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Abstract. Ovarian cancer has a high mortality rate due to late diagnosis, which
drives ongoing research to improve histopathological image analysis through
artificial intelligence (Al). This study proposes a method for the automatic clas-
sification of four ovarian cancer subtypes using the Ovarian Cancer and Sub-
types Histopathology Dataset, incorporating image processing techniques, data
augmentation, and deep learning. The best performance was achieved with the
Swin Transformer architecture, reaching an average accuracy of 98%. These re-
sults suggest that the proposed method is a promising approach for classifying
ovarian cancer subtypes in histopathological images.

1. Introduction

In recent decades, society has undergone a significant transformation driven by techno-
logical advances, especially in the field of Al. This evolution has expanded the range of
possible applications across multiple domains, including medicine, which has been bene-
fiting from automated solutions for more accurate and efficient diagnoses, prognoses, and
treatments. [Werner 2019]

Among the most promising emerging applications in the healthcare field is the
use of deep learning (DL) for interpreting medical images, such as X-rays, magnetic res-
onance imaging (MRI), and histopathological slides. These images are commonly used in
the diagnosis of various diseases, including cancer. Al-based methods have demonstrated
the ability to identify subtle patterns that assist healthcare professionals in the early and
accurate detection of pathologies. [Vedana et al. 2024]

Ovarian cancer is a neoplasm that is difficult to detect at an early stage and has a
high mortality rate. According to Instituto Nacional de Cancer (INCA), it is one of the
most aggressive types of cancer and is often diagnosed only in advanced stages, when the



chances of cure are significantly reduced. Among gynecological cancers, it ranks second
in incidence, while globally, it is among the 7th to 8th most common cancers in women.
[INCA 2023]

In addition to traditional convolutional neural networks (CNNs), more recent ar-
chitectures such as Transformers have gained prominence due to their ability to capture
complex patterns. The Swin Transformer, for instance, employs sliding windows and hi-
erarchical attention mechanisms, enabling efficient modeling of spatial dependencies at
multiple scales. [Liu et al. 2021]

Considering these challenges, the main objective of this study is to propose a
computational method for the automatic classification of ovarian cancer subtypes in
histopathological images, using image processing techniques and deep learning. The
automatic classification of these subtypes is essential for early diagnosis, significantly
increasing patients’ chances of survival and cure. The main contributions of this work
include:

* Enhancement of the intrinsic features of the images through image processing
techniques;

* Use of the Swin Transformer architecture for cancer subtype classification, achiev-
ing results that surpass those reported in the literature.

The remainder of this paper is organized as follows: Section 2 presents the related
work; Section 3 describes the materials and methods used; Section 4 discusses the results
obtained; and finally, Section 5 presents the conclusions and suggestions for future work.

2. Related Work

Recent studies on the application of deep learning (DL) to the classification of epithelial
ovarian cancer subtypes were analyzed. Most of the reviewed works employ CNN-based
architectures, although some more recent studies also explore the use of Transformer-
based models, as presented below:

Based on a modified version of the AlexNet architecture developed by the authors
themselves, [Kasture et al. 2021] demonstrated that the application of data augmentation
techniques improved accuracy from 70% to 83,93%. The study underscored the effective-
ness of this approach in enhancing the generalization capability of deep learning models
for multi-class classification involving four tumor subtypes and one non-cancerous class.

In the method proposed by [Kussaibi et al. 2024] An Al pipeline was developed to
classify the main subtypes of epithelial ovarian cancer using slide images. ResNet-50 was
employed to extract features, which were subsequently processed by two classifiers (CNN
and LightGBM), both achieving a precision of 97%. The inclusion of a class-weighted
loss function contributed to a better differentiation among the subtypes.

To evaluate the performance of different deep learning architectures in subtype
classification, [Radhakrishnan et al. 2024] compared seven models, with InceptionV3
standing out by achieving an accuracy of 97,96%. In addition, they applied explainable
artificial intelligence (XAI) techniques, such as Grad-CAM, saliency maps, Integrated
Gradients, and DeepLift, to identify the image regions that influenced the model’s deci-
sions and to enhance its interpretability.



In turn, [Breen et al. 2024], compared 14 pretrained models, including CNNs
and Transformers, for the classification of ovarian cancer subtypes. Transformer-
based models stood out, achieving an accuracy of up to 97%. In a subsequent study,
[Breen et al. 2025] focused on reducing the computational cost of these models. Despite
the resource savings, using only 25% of the computational capacity, they managed to
maintain the same performance, making the solution more feasible for clinical applica-
tion.

The cited studies employed various techniques to automate the classification of
epithelial ovarian cancer, including data augmentation and comparisons between CNN
and Transformer architectures, approaches also explored in this work, as well as hyperpa-
rameter tuning, which was conducted in only a few of the analyzed studies.

