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Abstract

Impressionist artworks, marked by distinctive brushstrokes and light effects, pose chal-
lenges for holistic deep learning models. Existing classification methods often lack inter-
pretability and mathematical rigor. To address this, we propose an explainable AI frame-
work for Impressionist painting classification based on feature disentanglement. The frame-
work uses Fourier transform to decompose images into magnitude and phase spectra and
then applies frequency filtering to separate high-frequency components (brushstroke tex-
tures, edges) from mid-to-low frequencies (global composition, color transitions). A state
space model captures long-range dependencies within frequency representations. Dis-
entangled features are fused with the original image features via a dual-branch injection
mechanism. Experiments show that a lightweight model with 10M parameters, using this
injection strategy, outperforms conventional baselines with 25M parameters. Moreover,
the approach provides interpretability by explicitly linking classification decisions to brush-
stroke organization, frequency energy distribution, and semantic composition. This work
offers a unified, computationally efficient, and mathematically rigorous solution for feature
disentanglement in artistic image analysis, laying a theoretical foundation for explainable
computational aesthetics and human–AI collaborative appreciation.

Keywords: impressionist painting classification; feature disentanglement; frequency-domain
analysis; explainable AI; state space models; computational aesthetics

MSC: 42A38

1. Introduction
1.1. Challenges in the Classification of Impressionist Paintings

Emerging in France during the 1870s, Impressionism fundamentally transformed
Western painting by separating the depiction of light and color from traditional repre-
sentations of contour and volume. Artists such as Claude Monet, Pierre-Auguste Renoir,
Vincent van Gogh, and Paul Gauguin reconstructed visual expression through explicit
brushstrokes, complementary color juxtaposition, and the depiction of transient lighting
conditions [1,2]. This deliberate decomposition of visual elements constitutes one of the
defining characteristics of Impressionist art.
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We deliberately focus on Impressionism because its systematic internal technical
consistency—the shared grammar of separated brushwork and optical mixing—provides a
necessary controlled environment for validating frequency-based feature disentanglement.
An in-depth diagnostic evaluation within a homogeneous stylistic framework offers greater
methodological rigor than achieving high accuracy on a heterogeneous dataset.

However, such characteristics present a fundamental challenge to contemporary deep
learning-based visual recognition systems. Conventional convolutional neural networks
(CNNs) and Vision Transformers (ViTs) generally encode images as unified semantic
representations by jointly modeling texture, color, and structural information through
end-to-end learning. The resulting high-dimensional latent embeddings implicitly fuse
heterogeneous visual cues into holistic representations.

For artistic styles whose visual identity is intrinsically constructed through the separa-
tion of multiple perceptual dimensions, such as Impressionism, holistic feature learning
may not only be suboptimal but may also obscure the essential stylistic mechanisms that
distinguish the movement itself. In other words, the internal visual logic of Impressionist
paintings is inherently disentangled, whereas current recognition models typically assume
entangled visual representations.

Recent studies on AI-based artwork classification have achieved considerable progress
through supervised learning using CNN and Transformer architectures [3,4]. Although clas-
sification accuracy has steadily improved, these approaches provide limited interpretability
regarding why a painting is assigned to a particular artistic category. Existing models
simply learn correlations between labeled images and style classes, without identifying the
brushstroke configurations, illumination patterns, color arrangements, or compositional
strategies that contribute to the final decision. Such a lack of interpretability severely limits
their applicability in downstream scenarios including art education, museum interpretation,
and digital cultural heritage preservation.

1.2. Feature Disentanglement as a Paradigm for Explainable Artificial Intelligence

Feature disentanglement has emerged as an important paradigm in computer vision
and generative modeling for separating heterogeneous visual factors into independently
interpretable representations. Among existing approaches, Fourier transform provides
a mathematically rigorous and computationally efficient framework for decomposing
paintings into frequency-domain components.

By transforming an image from the spatial domain into the frequency domain, Fourier
analysis separates visual information according to different frequency distributions. Brush-
stroke textures, pigment accumulation, and canvas structures exhibit distinct spectral
characteristics, enabling their quantitative separation through frequency filtering tech-
niques. High-pass filters can suppress slowly varying low-frequency components while
enhancing high-frequency brushstroke details, whereas notch filtering can isolate periodic
canvas textures and emphasize artist-specific stroke patterns.

Previous studies have demonstrated the effectiveness of Fourier-domain analysis for
artistic image understanding [5]. Enhanced brushstroke visibility while suppressing canvas
structures through Fourier filtering, combined Fast Fourier Transform with convolutional
neural networks to analyze different painting techniques. These studies suggest that
frequency-domain decomposition provides a mathematically interpretable representation
for quantitative brushstroke analysis and artistic style understanding.

Viewing feature disentanglement as a design principle for Impressionist painting
classification offers several potential advantages. First, it transforms abstract concepts such
as artistic style and visual atmosphere into observable and quantifiable computational
representations. Second, unlike conventional approaches that focus primarily on enabling
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machines to learn more features automatically, the proposed paradigm emphasizes en-
abling machines to perceive paintings through a process more closely aligned with human
visual appreciation. Third, from a human–computer interaction perspective, disentangled
representations establish interpretable and transferable channels that support interactive
explanation and collaborative art appreciation.

