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Abstract. The fashion industry is undoubtedly a significant contributor to envi-
ronmental degradation, by producing approximately 1.2 billion tons of carbon 
emissions each year, corresponding to around 8 per cent of global greenhouse gas 
emissions and consuming approximately 93 billion cubic meters of water per year, 
enough to meet the needs of five million people. In addition, the proliferation of 
the fast fashion model has exacerbated waste production, with millions of tons 
of textiles ending up in landfills annually. The lack of efficient and transparent 
recommerce platforms limits the potential for second-hand markets to contribute 
to circular economy models. This study introduces REFASHION, a blockchain-
powered e-retail platform designed to facilitate second-hand trading, upcycling, 
and recycling of fashion products while ensuring security, transparency, and trace-
ability through blockchain technology. The platform integrates an incentive-based 
mechanism through tokenized rewards to encourage sustainable consumer behav-
iors. This study details the technological framework, methodology, expected envi-
ronmental and economic impact, and implementation challenges of REFASH-
ION. The findings demonstrate that REFASHION has the potential to revolu-
tionize the fashion recommerce industry by fostering sustainability and consumer 
engagement. 

Keywords: Circular economy · Blockchain · Sustainable fashion · Textile waste 
management · Smart contracts · ReWear tokens 

1 Introduction 

In a circular economy, materials that can be reused are reintroduced into the economy 
in the form of new raw materials. These “secondary raw materials” can be sold and 
transported like primary raw materials from classical extractive resources. Currently, 
secondary raw materials comprise only a small proportion of the materials used in the 
EU. Waste management practices have a direct impact on the quantity and quality of these 
materials, and therefore actions to improve these practices are critical. The transition to 
a more circular economy, where the value of products, materials, and resources remains 
in the economy for as long as possible, and waste generation is kept to a minimum, is a 
necessary contribution to the efforts of the global community to develop a sustainable, 
efficient and competitive low-carbon and resource-efficient economy.
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A key factor for the creation of a dynamic market for secondary raw materials 
is substantial supply and sufficient demand, driven by citizens shaping supply chains 
through the integration of second-hand and sustainable goods into their daily lives and 
active participation in a barter economy. The barter economy is driven by the exchange 
of time, services, and goods and greatly impacts it, as it is based on principles such as 
collectivity, solidarity, and cooperation. To achieve this, the sharing economy utilizes 
resources that are available but untapped, with mutual benefits for those who give up 
the resources and those who use them, to reduce the waste generated and contribute 
to the gradual change of citizens’ culture in relation to waste management. This goal 
can only be achieved through a series of waste prevention measures: the introduction of 
new and the strengthening of existing distinct waste streams, the promotion of reuse, the 
enhancement of recycling rates, and of course the promotion of the market of secondary 
materials, which is also at the heart of the REFASHION project. 

The successful transition to the circular economy requires the movement of second-
hand goods, their repair, reuse, or reconstruction, while informing the public about the 
reuse of objects. Nonetheless, despite the increasing relevance of sustainable fashion 
and the opportunities of the re-commerce business model, there is still an under-research 
gap of blockchain applications in the context of incentive-based second-hand trade plat-
forms, which are more fashion waste-focused. Current recommerce platforms typically 
do not include trust mechanisms, traceability, and environmental value tracing, thus 
falling short of fully supporting the circular economy. This gap is connected through 
a novel concept of trust in value transactions, where a trust model and reward sys-
tem are developed to enable blockchain-based value transactions while also promoting 
sustainability-conscious consumer behavior through tokenized rewards. 

In this direction, the REFASHION project aims precisely at accelerating circular 
economy’s actions and linking the social economy with technological innovation towards 
an alternative model of waste management, encouraging social participation and upgrad-
ing the role of citizens. The proposed e-commerce platform emerges as an innovative 
response to the urgent call for the development and implementation of circular economy 
business models. By redefining the life cycle of fashion products, the REFASHION 
project embodies the principles of circularity, extending the usefulness of textiles, gar-
ments and footwear after the end of their useful life, through a user-centric marketplace, 
which facilitates the sale, donation and purchase of second-hand goods. This platform 
not only supports the shift towards a more sustainable consumption model but also pio-
neers new business models that incentivize environmentally friendly practices. Through 
its commitment to reducing waste and promoting recycling, as well as creative upcy-
cling, the proposed re-commerce platform is fully aligned with the objectives of the 
circular economy’s strategies, offering a scalable, effective solution designed to meet 
the contemporary challenges of environmental protection and resource efficiency. 

The rest of this study is organized as follows: Sect. 2 describes the environmental 
and socio-economic challenges for fashion waste, which motivates the proposed solu-
tion. Section 3 describes the REFASHION platform design and main features, with the 
focus on the technological infrastructure and incentive schemes. Section 4 describes the 
anticipated environmental and economic effects of the development. Eventually, Sect. 5 
concludes the research and provides the summary, the challenge, and the future works.
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2 Problem Statement 

Every year, millions of tons of clothing and footwear go to waste, causing multiple 
environmental and socio-economic impacts that threaten the eco-balance of the planet 
and the well-being of societies [1]. Specifically, the fashion industry is the second most 
polluting industry in the world, responsible for approximately 8 per cent of the global 
greenhouse gas emissions, in essence, more emissions than those from the international 
aviation and maritime sectors combined, with an expected increase of 50 per cent by 
2030 [2]. At the same time, it is responsible for 20 per cent of global water consumption, 
equivalent to about 93 billion cubic meters per year on a global scale [3, 4]. 

The fashion industry’s dependence on fast fashion trends exacerbates these issues 
through an unsustainable increase in the use of natural resources. The fast fashion cycle, 
characterized by the constant release of new collections, promotes rapid cycles of produc-
tion and consumption, encourages a culture of disposability and overconsumption and 
undermines the principles of material conservation and sustainable use [5]. Considering 
the growing world population, there has been an excessive increase in the resources used 
for textile production, reaching 98 million tons of non-renewable resources per year [6]. 
Per capita fiber consumption almost tripled from 1950 to 2008, from 3.7 kg to 10.4 kg 
per person [7], while from 2007 to 2014, fiber production increased by an additional 
20.2 million tons to 90.8 million tons, which is expected to increase by 3.7 per cent per 
year [8]. 

This current model not only perpetuates the depletion of resources but also exacer-
bates the problems that arise when fashion products reach the end of their useful life 
and are discarded. Landfill overflow, driven by the non-biodegradable nature of widely 
used synthetic fibers (e.g. polyester) and increased pollutants from toxic dyes and chem-
icals used in textiles, exacerbates waste management challenges, posing serious risks of 
degradation of aquatic ecosystems and the wider environment. In 2015, 92 million tons 
of fashion waste were generated globally and projected to increase by 56 million tons 
by 2030 [1]. In Europe, it has been reported that only 15 to 20 per cent of textile waste is 
collected for recycling or reuse and the rest is disposed of in landfills or incinerated [9, 
10]. For Greece, the amount that ends up in landfills corresponds to approximately 125 
to 250 thousand tons of textile waste per year [11]. Inadequate management of waste 
fashion products, in turn, incurs huge costs for creating additional space for landfill [12]. 

The seriousness of the problem is such that in October 2020, at the G7 summit, hosted 
in Biarritz, French President Emmanuel Macron presented a new pact for the fashion 
industry, the so-called “Fashion Pact”. This is a set of common objectives agreed by 
major companies in the sector to reduce environmental impact. The “Fashion Pact” 
brings together more than 60 global fashion industry companies, suppliers and retailers, 
representing more than 200 brands and 1/3 of the industry, to implement seven climate, 
biodiversity and ocean goals. In particular, the signatories of the “Fashion Pact” com-
mitted to achieving net-zero carbon emissions by 2050 and keeping global warming 
below 1.5 °C by 2100; protect endangered animals, restore critical natural ecosystems 
and eliminate unnecessary plastics in packaging. 

