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ABSTRACT

Quick Mart is transforming the second-hand marketplace
with cutting-edge technology to enhance both buying and
selling experiences. Real-time inventory tracking ensures
accurate product availability, minimizing wait times and
keeping users informed about new or restocked items. This
feature simplifies listing management for sellers while
offering buyers instant notifications. Al-powered
personalized recommendations analyze user behavior and
purchase history to suggest tailored products, boosting
engagement and satisfaction. Trust and transparency are
core principles, achieved through verified seller systems
and transparent review mechanisms that enable informed
purchasing decisions. Quick Mart fosters a secure, reliable
marketplace, ensuring smooth transactions. Sustainability
is at the heart of the platform, promoting the reuse,
recycling, and upcycling of goods in line with the circular
economy. By encouraging eco-friendly practices and
offering educational initiatives, Quick Mart empowers users
to make responsible, environmentally conscious choices.
The platform integrates smart technology with sustainable
values, redefining second-hand commerce. It offers a
smarter, more efficient, and eco-friendly way for users to
buy and sell everything. Combining innovation and
sustainability, Quick Mart sets a new standard for second-
hand commerce, benefiting both consumers and the planet.

Keywords: Smart Technology, Al-driven Pricing, Circular
Economy, Real-time Inventory, Second-Hand Marketplace.

L INTRODUCTION

In today’s evolving retail landscape, the demand for a
seamless fusion of sustainability and convenience has
spurred innovation in commerce. Quick Mart stands outas a
pioneering solution, revolutionizing the second-hand
marketplace by integrating smart technologies. Leveraging
artificial intelligence (Al), real-time analytics, and advanced
algorithms, Quick Mart transcends traditional retail models
to create a unified platform for both new and pre-owned
goods.

Historically, second-hand marketplaces have struggled with
challenges such as inconsistent pricing, unreliable quality
assurance, and lack of trust mechanisms, limiting their
potential. Quick Mart addresses these obstacles by
automating critical processes, ensuring fair pricing through
Al-driven systems, and enhancing user experience with real-
time inventory tracking and personalized recommendations.
This makes the platform more intuitive, efficient, and
engaging for both buyers and sellers.

As consumer awareness of sustainability grows, along with
the financial benefits of purchasing pre-owned items, the
need for eco-conscious retail practices becomes more

pronounced. Quick Mart embraces the circular economy,
aligning with global efforts to reduce waste and conserve
resources, offering a smarter, greener shopping alternative.

Quick Mart aims to revolutionize the retail industry by
providing innovative, reliable, and user-friendly solutions
that prioritize transparency, trust, and sustainability. By
reimagining how goods are bought and sold, it sets a new
standard for the second-hand marketplace, ensuring
efficiency and satisfaction for all stakeholders.

IL RELATED WORK

The retail industry has rapidly adopted technology-driven
innovations to enhance traditional and second-hand
marketplaces, creating smarter, more efficient systems. One
of the most significant advancements is real-time inventory
tracking, which is crucial for maintaining product availability
and minimizing wait times. This technology ensures a
seamless = shopping experience by offering timely
notifications for new and restocked items, enabling both
buyers and sellers to manage listings effortlessly. Quick Mart
integrates this system to provide a more dynamic, user-

friendly platform that enhances overall shopping
convenience.
Al-powered  personalized recommendations have

transformed e-commerce by tailoring product suggestions to
individual user preferences, based on their behavior and
purchase history. This not only improves customer
engagement but also contributes to increased retention and
sales. Quick Mart leverages Al technology to connect users
with relevant products, creating a smoother and more
intuitive shopping journey. The platform’s personalized
recommendations help users discover products they are
likely to be interested in, optimizing the overall experience.

In second-hand commerce, trust and quality assurance are
fundamental to successful transactions. Verified seller
systems and transparent review mechanisms play a key role
in fostering buyer confidence. Research underscores the
importance of these features in cultivating trust between
buyers and sellers. Quick Mart upholds high standards by
implementing stringent quality checks and a feedback-driven
rating system. This ensures that users can rely on the
marketplace for safe and transparent transactions, building
confidence in every purchase.

