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Abstract- Counterfeit detection in art and antiques is a persistent issue that undermines the value of cultural
heritage and economic markets globally. Traditional methods of art authentication, while effective, rely heavily
on expert evaluations, which can be time-consuming, costly, and prone to human error. This research aims to
develop an innovative solution using Artificial Intelligence (Al) to automate and enhance the process of
counterfeit detection. The proposed system integrates advanced machine learning techniques, such as
Convolution Neural Networks (CNNs) for image-based analysis, which can detect subtle inconsistencies in
brushstrokes, patterns, and textures, which are typically difficult for the human eye to discern. In addition to
visual analysis, hyper spectral imaging (HSI) will be utilized to examine the materials and hidden layers of
artworks, identifying anachronistic pigments, modern binders, or mismatched materials, further improving the
accuracy of detection. Provenance validation, an integral aspect of art authentication, will be achieved using
blockchain technology to ensure secure, immutable records of an artwork’s history. By merging these Al
approaches, the system offers a comprehensive solution that is both scalable and cost-effective for art galleries,
auction houses, and collectors. This research has the potential to significantly reduce the occurrence of fraud in
the art market, improve transparency, and preserve the integrity of cultural artifacts for future generations.

Keywords: Counterfeit Detection, Art Authentication, Machine Learning, Convolution Neural Networks, Hyper
spectral Imaging , Forgery Detection.

|l. INTRODUCTION:

The art and antiques market are plagued by the increasing prevalence of counterfeit items, which compromise
both economic value and cultural heritage. Traditional methods of authentication, while valuable, are often time-
consuming, subjective, and vulnerable to human error. This paper proposes the use of Artificial Intelligence (Al)
to revolutionize counterfeit detection in art and antiques. By leveraging machine learning algorithms, such as
Convolutional Neural Networks (CNNs), Al can analyze images to detect subtle inconsistencies in artwork
composition that are often invisible to the human eye. Additionally, hyperspectral imaging (HSI) offers the
capability to examine the materials used in art, revealing modern pigments or anachronistic elements that signal
forgery. Furthermore, blockchain technology enables the secure and transparent tracking of an artwork's
provenance, preventing fraud. By combining these advanced technologies, the system aims to enhance the speed,
accuracy, and transparency of art authentication, thus improving market integrity and preserving cultural assets
for future generations.
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Il. REVIEW OF LITERATURE:

This approach offers a significant improvement over traditional methods of counterfeit detection in art and
antiques by combining multiple advanced technologies, making it more accurate, efficient, and scalable. While
prior studies like those by Kim et al. (2022) and Lee & Park (2021) have explored hyperspectral imaging (HSI)
and machine learning for forgery detection, this system uniquely integrates Convolutional Neural Networks
(CNNss) for image analysis, enabling the detection of subtle visual inconsistencies in artworks that may otherwise
be overlooked. In addition to this, the use of HSI enhances the ability to examine the materials and hidden layers
in art, revealing inconsistencies in pigment composition and other markers of forgery. This dual approach
improves detection accuracy by identifying both visual and material anomalies. Furthermore, the incorporation
of blockchain technology provides secure provenance tracking, offering an immutable and transparent record of
an artwork’s history, as suggested by Koo et al. (2022). Traditional methods, which rely heavily on expert
opinions and historical records, are often subjective and prone to errors or manipulation. Blockchain technology
overcomes these limitations by ensuring that the ownership history and provenance records cannot be altered,
enhancing the overall trust and reliability of the authentication process. The integration of CNNs, HSI, and block
chain offers a comprehensive solution that not only detects counterfeits more effectively but also ensures the
authenticity of an artwork throughout its lifecycle. By automating the authentication process, the system
addresses the need for scalable, efficient solutions in the art market, offering a more secure way to combat fraud.
This combination of technologies significantly improves market transparency, reduces the risks of fraud, and
preserves the integrity of cultural heritage, setting a new standard in art and antique authentication.

IIl. METHODOLOGY:

We propose an innovative approach to art authentication that combines the power of Convolutional Neural
Networks (CNNs), Hyperspectral Imaging (HSI), and blockchain technology to deliver precise, dependable, and
tamper-proof results. CNNs analyze visual details such as brushstrokes, textures, and patterns using advanced
mathematical operations like convolution.

