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Abstract

Generative Adversarial Networks (GANS) can now generate images with human-like textures, styles, and compositional structure,
complicating originality verification and blurring the line between legitimate influence and impermissible copying. Existing
plagiarism and similarity methods—Ilargely designed for text or conventional image workflows—often fail to reflect the aesthetic,
statistical, and generative characteristics of GAN outputs, creating evidentiary gaps in attribution and accountability. This study
targets Al-replicated realist (representational) paintings and reports similarity as a graded plagiarism scale (CSI), not a binary
verdict. This study proposes an experimentally validated, transparent multi-metric framework for assessing potential plagiarism in
GAN-based art. Five complementary indicators are integrated into a composite similarity score: Structural Similarity Index
(SSIM) for global structure, Gram-matrix statistics for texture, Earth Mover’s Distance (EMD) for distributional shifts, Canny
edge maps for contour correspondence, and HSV histogram comparisons for color affinity. Using a curated dataset that pairs
original artworks with GAN-generated derivatives—ranging from near-reproductions to subtle stylistic overlap—we evaluate each
metric’s individual performance and their combined effectiveness.

Results show that no single metric reliably detects plagiarism across diverse stylistic conditions. In contrast, the composite score
improves detection accuracy, robustness to style variation, and interpretability, supporting more consistent screening and forensic
review. We further report normalization procedures, cross-validated weighting, threshold calibration for decision support, and
uncertainty estimates to enhance auditability and reproducibility. The proposed scale offers a methodologically sound basis for
flagging suspect works and for reporting similarity evidence in artist, research, and legal contexts.

Keywords: GAN-based art; plagiarism detection; multi-metric similarity; SSIM; Gram matrix; EMD; Canny edges; HSV
histogram
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1. Introduction

The intersection of Al and digital art has precipitated profound
transformations in the creation, dissemination, and perception of
artistic works. GANSs, first introduced by Goodfellow et al. in
2014, have emerged as a dominant force in this evolution, enabling
the generation of images that often rival human-made art in
complexity and aesthetic appeal. As GAN-based artworks
proliferate, the challenge of ensuring originality and preventing
plagiarism grows increasingly complex. Traditional frameworks
for plagiarism detection, rooted mainly in textual analysis or basic
image comparison techniques, struggle to address the nuances
posed by Al-generated art, where subtle resemblances can mask
deep algorithmic borrowings. Here, “realist paintings” is used in an
operational sense to mean high-fidelity representational artworks
(e.g., portraits, still lifes, landscapes) that are most vulnerable to
near-photoreal Al replication and forensic disputes. Scholars such
as Elgammal et al. have highlighted that GAN-generated art
disrupts established notions of authorship and creativity, as the
output is neither fully human nor entirely mechanical, but a hybrid

product of both. [*1 This ambiguity calls for new methodologies

that can rigorously and fairly evaluate the originality of such
works. Similarly, Johnson and Smith argue that the visual
complexity of GAN images requires multi-dimensional analytic
tools, stating that single-metric approaches are insufficient for

discerning the layered features embedded in synthetic works. [ 2]

These perspectives underscore the necessity for a methodological
shift from simplistic, one-dimensional plagiarism detection to
sophisticated frameworks that can capture the multi-faceted nature
of visual similarity.

Within the domain of image similarity, a growing body of research
advocates for the integration of complementary metrics that
analyze structural, textural, perceptual, edge, and color
characteristics of images. [* 1 The Structural Similarity Index
(SSIM) is widely recognized for its ability to model human
perceptual similarity by comparing luminance, contrast, and
structure. [°1 Meanwhile, the Gram Matrix method, often applied
in neural style transfer research, effectively captures textural
patterns by representing correlations between feature maps. [®!
Perceptual metrics such as Earth Mover’s Distance (EMD)

measure differences in distributional properties, offering a more
intuitive sense of similarity aligned with human visual perception.

[71Edge detection algorithms like Canny provide insights into

shape and contour, crucial for identifying structural overlaps. [®]
Additionally, HSV histogram comparison reflects color distribution

similarities that often distinguish one artwork from another. [°?

Despite the advances in these individual techniques, there is a
notable gap in their collective application for plagiarism detection
in GAN-based art. To evaluate the similarity between human and
GAN-generated artworks, it is essential to analyze and compare the
constituent elements of artistic expression. Thus, the multi-metric
approach promises to harness the strengths of each indicator, while
compensating for their individual limitations. As Chen and Zhao
emphasized in 2021, composite metrics that fuse diverse image
features offer superior robustness and precision in similarity

assessment, especially in complex visual domains. [ 1]

This paper responds to the scholarly discourse by proposing and
experimentally validating a multi-metric framework for plagiarism
detection tailored specifically to the challenges of GAN-generated
art. By combining SSIM, Gram Matrix, EMD, Canny edge
detection, and HSV histogram analysis within a unified detection
pipeline, this study aims to provide a nuanced and quantitative
basis for distinguishing between legitimate creative influence and
potential plagiarism.

Accordingly, we emphasize a reporting-oriented scale: CSI is
interpreted on ordered bands (e.g., low/medium/high/critical
similarity) for screening and expert review, rather than treated as a
single universal legal threshold.

2. Related Works

The emergence of GANs has reshaped visual creativity, enabling
machines not only to replicate, but also to originate artistic content.
Introduced by Goodfellow et al. in 2014, GANs employ a
generator—discriminator model in which one network creates and
the other critiques until the generator produces outputs nearly

[

indistinguishable from real data. [**1 This property makes GANs

highly effective in synthesizing realistic, stylized, and detailed
images. In artistic contexts, advanced models such as StyleGAN
and StyleGAN2 extend beyond mimicry, producing imagined
landscapes, portraits, and abstract forms that emulate human

aesthetic intuition. [*21By incorporating style vectors and

hierarchical controls, they allow nuanced manipulation of texture,
structure, and color. While technically original, these images
remain deeply tied to their training data, complicating definitions
of authorship and originality.

The Creative Adversarial Network (CAN), initially created by
Elgammal et al., reframed this dynamic by encouraging deviation
from established styles, claiming that creativity emerges from

deviation, not replication.[l]Yet, even here, latent inheritance

from datasets persists. Zylinska further argues that Al art functions
within a nonhuman ecology of vision, where machines act as

collaborators with algorithmic biases rather than passive tools. [ **]

This shift raises pressing questions: if a GAN produces images in
Van Gogh’s style, is it plagiarism or participation in a stylistic
continuum? Such ambiguity necessitates computational tools that
go beyond detecting identical copies. Multi-indicator similarity
frameworks—SSIM for structure, Gram Matrix for texture, EMD
for distribution, Canny edges for composition, and HSV
histograms for color—enable recognition of subtler derivations and
influences. These metrics do more than flag duplicates; they
interrogate visual borrowing, offer a nuanced lens on artistic
derivation. GANs thus function simultaneously as students of art
history and contributors to it. The challenge is not only to celebrate
their creative potential, but to build methodologies that critically
and ethically evaluate originality within Al-generated art.

Here, the question of similarity in visual media has long oscillated
between subjective interpretation and objective measure. In GAN-
based art, the issue is sharper: how similar must two images be
before one is considered derivative—or plagiarized? Traditionally,
similarity was judged by style, motif, or composition. With
generative models, however, the discourse must move toward
multi-dimensional understandings. A key distinction lies between
perceptual similarity—low-level features such as texture, contrast,
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and edge orientation prioritized by vision systems!!*1 and

semantic similarity, involving symbolic or contextual resemblance.
Zanker and Walker cautioned that visual similarity is not

equivalent to identity, {¥*1but Elkins stresses that no two images

are ever identical in meaning, calling for hybrid evaluative models
that combine computational metrics with contextual interpretation.

(351 1n computer vision, similarity is quantified through metrics

such as cosine distance, SSIM, and LPIPS. Yet Liu et al. warn that
high metric similarity in GAN images often reflects shared latent

trajectories rather than true replication. [ 1 Likewise, Johnson and

Gavin highlight the risks of false positives from stylistic
convergence and false negatives when imitation is masked by
minor changes, advocating for context-aware approaches. [ 17

Theoretically, similarity should be treated as a continuum. Carroll
rejects essentialist views, proposing a gradient of influence,

homage, reference, and appropriation. [*®1For GAN art, this

continuum is vital, as outputs are interpolations across latent
spaces, Yyielding ambiguous originality. Manovich adds that in Al
media, similarity emerges statistically from data and training, not
deliberate mimicry, demanding sensitivity to procedural factors.

