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Abstract: Early and accurate diagnosis of canine ophthalmic diseases is crucial for effective treatment
and prevention of vision loss. This study presents a novel approach to automated classification of
canine eye diseases using multi-modal deep learning techniques. We propose a dual-input Vision
Transformer (ViT) architecture that simultaneously processes original eye images and their frequency
domain transformations (Fourier and wavelet). Experiments carried out on a large-scale data set of
44,637 canine eye images in five common conditions: eyelid tumor, nuclear sclerosis, cataract, ulcerative
keratitis, and epiphora demonstrate significant performance gains through our multimodal approach.
The Fourier-based multimodal model achieved the highest overall accuracy (86.52%), representing
an absolute improvement of 0.87% over the single-modality baseline model (85.65%). Our approach
yielded particularly substantial gains for specific conditions, with Eyelid Tumor detection improving
by 4.43% (from 84.63% to 89.06%) and the classification of cataracts improved by 2.23% (from 81.99%
to 84.22%). The model also demonstrated an improved F1 score (0.854, up from 0.843) and maintained
an excellent ROC-AUC (0.983), confirming the value of integrating frequency domain information
with spatial features for veterinary medical image analysis and offering practitioners an advanced
diagnostic tool with a measurably improved accuracy.

Keywords: canine ocular disease; vision transformer; multi-modal learning; frequency domain
analysis; medical image classification

1. Introduction

Deep learning has significantly advanced medical image analysis, allowing automated disease
classification with high accuracy through architectures such as Convolutional Neural Networks (CNNs)
and Vision Transformers (ViTs) [1,2]. These techniques excel in human medical imaging, including
the detection of tumors and retinal disorders [3], and are increasingly applied to veterinary imaging,
where early diagnosis is critical for animal health [4]. Canine ocular diseases—such as eyelid tumors,
nuclear sclerosis, cataracts, ulcerative keratitis, and epiphora—pose diagnostic challenges due to
subtle visual differences and variable presentations. Traditional diagnosis relies heavily on specialized
veterinary ophthalmologists, which may not be readily available in many geographic regions, and
manual examination is subject to variability between observers [5].

With a comprehensive data set of 44,637 canine eye images divided into training (75%), validation
(10%) and test (15%) sets, there is a growing opportunity to develop robust automated classification
methods tailored to this domain. Traditional deep learning approaches in medical imaging are based
primarily on spatial features extracted from raw RGB images [6]. However, these approaches may
miss valuable diagnostic features that are more apparent in other domains.

Frequency domain representations, such as those derived from Fourier Transform (FT) and
Wavelet Transform (WT), offer complementary insights by capturing global frequency distributions
and localized texture variations, respectively [7,8]. The Fourier transform decomposes images into
constituent frequency components, revealing periodic patterns regardless of spatial location, while
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wavelets provide localized frequency information, preserving both frequency and spatial details.
Although these techniques have shown promise in human imaging applications, such as improving
microcalcification detection on mammograms [9], their integration into the classification of veterinary
ocular diseases remains largely unexplored. Existing studies have focused mainly on spatial feature-
based models, leaving untapped potential to take advantage of frequency domain information for
improved diagnostic precision [4].

This study proposes a novel multimodal deep learning framework that integrates Vision Trans-
former models with Fourier and wavelet transforms to classify canine ocular diseases. We hypothesize
that combining spatial and frequency domain features can enhance model performance by capturing
subtle patterns not fully addressed by conventional methods. Our experimental design includes
three distinct approaches: (1) classification using original images alone (baseline), (2) original images
combined with Fourier-transformed images, and (3) original images with wavelet-transformed images.

Our key contributions include

1.  Design and implementation of a dual input vision transformer (ViT) architecture that processes
both original eye images and their frequency domain representations.

2. Comprehensive evaluation and demonstration of the efficacy of frequency domain features in
veterinary ophthalmology.

3.  Comparative analysis of Fourier and wavelet transformations to improve diagnostic precision in
five common canine eye conditions.

The remainder of this paper is organized as follows. Section II presents related work on med-
ical image analysis and multimodal learning; Section III details our methodology, including data
preparation, model architecture, and training procedure; Section IV reports experimental results and
comparative analysis; Section V discusses implications, limitations, and future directions; and Sec-
tion VI concludes the article. These advances could improve veterinary diagnostic tools and inspire
applications in other medical imaging fields.