This harsh reality demonstrates the fact that the harmonization of the fashion industry 
with the basic rules of sustainability and circular economy is still in its infancy. There-
fore, the need to shift towards more sustainable practices is imperative. Clearly, such a
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transition requires the concerted effort of all those involved in the fashion value chain. 
Moving in this direction, it initially requires a paradigm shift in the way consumers 
perceive fashion and an installation of a conscious shopping mindset. From an industry 
perspective, circular practices are essential, including resilience-driven design, to trans-
form from a take-make-dispose linear model to one based on reuse and recycling. For 
producers, it includes investments in technologies that recycle textiles on a large scale, 
as well as methods of creative recycling (upcycling) and energy recovery. Overall, this 
is a call to action aimed at systemic overhaul of the current fashion field, requiring col-
laboration, innovation and determination across the EU value chain. Such a transition 
is fully in line with the legislative initiatives of the European Commission, which in 
summer 2023 revised the Waste Framework Directive, incorporating the enforcement 
of harmonized Extended Producer Responsibility (EPR) schemes for textiles, and pub-
lished the ‘EU strategy for sustainable and circular textiles’, which aims to the digital 
and ‘green’ transformation of fashion industries in the European Union [13]. 

3 Proposed Solution 

The comparative advantages arising from the purchase and sale of second-hand items 
are many. For example, any item purchased second-hand can lead to a reduction in the 
production of new products due to a decrease in active demand. The reuse of products 
obviously reduces air pollution from factories and the energy required, potential waste, as 
well as resource consumption. By buying second-hand products, production, packaging 
and transportation requirements are reduced, as well as the storage or depletion of some 
items that could still serve needs and be reused. 

The proposed solution of the REFASHION project includes the introduction of an 
innovative model of distribution of secondary products and exchange economy and its 
support with the development of a decentralized exchange economy platform, based on 
blockchain technology, through which continuous communication between stakeholders 
(citizens, businesses, waste management bodies, system operator) will be ensured. The 
platform barter economy aims to develop and promote local second-hand fashion reuse 
chains allowing significant profit to sellers and buyers, reducing the cost of purchasing 
new items, creating a new revenue stream and giving value to an item previously consid-
ered as waste. In addition, the barter economy platform will allow the creation of a reliable 
information network for all stakeholders, through which citizens will communicate the 
type, quantity, date of placement and geographical location of second-hand items, using 
an Online Distributed Ledger, the operation of which is based on the computational 
paradigm of blockchain. The REFASHION platform will function through a private per-
missioned blockchain that maintains user data privacy while achieving transparency and 
security with optimal performance. The platform will utilize Proof of Authority (PoA) 
consensus to achieve low energy usage and high transaction speeds unlike the energy-
demanding Proof of Work (PoW) systems. Smart contracts control essential operations 
on the platform by managing product listings and ownership verification, along with pay-
ment escrow, transaction validation and reward distribution. Smart contracts will resolve 
disputes by holding transactions in place until arbitration concludes, which builds user 
confidence and reduces the possibility of fraudulent activities.
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Once items reach the end of their useful life, citizens will be able to declare that the 
registered quantity is available for reuse, while interested citizens who wish to acquire 
second-hand items will be properly informed through a specially designed mobile app, 
thus successfully completing the cycle of reuse of objects. To foster collaboration across 
supply chain links, the application will offer an intelligent waste factoring system (mar-
ketplace) that ensures high traceability. This will facilitate the secure buying and selling 
of second-hand items while synchronizing transportation logistics with real-time item 
metadata, such as product condition, authentication status, and transaction history. 

In addition, blockchain technology will provide tokens, as a reward, to the partici-
pants of the platform, thus creating an incentive to participate and collaborate. Tokens 
will function as a superior incentive to cash since they help users earn additional dis-
counts and services while unlocking special offers within the platform ecosystem, which 
will boost user loyalty and maintain continuous engagement. Finally, through encryp-
tion, provided by blockchain technology, confidentiality, transparency and traceability 
will be ensured of transactions, characteristics that are particularly critical for the fashion 
industry, which has traditionally been plagued by the phenomenon of copying and coun-
terfeiting of trademarks and products. The choice of this technology is fully in line with 
the actions of the European Union, which allocated e44 million in funding to promote 
sustainability in textiles through blockchain technology, with the aim of promoting sus-
tainable economic growth, tackling climate change and supporting the European Green 
New Deal [5]. 

The online exchange economy platform will be user-friendly, fast, completely secure, 
and will provide a fully automated system for matching products and services, thus giving 
more opportunities to buy, exchange and/or negotiate through bidding, an internal com-
munication system between members and an exchange evaluation system. Essentially, 
the REFASHION platform will enable citizens and businesses to donate or monetize 
fashion products they no longer need by selling or exchanging them for others, with 
the possibility of payment either by paying money or by using the app’s native ReWear 
token. The ReWear token could also be used as a medium of exchange outside the app’s 
ecosystem with collaborating companies from all industries. 

More specifically, the proposed platform will include the following key functions: 

3.1 Registration 

Users of the platform can be either individuals or businesses, e.g. second-hand retailers, 
centers for recycling, upcycling or waste-to-energy, thus providing a variety of options 
for managing fashion products according to their quality level. Upon first opening the 
application, users are asked to enter their details in a registration form. For individu-
als, basic information is required; such as name, email address, and password, unlike 
businesses, which are asked to record their company’s details, i.e. name, type, address, 
hours, e-mail address, contact phone number and details of the person in charge who 
will manage the application, combined with a password, for their successful registration 
on the platform.
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3.2 Resale-Donate-Purchase 

Dependingonwhouses theapplicationandwhat theywish todo(sale/donation/purchase), 
its functions are customized. When it comes to selling, users can list the products they 
want, providing photos, the product category (e.g. women’s dress), brand, size, condition 
(e.g. excellent), occasion (e.g. partywear) and selling price. Similarly, for buyers, by 
opening the application and activating the geolocation function, using GPS, a map is 
loaded that highlights the location of users and available fashion products for sale. 
There they can choose from the list of available products based on the results of the 
platform’s machine learning models, which provide personalized and sustainable fashion 
recommendations based on user purchase history, browsing behavior, the location of 
the product and its other characteristics (category, condition, circumstance, size, brand, 
price), but also the Eco-Impact Score, which represents the environmental benefits that 
will result from the reuse of the product in question (see Fig. 1). In that way, the Artificial 
Intelligence (AI) system will suggest pre-owned clothing items that align with both 
the user’s style preferences and sustainability goals. The recommendation engine also 
considers material composition, brand sustainability ratings, and resale value to promote 
circular fashion practices. 

Special attention should be put, to the platform’s Eco-Impact Score, which is a key 
innovation of the REFASHION project, and includes various environmental metrics, 
such as CO2 savings, water saving and waste reduction in a single composite index, 
giving users a quick and easy way to understand the environmental benefits of their 
purchases, highlighting the multifaceted value of choosing second-hand items over new 
ones. After selecting the product(s) they are interested in through the platform, users can 
make secure transactions, ensuring the quality and authenticity of the products through 
the use of blockchain technology. Once a transaction has been made, the seller sends the 
product either to the buyer’s site or to a “smart” parcel delivery machine, in eco-friendly 
packaging, and upon delivery, the buyer confirms the receipt through the app, finalizing 
the transaction and triggering the release of funds to the seller. Blockchain technology is 
also used in this phase through a monitoring system, which provides real-time updates 
to both buyer and seller, ensuring transparency and security until the successful delivery 
of the item. 

3.3 Validation-Evaluation-Rewarding 

To enhance trust and transparency in the REFASHION platform, critical functions of 
evaluation and validation of the condition and quality of resold fashion products are 
implemented. Through a sophisticated system of reviews from the user community, 
as well as quality control procedures, the platform ensures the reliability of the recom-
merce ecosystem, contributing to the creation of a safe and positive trading environment. 
Blockchain technology plays a central role in this process, offering transparency and 
traceability. By leveraging it, it becomes possible to validate the origin and authenticity 
of each product, boosting trust among community members and allowing consumers 
to make informed purchasing decisions. In addition, upon successful completion of 
a resale, the blockchain’s smart contracts system becomes operational, ensuring that 
both the buyer and the seller or donor are rewarded with a specific number of ReWear
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Tokens, directly proportional to the ecological footprint of the transaction. These tokens, 
reflecting the platform’s commitment to a circular economy, are then automatically and 
securely transferred to the digital wallets of the parties involved. Users will have the 
opportunity to leverage their ReWear tokens in purchases within the platform, but also 
in an extensive network of participating companies, unlocking discounts, and enjoying 
a variety of benefits. 

