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Abstract—Chromatic aberration (CA) remains a common op-
tical artifact in digital imaging, causing spatial misalignments
between color channels and resulting in visible color fringing. In
this paper, we propose TriadNet, a novel hybrid convolutional-
transformer architecture that formulates CA detection as a
multimodal feature learning problem for accurate analysis of
real-world photographs. TriadNet integrates three complemen-
tary modality-specific pathways: an edge-centric pathway that
captures structural, high-frequency information where CA man-
ifests most prominently, a channel-aware attention mechanism
that models chromatic inter-channel discrepancies, and an edge-
modulated feature processing strategy that facilitates effective
multimodal feature fusion. Experimental evaluation on a custom
dataset of real-world images demonstrates that TriadNet out-
performs several baselines, achieving F-scores exceeding 0.98
and robust generalization across varying aberration strengths.
The proposed method offers a lightweight yet effective solution
for automatic CA detection within modern image processing
pipelines.

Index Terms—digital forensics, chromatic aberration, trans-
formers, deep learning

I. INTRODUCTION

Digital forensics is a research field focused on the acqui-
sition, analysis, and interpretation of digital data in order
to determine its origin, authenticity, and integrity. In the
context of digital images, digital forensics (often referred to as
digital image forensics) aims to identify characteristic traces
introduced at different stages of the image formation pipeline,
including image acquisition, in-camera processing, and post-
processing. The main research areas within this domain in-
clude source camera identification, detection of image manip-
ulations and forgeries, integrity and consistency analysis, as
well as the exploitation of device- and optics-related artifacts
as forensic traces. Such artifacts may originate from sensor
imperfections, color filter array interpolation, compression
algorithms, lens distortion, or optical aberrations [1], including
chromatic aberration [2]. The main goal of digital image
forensics is to provide reliable and objective tools for assessing
the credibility of visual content, which increasingly serves
as evidential material in forensic investigations and judicial
proceedings [3]-[5].
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Chromatic aberration (CA) is an optical phenomenon caused
by the wavelength-dependent refraction of light in a lens
system, which results in different color components of the
same scene point being focused at different positions on the
image sensor. As a consequence, color misalignment and char-
acteristic color fringes, typically visible along high contrast
edges, appear in the captured image. Chromatic aberration
can be classified into longitudinal (axial) [6] and lateral
(transverse) [7] aberration, depending on whether the color
displacement occurs along the optical axis or in the image
plane. The magnitude and spatial distribution of CA depend
on the optical design of the lens, the materials used, focal
length, aperture settings, and imaging conditions. Since these
distortions are inherently linked to the physical properties of
the optical system and remain relatively consistent for a given
camera-lens configuration, CA constitutes a stable, camera-
dependent artifact that can be observed and analyzed in digital
images [8]-[10].

In this paper, we propose TriadNet, a novel hybrid
convolutional-transformer architecture that formulates CA de-
tection as a multimodal feature learning problem from digital
images. The approach integrates complementary modality-
specific pathways, including an edge-centric pathway that
prioritizes high-frequency structural regions prone to color
fringing, a channel-aware attention mechanism that explicitly
models chromatic inter-channel spatial misalignments, and
an edge-modulated feature processing strategy for effective
multimodal feature fusion. As a result, TriadNet effectively
captures the characteristic signatures of CA while remaining
computationally lightweight. The model is trained on a custom
dataset and demonstrates improved performance compared to
several baselines in terms of precision, recall, and Fi-score.

A. Contribution

The main contribution of this work is the following. We
introduce a novel hybrid convolutional-transformer model that
explicitly combines edge-centric processing, channel-aware at-
tention, and edge-modulated feature processing to detect chro-
matic aberration more effectively than generic architectures.
We demonstrate the effectiveness of the proposed method



through extensive comparison against baselines, achieving
higher precision, recall, and F}-score on a real-world dataset.

