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ABSTRACT

Cervical cancer is the second most common cancer
among women across the globe. Detecting abnormal
cervical cells at an early stage is vital for prompt
treatment and improved survival rates. This project
focuses on developing an effective approach to identify
cervical cancer in Pap smear images using modern digital
image processing and deep learning techniques. The
system begins by pre-processing the medical slides to
improve image clarity and reduce noise, and then applies
segmentation methods to highlight and separate the
regions of interest. The significant tasks include pre-
processing methods such as resize and normalization,
segmentation methods such as DeepLabV3, Otsu and
Canny edge detection, and feature extraction methods
such as ResNet101, ResNet152, AlexNet, Inceptionv3 and
VGGNet16 to extract features of the cell, such as size,
texture and shape of the cell, shape and color of the
nuclei. To distinguish between cancerous and non-
cancerous images, various machine learning algorithms
are employed, including Decision Tree, Random For-
est, Logistic Regression, and Support Vector Machine
(SVM). The proposed methodology is evaluated on the
SIPaKMeD dataset, with performance measured using
established metrics such as precision, accuracy, recall,
specificity, F1-score and harmonic mean to validate its
robustness and reliability. By presenting a cost-effective,
automated diagnostic framework to support pathologists
in early cervical cancer detection, this study aligns with
the broader objectives of healthcare innovation. It
has the potential to enhance diagnostic efficiency and
contribute to improved public health outcomes. Finally,
the combination of feature extractor VGGNet 16 and
classifier Decision tree gave the highest performance.
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1. INTRODUCTION

Cervical cancer [1] represents a significant public
health challenge in India, ranking among the most preva-
lent malignancies in women and contributing substan-
tially to cancer-related mortality [2]. The etiology of the
disease is strongly associated with persistent infection by
oncogenic strains of Human Papillomavirus (HPV) [3].
India accounts for approximately 21% of the global cer-
vical cancer incidence, with an estimated 123,000 newly
diagnosed cases and 77,000 associated deaths reported
annually [4]. After breast cancer, cervical cancer remains
the second most frequently diagnosed cancer among
Indian women [5]. Although it is both preventable and
curable when diagnosed early, its continued impact as a
significant public health issue is driven by low awareness,
insufficient screening programs, and limited access to
early diagnostic care. Cervical cancer is characterized by
the abnormal growth of cells in the cervix. Traditional
diagnostic techniques, such as Pap smears, colposcopy,
and HPV testing, remain widely used [6]. However,
these methods require skilled human interpretation and
are often constrained by subjectivity, reduced sensitivity,
and limited reproducibility. The rapid advancements in
machine learning and deep learning in the healthcare
domain have created significant opportunities for the
development of robust, automated diagnostic systems.
These approaches can automatically extract complex
features and improve classification performance, offering
a hybrid strategy that enhances both sensitivity and
robustness [7] [8][9].

In this study, we present a modular, interpretable,
and reproducible pipeline for cervical cell classification
that combines DL and ML techniques. Specifically, our
method integrates DeepLabV3-based segmentation for
region-of-interest (ROI) extraction, CNN-based feature
extraction, and classical machine learning classifiers for
final classification. An example of cervical cell images
is shown in Fig. 1. The images can be magnified to
different scales. Fig. 2 shows a 40X magnification of Fig.
1. Although our model may not outperform all end-to-
end deep models in raw performance metrics, it provides
several distinct contributions that address essential gaps
in the field:
• Interpretability: The inclusion of segmentation en-
hances explainability, allowing clinicians to verify
which image regions influence predictions visually.

• Modularity: Each stage of the pipeline—from segmen-
tation to classification—can be updated or replaced in-
dependently, which is helpful for practical deployment
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and customization.
• Transparency and reproducibility: Detailed examples
of each stage and full implementation details are
provided to support reproducibility.