Fig. 1. (a) Launch Screen, b) Search for Fashion Products to Buy (Buyer UI), c) Registration of 
Fashion Products for Resale (Seller/Donor UI), d) Sustainability Report (Business UI) 

4 Expected Impact 

The REFASHION recommerce platform aims not only to create environmental benefits 
by extending the lifespan of fashion items but also to introduce a new economic model 
that encourages sustainable consumer behavior. Through blockchain technology, the 
project platform ensures authenticity, traceability and security of transactions, addressing 
the prevailing issues of trust and quality that plague existing and particularly “immature” 
recommerce markets. Finally, the project explores the technical and economic challenges 
associated with the development and scaling up of such a platform, its potential impact on 
reducing fashion waste, and enhancing consumer engagement in the project ecosystem, 
through appropriate incentive mechanisms to change their environmental behavior. 

At the same time, the project will provide multiple benefits for all stakeholders of 
the application. On the one hand, individuals will participate in a sustainable buying 
and selling cycle, earn reward tokens that will incentivize their further participation 
and enhance their sustainable behaviors and mindset. On the other hand, second-hand 
fashion companies, in addition to reward tokens, gain access to a wider eco-conscious 
customer base through the platform, enhancing their sales and visibility. However, the 
benefits are not limited to those directly involved in the application ecosystem. For both
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the state and society in general, the platform is aligned with the environmental objec-
tives of the National Action Plan for Recycling and Green Development, contributing 
to waste reduction and wider efforts against climate change. In addition to strengthen-
ing these efforts, the economy will also benefit directly, considering that the proposed 
project will significantly increase the efficiency of material collection, processing and 
recovery systems from companies such as those participating in the project consortium. 
Indeed, through the resale and donation of used items, the platform can significantly 
reduce the amount of waste ending up in landfills. This not only alleviates the pressure 
from waste management systems but also supports environmental sustainability through 
extending the life cycle of products. Furthermore, companies specializing in recovery 
and upgrading can benefit from a more reliable supply of materials, as the platform 
offers an organized way to collect used clothing products that are suitable for recycling 
or upcycling. 

Early signs suggest that REFASHION could create meaningful economic value for 
both individuals and businesses. In recent years, second-hand fashion platforms have 
been growing steadily. Actually, by 2026, the global secondhand apparel market is 
expected to grow 127 per cent, which is three times faster than the apparel market 
overall. Some forecasts even predict that the global resale market could exceed $70 bil-
lion by 2027 [14]. For everyday users, REFASHION could turn unused clothing into a 
modest but noticeable income boost, depending on how active they are. Buyers stand to 
benefit too, with potential savings of 25 per cent to 50 per cent compared to shopping for 
brand-new items [15]. And beyond personal gains, expanding the platform could open 
up new job opportunities in logistics, quality assurance, and digital operations. Look-
ing ahead, we aim to develop detailed economic models to better understand just how 
large these impacts could become as more users and businesses join the REFASHION 
ecosystem. 

In the long term, the proposed project will: 

1. Facilitate the implementation of the Waste Framework Directive [16], which seeks to 
reduce waste generation and promote recycling and reuse. The transparency and trace-
ability offered by blockchain technology can improve the efficiency of the industry’s 
material recycling and recovery processes. 

2. Contribute to promoting environmental sustainability in the EU by promoting sus-
tainable consumption and production, in line with the objectives of the European 
Green Deal [17], to reduce CO2 emissions. 

3. Contribute to the achievement of the objectives of the Fashion Pact, which focuses 
on sustainability in the fashion industry, through waste reduction and the promotion 
of the circular economy. The increased use of materials from reuse and recycling can 
reduce the environmental impact of the fashion industry. 

4. Help implement the objectives of the European Union’s strategy “For Sustainable and 
Circular Textiles” for the green transition of the ecosystem, according to which by 
2030, textiles placed on the EU market are long-lived and recyclable, largely made 
from recycled fibers, free of hazardous substances and produced with respect for 
social rights. 

5. Help develop and promote local second-hand fashion reuse chains, enabling signif-
icant profit for sellers and reducing the cost of purchasing new items for buyers,
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creating a new revenue stream and giving value to items that would otherwise be 
disposed of as waste. 

6. Scale the implementation of its results in such a way as to expand the network of 
users and partners domestically and potentially globally, attracting manufacturers, 
retailers, recycling centers and consumers in a joint effort to promote sustainable 
fashion, making the REFASHION platform a center of innovation and sustainability. 

5 Conclusions 

The REFASHION platform introduces a blockchain-powered solution to address the sus-
tainability challenges of the fashion industry by promoting circular economy principles. 
Through decentralized transactions, tokenized incentives, and smart contract automa-
tion, the platform enhances transparency and trust in the resale of fashion products. By 
integrating eco-impact scoring and AI-driven recommendations, REFASHION not only 
facilitates ethical consumer choices but also encourages sustainable behavior. The find-
ings of this study indicate that blockchain technology has the potential to revolutionize 
the second-hand fashion industry, reducing waste and contributing to a more responsible 
and resource-efficient fashion ecosystem. The results highlight the feasibility of using 
blockchain to build a secure, transparent, and user-driven recommerce ecosystem for 
fashion products. The integration of ReWear tokens as incentives has shown promise 
in fostering active user participation, promoting sustainable habits, and enhancing the 
value of second-hand goods. Furthermore, the REFASHION platform aligns with global 
sustainability initiatives, such as the EU Strategy for Sustainable and Circular Textiles 
and the Fashion Pact, contributing to the broader agenda of reducing environmental 
impact in the fashion industry. 

Despite its promise, REFASHION faces challenges, particularly the slow adoption 
of blockchain in consumer-driven recommerce due to technological complexity, digital 
literacy barriers, and skepticism towards decentralized systems. Achieving widespread 
user engagement may require significant educational efforts and the development of a 
more user-friendly interface. Additionally, while blockchain enhances transparency and 
security, its energy consumption presents a potential drawback. The environmental ben-
efits of REFASHION must be weighed against the energy demands of blockchain trans-
actions, particularly those utilizing Proof of Work (PoW) consensus mechanisms. This 
issue underscores the importance of exploring low-energy blockchain models, such as 
Proof of Stake (PoS), to mitigate the environmental footprint of decentralized platforms. 

In order to overcome slow uptake and complex UI challenges, a number of strategies 
are recommended, such as a) an extensive user introduction including tutorials, tooltips, 
and interactive guides to transition from blockchain-noob to master, b) targeted market-
ing campaigns pitching the environmental impact of the platform and the rewards for 
users to quickly own value proposition and c) incentivizing early adopters with bonus 
tokens or similar discount to kick start the marketplace and achieve organic growth. 

The REFASHION platform represents an innovative approach for tackling the grow-
ing problem of fashion waste through blockchain-enabled recommerce. While challenges 
remain in adoption and scalability, the potential environmental and economic benefits 
make this a promising area for further research and practical implementation. Future 
advancements in blockchain efficiency, consumer engagement strategies, and policy
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frameworks will be critical in scaling REFASHION into a widely adopted and impactful 
sustainable fashion marketplace. 
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ABSTRACT 

Deepfake videos have become a serious and technological threat, as they are used to spread fake news, 
misinformation and manipulate public opinion. Advanced techniques for synthesizing and editing multimedia 
content make the detection of such manipulated videos particularly challenging, creating the need for reliable 
detection solutions. This paper proposes a Deepfake detection method based on Ensemble Learning, aiming to 

improve the efficiency of classifying images as real or fake. The implementation leverages an ensemble of four pre-
trained convolutional neural networks — EfficientNet-B0, ResNet50, MobileNetV3, and DenseNet121— combined 
with an adaptive weighted soft voting strategy. The analysis is conducted on three distinct datasets, each with unique 
characteristics, as well as on a constructed Unified dataset, with all three datasets combined. The classifier is 
developed using the Python programming language and modern deep learning libraries; its performance is evaluated 
using metrics such as AUC-ROC, Accuracy, and Sensitivity. The experimental results demonstrate that the proposed 
ensemble outperforms individual baselines, confirming the potential of a multi-architecture strategy as an effective 
tool in addressing the deepfake detection problem.  