1.3. Research Questions and Contributions

Based on the above observations, this study addresses the following research questions:

RQ1: How can the visual characteristics of Impressionist paintings be systematically de-
composed into physical, stylistic, and semantic feature layers?

RQ2: How can existing image decomposition and latent-space disentanglement techniques
be integrated into an explainable AI framework for Impressionist painting classification?

RQ3: What design implications does such a framework provide for human–AI collaborative
art appreciation and interactive visual analysis?

To answer these questions, this study makes three primary contributions.
First, it proposes a three-layer feature disentanglement framework that integrates hetero-

geneous computational techniques into a unified architecture for artistic image classification.
Second, it presents a complete research protocol covering methodological design,

dataset construction, feature extraction strategies, and evaluation metrics for interpretable
artwork classification.

Third, from the perspectives of design research and human–computer interaction, it
discusses how disentangled visual representations can support interpretable interaction,
collaborative artistic understanding, and future intelligent art appreciation systems.

2. Related Work
2.1. AI-Based Artwork Classification

Over the past decade, research on AI-assisted artwork classification has evolved along three
major directions. The first focuses on art movement and style classification, where large-scale
annotated datasets such as WikiArt are employed to train deep neural networksfor predicting
artistic styles, the authorship, and historical periods [3,4]. Representative approaches typi-
cally adopt convolutional neural networks (CNNs) or Vision Transformers (ViTs) as backbone
architectures and formulate artwork understanding as a supervised image classification task.

The second research direction concerns art retrieval and recommendation systems,
which aim to construct semantically meaningful embedding spaces capable of supporting
cross-modal retrieval and artwork recommendation [6,7]. Rather than emphasizing classifi-
cation accuracy alone, these methods focus on semantic similarity learning and multimodal
representation alignment between visual and textual information.

The third direction involves AI-assisted artistic creation, where generative models
such as Generative Adversarial Networks (GANs) and diffusion models have demon-
strated remarkable capability in artistic style synthesis and image generation [7,8]. These
approaches primarily investigate controllable image generation and style transfer through
latent representation learning.

Despite their methodological differences, these three research streams share a com-
mon characteristic: they predominantly rely on end-to-end deep neural architectures that
implicitly encode artistic knowledge within high-dimensional latent spaces. Although
explainability has recently attracted increasing attention in Explainable Artificial Intelli-
gence (XAI), relatively few studies have treated feature disentanglement as a fundamental
design principle for artwork classification. Consequently, existing systems remain lim-
ited in their ability to explain which specific artistic characteristics contribute to their
classification decisions.
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2.2. Frequency-Domain Feature Disentanglement and Brushstroke Representation

Recent advances in computational aesthetics and style transfer have increasingly
explored frequency-domain representations as a mathematically interpretable approach
to artistic style analysis. Among these methods, the Fourier Transform provides a natural
mechanism for decomposing visual information into different frequency components,
thereby enabling the separation of global appearance and local structural characteristics.

Specifically, the amplitude spectrum primarily describes global visual properties such
as color distribution, illumination variation, and contrast, whereas the phase spectrum
preserves structural information including object boundaries, geometric arrangements,
and edge configurations. This amplitude–phase decomposition establishes a theoretical
foundation for independently modeling artistic style and image content [9].

Building upon this principle, researchers systematically investigated multiple fea-
ture decomposition techniques—including Fast Fourier Transform (FFT), Discrete Cosine
Transform (DCT), Principal Component Analysis (PCA), and Independent Component
Analysis (ICA)—to represent and manipulate artistic styles computationally. Their frame-
work demonstrated that stylistic elements can be separated, recombined, and manipulated
through mathematically interpretable transformations.

Similarly, studies analyzed Fourier power spectra across various artistic images and ob-
served that paintings exhibit scale-invariant 1/f2 spectral statistics, together with stronger
isotropic characteristics than natural photographs. These findings suggest that differ-
ent artistic styles possess distinguishable frequency-domain signatures that can serve as
effective computational descriptors.

Beyond style representation, transforming frequency-domain information into in-
terpretable brushstroke semantics has become an important challenge for controllable
artistic generation. Existing studies have attempted to model stroke trajectories, orientation
distributions, and texture organizations through handcrafted spatial representations or
brushstroke rendering techniques. Nevertheless, most existing approaches remain confined
to spatial-domain analysis.

A critical unresolved problem is the systematic mapping of spectral properties—
directional energy, spectral density, and frequency anisotropy—onto human-interpretable
artistic concepts, including brushstroke granularity, orientation, density, and organizational
structure. Addressing this issue would establish a direct connection between Fourier
analysis and explainable artistic representation learning.

Overall, frequency-domain decomposition provides a mathematically rigorous founda-
tion for computational modeling of artistic styles. Its inherent ability to separate structural
and stylistic information offers promising opportunities for developing more interpretable
and controllable AI systems for artwork analysis and generation.