2. Related Work
2.1. Deep Learning in Veterinary Medical Imaging

Deep learning applications in veterinary medicine have grown significantly in recent years.
Nogueira et al. [10] applied convolutional neural networks (CNN) to classify radiographic images
of canine hip dysplasia with precision comparable to that of board-certified radiologists. Similarly;,
Nyquist et al. [11] evaluated a novel artificial intelligence software program for veterinary dental
radiography, showing good to excellent agreement with human evaluators in detecting common
dental pathologies, such as periodontal conditions, in dogs and cats. Furthermore, Dumortier et al. [12]
employed a CNN based on ResNet50V2 to detect pulmonary abnormalities from lateral thoracic
radiographs in cats, achieving an average accuracy of 82% and demonstrating the potential of deep
learning in veterinary radiographic analysis. However, most existing approaches rely solely on spatial
domain features extracted from original images, potentially missing valuable diagnostic information.

2.2. Multi-Modal Learning in Medical Imaging

Multi-modal learning leverages complementary information from different data sources or repre-
sentations to improve performance [13]. In human medical imaging, multimodal approaches have
shown superior results compared to single-modal methods. For example, Zhang et al. [14] combined
magnetic resonance and computed tomography data to improve brain tumor segmentation, while
Wang et al. [15] integrated clinical metadata with radiographic images for a more accurate diagnosis
of pneumonia. In ophthalmology specifically, Li et al. [16] combined optical coherence tomography
(OCT) and fundus photographs in an Al-based dual-modality analysis to detect diabetic retinopathy,
achieving higher sensitivity and specificity compared to single-modal approaches.
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2.2.1. Frequency Domain Analysis in Medical Imaging

Frequency domain transformations have long been used in medical image processing to enhance
feature extraction. The Fourier transform decomposes an image into its constituent frequency com-
ponents, uncovering periodic patterns regardless of their spatial location [7]. In contrast, wavelet
transforms offer localized frequency information, preserving both frequency and spatial details [8]. In
medical applications, Rahman et al. [17] leveraged Fourier features to improve breast cancer detection
on mammograms, while Abd El Kader et al. [18] utilized wavelet transformations in a deep autoen-
coder model to improve brain tumor classification on magnetic resonance images, achieving high
accuracy. Furthermore, Yoon et al. [19] surveyed domain generalization techniques in medical image
analysis, emphasizing how frequency domain methods can improve model robustness across diverse
datasets, a critical aspect for extending such approaches to specialized domains like veterinary imaging.
Despite these advances in human medicine, the application of frequency domain analysis in veterinary
medical imaging remains largely unexplored, presenting an opportunity for novel contributions in
this field.

2.3. Vision Transformers in Medical Image Analysis

Since their introduction by Dosovitskiy et al. [1], Vision Transformers (ViT) have emerged as
powerful alternatives to CNN for image analysis tasks. By applying the self-attention mechanism to
image patches, ViTs can capture long-range dependencies and global context more effectively than
CNNs, which rely on local convolution operations. In medical imaging, ViTs have demonstrated state-
of-the-art performance across multiple tasks and modalities. Chen et al. [20] adapted ViTs for chest
X-ray classification, outperforming CNN-based approaches, while Hatamizadeh et al. [21] proposed
a ViT-based architecture for medical image segmentation that achieved superior results on several
benchmark datasets. Our work builds on these advances, leveraging the strengths of ViTs within
a novel multimodal framework that incorporates information from both the spatial and frequency
domains for enhanced classification of canine ophthalmic diseases.

3. Materials and Methods
3.1. Dataset

We used a comprehensive data set of canine eye images collected from veterinary ophthalmology
centers [22]. The data set contains 44,637 images in five common conditions, with the distribution

detailed in Table 1.
Table 1. Dataset Distribution Across Classes and Sets.
Class Training Validation Test Total
Eyelid Tumor 3,607 481 722 4,810
Nuclear Sclerosis 7,200 960 1,440 9,600
Cataract 5,163 689 1,033 6,885
Ulcerative 10,305 1,374 2,062 13,741
Keratitis
Epiphora 7,200 960 1,441 9,601
Total 33,475 4,464 6,698 44,637

The images were captured under standardized clinical conditions using ophthalmoscopes and
specialized cameras. All diagnoses were confirmed by board-certified veterinary ophthalmologists. As
shown in Table 1, the data set was split into training sets (75%), validation sets (10%) and testing sets
(15%), with stratification to maintain class distribution between groups.
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Figure 1. Representative images from each disease category in our dataset: (a) Eyelid Tumor; (b) Nuclear Sclerosis;
(c) Cataract; (d) Ulcerative Keratitis; (e) Epiphora.