Keywords: Deepfakes, Convolutional Neural Networks, Deep Learning, Ensemble Learning 

1 INTRODUCTION 

In recent years, fake news has spread rapidly through social media, posing a serious threat to public discourse and human 

society. The rise of Deepfakes has exacerbated this situation, as it allows the creation of convincing synthetic video content 

through deep learning algorithms [1]. Deepfakes are a product of artificial intelligence that modifies images, videos, and audio, 

creating fake content. The term DeepFake (DF) comes from the combination of the words "Deep Learning (DL)" and "fake" 

[2]. 

The creation of fake content is not a new phenomenon; however, recent developments in artificial intelligence (AI) and deep 

learning have dramatically increased the spread and quality of deepfakes. The practice of producing realistic fake online 

creations is becoming increasingly common on social media platforms, with numerous images and videos of celebrities, 

politicians, and other well-known figures. The social impact is significant and often harmful, especially since producing 

deepfakes now requires minimal technical training and basic equipment [3]. 

Deepfakes can now mimic facial expressions, lip movements, and even voices with remarkable accuracy, making them nearly 

indistinguishable from real videos. These capabilities make the technology extremely dangerous, creating a growing need for 

the development of effective detection techniques that can address its abuse [4]. 

With the advancement of artificial intelligence and computer vision, the most effective way to create deepfakes is based on 

machine learning techniques, and in particular generative adversarial networks (GANs), which in turn leverage the structure 

of convolutional neural networks (CNNs). The use of GANs makes it possible to create highly realistic images and videos, 

thereby contributing to the further spread of the phenomenon [5], [6]. 

Alongside, many detection methods have also been developed. However, a significant issue remains that most detection models 

are trained on specific data sets and struggle to maintain their performance when applied to different or new data.[7] This lack 

of generalization means that models may fail when confronted with new types of manipulation that were not included in the 

original training set. For this reason, continuous updating and expansion of datasets is essential to ensure that detection 

techniques remain effective against ever-evolving methods of creating deepfakes [8]. 

In this paper, we advance the use of ensemble learning, a technique in which we combine the predictions of many different 

models in order to achieve better performance than relying on a single model alone [9]. The central idea is that different models 

mailto:e.pintelas@go.uop.gr
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tend to make different errors. Therefore, if we combine their predictions, the errors can be balanced out, leading to the result 

to be more accurate and more generalizable [10]. The contribution of this study lies not only in its technical approach to 

detecting deepfake content but also in emphasizing the severity of the issue, highlighting the need for advanced mechanisms 

to protect against the spread of fake audiovisual material. 

We then compare the performance of individual baseline models with the final hybrid model that utilizes ensemble learning. 

The evaluation is performed on three different datasets, each with unique characteristics. Furthermore, we merged these three 

datasets into a single unified dataset, in order to increase diversity within a single dataset. The goal of this approach is to build 

a more robust classifier for deepfake detection, one capable of performing better in different conditions and types of 

manipulated content. 

. 

2 RELATED WORK 

Recently, many methods have been proposed for deepfake detection, utilizing different architectural models.  

M. El-Gayar et al. introduced an advanced method for deepfake video detection that leverages graph neural networks (GNNs) 

and convolutional neural networks (CNNs). This method incorporates GNNs to dynamically adjust relationships between 

neighboring nodes, while CNNs contribute by extracting discriminative visual features. The model uses a hierarchical 

multiscale structure to capture fine-grained features, thereby improving representation and detection accuracy. The process 

consists of two phases: a mini-batch flow and a four-block CNN flow, which are integrated through three fusion networks 

(FuNet-a, FuNet-M, FuNet-C). The accuracy of the method across different datasets was 95.09% on FF++, 99.3% on DFDC, 

and 98.9% on Celeb-DF [4]. 

Another method proposed by Zeina Ayman et al. uses the VGG (Visual Geometry Group) model. VGG is a pretrained neural 

network based on the CNN architecture with five convolutions and max pooling blocks, which recorded an accuracy of 88%. 

In contrast, a standard CNN, after preprocessing with face extraction and resizing, reached an accuracy of 94%. These results 

indicate that CNNs can outperform VGG in deepfake detection [6]. 

Alongside these, Halliasos et al presented an approach based on self-supervision. This approach is called RealForensics and 

consists of two stages. In the first stage, the model learns time-dense video representations through intermodal self-supervision 

from many speaking faces. These representations are then used as prediction targets in the second stage to normalize binary 

forgery classification. The method achieved 97.1% on FaceShifter dataset and 95.7% on DeeperForensics dataset [11]. 

Lastly, Feng et al developed a method based on detecting anomalies between sound and image in video. Their model combines 

information from both modalities and is trained exclusively on real data to identify inconsistencies, without requiring exposure 

to deepfake data during training. The method demonstrates strong cross-data performance, achieving results with AUC scores 

around 94-95% on datasets such as FakeAVCeleb and KoDF [12]. 

Overall, related work demonstrates that many effective techniques have been developed, which exploit different architectures. 

However, a key issue remains: most approaches perform well on specific datasets. This highlights the need for more robust 

solutions that leverage multi-source datasets and the combination of multiple models. In this context, the present paper focuses 

on a systematic evaluation of four CNNs on a unified dataset, along with the use of ensemble learning. 

3 DATASETS & PREPROCESSING 

In this study, we used three datasets that include both still images and video frames. Specifically, for the video data, face 

detection was first applied, followed by the extraction of the middle to enable image level classification. The dataset was split 

into training and testing sets with an 80:20 ratio to ensure sufficient data for training while maintaining a reliable control set 

for performance evaluation. 

 The DFDC dataset (DeepFake Detection Challenge) is one of the largest publicly available deepfake datasets, which employs 

a variety of methods for creating fake videos, including both advanced GAN-based techniques and simpler approaches, aiming 

to train effective detection models. The version of the DFDC used contains 1500 fake images and 1500 real images, extracting 

one frame per video and isolating the faces of each individual [13]. 

Deepfake MNIST + is an advanced dataset that focuses on animated facial expressions instead of identity exchange, filling a 

major gap in deepfake detection research. It was created using modern image animation frames, simulating 10 specific 
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movements, such as blinking and surprise. In addition, to avoid bias in training, it was ensured that each sample represents a 

unique individual, forcing the model to truly distinguish between authentic and fake videos [14]. 

EXP dataset is a unique collection of processed images of faces created by experts from the Computational Intelligence and 

Photography Lab at Yonsei University, using advanced tools such as Photoshop. It includes approximately 1,000 original and 

1,000 edited images, where facial features such as eyes, nose, and mouth have been replaced or altered to compose new images. 

EXP offers high-quality data that can train classifiers capable of detecting fake images regardless of the method of creating 

them [15]. 

To preprocess the data, we used the function transform.Compose, which is owned by the library torchvision of the PyTorch 

framework [16]. This function allows us to combine a lot transformation to the images. In detail, it combines a list of 

transformations applied sequentially to each image that passes through the dataset. In this particular case, we applied the 

function Resize to standardize the dimensions on all samples and the function ToTensor, in order to convert the image to a 

tensor format so it can be processed by the neural networks. During training, batch size 32 was used to optimize GPU memory 

usage. Also, we assign binary labels to real (0) and fake (1). 

4 PROPOSED METHOD 

4.1 Overview 

To overcome the limitations of single model deepfake detectors, we propose a heterogeneous ensemble learning framework. 

In contrast to traditional approaches that rely on a single backbone network, our method integrates the feature representations 

of four distinct CNNs architectures: ResNet50, EfficientNet-B0, MobileNetV3-Large, and DenseNet121. The architectural 

diversity of this ensemble enables the system to capture complementary information, from high-level semantic inconsistencies 

to subtle textural differences. As a result, the proposed method demonstrates increased robustness and generalization 

capability. 

4.2 CNN Backbones 

We selected these four backbones based on their structural distinctiveness: 

• ResNet50: Selected as a robust baseline, leveraging residual connections to enable deep learning extraction 

without the vanishing gradient problem [17]. 