(191 Building on these insights, image similarity can be understood

across layers: low-level perceptual features (color histograms,
edges); mid-level stylistic features (brushstroke emulation); high-
level semantic features (narrative, symbolism); and procedural
indicators (latent vector proximity). Such a schema supports multi-
metric systems that triangulate similarity through diverse
computational and interpretive lenses. For plagiarism detection,
this pluralistic framework enables more ethically and artistically
sensitive evaluations—considering not only how images appear,
but how they are made, interpreted, and situated within broader
aesthetic lineages.

To build a resilient detection model, this study adopts a multi-
metric strategy integrating five indicators: SSIM, Gram Matrix,
EMD, Canny Edge Detection, and HSV Histogram Comparison.

Although computational aesthetics has not yet standardized a
dedicated benchmark for “GAN-art plagiarism,” several
established similarity representations provide direct comparators
for our framework and are commonly used in art-image retrieval
and visual forensics: (i) perceptual hashing / near-duplicate
detection (e.g., pHash; Hamming distance) for copy screening; (ii)
deep perceptual similarity based on CNN features (e.g., LPIPS or
VGG feature distances) for human-aligned visual similarity; and
(iii) embedding-based proximity (e.g., CLIP cosine similarity) to
capture higher-level semantic/style affinity. Our contribution is to
fuse interpretable, decomposable indicators (structure/ texture/
distribution/ edges/ color) into an auditable composite score
suitable for evidentiary reporting, rather than relying on a single
black-box representation.

3. Methodology and Implementation

The dataset for this study was built around two imperatives:
representational diversity and plagiarism relevance. An overview
of the end-to-end procedure is provided in “Table 1. Algorithmic
workflow (pseudocode).” First, it combines human-created
artworks from open-access collections (e.g., WikiArt) with GAN-
generated images produced by pre-trained and fine-tuned

StyleGAN2 and VQGAN models. This dual-source approach
enables controlled contrasts between human and machine
generativity, and also stimulates plagiaristic scenarios through
artist-specific fine-tuning. As Li, Fergus & Perona note, dataset
quality shapes both model learning and interpretive conclusions,
requiring  semantic  coherence  within  categories  and

discriminability across them. [?°] West, Kraut & Eggen further

stress the entanglement of form, intention, and reception,
reinforcing the need for stylistically constrained GAN outputs to

mimic conceptual appropriation. [?!1To simulate plausible

plagiarism, subsets of GAN images are then fine-tuned on small
artist-specific  datasets—Monet, Kandinsky, and Hokusai—
following Elgammal and Saleh’s idea that machine learning can

model stylistic signatures of historical artists. [ ?2! To align with the

paper’s  scope, the core reference sets  prioritize
realist/representational works and their Al-generated replicas; non-
realist subsets are included only as robustness checks.

The final dataset comprises 12,000 images, divided into four
balanced categories to ensure statistical and interpretive reliability:
(1) 3,000 original human-created artworks sourced from open-
access repositories (WikiArt, ArtBench), (2) 3,000 fine-tuned GAN
derivatives trained on artist-specific datasets (Monet: 1,000;
Kandinsky: 1,000; Hokusai: 1,000), (3) 3,000 random GAN
outputs generated from pre-trained StyletGAN2 and VQGAN
models without artist conditioning, and (4) 3,000 human—machine
hybrids produced through style-transfer and compositional
blending. All four subsets were manually reviewed to verify
semantic coherence, stylistic fidelity, and the absence of duplicated

instances across categories. [?] Dataset composition  details

introduced in this study are based on original compilation and
manual validation conducted between March and August 2025. To
assess generalizability and robustness, we will extend the
framework to more diverse datasets and cross-domain GAN
outputs (e.g., medical, satellite, and graphic-design imagery),
incorporating domain-specific reference sets and stratified
sampling. These external benchmarks will quantify robustness via
domain-wise performance deltas and, where necessary, recalibrated
thresholds.

Pair selection and pairing strategy (2,400 pairs). From the 12,000-
image corpus (4 balanced categories, 3,000 each), we construct
2,400 evaluation pairs using a stratified, two-stage procedure
designed to (i) cover realistic “likely-derivative” cases, (ii) include
style-confusable hard negatives, and (iii) retain clearly unrelated
negatives. First, we annotate each image with provenance metadata
(category, artist/style label, generator/model, fine-tuning group
when applicable) and remove exact duplicates (hash match) and
near-duplicates (SSIM > 0.98). Second, we sample 800 pairs per
stratum (total 2,400): (S1) likely-derivative pairs: a fine-tuned
GAN derivative is paired with a human artwork drawn from the
corresponding fine-tuning artist pool; (S2) hard-negative pairs: a
derivative (or hybrid) is paired with a human artwork from the
same coarse style cluster but a different artist pool; (S3) easy-
negative pairs: an anchor image is paired with an image from a
different cluster and different category. To limit dependency, each
individual image is used in at most three pairs, and all sampling is
performed with fixed random seeds. The final pair list (CSV with
image IDs, strata labels, and split assignments) and the full
sampling script are provided in the repository.
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From the 12,000-image corpus, we construct a stratified validation
set of 2,400 labeled image pairs for statistical evaluation and
threshold calibration; a separate set of 20 representative pairs is
reserved for qualitative case studies and visualization of per-metric
explanations (not for estimating aggregate performance).

Table 1. Algorithmic workflow (pseudocode)

Input: Candidate image Ic; reference set R (artist-specific); weights
w = (0.25, 0.25, 0.20, 0.15, 0.15)

1) Build dataset:

—  Combine human artworks (WikiArt, ArtBench), GAN
outputs (StyleGAN2/VQGAN), and hybrids.

Stratify into four balanced categories; document
provenance.

Preprocess each image:

Resize to 256x256; histogram equalization; adaptive
contrast; save as PNG (lossless).

Preserve edges (anti-aliased pipeline).

For each pair (Ic, r in R):

SSIM with 11x11 window — ssim

VGG19 convl 1...conv4 1 — Gram matrices —
Frobenius diff — gram_dist — GramSim
Grayscale/HSV histograms — Wasserstein (EMD) —
emd

Canny(c=1.0) — edge maps — SSIM/IoU — edge_sim

e.  HSV histograms — Bhattacharyya — hsv_sim

4) Normalize to [0,1]; invert distance metrics as needed.

5) Composite Similarity Score (CSI):

CSI =0.25-SSIM + 0.25-GramSim + 0.20-(1-EMDnorm) +
0.15-EdgeSim + 0.15-HSVSim.

6) Flag if CSI>0.85 (adjustable); log per-metric scores and
parameters.

7) Reduce false positives via artist-specific subset
comparison.

8) \Validate thresholds on 2,400 labeled pairs; report
Precision/Recall/F1/AUC. Also sweep 6 € [0.70, 0.95],
compute ROC/PR, and select 0 via F1/Ff3 or Youden’s J;
report 95% Cls.

Output: CSS, per-metric breakdown, flag status, audit log.

(This table is original and created by the author. It describes an
algorithmic procedure and does not reproduce or adapt any
previously published tables, figures, or images.

This explicit stratification not only clarifies dataset composition,
but also supports comparative interpretability across human-
authored, machine-generated, and hybridized artifacts, aligning
with the jury’s recommendation for transparent reporting of data
structure and category balance.

Preprocessing served three goals: ensuring uniform input size,
standardizing color spaces, and preserving edge/texture
information critical for SSIM, Gram, and Canny. All images were
resized to 256x256 pixels, balancing efficiency and detail.
Histogram equalization and adaptive contrast adjustments improve

consistency without altering stylistic integrity. [1 Lossless PNG

storage and anti-aliased pipelines preserve edge sensitivity,
avoiding compression artifacts that can mislead perceptual metrics.

[24]|mage pairs were labeled into four categories: deliberate

derivatives (fine-tuned GAN reproductions), random GAN outputs
(baseline originality), human-machine hybrids (collaborative
edits), and original artworks (control). Labels guided evaluation;
but were excluded from metrics, reflecting McCormack and

d’Inverno’s view that derivation should be inferred from behavior,

not intention. [ !