It is worth noting that most of the reviewed studies did not apply specific filters
or preprocessing techniques beyond basic color normalization. In addition, while many
works relied on larger datasets, Kasture et al. (2021) used the same dataset adopted in the
present research. None of the studies, however, explored preprocessing methods explic-
itly designed to enhance morphological structures, which could support a more accurate
differentiation between tumor subtypes.

Relevant challenges therefore remain, such as distinguishing subtypes with over-
lapping characteristics and ensuring that models generalize well when trained on limited
data. In this scenario, architectures like the Swin Transformer stand out for their ability to
capture complex structural patterns and, when combined with tailored image processing
techniques, hold strong potential to advance histopathological image analysis.

3. Materials and Method

The method developed in this study aims to improve precision in the classification of
histopathological images of epithelial ovarian cancer subtypes, enabling the identification
of complex tissue patterns and enhancing the quality of the results obtained.

The process began with image pre-processing to enhance texture-related features.
Next, online data augmentation was applied to increase dataset diversity. The data were
then split into folds for training, and classification was performed using a neural network
model. Finally, model performance was evaluated using metrics such as Accuracy, Preci-
sion, F1-Score, and Recall. Figure 1 illustrates these steps, which are detailed below.
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Figure 1. Main Steps of the Proposed Method.

3.1. Dataset

The dataset used in this study was the Ovarian Cancer and Subtypes Dataset Histopathol-
ogy [Kasture et al. 2021], a publicly available dataset comprising 500 histopathological



images of ovarian cancer, categorized into five subtypes: Clear Cell, Endometrioid, Mu-
cinous, Serous, and Non-Cancerous. The classes are balanced, with 100 samples per
category.

The images are available in various resolutions, ranging from 225 to 888 pixels in
height and 225 to 550 pixels in width, and are presented in RGB color format. For method
validation and input standardization for CNNs and Transformers, all images were resized
to 224 x 224. Figure 2 shows examples of the classes included in the dataset.

Clear Cell Endometri Mucinous Non Concerous Serous

Figure 2. Sample Images from the Dataset.

3.2. Preprocessing

The preprocessing of histopathological images aimed to standardize intensity distribution
and reduce interference that could compromise the extraction of relevant features by neu-
ral networks. To this end, median filtering and histogram equalization techniques were
applied, respectively. Combined, these techniques aimed to adjust image contrast and
highlight cancerous cellular structures, which often resemble the surrounding tissue. This
procedure also sought to mitigate chromatic variations resulting from different staining
protocols used in histological slides.

In the application of histogram equalization, the LAB color space was used, with
the equalization applied specifically to the L. (luminance) channel. This approach aimed
to prevent abrupt color shifts and to facilitate the differentiation between regions and
subtypes. According to [Gonzalez and Woods 2018], this technique redistributes gray
levels, enhancing structural details of the cells.

However, when applied in isolation, it may intensify image noise, hindering
morphological analysis. To mitigate this effect, median filtering was applied first,
as it removes noise while preserving cellular edges and contours. As described by
[Gonzalez and Woods 2018], this method avoids excessive smoothing of morphological
structures, distinguishing itself from linear filters, which may compromise the distinction
between cellular components.

Figure 3 presents the transformations applied to the images in the dataset.

3.3. Data Augmentation

As highlighted in Section 3.1, each class contains only 100 samples, which may lead to
overfitting or ineffective training of deep learning architectures. To mitigate this issue,
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Figure 3. Example of the Applied Preprocessing.

data augmentation was proposed, applying subtle modifications to the images in order
to increase both the variability and the number of samples in the dataset. The following
transformations were employed:

* Random rotation: simulates different orientations of histopathological slides,
making the model more robust to variations in tissue positioning.

* Horizontal and vertical flipping: introduces structural variations, enabling the
model to learn symmetric patterns in different directions.

* Scaling variations: resizes images to expose the model to different magnification
levels, facilitating the identification of textural features at varying resolutions.

* Brightness and contrast adjustments: modifies illumination levels to simulate
different image acquisition conditions.

It is worth noting that data augmentation was used exclusively during the train-
ing phase, with the goal of increasing dataset diversity, reducing the risk of overfitting,
and improving the model’s generalization capability. This technique generated new syn-
thetic samples by applying transformations to the original images, allowing the model to
learn natural variations in histological patterns without the need to manually expand the
dataset. However, during the testing phase, the images remained unaltered, ensuring that
the model’s performance was evaluated solely on real, unmodified data.

3.4. Classification

After data augmentation, different architectures were trained to classify the ovarian cancer
subtypes. However, it is first necessary to define the dataset splitting strategy for training.
In this work, cross-validation was used, as described below.