B. Organization of the paper

The paper is organized as follows. In Section II, the problem
formulation and the proposed method are described. Section III
presents the results of classification compared with the state-
of-the-art methods. The section IV discusses previous and
related works. The final section concludes this work. In formal
descriptions, bold font denotes matrices or vectors.

II. PROPOSED HYBRID METHOD

We propose TriadNet, a hybrid convolutional-transformer
architecture that addresses CA detection through multimodal
feature learning from digital images. The method integrates
three complementary modality-specific principles: (1) edge-
centric processing, which captures a structural modality by
prioritizing high-frequency image regions where lateral CA
manifests most prominently as color fringing; (2) channel-
aware feature interaction, which models a chromatic modality
by explicitly learning cross-channel dependencies between the
R, G, and B components to capture dispersion-induced spatial
shifts; and (3) physics-guided attention modulation, which
facilitates multimodal interaction through an edge-derived
weighting mechanism that emphasizes feature representations
in regions exhibiting strong gradient discontinuities.

The core of TriadNet is based on ConvNeXt-Tiny, providing
robust extraction of local, modality-agnostic features. These
features are subsequently refined through a lightweight multi-
head self-attention module operating along the channel di-
mension (channel-aware mixer), enabling effective interaction
between chromatic feature modalities. In parallel, a learnable
edge-extraction pathway, implemented using trainable Sobel-
like filters followed by sigmoid-activated magnitude estima-
tion, produces a per-pixel structural modality in the form of
an edge map. This map is spatially downsampled to match
the feature resolution and serves as a soft attention signal
that multiplicatively modulates intermediate representations,
resulting in explicit multimodal feature fusion. The final global
representation is obtained via adaptive average pooling of
the modulated features, concatenated with a scalar global
edge-strength descriptor, and processed by a lightweight MLP
classification head that outputs a single logit indicating the
presence of CA.

The model is trained end-to-end using binary cross-entropy
loss. We employ a physics-based data augmentation strategy
that synthetically introduces lateral chromatic dispersion into
aberration-free images. This process is implemented via dif-
ferentiable grid sampling with radially increasing, oppositely
directed shifts applied to the red and blue channels. The
augmentation enhances dataset diversity while reinforcing
the learning of CA patterns grounded in physical dispersion
characteristics rather than dataset-specific artifacts. As a result,
the proposed multimodal architecture achieves high classifica-
tion performance while remaining computationally lightweight

and interpretable through its explicit structural and chromatic
feature pathways.

A. Preliminaries and problem formulation

a) Chromatic aberration model: Formally, let I €
RIXWX3 denote the actual image captured by the camera.
In an ideal, aberration-free system, the red (Ir), green (1),
and blue (Iz) channels are perfectly aligned. In the presence
of lateral chromatic aberration, the observed image can be
modeled as the result of shifting the red and blue channels
relative to the green channel (taken as reference):

IR(-r + A-/ER(xa y)7 Yy + AyR(xa y))
Ic(z,y) (D
Ig(z+ Azp(z,y), y+ Ayp(z,y))

where (Azpg,Aygr) and (Azp,Ayp) represent the local
displacement fields for the red and blue channels, respectively.
In the simplest case, these displacements are modeled as radial
functions dependent on the distance from the optical center:
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where r(z,y) = /(z —20)2+ (y —yo)? is the radial
distance from the optical center (xg,yo), and kr > 0 and
kg < 0 are the aberration coefficients for the red and blue
channels, respectively. In practice, real aberrations are more
complex and depend on lens design, aperture, focus distance,
and wavelength. In this work, we treat chromatic aberration
as a binary detection problem: an image I belongs to the class
“with chromatic aberration” (y = 1) if the shifts Ax., Ay,
exceed a minimum detectable threshold across a significant
portion of the frame. The goal of the proposed method is to
automatically estimate the probability p(y = 1 | I) based on
the analysis of color channel discrepancies and their spatial
patterns.