• EfficientNet-B0: Chosen as a state-of-the-art approach that employs a compound scaling to optimally balance 

network depth, width and resolution [18]. 

• MobileNetV3-Large: Included to evaluate a lightweight architecture that utilizes Squeeze-and-Excitation blocks 

to adaptively focus on informative image features [19]. 

• DenseNet121: Incorporated for its dense connectivity pattern, which promotes feature reuse and preserves low-

level artifacts critical for detection [20]. 

4.3 Ensemble Strategy 

The proposed ensemble framework employs a weighted soft voting strategy, where the contribution of each backbone is 

calculated based on its individual performance. Rather than assuming equal reliability across all classifiers (Simple Averaging), 

we performed a grid search to optimize the weight coefficients (𝑤𝑖), a practice strongly supported by recent reviews on 

ensemble deep learning [9]. This approach is mathematically motivated by assigning larger weights to classifiers with lower 

variance and higher accuracy, we effectively minimize the expected generalization error of the ensemble [21]. Our experiments 

demonstrated that this weighted fusion consistently outperforms the simple averaging baseline, aligning with findings in 

modern deepfake detection methodologies [10]. 
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5 EXPERIMENTS & RESULTS 

5.1 Implementation Details and Training Strategies 

All experiments were conducted in a computational environment equipped with dual NVIDIA Tesla T4 GPUs (16GB VRAM 

each) using PyTorch framework. The implementation code of the proposed model can be found in the following link. Input 

images were preprocessed by resizing to a fixed resolution of 224x224 pixels and normalized using standard ImageNet 

statistics (mean=[0.485,0.456,0.406], std=[0.229,0.224,0.225]). To ensure maximum architectural diversity, we tailored the 

training strategy of each backbone: To establish a reliable performance benchmark, we employed ResNet50 as our baseline 

architecture. This model was trained using a standard transfer learning approach with the Adam optimizer (𝑙𝑟 = 10−4) and a 

constant learning rate strategy [22]. No layer specific freezing or complex scheduling model was applied, allowing it to serve 

as a stable control variable against which the other optimization strategies could be evaluated.  

For the EfficientNet-B0 backbone, we implemented a targeted fine-tuning strategy to balance computational efficiency with 

domain adaptation. Initially, all feature extraction layers were frozen to retain the robust high-level representation learned from 

the ImageNet. To achieve task specificity, we explicitly unfroze only the last five layers of the network. Concurrently, the final 

classification head was replaced with a linear layer designed for binary classification.  

While standard hyperparameters proved effective for the baseline, the lightweight MobileNetV3 initially exhibited instability. 

To address this, we switched from Adam to Stochastic Gradient Descent (SGD) with a learning rate of 0.0015, momentum of 

0.9, and Nesterov acceleration [23]. Additionally, we implemented a ReduceLROnPlateau scheduler and extended the fine-

tuning depth by unfreezing the last 8 layers.  

Conversely, the DenseNet121 architecture required a strategy to prevent gradient instability during the early training phases. 

We utilized the Adam optimizer but replaced the standard scheduler with a hybrid SequentialLR strategy.[24] This involves a 

linear warmup phase for the first 2 epochs (gradually increasing the learning rate from 10−5 to 10−4), followed by Cosine 

Annealing to decay the rate to 10−6. 

 

Table 1: Hyperparameter Configuration per Backbone 

Model Architecture Training Strategy 

ResNet50 (Baseline) Adam 

DenseNet121 Adam + Warmup 

MobileNetV3 SGD + Scheduler 

EfficientNet-B0 Adam (5-layer unfreeze) 

Proposed Ensemble Adaptive Weighted Voting 

  

  

5.2 Comparative Analysis 

The overall evaluation of the proposed methodology is summarized in Table 2, which provides a comparative analysis of the 

AUC-ROC performance between individual CNN backbones and ensemble strategies. It is observed that no single network 

consistently dominates across all datasets. Notably, the weighted fusion strategy, that calibrated via Grid Search, always 

maximizes the AUC-ROC, outperforming the simple averaging method in every scenario. These results validate that 

combining diverse architectural features through adaptive weighting is crucial for mitigating domain shifts and achieving 

generalization. 

 

Table 2: AUC-ROC Performance Comparison across Datasets 

Dataset ResNet50 MobileNetV3 EfficientNet-B0                           Ensemble (simple avg) Ensemble 

DFDC 0.7303 0.7252 0.7836 0.8023 0.8041 

DFMNIST 0.8457 0.8854 0.9070 0.9096 0.9144 

EXP 0.7050 0.7489 0.8017 0.8014 0.8091 

Unified 0.7620 0.7783 0.8311 0.8401 0.8463 

 

 

https://github.com/anastasiaakrioti/deepfake-ensemble-detection
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Beyond the AUC score, Table 3 provides a detailed breakdown of the ensemble's evaluation metrics. It is crucial to highlight 

the system’s high sensitivity (recall) in almost all datasets. This indicates that the method effectively minimizes the risk of 

false negatives (i.e., failing to detect a manipulated image or video). The system demonstrates exceptional Sensitivity (up to 

89.06%) on AI-generated datasets like DFMNIST. A notable exception is the EXP dataset, where the Sensitivity drops to 

56.63%, despite maintaining robust Specificity (82.63%). This discrepancy suggests that while the ensemble is highly effective 

against GAN generated artifacts, detecting high quality photoshop images remains a distinct challenge compared to AI.  

Table 3: Evaluation Metrics of the Proposed Ensemble 

Dataset Accuracy AUC-ROC Sensitivity Specificity Precision 

DFDC 73.00% 0.8041  74.76% 71.13% 73.33% 

DFMNIST 82.21% 0.9144 89.06% 71.25% 83.21% 

EXP 70.17% 0.8091 56.63% 82.63% 75.00% 

Unified 77.55% 0.8463 72.76% 82.42% 80.80% 

 

Finally, the method’s capability to generalize under realistic conditions is demonstrated in Fig. 1. The Receiver Operating 

Characteristic (ROC) curve illustrates the diagnostic trade-off between the true positive rate (Sensitivity) and the false positive 

rate (Specificity) [25]. As illustrated, the ensemble curve (solid black line) consistently encloses the largest area compared to 

individual backbones. 

 

Figure 1: ROC Curve of Unified Dataset 

 

 

6 CONCLUSION 

This study presented a robust deepfake detection framework leveraging a heterogeneous ensemble of four CNN architectures, 

optimized via a weighted soft-voting strategy. Our experimental evaluation on both distinct and a large-scale Unified dataset 

demonstrated that the proposed ensemble consistently outperforms single-model baselines in terms of AUC-ROC and 

generalization capability. By assigning adaptive weights based on validation performance, the system effectively mitigates the 

variance of individual classifiers, resulting in a detector that is more stable than any single backbone. 

However, while the system exhibited exceptional sensitivity against GAN-based deepfakes, such as DFDC and DFMNIST, 

the lower recall observed on the EXP dataset highlights a remaining challenge in identifying content made manually. This 

suggests that further domain adaptation is required to fully address manual forgeries [26], [27]. Ultimately, this research 

confirms that architectural diversity is a fundamental component for building defense mechanisms capable of evolving through 

digital misinformation. 
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Beyond its relevance to misinformation and public safety, deepfake detection is increasingly important for trusted digital 

marketplaces where user-generated media drives both decision-making and automated AI services. This direction aligns 

directly with REFASHION, a blockchain-based e-retail platform architecture that supports circular and sustainable fashion 

through AI services (e.g., condition assessment, material recognition, and behavioral/gamification intelligence) coupled with 

immutable transaction records. In such an environment, manipulated or AI-generated human-centric content (including facial 

imagery used for user verification, seller credibility signals, or multimedia listing enhancements) can enable impersonation 

and fraudulent activity, degrading trust and weakening the transparency benefits offered by blockchain. The proposed 

weighted-ensemble framework can therefore be positioned as a complementary REFASHION module that performs pre-

ingestion authenticity screening, reducing the probability that synthetic/edited content propagates into downstream scoring, 

recommendation, and reward allocation processes—or becomes permanently referenced through on-chain evidence. As future 

work, we plan to (i) evaluate the ensemble under REFASHION-like “in-the-wild” acquisition conditions (mobile cameras, 

compression, varied lighting), (ii) extend detection beyond faces toward broader manipulation cues relevant to marketplace 

scenarios, and (iii) couple detection outputs with provenance and audit workflows, such as anchoring hashes of verified media 

to the blockchain to support accountability, traceability, and dispute resolution. 
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ABSTRACT 

The fashion industry stands as the second most polluting industry globally, responsible for 8% of 

greenhouse gas emissions and 20% of global water consumption. The rise of fast fashion has 

accelerated the already high effects of the fashion industry, promoting overconsumption and rapid 

disposal of clothing. This results in an accelerating cycle of production and disposal, underscoring the 

imperative for a transition toward circularity and sustainable practices within the fashion industry. 