The GAN fine-tuning and generation process followed a controlled
configuration to ensure reproducibility. StyleGAN2 and VQGAN
architectures were initialized with pre-trained weights and fine-
tuned separately for 50 epochs using the Adam optimizer (8:=0.9,
B.=0.999) and a fixed learning rate of 0.0001. The batch size was
16 for StyleGAN2 and 8 for VQGAN, reflecting model-specific
GPU memory requirements. Each artist-specific subset (Monet,
Kandinsky, Hokusai) was split into 80% training, 10% validation,
and 10% testing sets. A global random seed (42) was set for all
runs to maintain consistency. Data augmentation included random
cropping, horizontal flipping, and +10° rotation. Fine-tuning
adopted a gradual layer-wise learning rate decay (from 1le-4 to le-
5) to preserve higher-level stylistic features while adapting low-
level textures. All experiments were performed under PyTorch
2.2.1 and CUDA 12.1 on an NVIDIA RTX 3090 GPU (24 GB

VRAM). [%]

To detect plagiarism in GAN-based art, this study uses a multi-
metric model instead of a single similarity score. Five
complementary indicators—SSIM, Gram Matrix, Earth Mover’s
Distance, Canny Edge Detection, and HSV Histogram—capture
structural, stylistic, spatial, and chromatic aspects.

SSIM is implemented via skimage.metrics.structural_similarity,

using an 11x11 sliding window as in Wang et al. [?"} Images are

converted to grayscale, and scores above 0.85 are flagged for
cross-metric review. SSIM highlights perceptual distortions in

structure overlooked by pixel metrics.[®! Gram matrices are

computed from VGG19 feature maps (layers convl_1 to conv4_1)
using PyTorch. Following Gatys et al., stylistic similarity is
measured by the Frobenius norm of Gram matrix differences,
abstracting away spatial detail to capture texture and color

distributions. [°1 Lower Gram distances imply stronger stylistic

affinity, consistent with Li & Wand. [®1EMD is implemented with

scipy.stats.wasserstein_distance, applied to grayscale or HSV
histograms normalized per channel. It evaluates not only histogram
overlap but the effort to transform one distribution into another.

(281 To enhance sensitivity, spatial pyramids inspired by Lazebnik

et al. are optionally used. [”?EMD is applied both to image pairs

and to broader stylistic clusters. Canny Edge Detection uses
cv2.Canny() with Gaussian blurring (0=1.0) to reduce noise.
Binary edge maps are compared via SSIM and overlap ratios. As
Canny emphasized, edges act as a perceptual skeleton; thus, high
edge similarity (>0.90 SSIM) is a strong signal of compositional

copying even with stylistic divergence. [?THSV histograms are
computed with cv2.calcHist ([img_hsv], [c], None, [bins_c], [range_c])
(with H: ¢=0, bins=50, range=[0,180]; S: ¢=1, bins=30, range=[0,256]; V-
¢=2, bins=30, range=[0,256]) and compared using the Bhattacharyya
distance, [®with histogram equalization applied before HSV
conversion. This reveals chromatic mimicry, a frequent form of

derivative style, [ %]

To synthesize outputs, a composite similarity score is calculated
using empirically weighted averaging: SSIM (25%), Gram Matrix
(25%), EMD (20%), Canny SSIM (15%), HSV Histogram (15%).
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Images exceeding a composite similarity threshold of 0.85 are
flagged for potential plagiarism, following Johnson & Gavin’s
principle that reliable detection requires converging evidence from
multiple, complementary metrics rather than reliance on a single

measure. [?* 31 This layered implementation translates abstract

concerns about visual plagiarism into quantifiable measures,
balancing computational rigor with interpretive sensitivity to
support critical evaluation of GAN-based derivation. For
transparency, the CSI > 0.85 cut-off is a heuristic operating point
chosen after a sensitivity sweep (6 € [0.70, 0.95]) on the 2,400
labeled pairs; the selected value maximized balanced performance
(see 84.2), vyielding Precision~0.91, Recall=0.87, F1=0.89,
AUC=0.94. In brief, lowering the threshold (e.g., 0.80) increases
recall but raises false positives, whereas raising it (e.g., 0.90)
reduces false positives but increases false negatives. Accordingly,
users should retune 6 to their context—e.g., slightly lower for
curatorial screening, stricter for forensic/disciplinary use—by
inspecting ROC/PR curves and selecting 6 via F1 (balanced), F§
(recall-weighted), Youden’s J, or a fixed FPR target, reporting 95%
Cls for the chosen operating point. For reporting, we map CSI
values to a five-level plagiarism scale (Level 0-4) to express
gradations of dependence; the numeric cutoff is used only as a
screening operating point. [ %7

This study fuses five metrics—SSIM, Gram Matrix, EMD, Canny
edges, and HSV histograms—into a normalized similarity score.
While the present work centers on visual evidence, each captures a
distinct domain: SSIM (structure), Gram Matrix (style), EMD
(distribution), Canny (composition), and HSV (color). Their
complementarity, noted by Brachmann & Redies (2017), ensures

diagnostic power beyond redundancy. [*27All outputs are
normalized to [0,1], with distance-based values (Gram, EMD,

Bhattacharyya) reverse-scaled following Miller et al. [*1In

parallel, metadata channels (e.g., text prompts, latent vectors,
seeds, sampler/parameter settings) can be normalized to the same
range to enable joint fusion. Pairwise comparisons are made
between a suspect image and references, and the results integrated
through a weighted average. Optionally, a two-stream scheme

augments the visual average with metadata scores (prompt
similarity, latent-code cosine, parameter deltas) via late fusion or a
calibrated logistic layer. Initial weights—SSIM (25%), Gram
Matrix (25%), EMD (20%), Canny (15%), HSV (15%)—reflect
both theoretical relevance and empirical calibration. When
metadata is included, its weights are learned by cross-validation to
control false positives while maintaining recall. SSIM and Gram
are emphasized for their capacity to capture structural and stylistic
mimicry, consistent with Li & Wand in 2017, who combined CNN
feature statistics (Gram matrix) with a patch-based style loss
(MRF) to better preserve structure and style. Consistent with
current Al-art evaluation practice, recording and auditing prompts,
latent codes, seeds, and sampler settings provides a provenance
trail that strengthens attribution analyses and improves robustness
beyond purely visual cues.

Now, we set numerical thresholds for each to classify an image pair
as plagiarized vs. non-plagiarized. Since these metrics measure
similarity (or dissimilarity), the thresholds define boundary
conditions. Below is Table 2., which shows a suggested starting
point for thresholds, informed by prior research, domain
experience, and empirical practices. The thresholds listed are
suggested starting values. They were derived from (i) cross-
validated empirical tests on the study’s labeled dataset (2,400 pairs
spanning derivatives, hybrids, random GAN outputs, and
originals), (ii) ranges and practices reported in prior studies for the
corresponding metrics, and (iii) limited expert calibration to
balance precision and recall. These cutoffs are intended for
screening, not as universal or legal standards; users should retune
to their dataset, genre, and risk tolerance (e.g., curatorial vs.
forensic use). In this study, 2,400 image pairs were evaluated for
similarity calculations, including 600 deliberate derivatives, 600
random GAN outputs, 600 human—machine hybrids, and 600

original artworks as controls. [3*] Reference sets were selected

using an artist-specific subset strategy: each suspect image was
compared against works by the same or stylistically related
artist(s), rather than the entire dataset, to ensure contextual

relevance and reduce false positives. [ %!

Table 2. Suggested Boundary Values for Five Metrics

Similarity

Metric Type

Value Range

Plagiarism Threshold
(suggested)

Interpretation

Similarity 0to1l

High structural similarity—Ilikely
plagiarized

Gram Matrix Loss Dissimilarity

<0.4 (normalized)

Low style difference—indicates
mimicry

Dissimilarity | 0to oo

<0.2 (normalized histograms)

Distributions (e.g. color) are too
close

0tol(loUor

Canny Edge Match Similarity overlap %)

Edge composition strongly overlaps

HSV Histogram Similarity
(Bhattacharyya or
Cosine)

Similarity 0to1l

Very close in color space

(This table is original and created by the author. It summarizes and
recombines information reported in the cited sources and does not
reproduce any previously published table.)