4. Image Preprocessing and Frequency Domain Transformations
4.1. Spatial Domain Preprocessing

All images were resized to 384x384 pixels using Lanczos resampling to preserve details during
downscaling. Single channel (grayscale) images were converted to RGB format. For training augmen-
tation, we applied random horizontal flipping, rotation (+15°), and color jittering (brightness, contrast,
and saturation adjustments of up to 20%).

4.1.1. Fourier Transform Preprocessing

For the Fourier domain representation, we applied the 2D Fast Fourier Transform (FFT) to each
color channel of the preprocessed images. The resulting frequency spectra were shifted to center
the zero-frequency component and converted to a logarithmic scale to enhance visualization of high-
frequency patterns:

F(u,v) = F{f(x,y)} 1)

S(u,v) =log(1+ |F(u,v)|) )

where f(x,y) is the original image, F(u, v) is its Fourier transform, and S(u, v) is the logarithmi-
cally scaled spectrum.

4.1.2. Wavelet Transform Preprocessing

For the wavelet domain representation, we applied a discrete wavelet transform (DWT) using
the Daubechies-4 wavelet. The DWT decomposes the image into approximation coefficients (low-
frequency content) and detail coefficients (high-frequency content) at multiple scales. We utilized a
3-level decomposition, generating 10 coefficient matrices per color channel. These coefficients were
normalized and combined into RGB-like images for input to the network.

(b)

Figure 2. Visual comparison of image representations of a canine eye with cataract: (a) Original image; (b) Fourier
transform; (c) Wavelet transform.
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5. Model Architecture
We developed three distinct model architectures for comparative evaluation:

1.  Baseline Model: A single-input Vision Transformer (ViT) that processes only the original images
Fourier Multi-modal Model: A dual-input ViT that processes both original images and their
Fourier transformations

3.  Wavelet Multi-modal Model: A dual-input ViT that processes both original images and their
wavelet transformations

5.1. Baseline Model

The baseline model used a pre-trained ViT-Base architecture (patch size 16x16, 12 transformer
layers, 12 attention heads, embedding dimension 768) fine-tuned for our specific classification task. The
model was implemented using the HuggingFace Transformers library, with the pre-trained weights
from the ‘google/vit-base-patch16-384’ checkpoint.

5.2. Multi-Modal Models
The multi-modal architectures (both Fourier and wavelet variants) consisted of:
1.  Two parallel ViT-Base encoders:

*  One for processing the original spatial domain images

¢ One for processing the frequency domain representations (Fourier or wavelet)
2. A fusion module to combine the embeddings from both encoders
3. A classification head to produce the final predictions

The fusion module concatenated the [CLS] token embeddings (768 dimensional vectors) from
both encoders, resulting in a representation of 1536 dimensional. This combined representation was
then passed through a multilayer perceptron (MLP) with architecture:

1.  Linear layer: 1536 — 256 units with ReLU activation
2. Dropout layer (rate = 0.1)
3.  Linear layer: 256 — 5 units (one per class)

Multi-modal Vision Transformer Architecture

ViT Encoder
Original | Patch Size: 16x16
riginal Image Layers: 12 [CLS] Token
384x384x3
Heads: 12

Embedding Dim: 768

MLP Head

Concat 15362565
(1536x1)
) ReLU

Dropout (0.1)

ViT Encoder Output
requency Domai Patch Size: 16x16 (5 classes)
384x384x3 Layers: 12 [CLS] Token
(Fourier/Wavelet) Heads: 12

(768%1)

Embedding Dim: 768

|:| Spatial Domain Path D Frequency Domain PatD Feature Fusion Classification

Figure 3. Architecture diagram of the proposed multi-modal ViT model, showing parallel processing streams for
spatial and frequency domain inputs with subsequent feature fusion.
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6. Training Procedure

All models were trained using similar hyperparameters to ensure a fair comparison:

- Optimizer: Adam with learning rate 1 x 10~* - Learning rate schedule: Step decay (gamma =
0.1) every 5 epochs - Loss function: Cross-entropy with class weights inversely proportional to class
frequencies - Batch size: 32 - Training duration: Up to 25 epochs with early stopping (patience = 5
epochs) based on validation accuracy - Hardware: NVIDIA H100 80GB GPUs (multi-GPU training
with DataParallel)

To address class imbalance, we applied inverse frequency weighting in the loss function:

_1
o

where w, is the weight of the class ¢ and f; is the frequency of class ¢ in the training set.

