiently by preventing premature
disposal and enabling informed consumption
decisions. In the food retail sector, it ensures produce
freshness during display and storage, reducing both
waste and liability. Restaurants and commercial
kitchens benefit from reliable freshness monitoring of
ingredients, thereby maintaining food safety standards
and minimizing costs. In the healthcare domain,
particularly in nursing homes and hospitals, FreshIQ
plays a role in protecting vulnerable populations from
foodborne illnesses. The agriculture and export sectors
can employ the system to maintain international
freshness standards and reduce rejection rates due to
spoilage  during transportation.  Furthermore,
educational institutions can utilize FreshIQ for
research and teaching in the areas of food safety, IoT,
and Al integration.

7. FUTURE SCOPE

Future development of FreshlQ will focus on
expanding its capabilities and enhancing user
experience. Integration with mobile applications will
enable real-time alerts, remote monitoring, and smart
kitchen automation. The system plans to incorporate
RecipeDB for personalized recipe suggestions based
on ingredients nearing spoilage, helping further reduce
waste. Scalability into industrial cold storage, smart
refrigerators, and warehouse logistics is being
explored. Improvements in Al models through larger
and more diverse datasets will increase classification
accuracy and allow support for other perishable
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categories like dairy and meats. Enhanced
connectivity features such as voice assistant
compatibility and blockchain integration for
traceability in supply chains are also under
consideration. These upgrades aim to transform
FreshIQ from a prototype to a scalable product serving
a diverse range of food management needs.

8. CONCLUSION

FreshlQ presents an effective and forward-thinking
approach to addressing persistent challenges in food
safety and sustainable consumption. By combining gas
sensing  technology, image-based evaluation,
monitoring, and Al-driven
classification, the system enables precise, real-time
detection of food spoilage. Its proven effectiveness in
monitoring commonly consumed fruits highlights
both its functionality and potential for broader
application. As the system continues to evolve,
FreshIQ is poised to become a foundational element in
smart food management, helping to curb food waste
and improve public health outcomes.

environmental
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