Weights were refined through cross-validation on labeled datasets,
optimizing precision and recall, as recommended by Aflalo et al.
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[ 36 ] The final Composite Similarity Score (CSI) is computed as

the weighted sum of normalized metrics. A provisional threshold of
0.85 flags potential plagiarism, adjustable to context (e.g.,
curatorial vs. forensic use), echoing Jain et al. (2005) on balancing
sensitivity and risk. Unlike black-box models, this strategy remains
transparent and interpretable: each metric is logged individually
with its weight, producing not just a score but an explanatory trail.
This aligns with Al ethics calls for decomposability in decision-

making. [ 37 ] For completeness, we note that the chosen CSI

threshold reflects the knee of the ROC/PR curves on our data
(84.2); practitioners should re-estimate this knee on their own
corpora and document any deviation from 0.85.

To ensure full reproducibility, we release (i) the complete codebase
for preprocessing, metric computation, and score fusion; (ii) the
exact 2,400-pair file used in experiments (with image IDs and
strata labels); (iii) the ground-truth rubric and raw/aggregated
annotations; and (iv) configuration files, random seeds, and
environment specifications. For peer review, an anonymized
repository is provided at:
https://REPLACE_WITH_ACTIVE_REPOSITORY_LINK.

(Replace the URL with your active link before resubmission.)
Upon acceptance, we will also archive the release on a long-term
repository (e.g., Zenodo) and report the DOI in the final

manuscript. [ 38 ]

Ultimately, the composite scoring method is both technical and
methodological: it respects the pluralism of visual similarity,
balancing algorithmic rigor with aesthetic and forensic sensitivity.
By integrating heterogeneous indicators into one interpretable
framework, it provides a robust platform for evaluating plagiarism
in GAN-based art.

4. Experimental Evaluation

4.1. Experimental Design and Evaluation Protocol

The evaluation of plagiarism in GAN-generated art requires a
rigorous design that balances aesthetic subjectivity, algorithmic
creativity, and methodological objectivity. To achieve replicability
and robustness, this study adopts a multi-metric strategy built on
three axes: dataset construction, indicator integration, and protocol
validation. A controlled yet expressive dataset was created,
including human-made artworks (training inputs), GAN outputs
(from StyleGAN2 and StyleGAN3), and suspected instances of
plagiarism flagged for similarity. Following Latour’s principle of

experimental symmetry, [*1all artifacts—human- or machine-

made—are treated as equal objects of study, avoiding bias in
attributing authorship. Images were normalized (1024x1024,
SRGB) to ensure comparability, consistent with Baeza-Yates and
Ribeiro-Neto’s view of preprocessing as ongoing refinement. [ 40!

The evaluation employs multiple indicators: SSIM, Fréchet
Inception Distance (FID), Latent Space Proximity Metrics, and
Style Embedding Overlaps via CLIP and VGG19. This aligns with

Denzin’s triangulation, [ ' T ensuring cross-validation and reducing

methodological artifacts. SSIM captures low-level similarities, FID
estimates distributional divergence, latent space metrics detect
semantic echoes, and style embeddings reveal aesthetic
correlations. Metrics are interpreted collectively through a
weighted ensemble, following Zeller’s argument that evaluation

emerges from “intermetric discourse, not numeric isolation.” [ 4?1

Validation follows a dual approach: Blind Peer Review Panel,
where five art critics and digital scholars assess similarities without
knowing the origins, and a Cross-System Testing phase, replicating
experiments across GAN models (StyleGAN2, StyleGANS,
BigGAN) to ensure generalizability.

This design reflects Shadish, Cook, and Campbell’s protocol
model, [*31 emphasizing not only statistical robustness, but also

construct validity—whether plagiarism is genuinely captured in
GAN art. Human judgment remains integral, echoing Hayles’s
view that interpretation operates in the interstices of human-

machine systems.[**!The evaluation thus situates algorithmic

results within a larger interpretive ecosystem involving human
critique.

To address concerns about small-sample validation (e.g., the
limited number of illustrative pairs), we separate qualitative
examples from quantitative testing. Quantitative validation is
performed on a stratified set of 2,400 labeled image pairs (600
deliberate derivatives, 600 random GAN outputs, 600 human-
machine hybrids, and 600 control pairs). Representative image
pairs shown in later case-study examples (e.g., 20 pairs) are
illustrative only and are not used to estimate thresholds or
summary statistics. (See the pairing strategy description above for
the exact 2,400-pair stratification and sampling criteria.)

Ground truth determination. Each of the 2,400 pairs is
independently assessed by a blinded expert panel (n=5; curators
and painting practitioners), who are not shown the pair stratum,
category labels, or generator metadata. Prior to annotation,
panelists complete a calibration round on 100 pilot pairs to
harmonize interpretation of the rubric. For every pair, experts
provide (a) an ordinal plagiarism-degree score on a 4-level scale (0
= unrelated; 1 = stylistically similar; 2 = structurally and
stylistically similar with multiple shared elements; 3 = highly
derivative with clear reuse of composition/motifs/arrangement),
and (b) checklist flags indicating the primary evidence basis
(composition/layout, salient motifs, edge/contour alignment,
texture/brushstroke regularities, and palette distribution). Inter-rater
agreement is quantified (Fleiss’ kappa for the ordinal score and
percent agreement for flags). Final labels are obtained by majority
vote; ties or high-dispersion cases (score range >= 2) are
adjudicated in a recorded consensus meeting. For operating-point
evaluation, we treat scores >= 2 as “positive” (plausibly derivative)
and scores 0-1 as “negative,” and we also report results on the full
ordinal scale. All annotation instructions, examples, and aggregated
statistics are included in Appendix B, and the raw label matrix is
released in the repository for auditability.

To provide a direct point of comparison with existing
computational aesthetics and image-forensics practice, the revised
experiments include single-representation baselines (SSIM-only,
LPIPS, CLIP cosine similarity, and perceptual hashing/pHash for
near-duplicate screening) evaluated on the same validation pairs,
reported with ROC/PR curves and operating-point metrics
(Precision/Recall/F1/AUC).

4.2. Evaluation Criteria and Threshold Setting

Defining criteria and thresholds in detecting GAN-based
plagiarism is not merely technical, but epistemological, shaping
what counts as plagiarism and how machine mimicry compares to
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human imitation. Drawing on Boden’s distinction between

combinational, exploratory, and transformational creativity. [ %]

GANSs often operate in combinational or exploratory modes. Close
resemblance to training data may reflect machine creativity rather
than intent, but precise alignment with known artworks may
constitute methodological plagiarism.

Three core dimensions are employed: Visual Similarity Index
(VSI), based on SSIM, perceptual hash, and pixel overlays;
Stylistic Proximity Score (SPS), derived from CLIP and VGG19
embeddings analyzing texture, brushstroke, and composition; and
Latent Vector Overlap (LVO), measuring cosine distances in latent
space. Each is scored independently but contributes to a composite
plagiarism likelihood. Three core dimensions are employed: Visual
Similarity Index (VSI), Stylistic Proximity Score (SPS), and Latent
Vector Overlap (LVO), measuring cosine distances in latent space.
Because LVVO operates on learned representations rather than pixels, we
interpret high-overlap cases through representation-space diagnostics that
can be related back to visible structure via inversion/visualization of deep
features. [70] Each is scored independently but contributes to a
composite plagiarism likelihood.

Thresholds are contextual, informed by statistics and expert
judgment, echoing Kuhn’s paradigmatic thresholds. “®' VSI is
flagged significant at SSIM>0.85, based on tests with known
derivative images. SPS values above 0.92 in CLIP embeddings
indicate near-replication, corroborated by expert review. LVO
thresholds are more fluid, with cosine similarity>0.90, suggesting
high generative dependency, especially for narrow datasets.
Following Floridi, thresholds are probabilistic rather than

deterministic, acknowledging uncertainty in Al evaluation. [*'! To

empirically validate the CSS threshold of 0.85, a sensitivity
analysis was conducted using 2,400 labeled image pairs
(derivative, hybrid, random GAN, and original). Precision, recall,
F1-score, and area-under-curve (AUC) metrics were computed
across thresholds ranging from 0.70 to 0.95. Results indicated
optimal balance at 0.85 (Precision=0.91, Recall=0.87, F1=0.89,
AUC=0.94), confirming it as a robust decision boundary between
derivative and non-derivative pairs. ROC and Precision—Recall
curves are included in Appendix B for transparency and

reproducibility. [ 8!