This paper presents REFASHION1, an innovative e-retail platform architecture designed to enhance 

the circular and sustainable economy model in the fashion industry through artificial intelligence. The 

proposed system architecture comprises two primary subsystems: (1) a web-based trading platform 

enabling peer-to-peer transactions for second-hand fashion i3Q terms, and (2) an AI-integrated 

services layer providing intelligent automation and decision support. Key AI services include a deep 

learning-based image analysis service for condition assessment and material recognition, a novel 

Visual Product Intelligence Service that leverages reverse image search, distributed web scraping, and 

open-source Large Language Models (LLMs) for automated product information extraction, and a 

predictive analytics engine for demand forecasting and personalized recommendations. The data 

processing infrastructure employs Apache Spark and streaming frameworks to orchestrate real-time 

scraping pipelines and model inference. This paper details the system architecture, AI service 

integration patterns, and the innovative visual product intelligence workflow. This study analyzes the 

system architecture, integration patterns, and implementation trade-offs of our proposed framework, 

providing a preliminary evaluation of its impact on manual listing friction and scalability. Our 

results demonstrate how AI-driven automation can bolster circular economy platforms by optimizing 

operational efficiency and the end-user experience in second-hand marketplaces. 

CCS CONCEPTS: Information systems, Electronic commerce, Computing methodologies, Machine 

learning, Computer vision, Applied computing, Environmental informatics 

Keywords: Circular Economy, Sustainable Fashion, Artificial Intelligence, Machine Learning, e-

Commerce Platform, Visual Search, Large Language Models, Web Scraping, Apache Spark, Big Data 
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1 INTRODUCTION 

In the contemporary era, where environmental consciousness and the need for sustainable 

development occupy a primary role in the social and economic dimension of the planet, the problem 

of fashion waste emerges as one of the most pressing challenges. Every year, millions of tons of 

clothing and footwear end up as waste, causing multiple environmental and socioeconomic impacts 

that threaten the planet's balance and the welfare of societies [1]. Specifically, the fashion industry 

constitutes the second most polluting industry globally, responsible for 8% of greenhouse gas 
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emissions - more emissions than the international aviation and shipping sectors combined - with an 

expected increase of 50% by 2030 [2]. The industry's dependence on fast fashion trends exacerbates 

these issues through unsustainable increases in natural resource use. The fast fashion cycle, 

characterized by the continuous release of new collections, promotes rapid production and 

consumption cycles. As a result, fashion companies now release double the number of collections 

compared to the pre-2000 era, encouraging a culture of disposability and overconsumption, 

undermining the principles of conservation and sustainable material use [3]. Per capita fiber 

consumption nearly tripled from 1950 to 2008, from 3.7 kg to 10.4 kg per person [4]. The successful 

transition to a circular economy requires the circulation of second-hand goods, their repair, reuse, or 

remanufacturing, with parallel public awareness for the re-utilization of items. In this context, the 

REFASHION project, in full alignment with national and European strategies for Circular Economy, 

aims precisely at accelerating circular economy actions and connecting social economy with 

technological innovation toward an alternative, modern, and environmentally friendly waste 

management model, while encouraging active citizen participation and involvement. Despite the 

growing adoption of digital platforms in second-hand commerce, existing systems provide limited 

automation for product understanding and listing generation, often requiring significant manual effort 

from users. Furthermore, current solutions typically treat visual search, product enrichment, and 

recommendation as separate components rather than as an integrated pipeline. This paper presents the 

architectural design of the REFASHION platform components, with particular emphasis on the 

trading platform and AI-integrated services that enable intelligent decision-making and user 

engagement optimization. The main contributions of this work include: (1) a comprehensive web-

based trading platform architecture for second-hand fashion commerce; (2) novel AI services for 

image-based condition assessment and material recognition; (3) a Visual Product Intelligence Service 

combining reverse image search, distributed web scraping, and LLM-based information extraction; 

and (4) a scalable data processing infrastructure leveraging Apache Spark for real-time analytics. 

2 RELATED WORK 

The foundation of this research lies in the shifting paradigm of the circular economy, which has 

gained significant traction as a necessary response to the traditional ‘take-make-dispose’ linear model. 

Organizations such as the Ellen MacArthur Foundation [4] have been instrumental in advocating 

business models that prioritize durability, reuse, and material recovery. This shift is further reinforced 

by regulatory frameworks, such as the EU's Strategy for Sustainable and Circular Textiles, which 

envisions a 2030 market where textile products are long-lived, recyclable, and produced with high 

social and environmental standards. However, achieving this vision at scale requires a technological 

infrastructure capable of managing complex product lifecycles. Transitioning from these high-level 

frameworks to practical e-commerce implementation has increasingly relied on the evolution of 

artificial intelligence. AI has already transformed traditional e-commerce through recommendation 

systems and predictive analytics, but recent breakthroughs in deep learning now allow for 

sophisticated product categorization and pricing optimization [5]. Furthermore, the availability of Life 

Cycle Assessment (LCA) databases - such as Ecoinvent and the Higg Index - provides the 

foundational data necessary for AI-driven environmental impact calculations [6]. Yet, despite these 

capabilities, the specific integration of AI services into circular fashion platforms remains 

underexplored. The technical realization of such platforms depends heavily on two emerging fields: 

visual intelligence and natural language processing. Visual search technologies, powered by 

Convolutional Neural Networks (CNNs) and more recently by attention-based transformer 

architectures [18], have revolutionized product discovery by enabling content-based image retrieval 

[10]. Complementing this, the emergence of Large Language Models (LLMs) like LLaMA [13] and 
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Mistral [14] has transformed the extraction of structured data from unstructured text. In an e-

commerce context, these models excel at attribute extraction and catalog enrichment [11, 12]. While 

these technologies demonstrate immense potential individually, there is a notable lack of research 

regarding their integration into a unified system that combines visual search, automated web data 

extraction, and AI-driven enrichment specifically for the circular economy. This technological gap 

serves as the primary motivation for the architecture proposed in this paper, which seeks to advance 

beyond current market offerings. Existing solutions, such as Loopwardrobe2 and AirRobe3, provide 

important benchmarks for this transition. Loopwardrobe.app operates as an extension for Shopify-

based platforms, enabling users to maintain digital wardrobes and resell garments within a social 

ecosystem of conscious consumers. Similarly, AirRobe focuses on creating a "Digital Identity" for 

purchased items, facilitating resale, rental, or recycling throughout the item's lifecycle to reduce 

textile waste. While these platforms successfully prioritize sustainable consumption behaviors, 

REFASHION aims to extend these capabilities by automating the high-friction aspects of listing and 

data enrichment that currently limit the scalability of second-hand marketplaces. 

3 SYSTEM ARCHITECTURE OVERVIEW 

The proposed system is designed to support end-to-end product lifecycle management in a circular 

fashion marketplace. Specifically, it enables users to list, discover, and transact second-hand items 

while leveraging AI services to automate product understanding, enrichment, and recommendation. 