2.3. Research Gap: From Engineering Optimization to Design-Oriented Deconstruction

Most existing deep learning approaches to painting classification primarily pursue
improvements in recognition accuracy through deeper architectures, attention mechanisms,
or larger datasets [10]. Implicitly, these engineering-oriented methods assume that the
optimal strategy is to allow neural networks to learn discriminative representations from
entire images as black-box systems.

From a design perspective, however, artistic styles are not holistic entities but are
instead composed of multiple design elements, including brushstroke morphology, chro-
matic organization, compositional rhythm, texture distribution, spatial balance, and visual
hierarchy. These design elements jointly determine the perceptual identity of an artwork
and should, therefore, constitute the fundamental units of computational analysis.
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Interestingly, many of these visual components possess corresponding representations
in the frequency domain. Low-frequency amplitudes encode global illumination and tonal
organization [11], while high-frequency phase information preserves edges, textures, and
brushstroke details [12]. Furthermore, power spectral density distributions across different fre-
quency bands implicitly characterize stroke orientation, spatial scale, and texture complexity.

Consequently, a design-oriented classification framework should not simply learn
unified latent representations but should instead explicitly decompose artistic images into
multiple interpretable feature spaces, independently analyze different visual components,
and integrate evidence across multiple perceptual dimensions to achieve more robust and
explainable classification.

Despite the potential advantages of this perspective, relatively few studies have sys-
tematically incorporated design-oriented decomposition into AI-based painting classifica-
tion. Existing frequency-domain approaches are typically employed for data augmentation
or style transfer, while Fourier phase information is often used merely to improve recogni-
tion performance [13]. These methods remain fundamentally accuracy-driven and rarely
address the more fundamental question of what design knowledge an AI system should
perceive when understanding artworks.

Accordingly, three important research gaps can be identified.
First, the design-oriented definition of disentangled features remains underdevel-

oped. Existing studies have yet to establish a systematic taxonomy of computationally
observable design elements—such as brushstroke granularity, directional entropy, hue
partitioning, or frequency-domain anisotropy—and clarify their causal relationship with
artistic style recognition.

Second, the mapping between frequency-domain features and design semantics re-
mains largely unexplored. Although amplitude and phase spectra provide coarse-grained
decomposition of style and structure, there is currently no mature framework capable
of translating spectral characteristics into interpretable artistic modules such as coarse
brushstroke regions, smooth transition areas, or texture organizations.

Third, explicit evidence fusion mechanisms for disentangled design representations
remain absent. If multiple design dimensions are independently extracted, corresponding
decision-level integration strategies should be designed to combine heterogeneous evidence
rather than simply concatenating features within a unified latent embedding.

In summary, while existing engineering-oriented models have achieved remarkable
improvements in classification accuracy, they often sacrifice interpretability by overlooking
the internal design logic embedded within artistic images. Reconsidering what an AI
system should perceive and how these perceptual elements should contribute to classifica-
tion from a design-oriented perspective may open a new research direction that simultane-
ously enhances recognition performance and explainability. In this context, Fourier-based
frequency-domain decomposition provides a natural computational foundation for achiev-
ing interpretable feature disentanglement in artistic image analysis.

3. Methodology
3.1. Dataset Construction

The dataset was constructed by sourcing artworks from publicly accessible online
repositories. A total of 2000 paintings created by four representative Impressionist artists
were initially acquired through automated web crawling. Duplicate images and low-quality
samples were subsequently removed through manual inspection, and all remaining images
were retained for further analysis.

Each artwork was independently labeled with its corresponding artist tag by a domain
expert to ensure consistency and semantic correctness of the annotation. The final dataset
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was randomly divided into a training set, a validation set, and a test set in a ratio of
80:10:10, resulting in 1600 training images, 200 validation images, and 200 test images.
To demonstrate the effectiveness of style decoupling, we used the Gram style loss metric
and LPIPS perceptual similarity, which quantify the feature relevance divergence between
style and content, as shown in Table 1.

Table 1. Dataset composition details.

Style Train
Number Test Number Validation

Number Gram [10] ↓ LPIPS [14] ↓

Monet 440 55 55 0.000465 0.50349
Leano 440 55 55 0.000600 0.52107

Van Gogh 360 45 45 0.001289 0.45801
Gauguin 360 45 45 0.001472 0.47892

Total 1600 200 200 0.013411 0.49037

Copyright and Ethical Statement: All images included in the dataset correspond to
artworks created by deceased artists whose copyrights have expired and entered the public
domain. Consequently, no copyright disputes exist regarding the use of these materials for
academic research purposes.

The data collection procedure complied with the robots protocols and terms of service
of the target websites, and the crawling process did not interfere with their normal operation.
The dataset contains no personal information or identifiable human subjects and is used
exclusively for non-commercial scientific research.

3.2. Physical–Style Feature Disentanglement Module

The core component of the proposed framework is a Physical–Style Feature Disentan-
glement (PSFD) module, which aims to explicitly separate physical brushstroke characteris-
tics from high-level semantic information through frequency-domain decomposition.