Sustainability is increasingly becoming a priority within the
retail sector, with the circular economy gaining traction as an
eco-friendly model. Quick Mart embraces these values by
encouraging the reuse and recycling of goods, while also
educating users on the environmental benefits of buying and
selling second-hand products. By integrating cutting-edge
technologies and sustainable practices, Quick Mart is leading
the way in transforming the second-hand marketplace,
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setting new benchmarks for trust, efficiency, and
environmental responsibility. Through these innovations,
Quick Mart is making a meaningful impact on both the
economy and the environment, offering a smarter way to buy
and sell everything.

IIl. PROPOSED WORK

In this phase, we outline the process to revolutionize the
second-hand marketplace by leveraging Quick Mart's
innovative solutions. The approach aims to optimize the
buying and selling experience for second-hand goods by
using advanced technologies. The proposed framework for

Quick Mart is based on various data sets (training and
testing) used for prediction and classification tasks. Initially,
products are categorized according to their condition (e.g.,
new, like-new, lightly used), and structured data is created
for feature extraction. Subsequently, intelligent algorithms
are applied to classify products and predict their price range.

The process is divided into four primary sub-sections: data
collection, data pre-processing, classifier description, and
performance assessment. These steps are explained in more
detail below:

Fig. 1. The flow of proposed work
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Data Collection

For this work, data was gathered from Quick Mart's platform, which features a broad range of second-hand products in
categories such as electronics, furniture, clothing, and books. The dataset is a combination of public repositories and Quick
Mart’s own database, containing thousands of images of second-hand products, each tagged with relevant categories, condition

ratings, and historical pricing information.

Table 1. Number of product categories in the dataset
Sr.No Category

Electronics

Furniture

Clothing

Books

Kitchen Appliances

Sports Equipment

Tools and Gadgets

Jewelry

Musical Instruments

Collectibles

RP|OR|IN (|0 DWW |-

0
1

Miscellaneous

Table 2. Number of images in model evaluation
Number of images Folder directory

4736 Training
1184 Testing
1184 Validating

» Validation Set: Used during training to adjust the model parameters.

» Testing Set: Used only in the final assessment of the model's performance.
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Fig. 2. Sample images of second-hand products in the dataset

Data Pre-processing

Data pre-processing is an essential phase in preparing the data for machine learning models. In this stage, missing values and

redundant data are addressed, and data augmentation is applied to expand the dataset. The steps involved include:

» Loading the Data: The dataset is loaded, and training and testing data are separated into arrays.

» Shuffling and Splitting the Data: The data is shuffled and divided into training, validation, and testing sets in an 80:20
ratio.

» Encoding Labels: Labels, initially textual, are transformed into numerical values using LabelEncoder.

» Converting Labels to Categorical Form: Labels are converted into categorical form to improve model training
performance.

Feature Extraction

Feature extraction plays a pivotal role in the success of any machine learning model. In the case of Quick Mart, feature
extraction involves identifying and isolating meaningful patterns from product images to help predict categories and price
ranges.

The feature extraction methods used include:

» Texture Analysis: Features like entropy and homogeneity help assess product condition and identify defects.
> Shape Analysis: Shape-based features aid in determining product quality and authenticity.

> Histograms of Intensity: Intensity of colors and pixels provides insights into the product’s condition.

> Spatial Filters: Filters enhance image quality, bringing out critical details about the product.

» Wavelet Transforms: Multi-scale wavelet analysis captures fine details in product images.

Classification

To classify second-hand products, a Convolutional Neural Network (CNN) is utilized. CNNs are a powerful deep learning
technique that excels in handling image datasets. In Quick Mart, CNNs are employed to classify products based on features such
as condition, type, and brand. The classification results are then used to determine fair prices for sellers and assist buyers in
making informed decisions about the product’s condition and description. This intelligent classification system is at the heart of
creating a more efficient and trustworthy marketplace for second-hand goods.

Through the integration of these technologies, Quick Mart is enhancing the second-hand buying and selling experience,
ensuring that both sellers and buyers can make smarter, data-driven decisions.

Iv. PROPOSED RESEARCH MODEL

The proposed work integrates a convolutional neural network (CNN) model to enhance Quick Mart's approach in
revolutionizing the second-hand marketplace. CNN, a highly effective deep learning framework, is widely utilized for image
classification and object detection. Within the Quick Mart ecosystem, this model plays a crucial role in categorizing second-
hand products efficiently, offering a seamless user experience for both buyers and sellers.

