
1



A Study on Ensemble Learning for Cervical
Cytology Classification

Van-Khanh Tran1⋆, Thai-Hoc Nguyen1†, Xuan-Lam Dinh1, and
Chi-Cuong Nghiem2

1 Institute of Applied Science and Technology - IAST
University of Information and Communication Technology, Thai Nguyen University

{tvkhanh, dxlam}@ictu.edu.vn; thaihocit02@gmail.com
2 Department of Pathology, Hospital A Thai Nguyen

bscuongbva@gmail.com

Abstract. Cervical cancer remains one of the leading causes of mor-
tality among women, which requires early detection and treatment to
mitigate its impact. Recent advancements in medical image classification
have demonstrated significant efficacy, with ensemble learning strategies
playing a crucial role. Ensemble learning takes advantage of the combined
strengths of multiple models to improve classification accuracy by creat-
ing a stronger and more accurate predictive model. This study presents
an ensemble learning approach incorporating preprocessing techniques,
image enhancement methods, and six diverse convolutional neural net-
work (CNN) architectures for the classification of cervical cytology im-
ages from a Vietnamese dataset. Our ensemble models demonstrated su-
perior classification performances across various metrics. Moreover, we
observed a significant influence of image size variations on model efficacy,
highlighting the importance of standardized image preprocessing.

Keywords: Cervical Cytology Screening · Ensemble Learning · Deep
Learning.

1 Introduction

Cervical cancer originates in the lower part of the uterus and is often associated
with viral infections, carrying a high risk of transmission through sexual contact.
It is the second leading cause of death from malignant diseases in women [2].
Regular screening, like other preventive measures, can significantly reduce mor-
tality by enabling early detection [7]. The Pap smear test is a crucial screening
procedure for identifying cancerous or precancerous cells in the cervix. It involves
gently scraping a sample of cervical cells, spreading them on a glass slide with a
solution, and examining the sample under a microscope.

In recent years, several research articles have explored the early detection of
cervical cancer using machine learning techniques [1], [13]. These methods are
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typically trained on specific datasets to extract relevant features for classifica-
tion purposes. Deep neural networks have become popular in computer vision
tasks [10], demonstrating remarkable results compared to traditional machine
learning algorithms. These architectures exhibit strong predictive capabilities
and performance comparable to that of clinical experts [8]. Classifying cervical
cancer cell abnormality involves labeling entire images with predefined classes,
thereby aiding cytologists in decision-making to enhance diagnostic reliability or
automate processes to reduce time.

This study analyzes the impact of ensemble learning techniques [4] on the
classification performance of cervical cancer cell abnormality, comparing their
effectiveness with individual models. Additionally, it explores how image size
influences model performance. These experiments aim to elucidate the strengths
and weaknesses of single models trained on datasets with varying image sizes
and their complementary roles in ensemble learning.

2 Related Works

In recent years, the application of deep learning to medical image analysis has
gained considerable traction, particularly in the classification of cervical cytology
images. [2] conducted a comprehensive meta-analysis of cervical cancer screening
strategies, emphasizing the potential of automated systems to enhance diagnos-
tic accuracy. Advances in convolutional neural networks (CNNs) have facilitated
significant improvements in image-based diagnostics. A study by [11] demon-
strated the efficacy of CNNs in detecting cervical abnormalities, achieving high
accuracy in differentiating between normal and pathological samples

Recent developments have focused on ensemble learning techniques, which
integrate multiple models to boost performance. Authors in [3] explored various
ensemble configurations for the classification of cervical cell images, highlighting
the benefits of model diversity in achieving robust predictions. Similarly, the
work of [20] leveraged ensemble approaches combining different CNN architec-
tures, which resulted in improved classification accuracy and reliability in Pap
smear analysis

Building on these advancements, our study integrates six distinct CNN archi-
tectures, such as MobileNetV2 [18], InceptionResNetV2 [17], InceptionV3 [15],
VGG16 [19], ResNet101 [14], and Xception [5] into an ensemble learning frame-
work to classify cervical cytology images. By incorporating preprocessing and
image enhancement techniques, we aim to enhance the model’s ability to accu-
rately identify and categorize cervical abnormalities in a Vietnamese dataset.

3 Methods

3.1 Datasets

In this study, we utilized a cervical cancer dataset from hospital A, Thai Nguyen,
comprising 15,645 images of five common cervical cell abnormalities such as
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Fig. 1: Five abnormal cell samples in the dataset.

ASC_US, LSIL, ASC_H, HSIL, and SCC. This dataset includes images of sus-
pected diseased cells captured from various angles in variable-sizes. An overview
of the dataset can be seen in Fig. 1.

3.2 Sampling and Preprocessing

To address the variability in image sizes and the inconsistencies in quality present
within our dataset, we implemented a comprehensive set of preprocessing tech-
niques designed to optimize the learning process and introduce data diversity.
During preprocessing, we utilized batch-wise image augmentation strategies.
Specifically, within each training batch, images underwent a series of transfor-
mations, including flipping, rotation, and adjustments in brightness, contrast,
and scale. These augmentations were systematically applied to enhance the ro-
bustness of the model by simulating various imaging conditions and augmenting
the dataset with a wider range of visual features.