Unlike conventional end-to-end visual models that directly learn latent representa-
tions from raw images, the proposed module first transforms paintings into the frequency
domain using the Fourier Transform, enabling mathematically interpretable feature de-
composition, Our design primarily incorporates human involvement in the deep learning
model, much like a teacher instructing a student. During model training, crucial infor-
mation can be pre-injected into the model’s feature learning through Fourier transform
filtering. This approach differs significantly from traditional deep learning and traditional
Fourier transform methods.as shown in Table 2.

Table 2. The differences between the method presented in this paper and traditional Fourier transform
and traditional deep learning.

Method Category Traditional Fourier
Style Analysis End-to-End Depth Model Ours Method

Core technologies
Hand-designed frequency
domain filters and power

spectrum statistics [15]

Black-box feature learning
based on neural networks [16]

Feature style injection, independent
feature learning module

Style Analysis
Based on global/local spectral

statistics (such as radial spectrum,
angular spectrum)

Global pooling or style loss
for hidden activation

Dual-path learning enhances
designer participation in model

learning by incorporating features
deemed necessary by the designer

as branch learning components,
thus increasing their weight in the

end-to-end model.
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Table 2. Cont.

Method Category Traditional Fourier
Style Analysis End-to-End Depth Model Ours Method

Main shortcomings

Fixed features make it difficult to
capture complex, high-order

stylistic semantics; reliance on
hand-crafted features also limits

adaptability to diverse
artistic expressions.

Lacking inherent
interpretability, relying on
pre-trained weights, and

unable to establish a
connection with frequency

domain art theory.

Designers need to have a certain
basic understanding of aesthetics,
such as understanding the main

stylistic characteristics of a painting
style as discussed in this article.

Representative work [17,18] [19–21] [22,23]

First, perform the Two-Dimensional Discrete Fourier Transform (DFT) on the image:

F(u, v) =
H−1

∑
x=0

W−1

∑
y=0

f (x, y)e−j2π(ux/W+vy/H)

Here f(x, y) represents the grayscale image size, and H, W are the image dimensions.
The resulting frequency spectrum contains both global structural information and

localized texture distributions. Low-frequency components primarily encode illumina-
tion variation, color composition, and large-scale structural organization, whereas high-
frequency components correspond to brushstroke boundaries, pigment accumulation,
and fine texture details that are highly discriminative for Impressionist style recognition.
To enhance these stylistic characteristics, a high-pass filtering operation is applied in the
frequency domain. Execute the following operation with this.

Spectrum Centralization:

Fshi f t(u, v) = F(u − H
2

modH, v − W
2

modW)

Construct high-pass mask:

P(u, v) =

0, if
∣∣∣∣u − H

2

∣∣∣∣ < R
∣∣∣∣v − W

2

∣∣∣∣ < R

1, otherwise

Here, R represents the radius, and in this article, the parameter is set to 10.
Frequency domain filtering:

Gshi f t(u, v) = Fshi f t(u, v) · P(u, v)

Anti-centralization:

G(u, v) = Gshi f t((u +
H
2

modH), (v +
W
2

modW))

Invert the two-dimensional Discrete Fourier Transform (DFT), and take the actual part:

g(u, v) = Re(F−1G(u, v))

This operation suppresses redundant low-frequency information while preserving
fine-grained artistic textures that contribute significantly to style discrimination, Reference
for Fourier Transform High-Pass Filtering Effect Figure 1.
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Leano
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Figure 1. Fourier high-frequency channel filtering to extract brushstroke features.

3.3. Semantic Representation via State Space Modeling

Although Fourier decomposition effectively extracts physical brushstroke characteris-
tics, frequency-domain representations still contain complex long-range spatial dependen-
cies that cannot be adequately modeled through local convolutional operations.

To address this issue, the proposed framework employs the Mamba [21,24,25], State
Space Model (SSM) [26] for semantic feature extraction from frequency-domain spectrograms.

Compared with conventional convolutional neural networks and Transformer architec-
tures, Mamba exhibits linear computational complexity and an efficient selective state-space
scanning mechanism, enabling the effective modeling of long sequential representations
while maintaining computational efficiency.

By processing serialized frequency-domain feature maps, the Mamba encoder captures
global stylistic dependencies distributed across distant frequency regions, thereby generat-
ing semantic representations that complement local brushstroke information extracted by
Fourier decomposition [27,28].

The resulting semantic embedding [29] can, therefore, encode high-level stylistic
organization beyond individual stroke textures, providing richer contextual information
for artwork classification [30].

3.4. Dual-Branch Feature Injection Architecture

The left side shows the backbone network of the model, and the right side shows the
specific implementation of the block. Its core is the Cross integration block, which adds
the image and the image after the PFSD convolution block, then extracts features through
convolution, and then performs mean pooling to achieve a uniform size. Finally, the four
Cross integration are fused through the fusion block to perform feature fusion, as shown
in Figure 2.

After feature disentanglement, the extracted physical–style representations and the
original RGB image are simultaneously fed into a dual-branch classification architecture.
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Figure 2. On the left is the Fourier Transform Feature Injection Fusion model architecture, and on the
right are the individual modules and their internal implementations.

One branch processes the original image to preserve holistic semantic information,
while the second branch processes the disentangled frequency-domain features to empha-
size brushstroke and texture characteristics [31].