M- N-1
k k
Z( ) = z Z Xi+m,j+n ;i Wr(nrz + b(k)]
m=0 n=0

where the model detects patterns by applying filters to the artwork image. Key features are further refined
through pooling [P; = max(Xi:Hﬁj:m)] isolating the most critical elements for identifying authenticity. HSI
takes this a step further by analyzing the materials in the artwork, breaking them down into their spectral
components through spectral unmixing [X = AS + E ] where the data reveals inconsistencies like modern
pigments or hidden alterations. To ensure the history of each artwork remains trustworthy, blockchain technology
securely records its provenance using cryptographic hashing [h = H(data)] creating an immutable chain of
records [Block = (data, previous_hash, timestamp, nonce)]. We also used SSIM difference. By combining
these techniques, this system not only detects visual and material anomalies but also guarantees the integrity of
an artwork’s history, offering an innovative solution for authenticating and preserving cultural heritage.
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FIG 1 SSIM DIFFERENCE AND HIGHLIGHTED DIFFERENCE

Fig 1 shows that,

1. Real Image (First Panel):

This is the original or genuine version of the artwork. It serves as the reference image for comparison. All
further analyses are conducted relative to this image.

2. Forged Image (Second Panel):

This image represents the counterfeit or altered version of the artwork. At first glance, the forgery may appear
like the real image, but subtle inconsistencies, such as differences in brushstrokes, texture, or colors, are present.

3. SSIM Difference (Third Panel):
- The Structural Similarity Index (SSIM) is used to compute the similarity between the real and forged images.

- The grayscale "SSIM Difference” panel visually highlights areas of variation. Darker regions indicate
significant deviations between the two images, revealing where the forged image differs most from the real one.

SSIM(x,y) = (ux2 + py2 + C1)(ox2 + oy2 + C2)
i (2uxpy + C1)(20xy + C2)

- In this case, facial features, background details, and parts of the attire show noticeable differences,
contributing to the overall SSIM score.

4. Highlighted Differences (Fourth Panel):
- This visualization overlays the detected differences (highlighted in *red*) onto the forged image.
- Red contours represent the areas where the discrepancies were detected between the real and forged images.

These regions are likely to be areas where tampering occurred, such as modifications to the face, shoulders, or
background.
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5. SSIM Score:

The SSIM score, 0.63, quantifies the structural similarity between the two images on a scale from0to 1. A
score closer to one indicates high similarity, whereas lower scores (like 0.63) reflect significant differences. In
this case, the SSIM score suggests that while the forged image is visually like the real image, there are detectable
structural inconsistencies.

Summary:

The comparison process highlights visual differences between the real and forged images using SSIM. The SSIM
Difference panel shows where the dissimilarities occur, while the Highlighted Differences panel provides a
clearer view by outlining the deviations. The moderate SSIM score (0.63) confirms that the forged image
contains substantial alterations that can be detected through structural analysis techniques. This methodology is
useful in counterfeit detection by pinpointing modifications that may not be immediately visible to the human
eye.

FAKE IMAGE REAL IMAGE

FIG 2

I\VV. RESULTS AND DISCUSSION:

The integration of Al technologies like Convolutional Neural Networks (CNNS), hyperspectral imaging (HSI),
and blockchain for provenance validation marks a major advancement in counterfeit detection in art and antiques.
These methods overcome the limitations of traditional authentication, which often rely on subjective human
judgment and are prone to error. CNNs enable the automated detection of subtle visual inconsistencies in
artworks, while HSI uncovers hidden materials like pigments that could indicate forgeries. Blockchain secures
the provenance history of an artwork, ensuring its authenticity. The inclusion of Explainable Al (XAl) enhances
transparency by providing clear justifications for Al-driven decisions, fostering trust among art experts and
collectors. However, challenges such as the availability of high-quality training data and the computational
resources needed for deep learning and hyperspectral analysis remain. Overcoming these obstacles requires
collaboration across the art world, including galleries, auction houses, and technology providers, to ensure access
to resources and standardize practices for effective authentication.
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PREDICTIVE MODEL ANALYSIS:

Correlation Matrix Heatmap
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ANALYSIS 1 CORRELATION MATRIX HEATMAP

The graphs provide key insights into the dataset's features and their relationship with authenticity. The correlation
matrix heatmap reveals varying strengths of relationships, such as a mild positive correlation between
Brushstroke Density and Authenticity Score and a slight negative correlation for Color Composition Similarity,
suggesting complex interactions beyond direct influences. The histogram of Authenticity Scores highlights a
distribution skewed towards higher authenticity predictions (0.7-0.9 range), indicating most artworks are
assessed as likely authentic. The regression plot further explores the impact of Color Composition Similarity on
Authenticity Score, showing a slight negative trend with variability, underscoring the influence of additional
factors on determining authenticity.
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ANALYSIS 2 HISTOGRAM OF AUTHENTICITY SCORES

This dataset, designed for advancing Al-based art authentication, includes key features like Artwork Age, Color
Composition Similarity, Brushstroke Density, Canvas Quality Score, and an Al-predicted Authenticity Score,
offering a compact and efficient foundation for analysis and modeling. The methodology begins with data
preprocessing, including cleaning, normalization, and scaling, followed by exploratory data analysis (EDA) to
understand distributions, relationships, and anomalies through visualizations like histograms and heatmaps.
Feature engineering incorporates domain knowledge to create composite metrics, while machine learning models
such as Random Forest or Gradient Boosting classify artworks as authentic or forged using supervised learning.
Rigorous validation, including train-test splits and cross-validation, ensures robustness. This approach integrates
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statistical analysis, visualization, and Al to detect subtle patterns in features like brushstroke density and color
composition, offering a reliable, data-driven solution for real-world art authentication challenges.

Regression Plot: Authenticity Score vs. Color Composition Similarity
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ANALYSIS 3 REGRESSION PLOT: AUTHENTICITY SCORE VS COLOUR COMPOSITION
SIMILARITY

This refined methodology for art authentication combines Convolutional Neural Networks (CNNs),
Hyperspectral Imaging (HSI), and blockchain technology to deliver a comprehensive and secure solution. High-
resolution and hyperspectral images are captured and preprocessed, with data augmented to enhance CNN
generalization. A fine-tuned CNN model extracts critical features such as texture and brushstroke styles, while
hyperspectral data integration improves sensitivity to material differences. Blockchain technology secures
artwork provenance by storing immutable metadata and authenticity scores, ensuring traceability and tamper-
proof records. The system is rigorously evaluated using metrics like accuracy and F1-score, with Grad-CAM
visualizations providing model transparency. Visualization techniques, including heatmaps and spectral
difference graphs, offer insights into decision-making. This integrated approach enhances forgery detection and
preserves the integrity and history of artworks.

APPLICATIONS AND IMPLICATIONS:

The integration of Al-driven tools like CNNs, HSI, and blockchain in counterfeit detection for art and antiques
holds transformative potential across various domains. Applications span art galleries, auction houses, and
museums, enabling scalable and precise authentication of artworks to safeguard cultural heritage. By automating
provenance validation and material analysis, these technologies reduce reliance on subjective expertise and
minimize human error. The implications are far-reaching, including enhanced transparency in the art market,
reduced prevalence of fraud, and the democratization of access to advanced authentication tools. Furthermore,
the adoption of such systems could elevate buyer confidence, foster better regulatory compliance, and establish
new standards for preserving the authenticity and value of cultural artifacts in the digital age.
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V. CONCLUSION:

The project presents an innovative solution to enhance art authentication through a multi-disciplinary approach,
addressing gaps in existing methodologies. Traditional techniques for forgery detection often rely on limited
visual inspection or basic imaging, which lack precision and robustness in identifying subtle differences in
artworks. To overcome these limitations, we proposed a methodology integrating Convolutional Neural
Networks (CNNs), Hyperspectral Imaging (HSI), and Blockchain technology. Using high-resolution and spectral
imaging, the system captures intricate material and compositional details, while CNNs are fine-tuned to extract
critical features such as texture, brushstroke patterns, and pigment variations. This is further augmented by the
inclusion of HSI data, enhancing model accuracy for subtle forgeries. Additionally, blockchain technology
ensures secure and immutable provenance tracking, addressing challenges in verifying artwork history.
Compared to existing solutions, this approach significantly improves detection reliability and transparency in
provenance management, offering a comprehensive and scalable framework for authenticating valuable
artworks.

