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ABSTRACT

Background and Objective: Cervical cancer is one of the leading causes of women’s death. Like any other
disease, cervical cancer’s early detection and treatment with the best possible medical advice are the
paramount steps that should be taken to ensure the minimization of after-effects of contracting this dis-
ease. PaP smear images are one the most effective ways to detect the presence of such type of cancer.
This article proposes a fuzzy distance-based ensemble approach composed of deep learning models for
cervical cancer detection in PaP smear images.
Methods: We employ three transfer learning models for this task: Inception V3, MobileNet V2, and In-
ception ResNet V2, with additional layers to learn data-specific features. To aggregate the outcomes of
these models, we propose a novel ensemble method based on the minimization of error values between
the observed and the ground-truth. For samples with multiple predictions, we first take three distance
measures, i.e., Euclidean, Manhattan (City-Block), and Cosine, for each class from their corresponding best
possible solution. We then defuzzify these distance measures using the product rule to calculate the final
predictions.
Results: In the current experiments, we have achieved 95.30%, 93.92%, and 96.44% respectively when
Inception V3, MobileNet V2, and Inception ResNet V2 run individually. After applying the proposed en-
semble technique, the performance reaches 96.96% which is higher than the individual models.
Conclusion: Experimental outcomes on three publicly available datasets ensure that the proposed model
presents competitive results compared to state-of-the-art methods. The proposed approach provides an
end-to-end classification technique to detect cervical cancer from PaP smear images. This may help
the medical professionals for better treatment of the cervical cancer. Thus increasing the overall effi-
ciency in the whole testing process. The source code of the proposed work can be found in github.com/
rishavpramanik/CervicalFuzzyDistanceEnsemble.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

infection with high-risk human papillomaviruses (HPV) transmit-
ted through sexual contact. Statistically, cervical cancer alone is

Cervical cancer occurs in the cells of the cervix at the lower the second leading cause of death due to malignancy amongst
section of the uterus. Cervical cancer cases are mostly related to women [1]. Unfortunately, most of the 2018 recorded cases alone
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were from low and middle-income countries [2]. As with most of
the other diseases, regular checkups and early detection can sig-
nificantly reduce the chance of fatality [3], with cytological tests
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cells in the cervix (opening of the uterus). During this process, a
sample is gently scraped from the cervix and is further examined
to know the growth of abnormal cells. Computer-aided Detection
(CAD) techniques are becoming very popular nowadays as an alter-
native to manual diagnosis, for they are less prone to human-like
errors [4]. Typically, such methods consider an image as the in-
put and process them for predicting input instances as injured or
healthy. Several research articles on the early detection of cervical
cancer have been published in the past few years using machine
learning [5-7]. These methods are generally trained on a particular
dataset to extract specific features for the classification purpose.

Often described as discriminative architecture [8], Convolutional
Neural Networks (CNN) have always been the go-to choice consid-
ering their astonishing outcomes in comparison to classic hand-
crafted feature engineering. Initially proposed for document recog-
nition and later extended to multiple fields such as image, video,
speech, and audio processing [9], CNNs have been immensely
successful while overcoming multidisciplinary research challenges
over the past few decades. A typical CNN architecture consists of
two parts: a feature extractor and a classifier, which are trained
during the learning algorithm. Notably, the use of CNN does not
answer every other challenge. CNNs usually require support from
other methods to improve performance. One can note numerous
approaches developed specifically to aggregate decisions produced
by different CNNs. Recently, [10] proposed a weighted Support
Vector Machine (SVM) trainable aggregator function to learn an
aggregation of multiple CNN architectures concerning handwrit-
ten music symbol classification. [11] employed the Fuzzy Choquet
integral-based aggregation method for human action recognition.
Such aggregator function can be classified as a tunable aggregator,
since its performance relies upon a tuning step. However, to get
rid of any training or tuning, researchers like [12] used ensemble
methods based on the sum and product rules to aggregate the out-
comes of CNNs. However, such methods have their pros and cons.
For example, in some cases, trainable aggregator functions could be
helpful if the number of classes is high and with conflicting predic-
tions given by the base classifiers. In this scenario, such functions
may learn the aggregation of features (i.e., confidence scores) to
classify a sample correctly. On the other hand, tunable and non-
parametric aggregators can work well when the number of target
classes is low, and the base classifiers’ outcomes are not that con-
flicting [13].

We propose an ensemble of deep learning models to detect cer-
vical cancer from PaP Smear images in this work. Initially, we re-
size and augment the images using some popular augmentation
techniques described further. Next, these images feed three trans-
fer learning models (each pre-trained on ImageNet dataset) with
additional layers of convolution and max pooling, followed by a
fully connected network. If the base classifiers contradict them-
selves to give multiple predictions (multiple base classifiers give
multiple predictions), we process their confidence scores through
a fuzzy distance-based ensemble mechanism that does not need
prior training or fine-tuning. The ensemble method considers three
distance measures (i.e., Euclidean, Manhattan, and Cosine). The
proposed method is trained and tested on a benchmark dataset,
namely the SipakMed PaP Smear dataset [14]. Additional experi-
ments on two other publicly available datasets namely Herlev and
Mendeley LBC show the robustness of the proposed method. Ex-
perimental results confirm that the proposed method outperforms
state-of-the-art methods.