To minimize interference between heterogeneous feature spaces, the two branches are
independently optimized throughout feature extraction. Their intermediate representations
are subsequently integrated through a dedicated feature fusion module, which combines
complementary evidence from multiple visual perspectives before final classification.

Compared with conventional feature concatenation strategies, the proposed disentan-
gled feature injection mechanism explicitly preserves the independence of heterogeneous
representations while enabling effective information integration at higher semantic levels.
Consequently, the classifier is encouraged to focus on interpretable artistic characteris-
tics [32] rather than learning entangled latent representations directly from raw pixels.

The overall architecture establishes a hierarchical computational pipeline consisting of
physical features, stylistic representations, and semantic abstractions, providing an inter-
pretable framework for AI-assisted artwork classification and human—AI collaborative
visual analysis.

3.5. Design of Evaluation Metrics

In image classification tasks, to comprehensively evaluate model performance, this
paper uses the following evaluation metrics:

Top − 1 Accuracy =
1
N

N

∑
i=1

1(ŷi
(1) = yi)

Precision =
TP

TP + FP

F1 = 2 × Precision × Recall
Precision + Recall
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The above metrics are crucial for the comprehensive evaluation of image classification
models. They have limitations when there is class imbalance—the model can achieve high
accuracy by predicting all samples as the majority class, but it cannot identify the minority
classes. In this case, Precision and the F1 score can more comprehensively assess the model’s
performance across each category: Precision reflects the reliability of the predictions, Recall
reflects the model’s ability to identify the target class, and F1 seeks a balance between
the two. Top-1 accuracy, as a core metric for multi-class classification, directly measures the
model’s discrimination accuracy for the optimal class.

4. Result
4.1. Classification Performance of Deep Learning Models on Datasets of Four Impressionist Oil Painters

To verify our method’s effectiveness, we selected three mainstream architectures—CNN,
Transformer, and Mamba—as baseline controls, representing the core paradigms of convolu-
tion, attention mechanism, and state-space models, respectively.

To control for experimental variables, all models were trained with the same settings:
a learning rate of 0.001, using an annealed cosine scheduler, an Adam optimizer, and
100 training epochs. The experiments used torch.float32 single-precision floating-point
data. To prevent overfitting from affecting the comparison results, early stopping was
employed during training; training was stopped if the accuracy did not improve after
20 epochs. Considering that Transformer and Mamba models require a large amount of
data, and to control for experimental variables and eliminate errors caused by random
weights, all models were pre-trained on the ImageNet-1K dataset, using pre-trained weights
as initialization for fine-tuning. All data was finally tested on the test set.

In Table 4, the standard deviation reflects the fluctuation of predictions over each
prediction run and is used to assess the model’s operational stability.

We used the Pearson chi-square test to assess whether the differences between the com-
parison methods were statistically significant. This test was applied to a 2 × 2 contingency
table containing observation frequencies (e.g., the number of correct predictions versus the
number of incorrect predictions for the two models being compared). The null hypothesis
was that there was no association between the models and the classification results (i.e., the
two models had the same error distribution). The reported p-value corresponds to pairwise
comparisons between the proposed model and each baseline model; a p-value < 0.05 indi-
cates a rejection of the null hypothesis, suggesting a significant difference in performance.
We applied Bonferroni correction to the multiple comparisons.

All confidence intervals were constructed using the bootstrap percentile method with
1000 resampling iterations. The confidence level was 95%. For a given metric, we generate
bootstrap replicates by resampling the test set predictions with replacement, calculate the
metric value for each replicate, and then use the 2.5th and 97.5th percentiles of the bootstrap
distribution as the lower and upper bounds of the confidence interval.

The training results are shown in the table, as shown in Table 3. Standard deviation,
significance, and confidence interval report, as shown in Table 4. Cross-validation, as shown
in Table 5.

Table 3. Results.

Method CNN-Based

TOP-1 ACC Precision F1

Monet 0.7818 0.7962 0.7890
Leano 0.8363 0.8363 0.8363

Van Gogh 0.8445 0.8260 0.8351
Gauguin 0.8223 0.8223 0.8222

Total 0.8212 0.8202 0.8206

Params 25M
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Table 3. Cont.

Method Transformer-Based

TOP-1 ACC Precision F1

Monet 0.8181 0.7758 0.7964
Leano 0.8363 0.8214 0.8288

Van Gogh 0.8000 0.8163 0.8470
Gauguin 0.7777 0.7608 0.7692

Total 0.8080 0.8145 0.8103

Params 25M

Method Mamba-Based

TOP-1 ACC Precision F1

Monet 0.8181 0.8653 0.8411
Leano 0.8545 0.8703 0.8623

Van Gogh 0.8444 0.8085 0.8260
Gauguin 0.8222 0.8043 0.8131

Total 0.8340 0.8318 0.8337

Params 26M

FTFIFM (Ours)

TOP-1 ACC Precision F1

Monet 0.8909 0.8750 0.8828
Leano 0.8546 0.8546 0.8545

Van Gogh 0.8000 0.8372 0.8181
Gauguin 0.8666 0.8478 0.8571

Total 0.8530 0.8536 0.8531

Params 10M

Table 4. Standard deviation, significance, confidence.