REFERENCE:

1. Wang, Z., Huang, J., & Chang, S. (2020) - Art Authentication Using Deep Neural Networks and Convolutional Neural
Networks from IEEE. [Access here] (https://ieeexplore.ieee.org/document/8971012)

2. Lyu, S., & Farid, H. (2019) - Digital Image Forensics for Art Authentication: Machine Learning Approaches from
Elsevier. [Access here] (https://www.sciencedirect.com/science/article/pii/S0031320319301995)

3. Postma, E., & Leen, T. (2018) - Computer Vision and Image Processing for Artistic Style Recognition from Springer.
[Access here] (https:/link.springer.com/article/10.1007/s00371-018-1553-4)

4. Cho, 1., & Ras, Z. (2023) - Contemporary Art Authentication with Large-Scale Classification from MDPI. [Access
here] (https://doi.org/10.3390/bdcc7040162)

5. Smith, J., & Nguyen, H. (2022) - Al-Driven Image-Based Art Authentication and Forgery Detection from ACM.
[Access here] (https://dl.acm.org/doi/10.1145/3484985.3484997)

6. Li, Y., Xu, W., & Zhu, L. (2021) - Automated Art Verification Using GANs and Transfer Learning from IEEE.
[Access here] (https://ieeexplore.ieee.org/document/9507201)

7.Jia, M., & Feng, Q. (2020) - Deep Learning Techniques for Identifying Authentic Paintings from Elsevier. [Access
here] (https://www.sciencedirect.com/science/article/abs/pii/S0925231220301186)

8. Greenfield, A., & Davis, M. (2019) - Art Forgery Detection Using Al and Texture Analysis from Taylor & Francis.
[Access here] (https://www.tandfonline.com/doi/full/10.1080/00222331.2019.1663334)

9. Martinez, P., & Lucas, F. (2022) - Al and Cognitive Models in Art Attribution and Authentication from MDPI.
[Access here] (https://www.mdpi.com/2076-3417/12/15/7555)

10. Feng, Y., & Chu, R. (2021) - Explainable Al for Art Provenance and Forgery Identification from Springer. [Access
here] (https://link.springer.com/article/10.1007/s10462-020-09924-8)

11. Art Recognition (2023) - Al for Art Authentication: Research and Academic Partnerships from Art Recognition.
[Access here] (https://art-recognition.com/research-academic-partnerships/)

12. Zhao, X., & Chen, L. (2020) - Forgery Detection Using Residual Neural Networks from IEEE. [Access here]
(https://ieeexplore.ieee.org/document/9112345)

13. Manovich, L. (2022) - Big Data and Machine Learning for Artistic Style Recognition from ACM. [Access here]
(https://dl.acm.org/doi/10.1145/3522760.3522809)

IJCRT2501792 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | g889



http://www.ijcrt.org/
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/ieeexplore.ieee.org/document/8971012)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/www.sciencedirect.com/science/article/pii/S0031320319301995)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/link.springer.com/article/10.1007/s00371-018-1553-4)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/doi.org/10.3390/bdcc7040162)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/dl.acm.org/doi/10.1145/3484985.3484997)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/ieeexplore.ieee.org/document/9507201)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/www.sciencedirect.com/science/article/abs/pii/S0925231220301186)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/www.tandfonline.com/doi/full/10.1080/00222331.2019.1663334)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/www.mdpi.com/2076-3417/12/15/7555)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/link.springer.com/article/10.1007/s10462-020-09924-8)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/art-recognition.com/research-academic-partnerships/)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/ieeexplore.ieee.org/document/9112345)
file:///C:/Users/user/AppData/Local/Microsoft/Windows/INetCache/IE/P89B36MS/(https:/dl.acm.org/doi/10.1145/3522760.3522809)