b) Chromatic aberration identification task: Formally,
let Z denote the space of all possible digital RGB images
I:Q — [0,1]%, where Q C N? is a discrete pixel grid, and
the three channels correspond to red (Ig), green (Ig), and
blue (Iz). We formulate chromatic aberration identification
as a binary classification problem: given an image I € Z,
determine whether it exhibits noticeable chromatic aberration.
Let y(I) € {0,1} be the ground-truth label, where

e« y(I) = 0 - the image does not contain chromatic
aberration (or it is below a detectable threshold),

e y(I) =1 — the image contains chromatic aberration (lat-
eral and/or axial) at a level significant from the standpoint
of image quality.

The objective of the model is to learn a function fy : 7 —

[0, 1] such that fo(I) ~ P(y(I) = 1| I). Binary prediction is
then obtained by applying a decision threshold 7 € (0, 1):

e J1if fo() >,
o) = {0 otherwise. ®



In this work, we address this classification task in the
challenging regime of limited real-world examples of CA, em-
ploying physics-based data augmentation grounded in optical
models of dispersion.

B. Proposed TriadNet architecture

The proposed TriadNet is a hybrid convolutional-
transformer network designed for chromatic aberration detec-
tion. As mentioned, the architecture integrates three compo-
nents. Let I € REXW>3 denote the input RGB image. The
model operates as follows:

a) Edge-centric branch: Chromatic aberration is most
visible as color fringing along high-contrast edges, which
motivates the first component to focus specifically on these
regions. An edge map E ¢ [0,1)7*W is computed using
a learnable gradient filter (based on Sobel operators with
trainable weights) followed by a sigmoid activation:

E=o(4/G2+G3+e-2), @)

where G, and G, are convolutional gradient filters, o is the
sigmoid function, and £ > 0 is a small constant for numerical
stability. This edge map serves as a soft mask highlighting
areas where misalignment between color channels is most
likely to occur. Additionally, a scalar global edge strength
e, = AvgPool(E) € R is extracted, providing a compact
summary of overall edge intensity across the entire image.

b) Channel-aware attention mechanism: To capture
dispersion-induced spatial shifts between color channels, local
features F € R¥'*W'%C are first extracted using a convolu-
tional backbone (ConvNeXt-Tiny). This backbone delivers rich
hierarchical representations that form the basis for subsequent
processing. A lightweight multi-head self-attention mechanism
is then applied across the channel dimension:

F’ = MultiHead Attention(Faag, Fat, Frat), 5)

where Fy, is the spatially flattened version of F (sequence
length H' x W'). This step enables each channel to attend to
potential misalignments in the others, explicitly modeling the
inter-channel discrepancies that are characteristic of chromatic
aberration and difficult to capture with convolution alone.

¢) Edge-modulated feature processing: The edge infor-
mation is finally used to selectively enhance the attended
features in regions where aberration is most pronounced. The
edge map E is downsampled to match the feature resolution,
E’ = Downsample(E; H', W'), and used as a modulator:

F'=Fo(l+a E), (6)

where a = 0.6 is a fixed hyperparameter and ® denotes
element-wise multiplication. This operation constitutes the
edge-modulated feature processing component, ensuring that
high-frequency details, where chromatic fringing is most per-
ceptible, receive increased emphasis during subsequent classi-
fication.

d) Classification head: The processed features are aggre-
gated into a compact global representation. Adaptive average
pooling of F is concatenated with the global edge strength:

2 = [AvgPool(F"), e,] € RO (7)

This combined representation is passed through a small MLP
to produce a raw output score s = MLP(z) € R. The final
probability of chromatic aberration presence is then obtained
by applying the sigmoid function:

p=o(s), (8)

where o is the sigmoid function. This score serves as the basis
for binary classification. The model is designed for end-to-end
training using binary cross-entropy loss. This formulation al-
lows TriadNet to learn the characteristic patterns of chromatic
aberration directly from the data, while remaining suitable for
integration into practical image processing pipelines.