The primary contributions of this paper are listed above:

» We design an ensemble of CNN models to detect cervical cancer
from PaP Smear Images. Three transfer learning models and ad-
ditional layers are used to learn data-specific features that are
considered base learners.
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e We propose a novel fuzzy distance-based aggregator func-
tion that minimizes the difference between the observed and
ground-truth (ideal solution) samples.

o The proposed ensemble technique considers distances from the
ideal solution in three different spaces. It can successfully ag-
gregate confidence scores generated by base learners so that
the ensemble’s performance can be improved.

o The proposed model outperforms many state-of-the-art meth-
ods when evaluated on three standard and publicly available
cervical cancer datasets.

The remainder of the paper is organized as follows:
Section 2 surveys deep learning-based methods proposed to
cope with cervical cancer detection from Pap smear images.
Section 3 presents a detailed description of the proposed ap-
proach, and Section 4 discusses methodology and experimental
results. Section 5 provides an analysis and discussion of the
methodology. Finally, Section 6 states concluding remarks.

2. Related research

Park et al. [15] provided a comparative study of some popular
machine-learning-based architectures and a deep learner. The com-
parison concluded that deeper layers help to learn high-level fea-
tures, which was reflected in the classification results. At the same
time, machine learning-based methods require additional human
experts to select relevant feature sets for more effective training.
Bora et al. [16] employed AlexNet (a popular and one of the oldest
CNN architectures) for feature extraction followed by a Maximal
Information Compression Index (MICI)-based unsupervised feature
selection. Finally, two classifiers, i.e., Softmax Regression and Least
Square Support Vector Machines (LSSVM), were used to moni-
tor the model’s performance. (The authors found out that the use
of feature selection could significantly boost performance. Indeed,
MICI has been widely used for clustering/classification tasks, and
it uses k-NN to group similar samples. However, k-NN uses dis-
tances to evaluate the similarities, and it is highly prone to errors
in higher dimensions. The work of [17] stands as one of the very
first that used deep transfer learning in the context of cervical can-
cer detection from PaP smear images. They considered a CNN pre-
trained on the ImageNet dataset for image classification purposes.
Before feeding the network, a nucleus center was required to ex-
tract the data patch, which was accomplished by a ground-level
segmentation mask. Notice this structure may not be straightfor-
ward to find for an abnormal cell.

Nanni et al. [18] extracted deep-features using CNN for fur-
ther feeding an SVM classifier. The sum rule was then used to
classify images. Similarly, [19] used texture-based features such as
Grey Level Co-occurrence Matrix and Gabor, along with features
extracted by a CNN model. They used the Principal Component
Analysis for dimensionality reduction and SVM classification pur-
poses. In both cases, the authors showed significant performance
improvement. Ghoneim et al. [20] used an extreme learning ma-
chine (ELM) classifier with CNN for cervical cancer classification.
The proposed approach first extracts fine-tuned features from a
CNN and then uses them to feed an ELM classifier. Notably, the
use of Graph Convolution Networks (GCNs) has also been explored
recently in the context of cervical cancer by Shi et al. [21]. Both
CNN and GCNs were used for feature extraction purposes. How-
ever, GCNs may also require additional data for validation pur-
poses, as stated by Li et al. [22]. The authors concluded that a drop
in performance might occur when we do not consider a validation
set when training GCNs.

Manna et al. [23] used three transfer learning models and a
fuzzy-rank-based ensemble method for cervical cytology classifica-
tion. Lin et al. [24] employed morphological and appearance infor-
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Table 1
Description of the dataset used in the experiments.

Index Class Category Number of images
0 Dyskeratotic Abnormal 813
1 Koilocytes Abnormal 825
2 Metaplastic Benign 793
3 Parabasal Normal 787
4 Superficial-Intermediate Normal 831

mation to train four CNN models with explicitly augmented data
and further used fully connected networks for classification pur-
poses. A fused domain-level approach has been used to combine
the models’ outcomes. On the other hand, the results revealed that
the proposed approach performed somewhat biased to some par-
ticular class and, therefore, could not perform similarly for images
of all types. Elakkiya et al. [25] used a Generative Adversarial Net-
work (GAN) for cervical cancer detection where the generator and
discriminator are composed of a a Region-based Convolution Neu-
ral Network (R-CNN). Interestingly, in an article by Wang et al. [26],
a pruning strategy was applied on a transfer learning-based model
for the classification of PaP smear images. However, the method re-
quired much computational effort for training, as pruning the CNN
model was iteratively learned for a certain number of epochs.