3.4.1. Dataset Splitting

To ensure reliable evaluation and reduce bias during the training phase, the k-fold cross-
validation technique was adopted, with k=5. he data were divided as follows:

* Four folds were used for training the model with data augmentation, enabling it to
learn relevant patterns from the available samples.

* One fold was reserved for testing, allowing an unbiased evaluation of the model’s
performance on unseen data.



In addition to reducing the risk of overfitting, this approach allowed the model to
be trained and tested on different subdivisions of the dataset, ensuring better generaliza-
tion and making it more robust for classifying new samples. As a result, the technique
ensured that the outcomes were more accurate and representative, realistically reflecting
the model’s effectiveness in a clinical setting.

After the data split, different deep neural network architectures were trained.

3.4.2. Training

For the classification stage, several deep neural network architectures were tested, all
widely used in medical image analysis and classification. Each model presents spe-
cific characteristics that influence its performance in extracting relevant patterns from
histopathological images. The networks used are described below:

¢ Swin Transformer: an architecture based on the self-attention mechanism, de-
signed for efficient image processing. Unlike traditional Transformers, the Swin
Transformer employs hierarchical sliding windows to capture long-range spatial
relationships more efficiently [Liu et al. 2021]. Its structure allows modeling of
global dependencies while maintaining reduced computational cost.

* VGG16: a CNN composed of 16 layers, known for its sequential architecture and
structural simplicity [Simonyan and Zisserman 2015]. It is characterized by the
use of small filters (3 x 3) and a large number of trainable parameters, enabling
the extraction of detailed features.

* ResNet50: a model based on residual networks, designed to mitigate the vanish-
ing gradient problem in deep architectures [He et al. 2016]. Its main innovation
lies in residual blocks, which use skip connections to facilitate gradient flow dur-
ing training. This approach enhances the learning capacity of deep networks,
making ResNet-50 one of the most widely used architectures in medical image
classification tasks.

* DenseNetl121: an architecture that connects all layers in a dense manner,
where each layer receives as input the feature maps of all preceding layers
[Huang et al. 2017]. This strategy reduces the number of trainable parameters
and improves feature reuse throughout the network.

The selected networks were chosen based on their documented performance in the
literature, demonstrating consistent and satisfactory results in similar tasks. At the end
of the training process, the models were compared across different scenarios, with and
without image preprocessing. This allowed for the assessment of preprocessing impact
and the selection of the most effective approach for automated ovarian cancer detection
in histopathological images.

3.5. Evaluation

The performance of the models was evaluated using the metrics accuracy, precision, re-
call, and F1-score, which are widely used in the literature to measure the effectiveness of
machine learning algorithms. These metrics are essential for assessing the model’s ability
to correctly identify the classes, balancing false positives and false negatives, an aspect
that is particularly relevant in medical applications. [Vilela et al. 2022]



4. Results and Discussion

This section presents the experiments conducted to validate the proposed method. First,
the training environment is described, followed by an analysis of the experiments carried
out to assess the influence of preprocessing on the performance of deep learning models.
Finally, the results obtained are compared with those reported in the literature, highlight-
ing the contributions of this study and the relevance of its findings.

4.1. Development Environment

The experiments were conducted in a computational environment configured on a com-
puter with an Intel® Core™ i7-9700K processor, 16GB of RAM, and an NVIDIA
GeForce GTX 1650 Super GPU. The model development was carried out using Python
3.8 and libraries such as TensorFlow, PyTorch, OpenCV, and Scikit-Learn. All networks
were trained for 20 epochs with batches of 32 images, using the Categorical Cross-
Entropy Loss function optimized by the Adam algorithm, with a learning rate of 0.0001.

4.2. Experiments
This section highlights the experiments conducted to validate the proposed method.

4.2.1. Experiment 1: Without Preprocessing
The first experiment evaluated the performance of the neural networks without applying

preprocessing techniques, allowing for the analysis of each model’s capability to classify
ovarian cancer subtypes using raw images. The results obtained are presented in Table 1.

Table 1. Results of the Networks Without Preprocessing

Architecture | Accuracy | Precision | F1-Score | Recall
Swin Transformer | 87,00% 87,93% 87,00% | 86,66%
VGG16 78,00% 79,17% 78,00% | 77,36%
ResNet50 65,00% 66,91% 65,00% | 64,39%
DenseNetl121 57,00% 71,20% 57,00% | 52,80%

The results indicate that, without preprocessing, the Swin Transformer achieved
the highest accuracy, reaching 87%, followed by VGG16 with 78%. ResNet50 and
DenseNet121 showed lower performance, with accuracies of 65% and 57%, respectively.
The variation in performance suggests that neural networks with different architectures
have varying capabilities in extracting relevant features from raw images. These findings
indicate that the Swin Transformer is an effective option for classifying ovarian cancer
subtypes in a small-scale dataset such as the one used in this study.