STD p Lower Confidence Upper Confidence

CNN-based 0.0687 0.0478 0.8117 0.8309
Tranformer-based 0.0861 0.0445 0.7959 0.8200

Mamba-based 0.0927 0.0497 0.8211 0.8469
FTFIFM(ours) 0.0658 p < 0.0001 0.8237 0.8637

Table 5. The results are based on FTFIFM(ours) using a full dataset of 2000 images (stratified by artist)
with 5-fold hierarchical cross-validation. We used scikit-learn to randomly partition the data into
5 disjoint subsets, each containing 4 training images and 1 validation image, and iterated 5 times.
After each iteration, we report the performance metric for each fold and the average of the 5-fold
cross-validation. The training environment is the same as described above.

Cross-Validation 5-Fold

TOP-1 ACC Precision F1

1-fold 0.8544 0.8432 0.8445
2-fold 0.8652 0.8613 0.8593
3-fold 0.8441 0.8528 0.8497
4-fold 0.8485 0.8453 0.8478
5-fold 0.8387 0.8413 0.8426

average 0.8502 0.8485 0.8488

It can be observed that our model outperforms other comparative models in overall
performance, and particularly excels in the classification task of Monet’s paintings(as
shown in Confusion Matrix Figures 3 and 4). This is because Monet’s works emphasize the
expression of light, and such light features belong to high-frequency characteristics, belong
to high-frequency characteristics that can be effectively extracted via high-pass filtering—as
prior work in frequency-domain painting analysis has demonstrated [33,34], (as shown in
Figures 5 and 6). This result further corroborates the role of feature injection in improving
the performance of deep learning models, as well as its logical interpretability.
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Figure 3. Illustration of CNN confusion matrix and VIT confusion matrix results.

Figure 4. Illustration of VIM confusion matrix and FTFIFM (Ours) confusion matrix results.

Figure 5. Haystack and DFT image.

4.2. Ablation Experiment

To check how much each module we proposed contributes to the final performance,
we set up an ablation experiment. The experiment was based on the baseline model, and
we trained and evaluated model performance under different configurations by adding
only one new module at a time. Specifically, we built the following variants one by one:
a single-channel base model, a DFT Mamba single-channel model, a base Mamba dual-
channel model, a base DFT dual-channel model, and the full base DFT Mamba model.
All variants used the same training, validation, and test sets and were trained and evaluated
with consistent hyperparameters and randomized weights. By comparing the differences
in the main evaluation metrics across these variants, we could quantitatively analyze the
individual contributions of each module and the interaction effects between modules.
The results show that each proposed module brings a stable performance boost, and the
full model achieved the best results, confirming the effectiveness of each component, as
shown in Table 6.
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Figure 6. Rouen Cathedral and DFT image.

Table 6. Ablation experiment result.

Ablation Experiment

Module Combination TOP-1 ACC Precision F1

baseline (Single channel) 0.6350 0.6542 0.6444
DFT + Mamba (Single channel) 0.7653 0.7759 0.7705

baseline + Mamba (Dual channel) 0.6659 0.6941 0.6744
baseline + DFT (Dual channel) 0.7752 0.7879 0.7814

baseline + DFT + Mamba (ours) 0.8530 0.8536 0.8532

It can be observed that the pure basic CNN performs the worst, limited by its
lightweight architecture and small number of parameters, making it difficult to extract
features from complex images. Next is the two-channel combination of Baseline + Mamba.
Due to the Mamba series’ reliance on large-scale datasets, the Mamba branch, serving
as a feature injector, does not provide a significant performance boost for such small-to-
medium-scale classification tasks. In the single-channel combination of Mamba + DFT,
DFT purifies the data, and Mamba, when working with the filtered data, sees an improve-
ment in its state-space modeling capability, leading to better performance. After that
comes the two-channel combination of Baseline + DFT, where DFT purifies the data as
a feature injector and aligns data weights with the Baseline branch, further enhancing
performance. Finally, the complete model (as shown in Figure 2)—consistent with our orig-
inal design intention—reconstructs high-frequency features through the Mamba and DFT
branches and fuses them with the features from the basic CNN, achieving an additional
performance gain.

5. Discussion
5.1. Methodological Contributions and Limitations

The primary methodological contribution of this study lies in the introduction of
a feature-guided input paradigm for artwork classification, which explicitly injects dis-
entangled brushstroke representations into the visual recognition process. Rather than
relying solely on end-to-end feature learning from raw images, the proposed framework
incorporates both the original visual content and the disentangled physical and stylistic
features derived through frequency-domain decomposition.
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The necessity of this strategy stems from the observation that raw painting images
contain substantial redundant visual information, including background illumination,
large-scale color transitions, and compositional variations that may not contribute directly
to artistic style discrimination. Conventional deep neural networks typically compensate
for such redundancy by increasing model capacity, requiring a large number of parameters
to implicitly learn discriminative representations from noisy inputs.