The REFASHION implementation follows a phased methodology designed to deliver incremental 

value while managing technical risk: Phase 1 - Research and Architecture Design: Comprehensive 

analysis of state-of-the-art AI and web scraping technologies, definition of system requirements, and 

detailed architectural specification. Phase 2 - Core Platform Development: Implementation of the 

trading platform user interfaces, transaction management workflows, and foundational API 

infrastructure. Phase 3 - AI Services Integration: Development and deployment of image analysis 

models, Visual Product Intelligence pipeline, and predictive analytics engines with continuous 

integration and automated testing. Phase 4 - Data Infrastructure: Implementation of Lambda 

architecture components, streaming pipelines, and distributed storage systems. Phase 5 - Testing and 

Optimization: Comprehensive functionality, performance, and security testing. Optimization of ML 

models and scraping pipelines based on real-world data. The REFASHION platform architecture 

follows a three-tier design pattern, comprising interconnected components that collectively enable a 

comprehensive circular economy marketplace for fashion items. This paper focuses on the subsystems 

implemented within the REFASHION platform: the Trading Platform and the AI-Integrated Services 

Layer, supported by a robust Data Processing Infrastructure. 

3.1 Architectural Principles 

The REFASHION architecture is grounded in a set of core design tenets intended to ensure long-term 

viability, performance, and user engagement. At its foundation, the system prioritizes modularity by 

employing loosely coupled services that allow individual components to evolve independently while 

maintaining overall system coherence. This modular nature directly facilitates robust scalability, as 

the platform leverages cloud-native infrastructure and distributed computing frameworks to 

seamlessly accommodate growing user traffic and transactional complexity. For these disparate 

services to function as a unified whole, the architecture emphasizes interoperability through 

standardized data formats and well-defined APIs that ensure seamless data exchange across all 

 
2 www.netkodo.com/case-studies/loopwardrobeapp 
3 www.airrobe.com/airrobe 
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subsystems. Building upon this structural integrity, the system adopts an intelligence-first 

philosophy, where AI services are deeply integrated into multiple architectural layers to drive 

personalized user experiences and facilitate sophisticated, data-driven decision-making. 

3.2 Three-Tier Architecture Design 

The system is organized into three primary layers (Figure 1), beginning with a responsive 

Presentation Layer that serves as the primary web trading platform. This layer provides role-specific 

interfaces for buyers, sellers, and business users, leveraging modern frameworks such as React or 

Angular to facilitate intuitive product discovery and transaction workflows. These user-facing 

components are supported by an AI Services Layer, which consists of a suite of intelligent modules - 

including image analysis, visual product intelligence, and predictive analytics - exposed via RESTful 

APIs. To ensure operational efficiency, 

these services handle requests either 

synchronously or asynchronously, 

depending on the specific computational 

demands of the task. At the core of the 

system resides the Data Processing 

Layer, which implements a Lambda 

architecture to unify disparate data 

streams. By integrating batch processing 

through Apache Spark with stream 

processing via Spark Streaming or 

Apache Flink, this foundation provides 

the high-performance environment necessary for real-time analytics and the continuous serving of 

machine learning models. 

3.3 Component Integration and Data Flow 

The three layers interact through a combination of synchronous API calls and asynchronous event-

driven messaging. When a user uploads a product image, the Trading Platform invokes the AI 

Services Layer, which orchestrates multiple services: the Image Analysis Service assesses condition 

and materials, while the Visual Product Intelligence Service initiates web scraping pipelines to gather 

additional product information. Results are aggregated and returned to the user interface, with all 

events logged to the Data Processing Layer for analytics and model improvement. 

3.4 Security and Data Management 

Security and resilience are foundational considerations in the REFASHION system architecture. The 

architecture employs defense-in-depth mechanisms across all subsystems, including API 

authentication and authorization, encrypted data transmission, and strict separation of concerns 

between user-facing services and core infrastructure components [7]. Off-chain components are 

protected through role-based access control, continuous monitoring, and automated anomaly detection 

mechanisms integrated into the analytics pipeline. The architecture embeds data governance 

principles aligned with European regulatory frameworks, particularly the General Data Protection 

Regulation (GDPR). The analytics subsystem supports data lineage tracking and auditability, enabling 

transparent reconstruction of AI-driven recommendations and decisions. This capability ensures both 

regulatory compliance and methodological transparency [8]. 

Figure 1: REFASHION Platform and AI based functionalities. 



 

5 

 

4 TRADING PLATFORM 

4.1 Platform Design and User Experience 

The platform delivers a unified ecosystem with three role-specific interfaces. Buyers benefit from 

discovery-driven tools like map-based browsing and AI recommendations that lead into a streamlined 

checkout. Sellers can list items instantly using camera-assisted Visual Product Intelligence to auto-

populate data, while managing the entire order lifecycle from a dedicated view. Business users 

leverage a centralized dashboard for high-level analytics and reporting to drive strategic decisions. By 

integrating these specialized functions, the system ensures a seamless, frictionless experience for 

every marketplace participant. 

4.2 Product Listing and Discovery 

The product listing workflow is enhanced through AI automation. When a seller uploads product 

images, the system automatically: (1) assesses item condition using computer vision models, (2) 

recognizes material composition from visual texture analysis, (3) searches the web for similar 

products to extract brand, model, and specification information, and (4) suggests appropriate pricing 

based on market analysis. This AI-assisted workflow reduces listing time from minutes to seconds 

while improving data quality and consistency. Product discovery leverages both traditional search 

mechanisms and visual similarity. Users can search by text queries with faceted filtering, or upload 

images to find visually similar items in the catalog. The recommendation engine personalizes search 

results based on user behavior history and predicted preferences. 

4.3 Transaction Management 

The platform implements a secure transaction workflow that protects both buyers and sellers. 

Payments are processed through integrated payment gateways with escrow-style holding until 

delivery confirmation. The system tracks shipment status through carrier API integrations and 

provides automated dispute resolution workflows. All transactions are logged with full audit trails for 

regulatory compliance and analytics. 

5 AI-INTEGRATED SERVICES 

A distinguishing feature of the REFASHION architecture is the deep integration of artificial 

intelligence services throughout the platform. These services enable intelligent automation and 

personalized user experiences. This section details the primary AI-integrated services and their 

architectural implementation. 

5.1 Image Analysis Service 

Visual Product Intelligence: Beyond basic image analysis, the REFASHION system employs a 

sophisticated visual product intelligence module to identify and categorize items within the broader 

fashion ecosystem. This process begins with visual search and product matching, which utilizes a 

transformer-based architecture to generate high-dimensional vector embeddings from product images. 

By comparing these embeddings against a vast database of known garments, the system can identify 

specific models, brands, and historical price points with high precision. To augment this internal data, 

the module incorporates an automated web data extraction engine. When a product is identified, the 

system dynamically crawls authorized e-commerce partner sites and archival fashion databases to 



 

6 

 

retrieve missing metadata - such as original retail price, release year, and official colorways - ensuring 

that every listing is anchored in verified market data. 

AI-Driven Attribute Enrichment: To transform these disparate visual and web-based signals into a 

coherent user experience, the architecture leverages the reasoning capabilities of Large Language 

Models (LLMs). While the visual intelligence module identifies "what" an item is, the enrichment 

layer focuses on "how" it is described. By processing unstructured data from web extraction and seller 

notes through models like LLaMA 3 or Mistral, the system performs automated attribute extraction 

and structured data generation. This ensures that every listing adheres to a standardized schema - 

categorizing items by fit, style, and occasion - while simultaneously generating SEO-optimized 

descriptions that highlight the item's circular value. This automated pipeline effectively removes the 

"data entry burden" from the seller, allowing for high-quality, searchable listings to be created in 

seconds rather than minutes. 

5.2 Visual Product Intelligence Service 

The Visual Product Intelligence Service represents a novel contribution of REFASHION, combining 
visual search, distributed web scraping, and LLM-based information extraction to automatically 

enrich product listings with detailed specifications and market context. Unlike existing approaches 

that treat visual search, web data extraction, and product enrichment as independent processes, the 
proposed system integrates these components into a unified pipeline, enabling automated and scalable 

product intelligence generation. 