III. EXPERIMENTAL EVALUATION

In this section, we present the classification results of the
proposed TriadNet method in systematic comparison with
three selected baselines: a convolutional network, ResNet-18
pre-trained on ImageNet, and EfficientViT-M0. The evaluation
provides a comprehensive assessment of model performance
and highlights the contribution of the proposed multimodal
feature learning strategy, realized through edge-centric modu-
lation and channel-aware attention mechanisms, in improving
detection accuracy over generic convolutional and transformer-
based approaches.

A. Experimental setup

a) Dataset: The experiments were conducted on a set
of real-world photographs, manually labeled into two classes:
images exhibiting noticeable chromatic aberration (CA) and
images without it (no CA). It consists of approximately 800
images (at least 400 images per class), capturing a variety of
scenes, lighting conditions, and aberration strengths to ensure
realistic evaluation of the proposed method. The images come
from the IMAGINE dataset [11].

b) Evaluation measures: Since the chromatic aberration
identification task is formulated as a binary classification
problem, we adopt standard binary classification metrics:
precision, recall, Fj-score, and accuracy. Let TP, FP, TN, and
FN denote the number of true positives, false positives, true
negatives, and false negatives, respectively. The metrics are
defined as follows. Accuracy represents the overall proportion
of correctly classified instances:

TP +TN
TP + TN +FP + FN’

Accuracy = 9
Precision measures the proportion of correctly predicted
positive instances among all predicted positives:

TP

recision TP + EP

(10)



Recall (also known as sensitivity) measures the proportion
of correctly identified positive instances among all actual
positives:

TP
TP +FN’

The Fi-score is the harmonic mean of precision and recall,
providing a balanced measure of both:

Recall = (11

Precision - Recall

FL=2 (12)

" Precision + Recall”

To provide a global, class-independent evaluation of the
model, macro-averaged metrics [12] are computed as the
arithmetic mean of the per-class (treating all classes equally)
values. Specifically, the macro-averaged precision P™&¢°,
recall R™2°™ and F-score are defined as follows:

Pcay + Pao ca)

Pmacro — 13

9 (13)

Rmacro w (14)
F, Fi

macro _ LCA) + £1,mo caA) (15)
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To provide a more complete view of classification perfor-
mance, we additionally present Precision-Recall curves for all
models. These curves illustrate the trade-off between precision
and recall across different decision thresholds and enable a
direct visual comparison of the proposed TriadNet against the
baselines. The area under curve (AUC) depicts the efficacy of
the classifier. The AUC closer to 1, the better the classification
accuracy, if the AUC = 0.5, then a classifier gives the accuracy
equal to a random division.

c) Meta parameters and implementation: The proposed
model was trained using an early stopping mechanism with
an initial maximum of 100 epochs. The training process
was terminated when the loss value did not decrease for 10
consecutive epochs. The learning rate was set to 0.001, and
the Adam optimizer was used.

Experiments were held on a Gigabyte Aero notebook
equipped with an Intel Core i7-13700H CPU with 32 gigabytes
of RAM and an Nvidia GeForce RTX 4070 GPU with 8
gigabytes of video memory. Scripts were implemented in
Python under the PyTorch framework (with Nvidia CUDA
support).

B. Baseline methods

We compare the proposed method against several represen-
tative baseline models, including widely adopted state-of-the-
art approaches, which we recall below.

a) Classic CNN: The first baseline method is a convolu-
tional neural network (further depicted as classic CNN) con-
sisting of three convolutional layers with increasing channel
depth (32 — 64 — 128), each followed by max-pooling and
ReLU activation, equipped with global average pooling and a
single fully connected layer producing the final logit. This
simple architecture serves as a reference point to evaluate

the necessity of deeper feature extraction and specialized
mechanisms for capturing CA patterns. Despite its limited
capacity, it provides a fair indication of the performance
achievable with basic convolutional processing alone [13].