In another research, [27] fused color, morphological and
texture-based features with CNN-based features for classification
purposes. The authors did not use any data augmentation tech-
nique in their work, and hence the CNN-based features might
be incompatible with dealing with rotated and translated images,
which is usually required in a real-life scenario. A recent article
by Zhang et al. [28] employed quantitative features using cell DNA
Index (DI) and rectified DI computed from images and used a fine-
tuned Fully Connected Network Long Short-term Memory (FCN-
LSTM) for classification. A fuzzy non-linear regression-based rec-
tifying method was used for cell qualitative analysis. This method
performed satisfactorily with most types of cervical cancer. How-
ever, specific varieties of dysplasia (e.g., lesions in the cervical
canal) are very likely to be missed, leading to undesirable outputs.

Cao et al. [29] used a patch-based attention network consist-
ing of a feature pyramid network and an R-CNN with DenseNet
169 as the backbone for cervical cancer detection. The experimen-
tal protocol comprised a binary classification, which might not be
helpful for clinicians for treatment purposes. The specific presence
of certain types of cells would help clinicians for better treatment
purposes.

3. Methods and materials

This section presents the proposed approach for cervical can-
cer detection using PaP smear images. First, training samples are
resized, and then the images are augmented using online augmen-
tation techniques that include random zooming, shifting, flipping,
and rotation. Augmentation is performed by taking into considera-
tion that CNN models become more competent to handle trans-
lation and rotation-related problems [30]. These augmented im-
ages are then fed to three ImageNet pre-trained CNN models with
additional layers for further fine-tuning on the dataset. The addi=
tional layers consist of convolution, max-pooling, and fully con-
nected layers, as depicted in Fig. 1. It is often inconceivable to
have large (and annotated) datasets in biomedical image analysis.
On the other hand, transfer learning techniques come to deal with
dataset dependencies [31]. For such a reason, we employed a CNN
pre-trained on ImageNet dataset for the current experiment.

We considered three different CNN architectures from diverse
backgrounds so that proper evaluations could be performed. Con-
fidence scores are extracted from each trained CNN, and their

Computer Methods and Programs in Biomedicine 219 (2022) 106776

aggregation is performed using a fuzzy distance-based ensemble
method. For conflicting samples (i.e., multiple base classifiers out-
put different predictions), a particular class is finally predicted us-
ing three different distance measures. Fig. 2 illustrates the entire
pipeline of the proposed approach.

3.1. Dataset description

The proposed model is evaluated on a publicly available dataset
named SIPaKMeD' provided by Plissiti et al. [14]. The dataset
contains Pap smear images from five categories: (i) Superficial-
Intermediate, (ii) Parabasal, (iii) Koilocytes, (iv) Dyskeratotic, and
(v) Metaplastic. The dataset comprises 4,049 images, out of which
966 slides of cluster cell images were cropped. This dataset suffers
from mild class imbalance, as detailed in Table 1.

3.2. Inception V3

Inception V3 is the third generation of Google’s Inception-based
CNN architecture Proposed by Szegedy et al. [32]. Typically Incep-
tion architectures mainly focus on using less computational re-
sources to train deep CNN architectures. Unlike typical models like
VGG-Net, Inception V3 uses smaller convolutions (smaller filter
sizes), which proved to be effective and computationally cheaper.
Compared to trivial convnets like the VGG-Net family, it uses a
constant filter size (although small) for convolution. In contrast, In-
ception V3 uses asymmetric convolutions, which capture the spa-
tial dependency amongst the features. The output features are con-
catenated together and processed onto the next layer. The archi-
tecture employs an auxiliary classifier inspired by earlier versions
of Inception-based architecture, being a shallow CNN model used
within layers during the training phase.

3.3. MobileNet V2

MobileNet V2 is a portable implementation of a state-of-the-art
CNN architecture proposed by Sandler et al. [33], which is based
on its predecessor MobileNet V1 that adopts depth-wise separable
convolutions. The authors were able to showcase its effectiveness
along with reductions in computational efforts significantly. Be-
sides, linear bottleneck layers were introduced to overcome ReLU’s
limitation regarding preservation of complete information. Inverted
residual blocks were also introduced, which are very similar to
residual connections [34].

3.4. Inception ResNet V2

Two mainstream image recognition architectures, i.e., the resid-
ual models [34] and the inception models [32], can be combined
to obtain better models [35]. For such a purpose, less computation-
ally expensive inception blocks are employed, followed by a 1 x 1
convolutional layer (for filter expansion) to scale up the convolu-
tions as compensation for the dimensional reduction of inception
blocks. Inception-based models are usually computationally inex-
pensive, and the fusion of residual features with higher-level fea-
tures could successfully scale up the optimization process without
thinking much about the vanishing gradient problem [34]. Deep
residual models can quickly scale up to 100 layers and encode
higher-level features. However, prohibitive to VGG-like Nets that
can barely support 13 to 16 convolutional layers. A major differ-
ence with Inception models is that batch normalization is added
to the top of convolutional layers rather than to the top of resid-
ual blocks. Theoretically, the use of batch normalization would be