In contrast, the proposed feature injection mechanism explicitly provides brushstroke
textures and semantic frequency representations that are closely associated with artistic
style. By guiding the model toward perceptually meaningful design features, the classifier is
encouraged to focus on discriminative subspaces that correspond to artistic intention rather
than irrelevant visual variation. Consequently, the proposed lightweight architecture, con-
taining approximately 10 million parameters, is able to outperform conventional baseline
models with approximately 25 million parameters, demonstrating that explicit feature guid-
ance can simultaneously improve classification performance and computational efficiency.

More importantly, the proposed framework reflects the design-oriented principle of
feature disentanglement and guided recombination, transforming interpretable artistic
knowledge into computational representations that can be directly incorporated into ma-
chine learning models. Such a paradigm provides a promising direction for developing
explainable AI systems that support transparent human–AI collaboration rather than purely
black-box prediction.

Nevertheless, several limitations should be acknowledged. First, the current frame-
work focuses primarily on Impressionist paintings and has not yet been validated across a
broader range of artistic movements. Second, the frequency-domain decomposition strat-
egy mainly emphasizes brushstroke-related characteristics while other design elements,
such as composition, spatial rhythm, and color harmony, remain insufficiently modeled. Fi-
nally, the current feature fusion mechanism adopts a relatively straightforward integration
strategy, and more sophisticated evidence aggregation methods may further improve both
classification accuracy and interpretability.

Comparability with Previous Work. It should be noted that this study cannot be
directly quantitatively compared with published existing methods. First, most previous
works utilize large-scale datasets with diverse style labels (e.g., WikiArt), while our dataset
is specifically designed for learning brushstroke features from Impressionist artists; there-
fore, cross-dataset accuracy comparisons are unreliable. Second, the core innovation of
our framework lies in interpretable decoupling and frequency-guided injection paradigms,
rather than achieving state-of-the-art accuracy across a wide range of benchmarks; there-
fore, simply comparing accuracy does not fully reflect our contribution. Third, due to
differences in backbone networks, pre-training strategies, and training protocols, we cannot
fairly reproduce all previous methods without introducing implementation bias. There-
fore, we conduct well-controlled internal comparisons under the same conditions against
representative architectures (CNN, Transformer, Mamba), which strongly demonstrate the
effectiveness of our method. We explicitly acknowledge these limitations of comparability
and encourage readers to interpret our results within the established framework.

5.2. Implications for Design Research and Human–Computer Interaction

From the perspectives of design research and Human–Computer Interaction (HCI),
the proposed feature injection framework offers important theoretical implications for
AI-assisted creative systems.
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5.2.1. Design Implications

The proposed approach facilitates a paradigm shift from conventional end-to-end
black-box learning toward explicit representation of design intentions. Existing deep
learning models typically entangle content and style within latent feature spaces, preventing
designers from independently manipulating different dimensions of visual representation.
Consequently, design knowledge remains implicitly encoded within model parameters
and is difficult to interpret or control.

By explicitly disentangling brushstroke characteristics and semantic structural infor-
mation through frequency-domain decomposition, the proposed framework transforms
artistic knowledge into modular computational representations. Brushstroke features
correspond to stylistic and textural expression, whereas semantic feature maps capture
compositional and structural information. This modular representation enables individual
design elements to be independently analyzed, manipulated, and recombined before being
integrated into the final classification process.

Such a feature disentanglement–guided recomposition mechanism closely aligns with
the classical design methodology of analysis and synthesis, in which complex visual ar-
tifacts are first decomposed into constituent components before being recombined into
coherent design solutions. Under this paradigm, designers can independently refine con-
ceptual structures and expressive techniques while leveraging AI systems as collaborative
creative partners rather than opaque computational tools.

Furthermore, by explicitly encoding prior design knowledge into the computational
architecture, the proposed framework demonstrates that design theory can actively inform
AI model construction rather than merely serving as an application domain for existing
engineering methods.

5.2.2. Human–Computer Interaction Implications

From an HCI perspective, feature injection establishes a richer channel for design
intention communication between humans and intelligent systems.

Traditional human–AI interaction in generative design primarily relies on textual
prompts or sketch-based inputs, both of which struggle to precisely express subtle artistic
characteristics such as brushstroke rhythm, texture organization, or localized semantic
emphasis. Consequently, communication between designers and AI systems often remains
ambiguous and indirect.

In contrast, the proposed framework enables users to directly manipulate interpretable
feature representations. Designers may selectively modify, combine, or weight semantic
feature maps and brushstroke vectors—for example, strengthening semantic responses in
specific image regions or replacing stylistic feature sets derived from different paintings.
Such operations transform latent representations into editable design prototypes, allowing
creative intentions to be communicated through explicit computational features rather than
natural language alone.

This capability fundamentally changes the role of humans within AI-assisted creative
workflows. Instead of functioning merely as evaluators of generated outputs, users be-
come active supervisors of the generative process, continuously guiding feature selection,
representation learning, and decision formation. This interactive mechanism aligns with
emerging paradigms of human–AI co-creativity, where intelligent systems augment rather
than replace human creativity through collaborative exploration of design spaces.