• Balanced performance with simplicity: By using a
hybrid DL+ML approach, in this study, the complexity
of the model is systematically analyzed and addressed
to ensure optimal performance and generalizability.
The organization of this paper is as follows: Section 2

provides a concise review of relevant literature. Section
3 describes the proposed methodology and presents
the corresponding workflow through a block diagram.
Section 4 reports the experimental evaluation of the
model and offers a comparative analysis with existing
CNN and machine learning approaches. Finally, Section
5 concludes the study and outlines potential directions
for future research.

2. LITERATURE REVIEW

Cervical cancer remains a critical global health con-
cern, motivating extensive research into advanced diag-
nostic frameworks aimed at improving early detection
and classification [7]. With the rapid emergence of
deep learning (DL) and machine learning (ML), new
possibilities have been created for building automated,
reliable, and highly accurate diagnostic systems [10].

Several studies have employed convolutional neu-
ral networks (CNNs) for detecting cervical cancer in
Pap smear and colposcopy images. Archana and
Jeevaraj demonstrated the effectiveness of CNNs for
automated classification, achieving 91.13% accuracy on
the SIPaKMeD dataset. Their work highlighted the
significance of preprocessing and the role of DL in
extracting discriminative features. Similarly, Zolfaghari
et al.[11] achieved 97.65% accuracy by integrating a
multilayer perceptron (MLP) with CNNs, underscoring
the benefits of hybrid architectures that leverage DL’s
feature extraction capabilities alongside ML classifiers
[12].

Kalbhor and Shinde [13] employed transfer learning
with GoogleNet, reporting an accuracy of 96.01%, thereby
demonstrating the adaptability of pre-trained networks
for medical imaging tasks, particularly with limited
datasets. Bhavsar et al. [14] introduced a MobileNetv2-
YOLOv3 framework for cervix type classification, achiev-
ing a mean average precision (mAP) of 99.88%. Their
approach emphasized the suitability of lightweight mod-
els in resource-constrained environments, ensuring both
accuracy and scalability. Other works have explored the
integration of DL models with traditional ML algorithms.

Thangamani et al. [15] applied XGBoost combined
with feature selection, achieving 94.94% accuracy in
early-stage detection, thereby stressing the importance
of dimensionality reduction and robust feature selection.
Publicly available datasets, such as SIPaKMeD, have fur-
ther enabled benchmarking of models [16]. For instance,
ResNet-152 combined with logistic regression achieved
92.28% accuracy, while hybrid approaches integrating

ResNet152 with ML classifiers surpassed 98% ac- curacy,
setting new standards for automated screening [17].

Despite these advances, challenges such as limited
dataset size, class imbalance, and computational cost
continue to impede clinical translation [18]. To over-
come these, researchers have refined model architectures
and employed feature fusion using multiple pre-trained
networks. ResNet152, in particular, has been widely
adopted due to its ability to capture intricate details
through residual learning, which significantly improves
classification performance [19].

By automating critical tasks such as feature extraction
and classification, DL andMLmodels reduce dependency
on subjective human interpretation [20]. Building on
these developments, recent studies have proposed hybrid
frameworks that combine DL feature extraction with ML
classifiers to enhance robustness. For example, Vargas et
al. [21] utilized shifted patch tokenization and achieved
91.2% accuracy, while El-Hoseny et al. [23] reported
86.3% precision using VG- GNet16. Similarly, Archana
and Jeevaraj [11] achieved 91.3% accuracy with a hybrid
CNN model. These findings reinforce the importance of
combining feature extraction networks with classical ML
classifiers.

Deep learning architectures such as ResNet, AlexNet,
and InceptionV3 have been extensively applied to Pap
smear images, improving classification accuracy [22]
[23]. ResNet-101 and ResNet-152 have demonstrated
superior feature extraction capabilities, with ResNet-
152, combined with logistic regression, achieving 98.08%
accuracy [24]. AlexNet, with its eight-layer design,
achieved 96.31% accuracy when paired with logistic
regression, whereas VGGNet, known for its multi-scale
filtering, achieved 100% accuracy when integrated with
ML classifiers [25]. These results highlight the versatility
of deep architectures in cervical cancer detection [26].