4.2.2. Experiment 2: With Preprocessing

In the second experiment, a preprocessing step was applied with the aim of enhancing the
morphological structures in the images prior to model training. The filters described in
Section 3.2 were used. Table 2 presents the results obtained after image preprocessing.



Table 2. Results of the Networks with Median Filtering and Histogram Equaliza-

tion
Architecture | Accuracy | Precision | F1-Score | Recall
Swin Transformer | 98,00% 98,10% 98,00% | 98,00%
VGGNet 16 83,00% 84,62% 83,00% | 82,75%
ResNet 50 69,00% 71,41% 69,00% | 64,74%
DenseNet 121 71,00% 76,41% 71,00% | 71,56%

After applying preprocessing, all networks showed improvements in performance
metrics. The Swin Transformer achieved an accuracy of 98%, indicating that the pre-
processing step contributed to better extraction of relevant image patterns. VGG16 also
improved, increasing from 78% to 83%. ResNet50 and DenseNet121, which had the
lowest accuracies in the first experiment, reached 69% and 71%, respectively.

The comparative analysis between experiments suggests that preprocessing helped
reduce the impact of noise and color variation in the images, enabling the neural networks
to more accurately identify the morphological structures relevant to classification. The
performance of DenseNetl121, for example, improved significantly after the application
of filters, surpassing ResNet50 in tumor subtype classification. This indicates that mod-
els which initially struggled to extract features can benefit from techniques that enhance
image quality prior to the training phase.

4.3. Confusion Matrix Analysis

To analyze the results, a confusion matrix was generated for a single fold using the best-
performing model with preprocessing, the Swin Transformer. Figure 4 presents the result.
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Figure 4. Confusion Matrix of the Swin Transformer

The confusion matrix of the Swin Transformer model demonstrates excellent per-



formance in the classification of histopathological images, with high precision across all
classes. The model achieved 100% accuracy in classifying the clear cell, endometrioid,
and mucinous classes. However, minor misclassifications occurred in the non-cancerous
and serous classes: one non-cancerous sample was incorrectly classified as mucinous, and
one serous sample was classified as endometrioid. These errors suggest slight overlap in
the features extracted from these classes, possibly due to morphological similarities in the
images. Despite these small mistakes, the model showed highly satisfactory performance,
with an overall accuracy close to 98%. This result suggests that the Swin Transformer is
capable of capturing relevant patterns for class differentiation.

4.4. Comparison with Related Work

This section presents the results achieved in comparison with the studies discussed in
Section 2. Table 3 provides a summary of this comparison.

Table 3. Comparison of Deep Learning Models for the Classification of Epithelial
Ovarian Cancer Subtypes

Author \ Deep Learning Model | Accuracy
[Kasture et al. 2021] AlexNet 83.93%
[Kussaibi et al. 2024] ResNet50 97%
[Radhakrishnan et al. 2024] InceptionV3 97.96%
[Breen et al. 2024] Transformer 97%
[Breen et al. 2025] Transformer 97%
Proposed Method Preprocessing + Swin Transformer 98 %

The results of this study demonstrate superior performance compared to the ap-
proaches discussed in Section 2. The main distinguishing factor was the image prepro-
cessing step, which had a significant impact on the accuracy of the tested models.

The experiments showed that preprocessing enhanced the accuracy of the mod-
els. Moreover, while some studies rely on large datasets to avoid overfitting, the results
indicate that efficient preprocessing enables high performance even with limited datasets.

5. Conclusion and Future Work

This study presented a method for the automatic classification of ovarian cancer subtypes
in histopathological images, combining image preprocessing with the Swin Transformer
architecture. The proposed approach resulted in an efficient model, achieving 98% accu-
racy, 98% precision, 98% F1-score, and 98% sensitivity, demonstrating its effectiveness
in distinguishing tumor subtypes. The integration of image processing techniques, such
as median filtering and histogram equalization, significantly contributed to performance
improvement, highlighting the importance of preprocessing in computational histopathol-
ogy. These findings reinforce the potential of the model as a supporting tool for patholo-
gists, enabling faster and more reliable diagnoses.

For future work, we plan to perform hyperparameter optimization along with the
exploration of additional preprocessing techniques. Furthermore, the method will be
tested on other datasets to assess its generalization ability, given that the current dataset
is limited in size. We believe that the combination of deep learning and advanced image



processing techniques could represent a significant advance in the analysis of histopatho-
logical images, contributing to the earlier and more accurate detection of ovarian cancer.
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