Overall, the proposed feature disentanglement framework contributes not only to
explainable artwork classification but also to the broader development of interpretable
AI systems that support transparent interaction, controllable creativity, and collaborative
visual understanding between humans and machines.
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5.3. Toward Generalization: Adapting to Other Artistic Movements

While validated on Impressionism, extending our framework to other movements
requires adaptive strategies, as each style exhibits distinct frequency-domain signatures.

Baroque relies on low-to-mid frequency cues—global contrast, dramatic chiaroscuro,
and tonal gradation—rather than high-frequency brushstroke textures. Adaptation would
require re-weighting filters toward band-pass or low-pass emphasis, with phase spectrum
critical for encoding theatrical composition.

Cubism manifests as discontinuous spatial structures with sharp edges and frag-
mented planes, producing mid-to-high frequency components concentrated along geomet-
ric boundaries. Unlike Impressionism’s isotropic textures, Cubism demands phase-based
structural disentanglement and multi-scale decomposition to capture local fragment ge-
ometries alongside global reorganization.

Abstract Expressionism splits into two subtypes: Action Painting exhibits highly
anisotropic frequency distributions from directional, gestural strokes, requiring orientation-
selective analysis; Color Field Painting yields extremely low-frequency-dominated spectra,
demanding focus on large-scale chromatic organization and subtle gradients rather than
texture [35].

These examples confirm that while our architectural principle is transferable, specific
decomposition priorities—frequency band selection, phase vs. amplitude emphasis, and
anisotropy modeling—must be adapted per movement, pointing toward a meta-framework
for automatic style-specific optimization.

6. Conclusions and Future Work
This study presents an explainable AI framework for Impressionist painting classi-

fication that integrates feature disentanglement, frequency-domain analysis, and design-
oriented representation learning. Departing from conventional end-to-end deep learning
paradigms that encode raw pixels into entangled latent spaces, the proposed approach
explicitly decomposes visual information into three complementary layers—physical brush-
stroke textures, stylistic frequency patterns, and semantic compositional structures—via
Fourier-based filtering and state-space modeling. A dual-branch feature injection mecha-
nism then fuses these disentangled representations with original image features, enabling
a lightweight architecture (10M parameters) to outperform larger baseline models (25M
parameters) while offering enhanced interpretability.

The framework makes three core contributions. First, it provides a mathematically
rigorous and computationally efficient solution for decoupling artistic style from content in
visual art, establishing a direct mapping between frequency-domain properties and human-
interpretable design elements such as stroke granularity, directional energy, and texture
organization. Second, by explicitly linking classification decisions to disentangled feature
channels, it addresses the interpretability deficit of existing artwork classification systems,
offering transparent reasoning pathways that can be inspected, questioned, and refined.
Third, it repositions AI-based art analysis from a purely predictive task toward a human-AI
collaborative paradigm, where users are empowered to actively guide model reasoning
through feature-level interventions rather than passively consuming output labels.

From the perspective of design research and human-computer interaction, the pro-
posed paradigm shifts the role of AI from that of an opaque oracle to that of an interpretable
design partner. The disentangled representations serve as a shared vocabulary between hu-
man experts and computational systems, enabling a more nuanced communication of artis-
tic intent, an iterative refinement of stylistic features, and an interactive exploration of visual
semantics. This aligns with broader efforts in XAI and human-centered AI, where trans-
parency, controllability, and user trust are prioritized alongside predictive performance.
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Nevertheless, several limitations must be acknowledged. The current framework has
been validated exclusively on Impressionist paintings, and its generalizability to other
artistic movements with distinct stylistic signatures remains untested. Moreover, while
brushstroke characteristics are effectively modeled through high-frequency components,
other critical design dimensions—such as compositional rhythm, color harmony, spatial
balance, and visual hierarchy—are not yet explicitly incorporated into the decomposition
pipeline. The current feature fusion strategy, though effective, also represents a relatively
straightforward integration mechanism that may not fully exploit the complementary
nature of disentangled representations.

Future work will address these limitations along two primary directions. First, we
plan to extend the framework to a broader range of artistic styles and historical peri-
ods, investigating how frequency-domain disentanglement can be adapted to capture
movement-specific visual grammars beyond Impressionism. Second, building upon recent
advances in multimodal large language models, we aim to develop a cross-modal feature-
to-text explanation module that automatically translates disentangled feature maps—such
as brushstroke orientation distributions or semantic attention patterns—into natural lan-
guage descriptions accessible to non-expert audiences. This would bridge the gap between
computational feature spaces and human artistic criticism, facilitating broader public en-
gagement with AI-assisted art appreciation. Third, we will explore more sophisticated
evidence aggregation strategies and richer multi-level feature decomposition schemes that
integrate additional design semantics, including chromatic organization and compositional
structure, into the disentanglement pipeline.

Ultimately, this work demonstrates that the convergence of feature disentanglement,
frequency-domain analysis, and design-oriented AI offers a promising pathway toward
next-generation computational aesthetics. By marrying mathematical rigor with human-
centered interpretability, the proposed framework contributes to the development of trans-
parent, collaborative, and creativity-enhancing AI systems that not only classify artworks
but also deepen our understanding of artistic expression itself.
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