1 https://www.cse.uoi.gr/~marina/sipakmed.html.
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Pre trained CNN model
without FC layer

Convolution

Number of filters: 128
Kernel size: 3x3
Stride: (1,1)
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Max-Pooling
layer

Kernel size: 2x2
Stride: (1,1)

100 neurons S5 neurons

Fig. 1. The overall pipeline of the deep model. The Rectified Linear Unit (ReLU) activation function is used for all layers, and no padding has been adopted concerning the

convolutional layers. The number of output neurons fits the number of classes (Table 1).
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Fig. 2. Overall pipeline of the proposed approach for cervical cancer detection.

advantageous. Experimentally, the latter resulted in high memory
usage. These modifications could successfully scale up the perfor-
mance when compared to both residual network-based [34] and
inception-based architectures [32]. In this work, we use Inception
ResNet V2, a computationally costlier (though effective) version of
Inception ResNet.

3.5. Fuzzy distance-based ensemble

The proposed fuzzy distance-based ensemble approach is de-
signed based on the principle that he difference between ob-
served and ideal solutions should be minimum. In our case, the
observed solution is the confidence score generated by a base clas-
sifier about the sample’s label under consideration. The ideal solu-
tion is ‘1, i.e., the highest possible score generated by a base clas-
sifier for a given class. This difference is calculated as a consensus
formed by the product rule among three differences determined by
Euclidean, Manhattan, and Cosine distances. The constituted agree-
ment helps to form a robust decision-making process, thus mak-
ing the entire method more reliable. At first, we determine if all

base learners output targets a particular class. In that case, the cor-
responding class is treated as the final prediction. Otherwise, we
proceed with the fuzzy distance-based ensemble to make the final
prediction, where the confidence scores from each classifier and its
corresponding class labels are considered for the final outcome.
Let X = {(%1.y1). (%2.¥2)...., (®m.ym)} be a dataset such x; ¢
R" stands for a given sample and y; € {1,2,...,c} denotes its
corresponding class label. Let Sg(xj) be the confidence score of
sample x; assigned by the zth classifier corresponding to the jth
class, z=1,2,...,M. For each sample x; and class label j, we
can build the ensemble by computing the distance between the
"ideal” solution vector 1= {1}:{1 and the confidence scores of

each classifier, i.e. Fj(x) = (1-5](x).1-](x). .. —s,f;”(x,-)).
For we consider three distance measures, we have one ensem-
ble for each, i.e., PJ.E(xl-), P]’.V’(xi), and P].C(xi), which stand for
the ensembles concerning Euclidean, Manhattan and Cosine dis-
tances, respectively. We can gather them all in a single vari-
able P (x;) = (IJJE(Xi),I’]M(xi),P]C(xi)) concerning the jth class la-
bel. Last but not least, if we take into account all class labels
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The Entire Dataset
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Fig. 3. Illustration of k-fold cross-validation. Each time, the pink fold is used for the testing and the remaining for training purposes.

Table 2
Toy example of the proposed approach based on fuzzy distances.

(a) Confidence scores obtained from base classifiers

Class Confidence scores generated by base classifiers
Inception V3 MobileNet V2 Inception ResNet V2
Superficial-Intermediate 0.321 0.242 0.410
Parabasal 0.165 0.365 0.252
Koilocytes 0.425 0.271 0.172
Dyskeratotic 0.085 0.043 0.029
Metaplastic 0.014 0.079 0.137

(b) Distance Measures

Class Distance Measures Product
Euclidean Manhattan Cosine
Superficial-Intermediate 1.176 2.027 0.022 0.052
Parabasal 1.288 2218 0.046 0.131
Koilocytes 1.244 2,132 0.059 0.157
Dyskeratotic 1.642 2.843 0.090 0.419
Metaplastic 1.602 2.770 0.164 0.726
j=1,2,...,c, the ensemble can be represented as follows: P(x;) = confidence score generated by a base classifier. Lastly, the product

(Pf (%), Py (%;), ..., By (x;)).
To combine information from the three distance measures, we
use the product rule for each class label, ie., A;(x;) :PjE(xl-) x

IJJM(xi) X P].C(xl-), and assign the class label that minimizes equa-
tion below:

Vi = argmin;{A;(x;)}, (1)

where y; is the class label assigned to sample x;. The product rule
works as a fuzzy measure, and the minimum of such defuzzified
values is termed the final prediction. The product rule is used to
defuzzify over majority vote or sum rule by considering it can nor-
malize the range of values into a single one, while the sum rule or
majority voting can not.

Table 2 presents a toy example of the formulation described
above. Considering a particular sample x € X, Table 2a bestows the
confidence scores generated by the base classifiers corresponding
to each class, ie., S/(x;) (we used z=3 in this work). Table 2b
presents the distance measures for each class, i.e., P;(x;), calculated
from the ideal solution 1, which stands for the highest possible

of these distance measures is calculated for each class, i.e., A;(x;),
and the class with the smallest score is defined as the final predic-
tion y;.