Visual Similarity Search Engine: The visual similarity search engine extracts high-dimensional 
feature vectors from product images using a CNN backbone (ResNet-50 or EfficientNet-B4) trained 

for fashion-specific representation learning [10]. These feature vectors are indexed in a vector 

database (FAISS or Milvus) enabling efficient approximate nearest neighbor search. When a user 

uploads a product image, the system generates a query embedding and retrieves visually similar 
products from both the internal catalog and external web sources. For external search, the system 

integrates with reverse image search APIs (Google Vision API, Bing Visual Search) to discover URLs 

of web pages containing visually similar products. These URLs serve as seeds for the subsequent web 
scraping pipeline. The search results are filtered and ranked based on visual similarity scores, domain 

reputation, and content relevance. 

Distributed Web Scraping Pipeline: The web scraping pipeline is implemented as a distributed 

system orchestrated by Apache Spark, enabling parallel processing of multiple URLs while respecting 
rate limits and robots.txt directives. The pipeline architecture consists of several stages: Queue 

Management: Candidate URLs from the visual search engine are published to Apache Kafka topics, 

partitioned by domain to enable per-domain rate limiting. A Spark Streaming job consumes these 
URLs, applying deduplication and priority scoring based on expected information yield. Content 

Fetching: A distributed fetcher pool retrieves web pages using headless browser automation 

(Playwright/Selenium) for JavaScript-rendered content or lightweight HTTP clients for static pages. 
The fetcher implements adaptive rate limiting, respecting Crawl-Delay directives and backing off on 

HTTP 429 responses. Politeness policies ensure ethical scraping behavior. Content Extraction: Raw 

HTML is processed through a content extraction pipeline that identifies and extracts product-relevant 

content blocks. The extractor uses a combination of CSS selectors, XPath patterns, and machine 
learning-based content detection to isolate product descriptions, specifications, prices, and images 

from page chrome and advertisements. 

LLM-Based Product Information Extraction: Extracted web content is processed by an open-source 

Large Language Model to transform unstructured text into structured product attributes. The system 

supports multiple LLM backends including LLaMA-2 [13], Mistral [14], and their instruction-tuned 
variants, deployed on GPU infrastructure for efficient inference. The extraction process employs 

carefully designed prompts that instruct the LLM to identify and extract specific product attributes: 

• Brand name and product model/style identifier 
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• Material composition (e.g., 100% cotton, 60% polyester/40% wool) 

• Product dimensions and sizing information 

• Care instructions and washing guidelines 

• Original retail price and current market price estimates 

• Sustainability certifications (e.g., GOTS, OEKO-TEX, Fair Trade) 

• Country of manufacture and brand sustainability ratings 

The LLM outputs structured JSON conforming to a predefined schema. Multiple extraction results 

from different web sources are aggregated using confidence-weighted voting, with conflicts resolved 

through source reliability scoring and consistency checking. The system implements retrieval-

augmented generation (RAG) by providing the LLM with relevant context from a knowledge base of 

fashion terminology, brand information, and material properties [16]. 

Stream Processing with Apache Spark 

The Visual Product Intelligence Service is orchestrated through Apache Spark's structured streaming 

capabilities [9], enabling scalable and fault-tolerant processing of the scraping and extraction pipeline: 

Event-Driven Architecture: Product image uploads trigger events published to Kafka, initiating the 

visual search and scraping workflow. Spark Structured Streaming jobs consume these events, 

maintaining exactly-once processing semantics through checkpointing. Micro-Batch Processing: 

URL fetching and content extraction are executed in micro-batches, balancing latency requirements 

with throughput optimization. The batch interval is configurable, typically set to 5-10 seconds for 

near-real-time response. GPU-Accelerated Inference: LLM inference is distributed across GPU 

workers using Spark's barrier execution mode, enabling efficient batched inference. The system 

supports both local GPU clusters and cloud-based inference endpoints (e.g., vLLM, TensorRT-LLM) 

for elastic scaling. Result Aggregation: Extracted product attributes from multiple sources are 

aggregated using Spark's windowed operations, with results materialized to the serving layer for 

immediate availability to the trading platform. 

5.3 Predictive Analytics Engine 

The predictive engine synthesizes transaction and behavioral data to optimize market efficiency and 

personalization. It utilizes deep learning and time-series models to forecast demand, providing sellers 

with pricing guidance while identifying emerging trends for buyers. A hybrid recommendation system 

- combining matrix factorization with transformer-based sequence modeling - captures user intent to 

deliver tailored product suggestions across the platform. This logic is continuously refined through an 

integrated A/B testing framework that adapts to real-time engagement and shifting market conditions. 

6 DATA PROCESSING AND ANALYTICS INFRASTRUCTURE 

The data analytics infrastructure is built upon a Lambda architecture designed to balance high-

throughput historical processing with low-latency, event-driven computation. Within this framework, 

a dedicated batch layer utilizes Apache Spark to process accumulated platform data for training 

machine learning models and generating long-term historical trends. This is complemented by a speed 

layer that addresses real-time requirements by ingesting streaming events from the trading platform; 

engines such as Apache Flink or Spark Streaming enable near real-time updates for the Visual Product 

Intelligence pipeline and recommendation services. To ensure high-performance access, the outputs of 

both layers are materialized in a serving layer - utilizing query-optimized technologies like Apache 

Cassandra or HBase-which exposes precomputed views and fast lookups to downstream applications. 

Supporting this computational logic is a multi-tiered storage architecture tailored to handle diverse 
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data types and access patterns. Raw datasets, including user interactions and scraped web content, are 

maintained in a distributed data lake using the Apache Parquet format for efficient columnar queries. 

To power the platform's visual search capabilities, product image embeddings are indexed within 

specialized vector databases such as FAISS or Milvus, while a NoSQL layer using MongoDB 

provides the schema flexibility required for evolving product catalogs and user profiles. This is further 

augmented by Redis for high-speed caching and InfluxDB for capturing the time-series metrics 

essential to operational monitoring and trend analysis. The entire subsystem is deployed on a cloud-

native infrastructure that leverages container orchestration via Kubernetes to provide the elasticity 

needed for fluctuating workloads and automated recovery. At the compute tier, GPU-enabled clusters 

are provisioned specifically to accelerate the intensive model training and inference required by the 

image analysis and LLM services. Finally, the platform exposes these capabilities through a 

centralized API gateway layer, which secures the environment through integrated authentication, rate 

limiting, and monitoring, ensuring a robust integration with the trading platform frontend. 

7 EVALUATION AND DISCUSSION 

The REFASHION platform architecture addresses key challenges in circular fashion e-commerce 

through intelligent automation. The Visual Product Intelligence Service significantly reduces seller 

effort in creating comprehensive listings - preliminary evaluations suggest reduction in listing creation 

time from 5-10 minutes to under 30 seconds when web sources provide relevant product information. 

The distributed scraping architecture enables processing of thousands of URLs per minute while 

maintaining ethical scraping practices. LLM-based extraction achieves high accuracy for well-

structured product pages, though performance varies with page complexity and content quality. The 

system implements fallback mechanisms for cases where automated extraction is unreliable, ensuring 

consistent user experience. Key technical challenges addressed include: (1) handling JavaScript-

rendered content requiring headless browser automation, (2) managing rate limits and anti-scraping 

measures across diverse e-commerce sites, (3) ensuring LLM extraction consistency through prompt 

engineering and output validation, and (4) scaling GPU inference for LLM workloads during peak 

usage periods. Limitations include dependency on external search APIs for visual similarity 

discovery, potential legal considerations around web scraping that require ongoing attention to terms 

of service, and the computational cost of LLM inference which impacts response latency for the 

enrichment pipeline. 

8 CONCLUSION AND FUTURE WORK 

This paper presented the REFASHION platform architecture focusing on the trading platform and AI-

integrated services. The three-tier architecture comprising a web-based trading platform, AI services 

layer, and data processing infrastructure provides a robust foundation for sustainable fashion 

commerce. The novel Visual Product Intelligence Service - combining visual search, distributed web 

scraping, and LLM-based extraction - represents a significant contribution to automated product 

enrichment in circular economy marketplaces. Future work will focus on several directions: (1) fine-

tuning domain-specific LLMs for fashion product extraction to improve accuracy and reduce 

inference costs, (2) implementing multimodal models that jointly process images and text for 

enhanced attribute prediction, (3) exploring federated learning approaches for model improvement 

while preserving user privacy, and (4) extending the scraping infrastructure to support real-time price 

monitoring and market intelligence features. 
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