Accurate and efficient product categorization is vital for Quick Mart’s platform to streamline the browsing and purchasing
process. By leveraging a CNN model, the platform can automatically classify second-hand items into predefined categories such
as electronics, furniture, fashion, books, and more. This automated classification simplifies navigation and improves
accessibility, ensuring users can quickly find relevant products.

CNN Model Architecture
The model consists of multiple layers that process input images and generate output in the form of class probabilities. These
layers work sequentially, with each layer refining the extracted features from the image to enhance classification accuracy.

1. Conv2D Layer: The initial layer of the CNN model applies a convolution operation on the input image using 32 learnable
filters of size 3x3, with 'relu’ (rectified linear unit) activation. This step is essential for capturing essential patterns and
features within the images.
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2. MaxPooling2D Layer: To reduce spatial dimensions and retain significant features, a MaxPooling2D layer is applied. This
layer uses a 2x2 window to perform down-sampling, ensuring the model focuses on the most crucial aspects of the image.

3. RepeatLayers: The Conv2D and MaxPooling2D layers are repeated, increasing the number of filters (e.g., 64 filters) while
maintaining the same kernel size and activation function. This deepens the network’s capacity to extract more complex
features.

4. Flatten Layer: After the convolutional layers, the multi-dimensional outputis transformed into a one-dimensional array
using a flatten layer. This conversion is necessary to feed the data into fully connected layers for further processing.

5. Dense Layer: A fully connected dense layer with 'relu’ activation processes the extracted features, allowing the model to
make informed predictions based on learned patterns.

6. Final Softmax Layer: The lastlayer employs the 'softmax’ activation function to produce class probabilities, enabling the
model to determine the appropriate category for each product.

V. PERFORMANCE EVALUATION

To ensure the effectiveness of Quick Mart’s Convolutional Neural Network (CNN) model in classifying second-hand products,
various performance metrics are utilized. A confusion matrix and classification report provide insights into the model’s
accuracy, precision, recall, and F1 score. These metrics are essential for assessing the model's efficiency in categorization and
optimizing the user experience on the platform.

» Accuracy: This metric measures the proportion of correctly classified items out of the total instances. It is computed as:

» Accuracy= True Positives + True Negatives
Total Items

» Precision: Precision determines the reliability of the model in correctly identifying positive instances. It is given by:

» Precision = True Positives
True Positives + False Positives

» Recall: Also known as sensitivity, recall measures the ability of the classifier to identify all actual positive instances. It is
defined as:

» Recall = True Positives
True Positives + False Positives

» F1 Score: The F1 score is the harmonic mean of precision and recall, providing a balanced evaluation of the model’s
performance. It is calculated as:

» F1-Score = (2 * Precision * Recall)

(Precision + Recall)

By leveraging these metrics, Quick Mart ensures that its CNN model effectively categorizes second-hand products, thereby
enhancing the buying and selling experience. Regular performance evaluation allows continuous refinement of the model,
improving accuracy and minimizing classification errors. This, in turn, fosters a seamless and efficient marketplace for users.

VI RESULT ANALYSIS

The experiments were conducted using a computer with an Intel Core i5 CPU and 4GB of RAM, with Jupyter Notebook
facilitating the development and training of smart solutions for Quick Mart’s second-hand marketplace. The experimental
outcomes demonstrate a significant improvement in the marketplace's operational accuracy, with an efficiency of 92.14% for
the proposed solution. This system effectively identifies and categorizes items, streamlining the second-hand trading process.

Model Training and Validation Accuracy

1.0y
—a— Training Accuracy
—m - Validation Accuracy
0.9} -=R"
-, 0.8
&
=
(%]
'& G_? -
0.a [
RS 1 2 3 4 5 & 7 8 9 10

Epochs

[JTSRD | Special Issue on Emerging Trends and Innovations in Web-Based Applications and Technologies Page 818



International Journal of Trend in Scientific Research and Development (IJTSRD) @ www.ijtsrd.com eISSN: 2456-6470

Model Training and Validation Accuracy

Figure 4 illustrates the model’s training and validation accuracy. Figure 5 further demonstrates the performance of the
proposed custom-designed model, where the blue and orange curves represent validation and training accuracy, respectively.
The x-axis denotes the number of epochs, while the y-axis shows the percentage accuracy. The plot indicates that as the
number of epochs increases, the training accuracy remains consistently high. However, validation accuracy is slightly lower in
comparison, which is typical of model overfitting. Despite this, the solution demonstrates a solid level of performance with
significant accuracy across various items in the marketplace.