It is worth noting that distances differ in the order of their
magnitude. Hence, it becomes essential to preserve their original-
ity and normalize them into a single value to make the final pre-
diction. The sum rule may not be appropriate since it is biased to-
wards the distance value regarding the highest order of magnitude
(e:g., Manhattan distance). Therefore, the product rule is a reason-
able choice for such a task.

4. Results
4.1. Evaluation techniques

To validate the effectiveness of the proposed approach, we have
used k-fold cross-validation scheme. Initially, the dataset is divided
into k different parts. Each time while experimenting, we use one
fold for the testing purpose and the remaining (k — 1) parts for the
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Table 3
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Results for a 5-fold cross validation methodology. The best results (absolute values) are highlighted in bold.

Metric Inception V3 MobileNet V2 Inception ResNet V2 Proposed method

Accuracy 96.63 + 0.74 94.19+ 0.83 96.13 + 0.46 96.47 + 0.48

Precision 94.02 + 0.79 94.20 + 0.88 94.19 + 0.40 96.51 + 0.54

Recall 93.72 + 0.68 94.23 + 0.92 96.21 + 0.39 96.53 + 0.54

F-1 93.67 + 0.74 94.17 + 0.89 96.17 + 0.42 96.45 + 0.54
Table 4

Results obtained by the proposed method using the 5-fold cross validation technique on Herlev dataset. The best results (absolute values)

are highlighted in bold.

Metric Inception V3 MobileNet V2 Inception ResNet V2 Proposed method
Accuracy 97.67 + 0.70 96.95 + 0.90 97.21 + 0.50 98.58 + 0.40
Precision 97.80 + 0.50 97.10 + 0.80 97.38 + 0.40 98.65 + 0.40
Recall 97.58 + 0.80 96.85 + 1.00 97.12 + 0.60 98.53 + 0.40
F-1 97.66 + 0.70 96.93 + 0.90 97.20 + 0.51 98.58 + 0.40

training purpose. This process is repeated for k times. Fig. 3 illus-
trates such a procedure.

4.2. Evaluation metrics

The evaluation metrics used to determine the effectiveness of
the proposed method can be found underneath:

o True Positive (TP): an outcome where the model correctly pre-
dicts the positive class.

True Negative (TN): an outcome where the model correctly pre-
dicts the negative class.

False Positive (FP): an outcome where the model incorrectly
predicts the positive class.

False Negative (FN): an outcome where the model incorrectly
predicts the negative class.

Accuracy is the ratio between correctly classified samples and
the dataset size. We calculate accuracy using the following
equation:

TP+ TN 2)
TP+TN+FP+FN’
Precision is defined as the ratio between the correctly predicted

samples for a particular class and the total number of samples,
and it is calculated as follows:

TP
TP+ FP’ 3)
Recall is defined as the ratio between the true positive samples
and the total number of elements that belong to that positive
class, and it is calculated as follows:

TP
_— 4
TP+ FN )
e F1 score is the harmonic mean between precision and recall

score, and it is calculated as follows:

Accuracy =

Precision =

Recall =

2 x Precision x Recall

F1 = — 5
Precision + Recall (5)
Table 5
State-of-the-art comparison on Herlev dataset.
Method Accuracy
[17] 98.30
[24] 94.50
[7] 98.91
[27] 98.20
[41] 98.27
Proposed 98.58

4.3. Experimental results

Table 3 presents an initial comparison of accuracy, precision, re-
call, and F-1 scores (%) concerning the proposed approach and each
model used to compose the ensemble individually. One should
keep in mind that the proposed approach is neither parametric nor
tunable, which makes it equally biased towards all base models.
Since the proposed method is entirely based on the distance from
the best possible solutions, a better confidence score obtained by
the base classifier for a particular class ensures proper attention

True label

0 1 2 3 4
Predicted label

Fig. 4. Confusion Matrix for the fifth fold, the index can be referred to the classes
in Table 1.

True label

0 1
Predicted label

Fig. 5. Confusion matrix for the fifth fold on Herlev dataset. More details about the
indices can be found in Section 4.4.
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Table 6
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Results obtained by the proposed method using the 5-fold cross validation on Mendeley LBC dataset. The best results (absolute values) are

highlighted in bold.