b) ResNet-18: ResNet-18, pre-trained on ImageNet and
fine-tuned on our dataset, represents a strong and widely
adopted convolutional baseline. It employs residual connec-
tions to enable effective training of deeper networks while
maintaining computational efficiency. It contains 18 layers
and offers robust hierarchical feature extraction, serving as
a standard benchmark in many low-level vision tasks. For the
CA detection problem, we have replaced the original fully
connected layer (originally outputting 1000 ImageNet classes)
with a single-output linear layer, and the entire model was
fine-tuned end-to-end on our dataset. Its inclusion allows to
evaluate whether the proposed task-specific components in
TriadNet yield meaningful improvements over a generic, well-
established CNN backbone [14].

c) EfficientViT-MO: EfficientViT-MO is a lightweight vi-
sion transformer from the EfficientViT family (2023) [15],
optimized for memory efficiency and inference speed while
preserving strong representational power. It employs cascaded
group attention and efficient patch embedding to reduce
quadratic complexity typical of standard transformers and
constitutes a modern transformer-based baseline that contrasts
with the hybrid convolutional-transformer design of TriadNet.
The MO denotes the smallest variant of EfficientViT, consisting
of 3-5 million parameters. This comparison highlights the con-
tribution of the proposed edge-centric modulation and channel-
aware attention over a pure attention-driven architecture [16].

C. Results

The quantitative comparison metrics of chromatic aberration
detection are presented in Tab. I and II.

TABLE I
PER-CLASS PRECISION, RECALL, AND F1-SCORE FOR CHROMATIC
ABERRATION DETECTION METHODS

Method Class Precision  Recall Fy
Pronosed no CA 0.98 098 0098
P CA 0.98 098 098

) no CA 0.77 075 076
Classic CNN CA 0.75 077 076
no CA 0.90 088 089

ResNet-18 CA 0.88 090 089
- no CA 0.93 092 092
EfficientViT-MO CA 0.92 0.93 0.93

The results demonstrate that the proposed method signifi-
cantly outperforms the baseline approaches across all evalua-
tion metrics for both classes. It achieves near-perfect precision,
recall, and F}-scores for CA and no CA, indicating robust and
well-balanced classification performance. In contrast, the clas-
sic CNN exhibits substantially lower metrics, reflecting limited
discriminative capability, while ResNet-18 and EfficientViT-
MO show improved but still inferior performance compared
to the proposed approach. Overall, the results confirm the
effectiveness of the proposed method in accurately detecting



Proposed TriadNet Classic CNN

no CA CA no CA CA

no CA | 98.0 2.0 no CA | 750 250
CA 2.0 98.0 CA 23.0 770

ResNet-18 EfficientViT-M0
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Fig. 1. Confusion matrices for all evaluated methods. Rows correspond to

ground-truth classes, columns to predicted classes, and values are expressed
as percentages (%)

chromatic aberration and distinguishing it from non-aberrated
images.

TABLE II
THE OVERALL ACCURACY AND MACRO-AVERAGED PRECISION, RECALL,
F1-SCORE
Method Accuracy ~ Pmacro - Rmacio - prmacto
Proposed 0.98 0.98 0.98 0.98
Classic CNN 0.76 0.76 0.76 0.76
ResNet-18 0.89 0.89 0.89 0.89
EfficientViT-MO 0.93 0.93 0.93 0.93

The results in Table II clearly demonstrate the advantage
of the TriadNet model compared to the baseline models. It
achieves the highest scores across all macro-averaged met-
rics, with a macro F}-score of 0.98 and overall accuracy of
0.98, indicating both precise and balanced performance across
classes. Among the baselines, EfficientViT-MO performs best,
followed by ResNet-18, while the classic CNN shows the low-
est performance, particularly in macro precision. Overall, these
results confirm that the proposed approach is highly effective
for chromatic aberration detection, providing consistent and
accurate predictions for both classes. Figure 1 illustrates the
confusion matrices for all evaluated methods.