Furthermore, we standardized the image resolutions to a default input size of
224x224 pixels for most model architectures, except for InceptionResNetV2 and
Xception, which used 299x299 pixels [6]. This adjustment was crucial as each
model architecture performs optimally with specific input resolutions, impacting
model performance significantly if trained and used with mismatched resolutions.
We conducted experiments to validate this finding.

Prior to model training, we normalized all images to a pixel intensity range
between 0 and 1 to standardize input data and facilitate effective learning. The
dataset was splitted into three subsets: training, validation, and test sets with
80%, 10%, and 10% of the data, respectively. The training set was utilized for
model training, enabling the networks to learn feature representations. The val-
idation set provided a mechanism for monitoring performance and fine-tuning
model parameters, while the test set was reserved for the final evaluation to
measure model performance post-training objectively.

3.3 Classification Models

We conducted extensive experiments on a diverse set of classification architec-
tures to ensure reliable results. The following architectures were chosen: Mo-
bileNetV2 [18], InceptionResNetV2 [17], InceptionV3 [15], VGG16 [19], ResNet101
[14], and Xception [5]. These models were pretrained on the ImageNet dataset
[16]. During models implementation, we kept the weights frozen in most layers
and made adjustments in a few layers to adapt the model output with softmax
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activation and dropout layers to mitigate overfitting. The training process was
conducted over 100 epochs, employing the Adam optimizer configured with a
learning rate of 1e-4. To prevent overfitting, early stopping and regularization
were incorporated during the fine-tuning stages. The training was halted if no
improvement in validation accuracy was observed for 10 consecutive epochs,
and the best model checkpoints on the dev set was retained. We set a batch size
of 16, striking a balance between computational efficiency and the stability of
gradient descent. This approach aimed to leverage the strengths of pretrained
models while fine-tuning them to effectively classify images of cervical cancer
abnormality, ensuring robust performance across different architectures.

3.4 Ensemble Learning

Ensemble learning methods combine individual models, each generating separate
predictions, to formulate a consolidated inference. Several ensemble techniques
are prevalent, including Boosting, Bagging, Stacking, and Augmenting. In this
study, we concentrate on the Stacking technique (Fig. 2), a form of heterogeneous
ensemble learning that has demonstrated significant advantages in enhancing
overall performance [4]. Stacking involves leveraging diverse base models and
combining their outputs through methods such as voting or weighted averaging
to produce a unified prediction. This approach, while more intricate, facilitates
the integration of various modeling strategies, thereby capturing a broader range
of predictive insights and improving the robustness of the final model.

Fig. 2: Ensemble Learning

Given the heterogeneous quality and variable sizes of images in our dataset,
our models necessitate inputs of differing dimensions. Our approach involves
training distinct models on various input sizes present within the dataset. For
each input size, the model demonstrating the highest performance is selected.
These high-performing models are subsequently integrated into an ensemble
framework, exploiting their complementary strengths to manage the diversity
in input sizes and image quality.

This strategy aims to improve the robustness and accuracy of our cervical
cancer classification system by effectively harnessing the strengths of multiple



6 Van-Khanh Tran et al.

models, each trained on different input sizes and image qualities. By doing so,
we enhance the system’s ability to generalize across the diverse and variable
dataset, leading to improved diagnostic performance in real-world scenarios.

3.5 Pooling Functions

To aggregate ensemble predictions into a unified inference, we investigated mul-
tiple methodologies and algorithms, including Voting, Fuzzy Distance [12], K-
Nearest Neighbor, Naive Bayes, Decision Tree, Support Vector Machine, and
Logistic Regression. Predicted outputs were computed using the softmax func-
tion for a given sample. In the Voting method, the final prediction is based on
the majority class predicted by the individual models. Fuzzy Distance, a novel
ensemble method, minimizes error values between observed and actual values by
performing three distance measures: Euclidean, Manhattan (City-Block), and
Cosine for each class from their respective best feasible solutions. For KNN,
decision-making relied on the consensus of the nearest three predictions. These
methods aimed to integrate diverse predictions from multiple models into a uni-
fied and reliable prediction for our cervical cancer classification system.

4 Results

To evaluate the models’ performance, we use several metrics such as Accuracy,
Precision, Recall, and F1 score [9]. The following sections present experimen-
tal results. Overall, ensemble learning methods demonstrate robust performance
and significant reliability when combining multiple individual models, in which
ensemble methods consistently outperformed individual models in terms of ac-
curacy, precision, recall, and F1 score. The results highlight the critical role
of input size and data preparation in model training, underlining the need for
careful preprocessing to optimize classification outcomes.