Metric Inception V3 MobileNet V2 Inception ResNet V2 Proposed method
Accuracy 99.16 + 0.28 98.53 + 0.44 99.16 + 0.50 99.68 + 0.29
Precision 98.14+ 0.70 96.98 + 0.90 98.14 + 0.70 99.34 + 0.59
Recall 99.31 + 0.44 97.95+ 0.95 99.31 + 0.44 99.87 £ 0.12
F-1 98.70 + 0.59 97.41 + 0.87 98.70 + 0.58 99.60 + 0.36
Table 7
State-of-the-art comparison on Mendeley LBC
e 122 0 0 0 dataset.
Method Accuracy
o~ 0 31 0 0 [23] 99.23
3 [40] 98.44
0 [42] 99.47
% Proposed 99.68
E~ 0 0 14 1
Table 8
M 0 0 0 22 AUC-ROC scores concerning all five classes of the SIPaKMeD
dataset. The reported scores are for the fifth fold.
0 1 2 3 Class AUC-ROC Score
Predicted label Dyskeratotic 0.98
Fig. 6. Confusion matrix for the fifth fold on Mendeley LBC dataset. More details Konlocytes. 0.94
. ) . Metaplastic 0.98
about the indices can be found in Section 4.4.
Parabasal 1.00
Superficial-Intermediate 0.99

towards that particular class. One can perceive the proposed ap-
proach outperformed all single classifiers in all measures, but for
the accuracy. Since the dataset is slightly imbalanced, standard ac-
curacy may not be a healthy measure to be solely considered. The
obtained confusion matrix is presented in Fig. 4.

Additionally, to evaluate the effectiveness of the proposed
method under different scenarios, we also performed a 20-fold
cross-validation scheme. Table 9 presents the results, where one
can observe similar behavior regarding the 5-fold experiment
(Table 3), but with the proposed approach outperforming the indi-
vidual architectures in all measures. We can observe in Table 9 that
the reported metric are higher than the previous experiments. The
observed difference can be explained on the basis that, with much
more training data: the deep learners are able to learn more lo-
cal features and thereby producing much more confident outcomes
and thus the the ensemble process is able to learn the aggregation
thus proving the robust nature of the proposed ensemble method.

4.4. Additional tests

To validate the effectiveness of the proposed method on other
datasets, we further evaluate our model on two more publicly
available datasets namely: Herlev? (2-class) and Mendeley LBC? (4-
class) using the 5-fold cross validation. The Herlev dataset con-
sists of two classes namely abnormal (index-0) and normal (index-
1). The Mendeley LBC dataset consists of four classes: negative
for intra-epithelial malignancy (index-0), high squamous intra-
epithelial lesion (index-1), squamous cell carcinoma (index-2), low
squamous intra-epithelial lesion (index-3). For Herlev dataset, the
obtained results are provided in Table 4 and the corresponding
confusion matrix is presented in Fig. 5. Table 6 shows the results
for Mendeley LBC dataset and the confusion matrix is presented in
Fig. 6. The state-of-the-art comparisons for Herlev and Mendeley
LBC datasets are given in Tables 5 and 7, respectively.

2 http://mde-lab.aegean.gr/index.php/downloads.
3 https://data.mendeley.com/datasets/zddtpgzv63/4.

Table 8 presents the area under the ROC curve for the fifth fold
of the experiment. Fig. 7 reflects loss variations during the conver-
gence process using the 5-fold cross validation protocol.

5. Discussion

This section discusses some essential hyper-parameters used
in this current experiment and their relevant analysis. Finally, we
compare our method with some state-of-the-art approaches.

5.1. Hyper-parameter tuning

Choosing proper hyper-parameters is crucial in deep learning
to control learning capabilities) Since the batch size and learning
rate greatly influence convergence, we resorted to a grid search
approach to seek suitable values in a validation set created by ran-
domly sampling 20% of the training samples. Fig. 8 depicts an abla-
tion study concerning different learning rates and batch sizes. We
randomly selected 20% of the input images for testing and the re-
maining for training purposes for this experiment. We considered
a learning rate range that is commonly adopted in the literature,
i.e, {le—3,1e—4,1e - 5,1e — 6} [36]. Concerning the batch size,
we also used standard values, i.e., {8, 16, 32}. From Fig. 8, one can
perceive that with a batch size of 16 and a learning rate of 1e — 4,
the model performs best. However, when the learning rate goes
down to 1e — 6, the model’s performance drops significantly once
the base learning rate used in this case cannot capture relevant in-
formation from the images. We use the Cross-Entropy [37] as the
loss function and the Adam optimizer [38]. The hyper-parameters
used for experimentation can be found in Table 10.