Below is Table 3., which shows a summary of Criteria, Metrics,
and Thresholds for Detecting GAN-Based Plagiarism. All
“threshold/flag” criteria are suggested starting values established
via the same three sources—empirical testing on the labeled
corpus, benchmarks from prior literature, and expert calibration.
They operationalize the VSI, SPS, and LVO dimensions as
probabilistic cues. Outputs in a gray zone (meeting some but not all
criteria) should be escalated to blinded expert review alongside
per-metric justifications. Report confidence and individual metric
scores with any composite to support transparent interpretation and
context-specific adjustment. Here, outputs falling into a gray
zone—meeting some but not all criteria—undergo multi-
perspectival evaluation combining algorithmic scoring and blind
expert judgment. This aligns with Star’s view that boundaries in

technical systems are both productive and political. [*°]

Anonymized outputs are reassessed by five art critics, whose
evaluations are statistically correlated with algorithmic scores to
refine interpretive nuance and assess originality within the broader
evaluation protocol.

Table 3. Summary of Criteria, Metrics, and Thresholds for Detecting GAN-Based Plagiarism

Dimension Metric(s) Used

Criteria

Threshold / Flag

Conceptual Basis Interpretive Notes

SSIM>0.85

Visual proximity; structural

Similarity
Index (VSI)

Visual SSIM

Perceptual hash

Pixel overlay (%)

High perceptual hash
correlation

Pixel match>80%

fidelity

(Boden: combinational
creativity)

Close structural match may
be coincidental or evidence
of surface-level mimicry

Stylistic
Proximity
Score (SPS)

CLIP embedding cosine
similarity
VGG19 feature distance

Texture/style maps

CLIP similarity>0.92

Confirmed by human
experts

Style replication;
brushstroke, texture, layout

(Boden: exploratory
creativity)

Indicates deep stylistic
borrowing beyond
coincidence; stronger
plagiarism signal

Latent Vector
Overlap
(LVO)

Cosine similarity between
GAN latent codes

Cosine
similarity>0.90

Algorithmic lineage;
internal generation paths

(Floridi: probabilistic
thresholds)

High overlap signals reuse
of training data
distributions; common in
narrow datasets

(This table is original and created by the author. It presents a
synthesized analytical framework based on cited works and does
not reproduce or adapt any previously published table or figure.)

4.3. Metric-Level Performance Analysis

In assessing low-level structural similarities in GAN-generated
art—particularly in suspected methodological plagiarism—the
SSIM serves as a foundational tool. Developed by Wang et al. in
2004, SSIM goes beyond pixel-wise overlap, modeling human
perception of image quality by integrating luminance, contrast, and

structural information. [ 5 ] Unlike Mean Squared Error (MSE) or

Peak Signal- to-Noise Ratio (PSNR), SSIM evaluates inter-pixel
relationships that reflect how the human eye perceives texture and
form. As Wang et al. emphasized, pixels have strong

interdependencies especially when they are spatially close. [ 56 ]

Such interdependencies help expose hidden replication in GAN
outputs that may appear original. Its abstraction from raw pixel
values also makes SSIM suitable for art analysis, where palette or
brushstroke variations might obscure structural copying. Redi et al.
similarly argued in 2011 that similarity must bridge low-level

Copyright © ISRG Publishers. All rights Reserved. 179
DOI: 10.5281/zenodo.21595259




fidelity and high-level perception in aesthetic domains. [ 50 ]

Here, SSIM was applied via a sliding-window method (11x11
Gaussian weighting), comparing each GAN output with all training
samples. For each image, the maximum SSIM value—its Structural
Similarity Index Score (SSIS)—was recorded, with scores above
0.85 provisionally flagged as possible plagiarism, especially when
combined with high stylistic similarity (CLIP cosine>0.90).
However, SSIM is not treated as a sole determinant, which echoes
Winkler’s view that perceptual metrics must be interpreted in

context and complemented by semantic-level analysis. [ 51 ] Yet

SSIM cannot detect conceptual or thematic reuses that alter
structure, for structural comparison is necessary, but insufficient

for interpretation, as Fairchild notes. [ 52 ] To address this, SSIM

functions within a broader system that includes style-aware and
latent-space measures. Its role is to act as an initial diagnostic,
flagging candidates for deeper stylistic and semantic scrutiny. This
layered approach reflects Smeulders et al.’s view, “image similarity
is a multifaceted construct—structure, content, and intent are not

merely additive but mutually constitutive.” [ 53 ]

Structural similarity highlights compositional overlap, but it cannot
capture the stylistic nuance that often defines artistic signature. To
address this, the Gram Matrix is employed as a textural indicator,
enabling deeper assessment of stylistic resemblance between GAN
outputs and their source images. Gram matrices quantify texture by
encoding correlation patterns among feature maps extracted from
convolutional neural networks. Introduced by Gatys et al., this
method demonstrated that Gram matrices from intermediate CNN
layers represent the style of an image—brushstroke rhythm, spatial

texture, and color coherence—distinct from content. [%4] Such

analysis is especially useful for identifying non-literal plagiarism,
where structure changes but stylistic texture remains inherited from
training data. In practice, feature maps from VGG19 layers
(convl_1-conv5_1) were extracted for both GAN-generated and
training images. Gram matrices were computed, and Frobenius
norm differences measured textural divergence. From this, a Gram
Similarity Score (GSS) was defined, ranging from 0 (no stylistic
overlap) to 1 (identical style). Scores >0.90 were flagged as
potential plagiarism, particularly when paired with high SSIS
(>0.85) or latent vector overlap. As Novak and Nikulin noted,
Gram matrices capture high-dimensional texture largely
independent of semantic content, making them effective for

assessing artistic style. [ %

However, textural similarity must be interpreted cautiously. As
Manovich observed, style in digital art often arises from
algorithmic texture rather than explicit reference, meaning GANs

may reproduce stylistic traces without deliberate copying. [%°!

Similarly, McCormack and Gifford mentioned that resemblance
can indicate influence, not appropriation. [ For this reason, the

Gram Matrix is treated as a probabilistic signal, integrated with
structural and latent-space metrics. Texture thus functions within a
holistic detection framework, ensuring stylistic resemblance is
contextualized rather than judged in isolation.

In detecting plagiarism in GAN-generated art, perceptual
coherence—the overall sense of balance, mass distribution, and
color-space proximity—requires a dedicated metric. To address
this, the EMD is employed as a perceptual indicator, measuring

distributional differences in a way that aligns with intuitive human
judgments. Formalized in computer vision by Rubner, Tomasi, and
Guibas, EMD quantifies the minimal work needed to morph one
distribution into another, rooted in the optimal transport problem.

[71This metaphor of moving dirt between piles provides a

perceptually meaningful comparison of histograms or color
signatures. In art analysis, where similarity often depends on
overall visual impression rather than pixel-level matches, EMD
captures how an image feels in spatial, color, and texture
arrangements.

Here, EMD was applied to: (1) LAB color histograms for
perceptually uniform color comparisons; (2) spatial layouts of
salient regions via Grad-CAM; and (3) deep feature embeddings
from InceptionV3. For each GAN-generated image, the lowest
EMD across training samples was recorded as its Perceptual
Similarity Score (PSS). PSS < 0.12 indicated high perceptual
convergence, especially when combined with strong structural and
textural similarities. Pele and Werman highlighted in 2009 EMD’s
robustness to shifts in color and spatial distributions, making it

well-suited for complex image comparison. %81 Unlike SSIM or

Gram Matrix, which emphasize structure or texture, EMD reflects
holistic resonance, similar to what art historians call

s [ 59

“compositional atmosphere. 1 Thus, it helps reveal cases where

explicit content differs but perceptual rhythm remains. Still, as
Isola et al. cautioned, distance metrics are not definitive, but partial

lenses into perception. [ %1 Accordingly, EMD here serves not as a

standalone marker of plagiarism, but as one signal within a broader
ensemble of structural, textural, and latent indicators, ensuring that
perceptual likeness is identified yet contextually evaluated.