The proposed method achieves highly balanced results, with
98% of samples correctly classified for both the CA and
no CA classes, and only marginal misclassification rates of
2%, indicating strong discriminative capability and robustness.
In contrast, the classic CNN exhibits substantial confusion
between the two classes, particularly for no CA samples,
where 25% are incorrectly labeled as CA, reflecting limited
generalization ability. ResNet-18 significantly improves class
separability, reducing misclassification rates to 10—12%, while
EfficientViT-MO further enhances performance, achieving over
92% correct classification for both classes. Overall, the con-
fusion matrices confirm that the proposed approach achieves
the highest accuracy and also obtains consistent and reliable
performance across classes, which is critical for accurate chro-
matic aberration detection. The Fig. 2 presents the Precision-
Recall curve illustrating the performance of the proposed
method compared with baselines.

These results also confirm the advantage of the TriadNet
method over the state-of-the-art models. The proposed model
achieved almost 0.99 AUC, while the other methods obtained

Precision-Recall Curve - models comparison

1.0

0.8 1

0.6 1

Precision

0.4 4

0.2
=== Proposed (AUC-PR = 0.986)
Classic CNN (AUC-PR = 0.837)
=== ResNet-18 (AUC-PR = 0.900)
== EfficientViT-MO (AUC-PR = 0.936)

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Fig. 2. The Precision-Recall curve of all considered methods

lower values, for example, the EfficientViT-MO achieved 0.94
and ResNet-18 0.90. The lowest results were reported in the
case of the classic CNN, which resulted in an AUC equal
to 0.84. Overall, the chart confirms the TriadNet’s reliable
accuracy.

IV. PREVIOUS AND RELATED WORK

Recent works in low-level vision have explored multi-
branch and hybrid convolutional-transformer architectures that
integrate complementary feature pathways to improve per-
formance in tasks such as image denoising, super-resolution,
and artifact detection. These architectures can be interpreted
as learning modality-specific feature representations, which
inspires our multimodal formulation for chromatic aberration
detection [17]. Attention mechanisms, particularly channel-
aware and spatially modulated attention, have been success-
fully applied to guide the network to focus on task-relevant
features [18]. A comprehensive review on multimodal learning
is discussed in [19].

Most existing literature on CA focuses on correction rather
than explicit detection [20]-[31]. Approaches include post-
processing correction pipelines [24], calibration transfer across
cameras [32], edge-based detection [27], statistical models for
forgery detection [28], [29], segmentation-based methods [30],
and wavelet- or multi-task learning-based detection frame-
works [31], [33]. While these studies achieve various degrees
of success, they typically either emphasize correction over de-
tection or rely on task-specific feature engineering. Moreover,
most approaches focus on single representations of the image,
such as edges, color channels, or handcrafted features, without
jointly utilizing complementary information. This limitation
motivates the use of end-to-end multimodal feature learning
strategies that integrate multiple representations to improve
detection accuracy.



V. CONCLUSION

In this work, we introduced TriadNet, a hybrid convolu-
tional-transformer architecture for chromatic aberration de-
tection, treating the task as multimodal feature learning. The
model captures structural and chromatic inconsistencies using
edge-focused processing, channel-aware attention, and edge-
modulated fusion. Experimental results on a custom dataset
of real-world images demonstrate that TriadNet achieves im-
proved classification performance compared to several base-
lines, including a classical CNN, ResNet-18, and EfficientViT-
MO, with Fj-scores exceeding 0.98 and robust generaliza-
tion across varying aberration strengths. Results highlight the
benefits of task-specific inductive biases for low-level optical
artifact detection, especially in low-data settings.

In the future, it is planned to extend the model to estimate
local channel shifts, enabling both detection and automatic
correction of CA. We also intend to test the approach on larger
and more diverse datasets, especially images from modern
smartphones and various lens types.
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