5.2. Analysis
Fig. 7 depicts the loss variation during training, which allows

us to conclude that none of the CNN models has suffered from any
significant overfitting. Also, it can be observed that in the initial
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Table 9
Fold-wise results of the 20-fold cross-validation technique. Acc, Prec, Rec and F1 refer to accuracy, precision, recall and F1 score, respectively. All metrics are reported
in (%).
Inception V3 MobileNet V2 Inception-ResNet V2 Ensemble
Fold Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1
Fold 1 96.55 9651 9633 9640 96.55 96.52 96.39 96.38 96.55 9648 96.36  96.41 97.04 97.00 96.88 9691
Fold 2 9458 9454 9513 9477 9458 9433 9473 9441 96.05 9599 9648 96.17 9556 9544 96.00 95.64
Fold 3 95.56 9533 9562 9544 9359 9336 9365 9340 94.08 9395 9461 9421 95.07 9480 95.18 94.97
Fold 4 96.55 96.78 9646  96.57 94.08 9433 94.02 94.10 97.04 9729 9695 97.09 9753 97.68 9745 97.54
Fold 5 97.53 9745 97.64 97.53 94.08 9450 9443 9420 9753 97.54 97.58 97.51 97.53 97.61 97.78  97.58
Fold 6 97.53 9748 97,55 97.51 96.05 96.08 96.10 96.03 98.02  98.01 98.01 98.01 98.52 9849 98,55  98.51
Fold 7 96.05 96.06 9620 96.05 96.05 9623 96.19 9594 97,53 9756 97.64 9758 98.02 98.09 98.13  98.06
Fold 8 9458 9430 9394 9407 9408 9406 93.85 93.83 96.05 96.69 9560 96.00 97.04 9733 96,53  96.78
Fold 9 97.04 97.01 9695 9697 9556 9573 9519 9537 95.07 9495 9517  95.01 97.53 9744 9749 9743
Fold 10 93.06 93.09 9325 9290 92.07 9294 9260 9245 95.04 9519 9523 9520 96.03 9639 96.13  96.21
Fold 11 94.05 9342 9548 9423 9405 9365 9566 9440 96.03 9675 9542 9598  98.01 97.82 9842  98.10
Fold 12 94.05 9412 9438 9419 9207 9243 9250 9243 99.00 99.00 99.04 99.01 97.52 9754 97.67 97.59
Fold 13 95.04 9426 9478 9442 9356 9287 93.16 92.89 96.03 95.71 9583 95.72 97,52 9696 9725 97.09
Fold 14 95.04 9507 9485 9485 9554 9523 9538 9514 97.02 96.99 97.04 96.99 97.02 9699 97.04 96.99
Fold 15 95.04 9508 9505 9504 91.08 90.79 90.99 90.68 96.03 96.00  96.01 9596 97.52 9746 97.64 9751
Fold 16 95.04 95.02 9489 9492 88.11 88.68 87.86 88.03 96.03 9622 9594 96.03 9554 9581 9553 95.61
Fold 17 96.03  96.02  96.11 96.05 9455 9452 9449 9438 97.02 9719 9683 9693 96.53 96.51  96.61 96.53
Fold 18 93.56  93.57 9352 9348 9257 9274 9245 9246 95.04 9493 9493 9490 9554 9545 9546 9543
Fold 19 95.04 9506 9494 9497 9554 9547 9546 9545 97,52 9748 9732 9737 98.01 9791 97.86  97.88
Fold 20 94.05 9379 9364 9359 9455 94.21 9429  94.21 96.03 9592 9571 9579 96.03 9577 9574 95.74
Average 9530 9520 9534 9520 9392 9393 9397 93.81 9644 9649 9639 9639 9696 9692 9697 96.91
Std Dev 1.28 1.35 1.28 1.34 2.00 1.90 2.03 1.98 1.17 1.21 1.15 1.17 1.00 1.02 1.03 1.01
InceptionV3 MobileNetV2
3.0 —— Train 3.5 —— Train
Test Test
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Fig. 7. Loss variation during the convergence process using the 5-fold cross validation protocol. These results correspond to the fifth fold.

epochs, the MobileNet V2 model is not able to converge. This be-
havior may be explained by the fact that in the initial epochs, the
model is stuck at any local optimum. With progression in epoch
and subsequently changing the learning rate, the model can finally
converge to its optimum without overfitting. Whereas in the case
of other deep learning models, in the initial few epochs, the mod-

els behave uncertainly, however, with progression in learning over
the epochs, the models appear to give more stable results. It'is'in=
teresting to note in Fig. 7 that in the final epochs, the value of test
loss is very similar to the value of training loss. From this observa-
tion, we can safely comment that the deep learning models do not
tend to overfit at any instance.
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Table 10

The hyperparameters used for experimentation purposes.
Hyper-Parameter Value/Method
Learning Rate 0.0001
Batch Size 16
Epochs 70
Optimizer Adam
Loss Cross-Entropy
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Fig. 8. Ablation study concerning the proposed approach with varied learning rates
and batch sizes.
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Fig. 9. Comparison with some state-of-the-art approaches.

Table 8 presents the area under the Receiver Operating Charac-
teristics (ROC) curve concerning the fifth experimental fold. One
can observe that the proposed method can satisfactorily handle
the class imbalance issue, i.e., we can safely claim that the pro-
posed method does not behave in a sub-optimal way for any of
the classes. Hence, outstanding results can be observed in all five
categories. The “Parabasal” category, for instance, comprises 787
samples, and it is the smaller one in the dataset. However, we
can observe that the proposed approach achieves an AUC = 1.0,
i.e,, the highest possible one. Such an outcome corroborates one of
the main motivations of the proposed approach, i.e., to make the
learner less prone to imbalanced datasets and poor decisions from
individual models.