In visual art analysis—especially GAN-generated works—edge
structure offers crucial insight into compositional intent, object
delineation, and visual grammar. To examine contour-level
mimicry, this study employs the Canny edge detection algorithm as
an edge-based metric, highlighting structural alignments between
generated images and their training sources. Developed by John F.
Canny, the algorithm remains a standard for boundary detection,
designed with criteria of low error, accurate localization, and

minimal response. [81Unlike simpler detectors (e.g., Sobel,

Prewitt), Canny introduced a multi-stage process of Gaussian
smoothing, gradient computation, non-maximum suppression, and
dual-threshold hysteresis, yielding robustness against noise while
preserving critical edges. Canny defined the goal as “optimal edge

detection”—minimizing error while locating edges precisely. [8]

Such properties make it particularly suited to stylized or noisy
GAN imagery. In this study, the Canny detector was applied to
GAN outputs and training images using standardized parameters
(0=1.4; thresholds 50/150). Resulting edge maps were binarized
and compared via Jaccard similarity, producing an Edge Similarity
Score (ESS) from 0 (no overlap) to 1 (complete overlap). An ESS >
0.70 was considered a signal of contour mimicry, especially when
paired with high SSIM or style embedding alignment. This
supports Marr and Hildreth’s view that “edges capture the
organization of structure”, central to assessing stylistic borrowing.
[61]

Although Canny does not capture color, texture, or semantics, its
strength lies in exposing skeletal echoes—the compositional
grammar underlying spatial organization. As Manovich argued,
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composition functions as a visual syntax; when GANSs replicate it
too closely, influence may become appropriation. [ 21 Yet, caution
is required: as Szeliski noted, edge maps are sensitive to local
changes and may exaggerate similarity when subjects overlap. [ %1

Thus, edge-based analysis here is used not deterministically, but as
part of a triangulated evaluation alongside perceptual, structural,
and stylistic measures. The Canny detector, then, serves as a
precision tool for revealing structural affinities invisible in RGB or
feature-space comparisons. While edge similarity alone cannot
prove plagiarism, it provides a vital layer within the multi-metric
synthesis, exposing subtle acts of algorithmic mimicry in GAN-
generated art.

In visual art—human or machine-made—color functions as a
cognitive and emotional structure, shaping mood, hierarchy, and
stylistic resonance. In GAN-generated works, palette distributions
often reveal latent inheritance, even when composition changes. To
analyze this, HSV (Hue, Saturation, Value) histograms are used as
a color-based metric, modeling palette-level similarity between
generated images and training sources. Unlike RGB, HSV reflects
human color perception through hue (type), saturation (intensity),
and value (brightness). Gonzalez and Woods noted that HSV
approximates human vision, making it apt for perceptual similarity

in art. [%1Here, each image was converted to HSV space;

histograms were computed with 50 bins for Hue, 30 for Saturation,
and 30 for Value, normalized, then compared via Bhattacharyya
distance. A distance <0.10 indicates strong palette similarity. This
approach rests on recognizing color as a primary stylistic
dimension. Batchelor argued that “color is not secondary to form; it

is form.” %1 GANs may reproduce embedded color schemes from

training data, unintentionally mimicking an artist’s palette. Gatys et
al. likewise observed that color distributions act as stylistic

signatures. [ ®1 Thus, HSV histograms serve as a forensic tool for

detecting stylistic continuity or possible plagiarism.

To quantify the benefits of the composite approach, performance
comparisons were conducted between individual metrics (SSIS,
GSS, PSS, ESS, CSS) and the Composite Metric (weighted
average of all five). Using 1,500 labeled image pairs, bootstrap
resampling (n=1,000) produced 95% confidence intervals for
Precision, Recall, and F1-score. Individual metrics achieved F1-
scores ranging from 0.71 to 0.83, while the composite metric
improved F1 to 0.90 (Cl: 0.88-0.92), showing statistically
significant gains (p<0.01, paired t-test) over single-metric

performance. (%! This analysis demonstrates that multi-metric

integration enhances robustness, reduces false positives/negatives,
and supports more reliable detection of methodological plagiarism
in GAN-generated art.

From this, Color Similarity Score (CSS_color) was derived by
inverting the average Bhattacharyya distance (0-1 scale). CSS >
0.90, especially when paired with high SSIM or Gram similarity,
was flagged for palette-level mimicry. This captures cases where
the “atmospheric identity” of a work—its chromatic aura—is
preserved despite subject changes. As Davidoff noted, what the eye
sees first in art is color; what the brain remembers best is also
color, underscoring its mnemonic power in plagiarism contexts.

[$71still, convergence in color does not always imply
appropriation. Genre traditions often share palettes, as Rosenholtz

et al. found in impressionism, abstraction, and surrealism. [68]

Accordingly, CSS is treated as a supporting indicator, best
interpreted alongside structural, perceptual, and stylistic metrics.
HSV analysis thus highlights the mood and chromatic identity of
an artwork, revealing whether a GAN creation is independent or
echoes its sources.

To further validate CSS as a diagnostic tool, confusion matrices
were computed across 1,500 labeled image pairs, showing true
positives (correctly flagged palette-level mimicry), true negatives,
false positives, and false negatives. Examples of false positives
included impressionist landscapes with similar color palettes but no
derivation from training images. False negatives mostly occurred
when subtle tonal shifts masked inherited palette features despite
high structural similarity. Analysis of these misclassifications
revealed common causes: overlapping genre conventions, GAN-
generated color blending, and minor post-processing alterations.

These insights underscore the need to interpret CSS in conjunction
with SSIM, Gram, EMD, and edge-based metrics, ensuring that
color similarity contributes to a holistic, multi-metric evaluation
rather than acting as a standalone determinant.

4.4. Composite Metric Effectiveness and Comparative
Case Studies

Detecting methodological plagiarism in GAN-generated art—
where imitation spans structure, texture, color, and composition—
requires a pluralistic model. Singular metrics like SSIM, Gram
Matrix distances, or HSV histogram overlaps provide partial
insights but fail to capture semantic, perceptual, and stylistic
entanglements central to artistic influence. To address this, the
study proposes a composite metric framework that synthesizes
multiple indicators. Interdisciplinary research supports such multi-
dimensional assessment, as Smeulders et al. noted in image
retrieval: “image similarity is not a single notion but a composite

of color, texture, shape, and semantic content.” [ 53 ] This

complexity is magnified in art, where style may be replicated
beneath explicit form or content. Accordingly, five indicators are
combined: Structural similarity (SSIM), Textural encoding (Gram
Matrix similarity), Perceptual distribution (EMD), Edge alignment
(Canny+Jaccard), and Color histogram overlap
(HSV+Bhattacharyya). Each is normalized to [0,1], then
aggregated into a Composite Similarity Index (CSI) with
empirically derived weights, correlated with human annotator
judgments (N=8; k=0.79).

The composite model reflects a theoretical commitment to multi-
perspectival interpretation. Gatys et al. argued that neither content
nor style alone suffices to represent perceptual identity; likewise,
forensic analysis typically triangulates across diverse evidence.
[ 6 ] This approach also parallels explainable Al, where multiple
indicators illuminate high-dimensional perceptual similarity. The
CSI thus functions as a dimensional ensemble approximating
human visual judgment. Further, challenges arise in weighting
metrics—how much weight structure should carry against texture
or color. Following Zhang et al., this study used data-driven
weighting via cross-validation with human scores, while applying
z-score normalization to prevent dominance by high-variance

metrics. [ 70 ] As Jain et al. emphasized, proper scaling is crucial

to multi-modal fusion. [ 71 ] Ultimately, the CSI offers a
transparent tool for auditors and curators, echoing how humans
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perceive similarity holistically rather than by a single criterion. As
Drucker observed, “artworks resist analytical atomization; their

meanings emerge from distributed features in concert.” [ 72 ] The

CSI mirrors this logic, bridging algorithmic analysis and human
aesthetic evaluation.

To rigorously evaluate the performance of the proposed multi-
metric framework for detecting methodological plagiarism in
GAN-based artworks, a set of comparative case studies was
conducted. These case studies deploy a combination of structural,
stylistic, semantic, and colorimetric indicators—SSIM, Gram
Matrix, EMD, Canny Edge Detection, and HSV Histogram—each
contributing a distinct dimension of analysis.

SSIM serves as a foundational metric, designed to evaluate image
similarity based on luminance, contrast, and structural features,
thereby aligning with human perceptual judgments. Wang et al.
emphasized SSIM’s superiority over traditional pixel-wise
measures such as mean squared error, particularly for natural
images, as it captures structural distortions more meaningfully.

[ 5] However, Elgammal et al. highlighted its limitations in

GAN contexts, noting that SSIM may fail to detect plagiarism
when images share content semantically but differ at the pixel or
style level, a scenario frequently encountered in GAN art

generation. [ 1 ] In our case studies, SSIM effectively flagged

near-duplicate images but showed reduced sensitivity to stylistic
variations or semantic paraphrasing.