We

3)

The code was implemented in PyTorch, and all experiments were performed with the same
random seed to ensure reproducibility. For model evaluation, we used accuracy, F1 score, ROC-AUC,
and confusion matrices as the primary performance metrics.

7. Results
7.1. Classification Performance

Table 2 summarizes the performance metrics of the three models on the test set.

Table 2. Comparison of Model Performance Metrics on the Test Set.

Model Accuracy Avg. F1-Score ROC-AUC
Baseline (Single-modal)  85.65% 0.843 0.982
Multi-modal (Fourier) 86.52% 0.854 0.983
Multi-modal (Wavelet) 86.17% 0.849 0.984

The Fourier-based multimodal model achieved the highest overall accuracy (86. 52%) and the F1
score (0.854), outperforming both the baseline single-modality model and the wavelet-based model.
All models demonstrated excellent ROC-AUC scores (>0.98), indicating high discriminative power
across all classes of disease.

7.2. Class-Wise Performance

Table 3 presents the class-wise accuracy and F1 scores for each model.

Table 3. Class-wise Performance Metrics.

. Baseline Fourier Wavelet
Disease Class
Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score

Eyelid Tumor 84.63% 0.795 89.06% 0.818 86.43% 0.808
Nuclear Sclerosis 77.92% 0.766 77.71% 0.774 78.33% 0.773
Cataract 81.99% 0.825 84.22% 0.842 83.06% 0.830
Ulcerative Keratitis 91.90% 0.937 92.05% 0.939 92.05% 0.939
Epiphora 87.58% 0.892 87.79% 0.896 87.72% 0.896

The Fourier-based multimodal model showed the best performance for four of five disease classes,
with particularly notable improvements in eyelid tumor classification (+4. 43% accracy) and cataract
detection (+2. 23% accuracy) compared to baseline. The wavelet-based model performed best for
Nuclear Sclerosis, though by a small margin. In all models, Ulcerative Keratitis was the most accurately
classified condition, while Nuclear Sclerosis proved to be the most challenging.
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7.3. Confusion Matrix Analysis

The confusion matrices in Figure 4 reveal the error patterns of each model. All three models
showed similar trends of confusion, with nuclear sclerosis frequently misclassified as other conditions,
particularly Epiphora and Cataract. The Fourier-based model (Figure 4b) demonstrated reduced
confusion, particularly for the classes of eyelid tumors and cataracts compared to baseline (Figure 4a).

Normalized Confusion Matrix Normalized Confusion Matrix (Multi-modal)

Nuclear Sclerosis  Eyelid Tumor
Nuclear Sclerosis ~ Eyelid Tumor

True
Cataract
True
Cataract

-04

-02

Ulcerative Keratitis
Ulcerative Keratitis

Epiphora
Epiphora

Cataract  Ulcerative Keratitis ~ Epiphora Eyelid Tumor  Nuclear Sclerosis ~ Cataract  Ulcerative Keratitis ~ Epiphora

Predicted Predicted

Eyelid Tumor  Nuclear Sclerosis

Normalized Confusion Matrix (wavelet)

0.8

0.6

Nuclear Sclerosis ~ Eyelid Tumor

True
Cataract

-0.4

Ulcerative Keratitis

-0.2

Epiphora

Cataract  Ulcerative Keratitis ~ Epiphora

Predicted

Eyelid Tumor  Nuclear Sclerosis

(a) Baseline model (b) Fourier multi-modal model
(c) Wavelet multi-modal model

Figure 4. Normalized confusion matrices for the three models.

A notable pattern across all models was the relatively high accuracy for Ulcerative Keratitis (>92%),
likely due to its distinctive visual presentation with clear corneal defects. The integration of frequency
domain information in both multimodal approaches was particularly beneficial in differentiating
between conditions with subtle visual differences, such as Eyelid Tumor and Cataract, where the
Fourier-based model showed the most substantial improvements over the baseline.

8. Discussion
8.1. Interpretation of Results

Our experimental results demonstrate that incorporating frequency domain information consis-
tently improves classification performance for canine ophthalmic diseases. The multimodal approaches
outperformed the baseline model in all key metrics, confirming our hypothesis that frequency trans-
formations can reveal complementary diagnostic features that are not readily apparent in the spatial
domain.

The Fourier-based model’s superior performance, particularly for Eyelid Tumor and Cataract
classes, suggests that global frequency patterns may be especially relevant for these conditions. Eyelid
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tumors often present with distinctive textural changes, whereas cataracts typically manifest as opacity
patterns that may be more discernible in the frequency domain. For Nuclear Sclerosis, the slight
advantage of the wavelet-based model indicates that localized frequency information might better
capture the subtle, gradual changes characteristic of this condition.