Overall, DL has transformed cervical cancer diagnosis
by enhancing accuracy, minimizing manual effort, and
supporting earlier intervention. Hybrid models, partic-
ularly ResNet-152 with simple logistic regression (SLR),
have emerged as leading approaches [29]. However, the
need for larger datasets, real-time screening solutions,
and cost-effective deployment in low-resource regions
remains [27]. AmongML classifiers, SLR has consistently
outperformed alternatives, while Random Forest (RF)
demonstrated competitive accuracy when coupled with
AlexNet (92.23%), and Decision Trees (DT) lagged due to
overfitting issues [28].

Recent literature further shows that deep learning
has revolutionized image classification across diverse
domains, including healthcare, autonomous systems,
and security [29]. Building upon this foundation, the
present study explores a deep learning–driven classi-
fication framework that integrates CNN architectures
such as AlexNet, ResNet101, ResNet152, InceptionV3,
and VGGNet16 with ML classifiers including logistic
regression, random forest, decision tree, and support
vector machine (SVM) [30].
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Fig. 1: First Row: Cervical Cancerous Images, Second Row: Non-Cervical Cancerous Images.

Fig. 2: First Row: 40X Magnification of Cervical Cancerous Images, Second Row: 40X Magnification of Non-Cervical
Cancerous Images.

3. METHODOLOGY

Theproposedmethodology is designed to facilitate the
early- stage detection of cervical cancer, enabling timely
diagnosis and intervention. The proposed method con-
sists of the following steps: preprocessing, segmentation,
feature extraction, and binary classification. The train-
test split is taken as 80 percent and 20 percent for better
accuracy. The block diagram illustrating the proposed
methodology is presented in Fig. 3. The methodology of
the proposed technique is presented as follows.

3.1 Preprocessing

3.1.1 Resizing

Resize ensures that all images are of the same size,
which is necessary because neural networks expect fixed-
size inputs. If the input image size is incorrect, a shape
mismatch error occurs. 224×224 is the default input size
expected by ResNet, AlexNet, VGGNet16, and Inception

V3.

3.1.2 Normalization

Normalization helps scale the image pixel values to
match the distribution of the trained models. Normal-
ization changes the range of pixel values from 0 to 255 to
a standard range from 0 to 1. These values are calculated
to help the models converge faster, generalise better, and
prevent exploding/vanishing gradients during training or
fine-tuning.

3.2 Segmentation

3.2.1 Otsu thresholding

Otsu’s thresholding is a powerful and widely used
image segmentation technique, especially in medical
imaging, including cervical cancer detection. It helps
isolate regions of interest, such as nuclei of cervical cells.
This process starts by converting pap smear images to
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Fig. 3: Flow Chart of the Proposed Method.

grayscale images. Then a histogram is generated, and
the threshold is calculated by looping through possible
thresholds from 0 to 255. Based on the threshold, two
classes are segmented: one with pixel values below the
threshold and the other with values above it. Thus, nuclei
and cancerous regions are segmented from the cytoplasm
and non-cancerous regions.

3.2.2 DeepLabV3

DeepLabV3 is a deep convolutional neural network
model designed for semantic segmentation, that is,
assigning a label to each pixel in an image. It’s highly
effective for medical imaging tasks, including cervical

Table 1: Training Process.

cancer detection, where segmentation of cancerous re-
gions and nuclei is needed. It can segment complex
structures even if the edges aren’t transparent. It is
helpful in biological images with noise, variation, and
overlap. Here, in this process, the prerequisite is a
resized and normalized 224x224 input image. It internally
uses ResNet50 or ResNet101 and performs convolutions
for capturing contextual information, such as shape
and nuclei. It also helps effectively identify cancerous
regions.