To address stylistic plagiarism, the Gram Matrix method, originally
proposed by Gatys et al. for neural style transfer, was incorporated.
The Gram Matrix captures feature correlations within
convolutional layers of neural networks, thereby encoding texture
and style patterns beyond raw pixel information. This technique
aligns with the observations of Xu et al., who argue that stylistic
consistency metrics are essential for forensic analysis of Al-
generated art, as style emulation is a common plagiarism tactic in

GAN-based creations. [ 73] Our experiments confirmed that

Gram Matrix-based metrics successfully detected cases where style
was replicated independently of content, providing a
complementary dimension to SSIM’s structural focus.

Addressing semantic similarity, EMD was applied to distributions
of visual features, particularly color and spatial attributes. Rubner
et al. demonstrated that EMD offers an intuitive and flexible way
to measure dissimilarity between histograms by computing the
minimum cost of transforming one distribution into another,
surpassing traditional histogram comparison techniques in

capturing perceptual relevance. [ 7 ] In line with Kumar et al.,

who emphasized the importance of semantic-aware metrics for
plagiarism detection in multimedia, EMD proved effective in
identifying semantic paraphrasing cases where thematic or

conceptual similarities persist despite visual alterations. [ 74 ]

The structural integrity and compositional consistency of images
were further assessed using Canny Edge Detection, a method
renowned for its precision in identifying image edges and contours.

[ 8 ] Prior research by Radford et al. suggested that edge structure

plays a critical role in distinguishing original GAN outputs from
plagiarized derivatives, as contour distortions or replications reveal

underlying copying or manipulation strategies. [ 24 ] Our findings

corroborate this, showing that incorporating edge-based metrics
alongside SSIM and style analysis significantly enhances detection
accuracy for partial copying and compositional plagiarism
scenarios.

Finally, the HSV Histogram metric was utilized to dissect color
information by separately analyzing hue, saturation, and value
components. Ojala et al. emphasized the efficacy of color space
decomposition for texture and style analysis, arguing that such
approaches capture perceptual differences that traditional RGB

histograms may obscure. [ 75 ] The HSV-based color distribution

analysis demonstrated heightened sensitivity to subtle palette
borrowings and color manipulations, often employed by plagiarists
seeking to evade detection while maintaining visual resemblance.

Taken together, these comparative case studies reveal that each
metric addresses specific facets of GAN art plagiarism. To
demonstrate the independent contribution of each metric to overall
CSI performance, an ablation study was conducted: CSI without
SSIM: detection of structural near-duplicates dropped by 32%,
while stylistic and color detection remained largely unaffected; CSI
without Gram Matrix: style plagiarism detection declined by 28%,
highlighting its complementary role to SSIM; CSI without EMD:
semantic paraphrasing cases were missed in 21% of instances,
emphasizing EMD’s importance for perceptual and conceptual
similarity; CSI without Canny Edge: partial compositional copying
went undetected in 19% of cases, illustrating the role of edge
metrics; CSI without HSV Histogram: subtle palette borrowings
were flagged incorrectly or missed in 23% of cases, confirming
color analysis as a supporting yet significant signal. These ablation
results underscore that the CSI’s strength derives from the
synergistic integration of heterogeneous metrics, each contributing
uniquely to detecting diverse forms of GAN-based plagiarism.

Nevertheless, challenges remain, notably in calibrating the relative
weights and thresholds for these metrics to balance sensitivity and
specificity effectively. Zhou et al. emphasized the importance of
adaptive thresholding mechanisms to reduce false positives without
undermining detection capabilities, particularly as GAN

architectures continue to evolve. [ 76 ] Future research should

explore dynamic weighting and fusion strategies, as well as the
integration of latent space analyses to further strengthen plagiarism

detection in this rapidly advancing domain. [ 69, 70 ]

5. Discussion

5.1. Evaluation Insights

The findings—drawn from structural, perceptual, edge-based,
textural, and chromatic metrics—demonstrate both the feasibility
and the interpretive challenge of detecting methodological
plagiarism in GAN-generated art. No single metric suffices;
instead, their convergence and divergence yield deeper insights
into visual replication. Thus, the effectiveness of a multi-metric
model is evident: SSIM revealed spatial congruence, Gram
matrices captured stylistic echoes, and EMD indicated perceptual
alignment. This supports Zhang et al.’s view that perceptual
similarity spans multiple dimensions. ™ Such plurality aligns
with Drucker’s notion of “computational heteroglossia,” where
diversity of measures provides interpretive depth. [’ The
evaluation revealed that plagiarism can occur without structural
overlap. GAN images with low SSIM yet high Gram or HSV
similarity can show imitation in gesture, palette, or texture. This
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reflects Gatys et al.’s distinction of content and style, ' and
Gaut’s “procedural mimicry.” ¥ Echoing Benjamin, reproduction
entails transformation of aura rather than duplication. ! Metrics
thus expose hidden similarities not obvious at the pixel level.
However, metrics alone cannot determine plagiarism; high HSV
similarity may signal copying or simply genre convention.
Rosenholtz et al. warned that decontextualized metrics overstate
similarity and ignore intent. ¥ Thus, interpretation must be
embedded within genre, tradition, and the dataset context. Drucker
stressed that computational tools must serve, not obscure, aesthetic
interpretation. "%

The blind review panel (N=5) and human annotators (N=8) were
recruited from professional backgrounds in contemporary art
curation, digital art scholarship, and computational aesthetics.
Panelists were selected based on experience with GAN-generated
artworks and prior engagement in art forensics. No expansion of
sample size was implemented due to logistical constraints, but
future work may include broader panels.

Statistical correlation between human and algorithmic judgments
was computed to validate the CSI. Cohen’s x for inter-rater
agreement was 0.79, indicating substantial agreement. Pearson
correlation between the average CSI score and the mean human
evaluation was r = 0.82, p < 0.01, confirming strong alignment
between the composite metric and expert assessments.

Inter-rater consistency was further examined. While overall
agreement was high, minor systematic bias was observed:
annotators tended to overestimate plagiarism in high-contrast,
highly textural images, whereas low-saturation or abstract images
showed more variability. These tendencies were accounted for
using weighted averaging to produce a balanced human benchmark
and inform CSI calibration. The CSI effectively flagged subtle
plagiarism cases, with high scores (> 0.85) correlating to shared
stylistic or perceptual traits. This supports Carroll’s call for
nuanced theories of plagiarism recognizing degrees of dependence.

[7"1Here, CSI worked not as a judge, but as a diagnostic tool,
enabling careful, case-specific ethical reflection.

5.2. Detection Strengths and Limitations

The model’s primary strength lies in its ability to detect imitation
across multiple visual dimensions—structural, textural, chromatic,
perceptual, and edge-based. Each indicator highlights a distinct
aspect of image construction, and their combined use provides a
more holistic similarity measure than any single metric. As Zhang
et al. noted, human perception of image similarity spans layers of
abstraction—from low-level texture to high-level structure and

tone. [7°1 The model reflects this layered understanding, enabling

recognition of methodological borrowing even without direct
replication.

The CSI, derived from normalized and weighted indicators, serves
as a heuristic signal for human evaluation rather than a definitive
accusation. Following Drucker’s argument that computational
measures should support rather than supplant interpretive

[72]

judgment, the CSI prompts scrutiny through converging

evidence while respecting interpretive boundaries. A further
strength is its ability to reveal latent or stylistic plagiarism, where
resemblance may be subtle or aesthetic rather than structural—for
example, shared color and texture without compositional copying.
Such cases resonate with Gaut’s concept, procedural plagiarism,

[81where generation methods or aesthetic logic are borrowed

rather than outcomes. The multi-metric system thus opens
analytical space for detecting diffuse artistic mimicry.

Despite its sophistication, the model remains insensitive to
historical, genre-specific, or contextual dimensions. For instance,
high HSV histogram similarity may reflect stylistic mimicry—or
merely conventions within a genre (e.g., Rococo pastels,
Caravaggist chiaroscuro). As Rosenholtz et al. warned, metric

convergence may overstate similarity in context-rich images. [ %!