5.3. Comparison with state-of-the-art approaches

We considered a fair comparison of the proposed approach
with some works conducted recently [23,14]. We used a standard
5-fold cross-validation methodology to evaluate the effectiveness
of all techniques on the SiPakMed dataset. Fig. 9 illustrates that
the proposed approach outperformed the other techniques consid-
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Table 11

T-test comparison.
Method p-value
[14] 0.00216
[23] 0.00501
[40] 0.04657

ered in our experiments. Out of these methods, the ones proposed
by Haryanto et al. [39], Manna et al. [23], Plissiti et al. [14], Yaman
and Tuncer [40] are based on deep transfer learning methods, and
the one suggested by Win et al. [41] consists of two stages, i.e.,
segmentation and classification. Manna et al. [23] have used three
traditional deep learning models and, in addition, they compared
their achievements with several other transfer learning models. In
contrast, it is worth noting that the proposed approach consists of
some extra layers to learn more data-specific features. In addition,
the proposed ensemble method can give a better aggregation of
confidence scores aggregating information from different distances.

To evaluate the robustness of the proposed approach, we per-
formed a statistical test to decide whether it performs better or
not in comparison to the state-of-the-art methods considered in
the manuscript. Our hypothesis is: The proposed ensemble-based ap-
proach with fuzzy distances does not outperform the approaches com-
pared in the experiments. To check whether the hypothesis is true
or false, we performed the well-known t-test using the 5-fold ex-
periment. Table 11 presents the p-values obtained during the ex-
periments®.

Since we used a significance of 5%, we can claim the proposed
approach is statistically superior to the other techniques compared
in the statistical test. Stich results corroborate our assumption that
combining different distances using the fuzzy framework with an
ensemble-based approach is promising and could lead to more ac-
curate results than individual classifiers. Improving the accuracy of
individual classifiers using a committee is not a novel idea, but it is
expected that the individual members of the ensemble be comple-
mentary to each other, which does not seem to be the case here,
for the individual techniques achieved similar results. Therefore,
the proposed approach using the fuzzy framework can highlight
the potential of individual techniques by considering different dis-
tance measures.

5.4. Advantages and disadvantages of the proposed method

5.4.1. Advantages
The advantages of the proposed method are listed below:

o The proposed ensemble technique is non-trainable and non-
tunable, hence no extra effort or training data is required to
get the optimal solution.

Diversified distance metrics are considered to design the fuzzy

distance based ensemble technique, thereby producing a robust

decision making process.

e Deep learning architectures are often considered discrimina-
tive [8]. Thus the feature representation of three diverse ar-
chitectures are considered as base learners. Such diversity al-
lows the ensemble model to learn differently from the in-
puts, thereby helping to enhance the performance of the overall
model.

5.4.2. Disadvantages
To have an unbiased view, we present the disadvantages of the
proposed method below.

4 We did not consider the work by Haryanto et al. [39], Win et al. [41] for they
did not employ the 5-fold cross validation protocol.


zaizai
在文本上注释
证实，确证

zaizai
高亮


R. Pramanik, M. Biswas, S. Sen et al.

o The proposed ensemble method is static in nature, therefore it
may not be effective if the feature representation is biased to-
wards any specific class.

e For an equal distribution (all classes with same probabilities),
the proposed method would be erroneous. Since cosine dis-
tance measures an angle between two vectors, if they are linear
concerning the origin, we have an angle with a null aperture.
Therefore, the cosine distance will be zero in such cases.

e Deep learners are required to be very carefully trained using
the right set of hyper-parameters, failing which the model is
likely to overfit. Hence, just like any other ensemble technique
the proposed ensemble method may not give desired results.

6. Conclusions and future work

Cervical cancer side-effects are very concerning. Medical profes-
sionals have made some significant efforts to deal with such a dis-
ease. However, with the overgrowing population, it is essential to
explore CAD techniques to reduce the chances of human errors. We
propose an ensemble approach for cervical cancer on PaP smear
images. We consider three deep learning models, i.e., Inception V3,
MobileNet V2, and Inception ResNet V2, with added extra layers to
learn data-specific features. To aggregate the confidence scores ob-
tained by the base learners, we present a novel non-tunable and
non-trainable ensemble method able to learn better aggregation of
confidence scores generated by the base learners.

The prime reason for using the fuzzy ensemble approach is to
measure the importance of the confidence scores produced by the
classification models into multiple distance spaces. The final pre-
diction aims to minimize the distance values (i.e., the loss values)
calculated in various distance spaces, thereby making the decision-
making process more robust and reliable.

The proposed approach provides an end-to-end classification
methodology for cervical cancer detection from PaP smear images,
which may be employed for clinical use as per requirement. The
proposed approach can be used to aggregate the outcomes of other
deep learning models in varied domains. Also, optimization algo-
rithms can be used for weighted defuzzification that would even-
tually incur additional training costs but can still be explored for
better performance.

Since raw images are fed to deep learning models, further
works can be focused on introducing attention mechanisms to
highlight sensitive areas. We may also try to include other deep
models to compose the ensemble, as well as to use other fuzzy-
based functions to combine their outcomes.
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