Ulcerative Keratitis showed consistently high performance in all models, likely due to its distinc-
tive presentation with clear corneal defects that are readily identifiable in both spatial and frequency
domains. The similar performance across Epiphora models suggests that its key diagnostic features
are equally well represented in all domains.

8.2. Technical Implications and Potential Applications

The improved performance metrics of our multimodal approach demonstrate technical advan-
tages that could be applied in various contexts:

1.  Model Architecture Efficiency: Our dual-input ViT architecture shows that integrating com-
plementary data representations can yield performance improvements without requiring more
complex backbone networks.

2. Frequency Domain Effectiveness: The consistent performance gains, particularly with Fourier
transforms, suggest that frequency domain information could benefit other medical image
classification tasks beyond veterinary applications.

3. Automated Analysis Framework: The proposed framework provides a pipeline for automated
image analysis that could be adapted to other diagnostic imaging tasks where consistent evalua-
tion is valuable.

4.  Interpretable Results: The class-wise performance variations offer insights into which conditions
benefit most from frequency domain analysis, potentially guiding future research directions.

The significant improvements in specific categories (eyelid tumors +4.43% and cataracts +2.23%)
highlight the value of targeted multimodal approaches for challenging classification cases, which could
be extended to other computer vision applications requiring fine-grained discrimination.

8.3. Limitations

Despite the promising results, several limitations should be acknowledged:

1.  Dataset Composition: Although comprehensive, our data set may not represent the full diversity
of presentations in different dog breeds, ages, and disease stages.

2. Computational Requirements: The dual encoder architecture significantly increases computa-
tional demands during both training and inference, potentially limiting deployment on resource-
constrained devices.

3.  Binary Approach to Disease: Our classification framework treats each condition as present or
absent, whereas real-world cases often involve gradations of severity or co-occurring conditions.

4. Model Interpretability: The attention mechanisms of ViTs offer some interpretability, but more
work is needed to provide clinically meaningful explanations for the predictions.

8.4. Future Directions

Several promising avenues for future research emerge from this work.

1.  Model Optimization: Investigating more efficient fusion strategies and lightweight architectures
to reduce computational requirements.

2. Additional Modalities: Incorporating clinical metadata, breed information, or other imaging
modalities (e.g. ultrasound) could further enhance performance.

3.  Explainable AI: Developing visualization techniques to highlight the specific features that
contribute to diagnoses, enhancing clinician trust and adoption.

4.  Severity Grading: Extending the framework to assess the severity of the disease, not just the
presence, would provide more nuanced clinical information.
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5. Comprehensive Benchmark Framework: Developing standardized evaluation protocols and
benchmark datasets to systematically assess model performance across diverse image qualities,
acquisition devices, and environmental conditions. This would enable objective comparison
between different computational approaches and establish reliable metrics for real-world deploy-
ment readiness.

9. Conclusion

This study presented a novel multimodal deep learning approach for the classification of ca-
nine ophthalmic diseases, utilizing information from the spatial and frequency domains through a
dual input vision transformer architecture. Our results demonstrate that the integration of Fourier
transformations with original images yields superior performance compared to both single-modality
approaches and wavelet-based alternatives.

The proposed Fourier multimodal model achieved 86.52% precision, 0.854 F1 score and 0.983
ROC-AUC in five common canine eye conditions, with particular improvements in the detection of
eyelid tumors (+4.43%) and cataracts (+2.23%). These findings highlight the value of frequency domain
analysis in medical imaging applications and demonstrate the potential of multimodal approaches for
complex classification tasks.

Future work will focus on model optimization, computational efficiency improvements, and
developing robust benchmark frameworks to evaluate performance across diverse conditions. By
advancing the technical capabilities of automated classification systems, this research contributes to
the growing field of Al-assisted image analysis and provides a foundation for further computational
innovations in medical imaging domains.

Acknowledgments: This research was supported by the MSIT (Ministry of Science ICT), Korea, under the National
Program for Excellence in SW, supervised by the IITP (Institute of Information & Communications Technology
Planning & Evaluation) in 2022 (2022-0-01091, 1711175863).

Abbreviations

The following abbreviations are used in this manuscript:

ViT Vision Transformer

CNN Convolutional Neural Network

FT Fourier Transform

WT Wavelet Transform

FFT Fast Fourier Transform

DWT Discrete Wavelet Transform

ROC-AUC Receiver Operating Characteristic - Area Under Curve
MLP Multilayer Perceptron
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