Without contextual interpretation, numerical proximity may
mislead. Another limitation is the absence of a universal threshold.
This study uses CSI > 0.85 as a flagging point, but such values are
heuristic, not normative. As Carroll argued, plagiarism is a matter

of degree, not kind. {771 The model thus identifies cases for further
inquiry but lacks juridical precision: originality must be judged
through human deliberation. Finally, the method is exclusively
visual, considering only pixel-based and perceptual metrics. It
excludes metadata, generative prompts, latent vectors, or artist
intent—factors Gatys et al. note are often decisive in distinguishing

style transfer, homage, or unethical reproduction. [®1Hence, this

study provides visual forensics but not full provenance analysis.
Future frameworks should integrate metadata and processual
evidence.

This study recommends implementing strategies to ensure
transparency of GAN training datasets. These may include public
registration of datasets, versioning information, and clear
documentation of included images to facilitate reproducibility and
ethical evaluation. Standardized metadata formats should be
established to improve forensic traceability. Critical fields include
model architecture version, generation prompts, random seed
information, and generation logs. These metadata standards would
allow future evaluators to reconstruct the provenance and
generation context of GAN outputs systematically. Furthermore,
future research should incorporate cross-jurisdictional copyright
analysis, recognizing that legal definitions of plagiarism, fair use,
and derivative works differ internationally. Comparative studies
would support the creation of globally informed ethical and legal
guidelines for Al-generated art.

Overall, the multi-metric model should be understood as part of a
reflexive ethics of plagiarism detection. It enables pattern
recognition, comparative assessment, and probabilistic suspicion,
but cannot replace human-centered interpretation. As Drucker
reminds us, no algorithm can determine authorship without

cultural, legal, and aesthetic context. (721 This system should thus

serve not as an arbiter, but as a partner lending statistical rigor to
critical insight.

5.3. Interpretability of Results

In computational visual similarity tasks, interpretability is both
technical and epistemological. As Lipton notes, it is essential for

trust, diagnosis, accountability, and intellectual responsibility. [ 81

In plagiarism detection, interpretability is crucial because metric-
based conclusions influence attribution, authorship, and ethical
judgments. In applied settings, interpretability also shapes
downstream actions—curatorial triage, scholarly review, and
preliminary legal risk assessment—so results should be positioned
as decision-support, not determinations. This study addresses
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interpretability on three levels: (1) Metric-Level Transparency
(individual metrics like SSIM, Gram matrix, HSV histogram), (2)
Composite-Level Synthesis (how the weighted CSI balances
conflicting indicators), and (3) Case-Level Narrative (mapping
outputs to specific visual, stylistic, or perceptual qualities).
Together, these enable “simulatability,” allowing evaluators to

follow a model’s logic. [™®1

Strengths include visual-quantitative correspondence. Metrics were
chosen for observable verification: high SSIM reflects
compositional overlap, Gram similarity indicates textural mimicry,
and HSV similarity can be confirmed via color plots or side-by-
side inspection. This correspondence enhances interpretability,
enabling evaluators to reason through results rather than rely solely
on numeric outputs. Normalized scores (0-1) facilitate intuitive
assessment, aligning with Tufte’s principle that data should aspire

to transparency, not mystification. (21 Drucker also emphasized
that computational systems should render aesthetic experience
intelligible within its cultural context.!”?]Challenges arise from

ambiguity and metric conflict. Divergent signals—such as low
SSIM but high Gram/HSV similarity, or high EMD with low edge
overlap—require evaluators to judge which dimension is ethically
or aesthetically relevant. Lipton warned that more explanation does
not always mean better understanding—especially when

explanations compete.[®]  The CSI, while synthesizing
information, may obscure nuance if metric weights are not
transparent, highlighting the need for model disclosure. [™]

Accordingly, policy-facing  deployments  should  publish
weightings, thresholds, and validation procedures ex ante, and
should include plain-language summaries and limitations
statements to support due-process review.

For curatorial decisions, the CSI can prioritize works for human
review, document rationales for flags, and support exhibition or
acquisition choices via a transparent audit trail (per-metric scores,
parameters, and data lineage). For legal contexts, per-image audit
logs—time stamps, code and model versions, random seeds, and
cryptographic  hashes—help establish chain of custody;
nonetheless, outputs should be framed as probabilistic indicators
rather than dispositive evidence, and any thresholds used should be
disclosed and justified. For academic integrity policies, the system
can act as a “second reader” that surfaces suspicious cases while
preserving due process through blinded re-ratings, documented
appeals, and instructor or committee adjudication. Institutions
adopting this tool should mandate periodic bias audits, genre-
specific calibration, and written guidelines on gray-zone handling
(e.g., dual expert review when metrics conflict). Moreover,
interpretability as interpretive practice depends on user literacy.
Results must be understood within aesthetic, historical, and ethical
frameworks. Where institutional policies require it, we recommend
standardized report templates that separate factual metric outputs
from interpretive commentary, along with confidence intervals and
cautions against overreach. Unless otherwise noted, all hypothesis
tests are two-sided with o = 0.05 and 95% bootstrap confidence
intervals (1,000 resamples). The CSI’s improvements over the best
single-metric baselines were statistically significant (paired t-tests
over bootstrap runs, p < 0.01). The correlation between CSI and
blinded human judgments was also significant (Pearson p < 0.01),
and inter-rater agreement exceeded chance (Cohen’s k, p < 0.001).

This study advocates a hybrid approach: algorithmic outputs act as

visual and quantitative provocations, not final judgments. As Gaut
observed, artistic originality cannot be captured by formal analysis

alone; it involves intent, context, and reception. (821 Metrics guide

inquiry, but ultimate evaluation remains human. Interpretability is
thus dialogic, emerging from interaction between model and
interpreter, with neither claiming absolute authority.

Representative cases of potential plagiarism are presented as image
pairs, with accompanying radar charts or bar plots indicating the
numerical contribution of each metric (SSIM, Gram Matrix, EMD,
Canny Edge, HSV). These visualizations allow evaluators to see
how each dimension influences the overall CSI score, enhancing
transparency and interpretive clarity. Additionally, a schematic
workflow diagram is included, illustrating the end-to-end process:
data input — preprocessing — individual metric computation —
normalization — weighted aggregation — threshold-based
flagging. This pipeline ensures that readers can trace the
computation of the CSI from raw images to final interpretive
signals, reinforcing reproducibility and methodological rigor. To
support adoption in policy settings, we also provide a concise
“methods-at-a-glance” sheet (intended for curators, compliance
officers, and legal counsel) summarizing metrics, thresholds as
suggested starting values, validation statistics, and recommended
human-review steps for gray-zone cases.

6. Conclusions and Limitations

This study addresses the challenge of detecting plagiarism in
GAN-generated art, where outputs occupy a space between
originality and derivation, defying simple ‘original’ or ‘copy’
labels. Traditional single-metric approaches are insufficient;
Accordingly, we proposed and tested a multi-metric framework
that evaluates similarity across structural, stylistic, chromatic, and
compositional dimensions.

By integrating SSIM, Gram Matrix, Earth Mover’s Distance,
Canny edge detection, and HSV color histograms into a composite
similarity score, the framework improves both sensitivity and
interpretability. Each indicator remains decomposable, ensuring
transparency and ethical accountability in the algorithmic
assessment of art.

Experimental results demonstrate several key points. First, the
plurality of metrics is synergistic, capturing dimensions of
resemblance that single measures often miss. Second, adjustable
weighting enhances adaptability across curatorial, educational,
forensic, or judicial contexts. Third, threshold calibration
underscores the interpretive nature of plagiarism detection: “too
similar” cannot be universally defined but must be considered
within cultural and institutional norms.

The study reinforces that plagiarism in GAN art is a spectrum, not
a binary. Its methodological contribution lies in offering a tool that
reveals degrees of resemblance with clarity and justifiability,
translating aesthetic ambiguity into measurable indicators while
preserving interpretive nuance. However, limitations remain: pixel-
and feature-based metrics may miss higher-level semantic or
conceptual  borrowings, and dataset selection constrains
generalizability. Future work should explore hybrid approaches
that combine semantic embeddings, corpus-level style analysis,
and legal-philosophical thresholds of originality to broaden the
framework’s scope.

In sum, the multi-metric methodology provides a systematic,
transparent, and adaptable approach to GAN art plagiarism
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detection. It supports human judgment without imposing rigid
definitions of originality, contributing both to computer vision
research and to ongoing normative debates on authorship and
authenticity in the digital age.
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