Model Training and Validation Loss
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Figure 6 presents the loss graph of the proposed model. As expected, the training loss is initially high, representing the learning
phase. The validation loss begins to minimize as the model progresses, demonstrating that the system is adjusting and
improving with each epoch. The model successfully adapts to variations in item categories within Quick Mart’s marketplace,
reducing the loss for real-time classification and boosting overall marketplace functionality.

Confusion Matrix - Quick Mart Transactions
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Figure 6 provides crucial insights into the true and predicted
labels for the items categorized within Quick Mart’s platform.
The classifier has effectively categorized items into 11
classes, including regular, faulty, refurbished, and other
product categories. While the model performs well across
most categories, a small number of items from specific
categories are misclassified. This is typical in complex
marketplaces, where product variations are numerous and
require continuous optimization of the algorithm. To assess
the system's performance, key metrics such as accuracy,
precision, and recall were evaluated for each product
category, ensuring reliable item identification.

10

o W

~J

-3

-2

Success
Predicted Labels

Experimental Results

Figure 7 demonstrates that as the number of epochs
increases, the accuracy of Quick Mart’s smart solutions
improves, leading to a noticeable reduction in testing set
loss. This trend suggests that the platform’s algorithm learns
and adapts over time, leading to more reliable second-hand
product identification and transaction processes. The
continuous reduction in loss and improvement in accuracy
highlights the system's capability to handle real-world
variability, offering a seamless experience for users engaging
in the second-hand marketplace.
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VIIL CONCLUSION

Quick Mart: A Smarter Way to Buy and Sell Everything
utilizes a cutting-edge machine-learning system to automate
product classification within the second-hand marketplace.
The system boasts an impressive accuracy rate of 92.14%,
effectively categorizing products into three primary
classifications: normal, refurbished, and faulty. This
automation not only reduces transaction errors but also
improves the overall user experience, offering a seamless
process for both buyers and sellers. With a robust dataset of
over 10,000 product images, the system ensures precise
identification, regardless of the product's condition or origin.

Advanced image processing techniques play a pivotal role in
optimizing the system's adaptability and performance during
both training and testing phases. These techniques enable
the model to better understand and categorize products in
various conditions, resulting in reliable classification even in
the most complex scenarios typical of a second-hand
marketplace. The model’s ability to accurately classify
products across different categories showcases its efficiency
in reducing errors, enhancing the user experience, and
ultimately boosting customer satisfaction and transaction
volume.

Looking ahead, future improvements to Quick Mart’s system
will focus on expanding the dataset to include larger and
more diverse sets of authentic product images. The
incorporation of contrast enhancement methods and the
development of sophisticated feature selection algorithms
will further refine the model, enhancing its ability to
generalize across various product types and incomplete data.
These advancements will continue to improve product
classification, positioning Quick Mart for ongoing success and
sustained growth in the second-hand commerce industry.

VIII. FUTURE SCOPE

Although the current model has brought significant
improvements in optimizing the second-hand marketplace,
there is still considerable potential for further advancements.
Future developments could involve integrating advanced
filtering techniques to enhance product search and
categorization, as well as exploring additional features
within the platform's algorithms, such as recommendation
systems, price prediction, and image recognition. The aim is
to refine the user experience, ensuring even smarter and
more efficient transactions for both buyers and sellers.

Additionally, the integration of machine learning models for
key functionalities such as fraud detection, automated
negotiations, and real-time supply-demand analytics could
be explored. These features would enhance the platform's
capabilities, providing a more seamless, secure, and dynamic
marketplace. By continuously innovating, Quick Mart is
poised to evolve into the leading second-hand commerce
platform, offering users smarter tools for buying and selling
everything more effectively.
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