4.1 Results of Single Models

Table 1 shows results of individual models trained on variable-sized cervical cell
images. We can observe that the input size significantly influenced model per-
formance, highlighting the importance of image standardization for consistent
results. Certain models, such as InceptionResNetV2 and Xception, performed
better with larger input sizes (224 and 256). Smaller input sizes (128) resulted
in lower performance for most models, indicating the importance of higher res-
olution images for accurate classification. The InceptionV3 model consistently
performed well across all input sizes, frequently achieving the highest or sec-
ond highest accuracy. This suggests that InceptionV3 is robust to changes in
input size. VGG16 and ResNet101 generally underperformed compared to In-
ceptionV3, InceptionResNetV2, and Xception, particularly with lower accuracies
at input sizes of 128 and 224.
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Name Accuracy Precision Recall F1 score Input
size

MobileNetV2 61.29 63.42 64.43 62.64

128

InceptionV3 67.27 69.21 70.81 69.91
InceptionResNetV2 64.22 66.60 67.83 66.80

VGG16 51.36 56.87 54.13 49.13
ResNet101 66.29 68.65 69.28 68.80
Xception 70.00 71.90 72.19 71.91

MobileNetV2 65.51 68.84 69.05 68.41

224

InceptionV3 69.93 73.24 72.25 72.57
InceptionResNetV2 71.62 74.36 74.12 74.04

VGG16 61.94 65.22 65.15 64.65
ResNet101 58.83 61.08 61.91 60.41
Xception 65.58 67.74 68.75 67.18

MobileNetV2 65.58 67.83 68.81 67.62

256

InceptionV3 70.12 72.37 72.57 72.30
InceptionResNetV2 68.76 72.10 70.65 71.12

VGG16 67.20 69.18 70.41 69.75
ResNet101 63.57 66.58 67.58 66.43
Xception 67.27 68.66 70.92 69.39

Table 1: Results of individual models on variable-sized images. Bold and Italic
Bold indicate best and second best results for each input size.

The performance of individual models varied significantly with changes in
input size. For an input size of 128, the Xception model exhibited the highest
accuracy at 70.00%, followed by InceptionV3 and ResNet101 with accuracies of
67.27% and 66.29%, respectively. For an input size of 224, InceptionResNetV2
achieved the highest accuracy at 71.62%, while InceptionV3 closely followed with
69.93%. For an input size of 256, InceptionV3 showed the best performance with
an accuracy of 70.12%, while InceptionResNetV2 and VGG16 achieved second
and third highest accuracies of 68.76% and 67.20%, respectively.

4.2 Results of Ensemble Models

Table 2 shows results of ensemble models on variable-sized cervical cell images.
The performance of ensemble methods generally improved with increasing input
sizes. For an input size of 128, Logistic Regression achieved the highest accuracy
of 73.63%, closely followed by Support Vector Machine (SVM) with an accuracy
of 73.11%. For an input size of 224, SVM achieved the highest accuracy of
74.22%, followed by Voting and Logistic Regression with accuracies of 73.83%
and 73.76%, respectively. For an input size of 256, Voting, SVM, and Logistic
Regression all achieved the highest accuracy of 73.83%.

The increase in input size generally led to improved performance for most
ensemble methods, highlighting the importance of higher resolution images in
enhancing classification accuracy. SVM and Logistic Regression consistently per-
formed well across all input sizes, demonstrating robustness and reliability in
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Method Accuracy Precision Recall F1 score Input
size

Voting 72.72 74.71 75.48 74.74

128

K-Nearest Neighbor 71.81 73.80 74.67 74.20
Naive Bayes 71.23 71.83 74.26 72.52
Decision Tree 70.97 73.42 73.99 73.67

Support Vector Machine 73.11 74.86 75.83 75.29
Logistic Regression 73.63 75.49 76.38 75.89

Voting 73.83 76.01 76.44 76.17

224

K-Nearest Neighbor 73.05 75.32 75.43 75.36
Naive Bayes 73.44 74.19 76.29 75.01
Decision Tree 72.72 74.91 75.25 75.05

Support Vector Machine 74.22 76.48 76.69 76.57
Logistic Regression 73.76 76.05 76.23 76.14

Voting 73.44 75.36 76.14 75.70

256

K-Nearest Neighbor 72.72 75.14 75.36 75.23
Naive Bayes 72.40 73.31 75.40 73.93
Decision Tree 70.06 72.64 72.91 72.76

Support Vector Machine 73.83 76.31 76.33 76.29
Logistic Regression 73.83 76.26 76.34 76.29

Table 2: Results of ensemble methods on variable-sized images. Bold and Italic
Bold indicate best and second best results for each input size.

classification tasks. SVM achieved top accuracy at input sizes 224 and 256, and
second highest at input size 128, while Logistic Regression showed high perfor-
mance, matching the highest accuracy at input size 256. The Voting method also
showed competitive performance, indicating that simple ensemble techniques can
be highly effective, particularly at input size 224 where it achieved an accuracy
of 73.83%.

5 Conclusion

This paper investigates ensemble learning techniques to improve the classifica-
tion performance of medical images, focusing specifically on the challenge of
identifying abnormalities in cervical cancer. Our study uses stacking as the cho-
sen ensemble learning method, comparing its performance against individual
model training approaches. The results highlight the effectiveness of ensemble
learning in achieving notable performance gains and the influence of variable-size
images on the model’s performance. However, despite these advances, achieving
optimal model accuracy remains a challenge, with some individual models ex-
hibiting signs of overfitting, likely attributable to dataset quality and adequacy
limitations.
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