3.2.3 Canny Edge Detection
Canny edge detection is a popular and effective image

processing technique for identifying edges. In the
context of cervical cancer detection, it can help isolate
cell nuclei, identify cancerous cells, and measure the size
of the cells. In this process, the pap smear image is
converted to grayscale, followed by noise reduction using
a Gaussian blur filter. Then, the gradient is calculated by
using the Sobel filters. Next, the edges are narrowed by
only considering the edges with the maximum gradient.
Edges can be tracked by using hysteresis, sowe can detect
the cell boundary and segment the nucleus.

3.3 Training Process
The training process utilizes the dataset to train

several pretrained deep learning models. Throughout
this process, models acquire the ability to recognize and
remember correct patterns and features in input data
[31]. The train/test split was performed stratified by class
(80% train, 20% test), with no images shared between
the splits. All experiments used the hyperparameters in
Table 1.

3.4 Feature Set Extraction
For each CNN, we extracted a descriptor as follows:

- For ResNet101/ResNet152: the feature vector was
taken from the output of the global average pooling layer
following the final convolutional block (i.e., before the
classification head). These yields have a dimension of
2048 for both networks.
- For VGG16: the feature vector was taken from the out-
put of the last fully connected layer before the classifier
(fc2), yielding 4096-dimensional features.
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- ForAlexNet: featureswere taken from the penultimate
fully connected layer (fc2), yielding 4096-dimensional
features.
- For InceptionV3: features were taken from the pooled
features (after mixed pooling), yielding 2048 features.

Principal Component Analysis (PCA) was applied to
the pooled feature vectors computed on the training split,
and the top 103 principal components were retained.
The revised manuscript now includes a new table listing
the raw feature dimensionality for each CNN and the
final feature dimensionality supplied to the classical ML
classifiers.

For pixel-wise segmentation with DeepLabV3, we
used 224 × 224 input images. All segmentation exper-
iments report pixel-level metrics (IoU, pixel accuracy),
whereas the classification experiments report image-
level classification metrics (accuracy, precision, recall, F1,
specificity).

Mathematically, the VGGNet16 model generates fea-
ture vectors of 4096 dimensions, which encode detailed
morphological characteristics of cervical cells. To make
computation more efficient, these high-dimensional vec-
tors were reduced to 103 principal components using
Principal Component Analysis (PCA), while preserving
approximately 95% of the original variance. The percent-
age of variance retained through PCA is calculated using
the expression:

𝑉 𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
∑𝑘

𝑖=1 𝜆𝑖
∑𝑛

𝑖=1 𝜆𝑖
× 100% (1)

Here, 𝜆𝑖 denotes the eigenvalues of the covariance
matrix, 𝑛 = 4096 represents the original feature
dimensions, and 𝑘 = 103 is the number of components
retained after reduction. This step allows the model
to keep the most essential information, such as cell
shape, nucleus texture, and chromatin distribution, while
lowering the overall computational burden. Once these
reduced features are obtained, theDecision Tree classifier
organises them by repeatedly selecting the attributes that
yield the most significant separation between classes.
This process is guided by themeasure of information gain
(IG), which is expressed as:

𝐼𝐺(𝑆, 𝐴) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) − ∑
𝜈∈𝑣𝑎𝑙𝑢𝑒𝑠(𝐴)

|𝑆𝜈|
|𝑆| 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝜈)

(2)
Where 𝑆 represents the dataset, 𝐴 is the candidate

attribute, and 𝑆𝜈 denotes the subset of samples corre-
sponding to the attribute value 𝜈. This process results
in hierarchical and interpretable decision boundaries
that align well with the intrinsic differences between
cancerous and non-cancerous cervical cells. The strong
recall and F1-score observed in our experiments confirm
that the constructed partitions effectively separate the
two classes without significant overlap, which explains
the superior performance of the VGGNet16–Decision
Tree combination.

From a practical standpoint, the VGGNet16 model is

well suited for analyzing Pap smear images because its
small 3×3 filters can capture fine cellular details such as
textures, boundaries, and chromatin patterns within the
nuclei. These features are closely related to clinically
essential markers, including the nucleus-to-cytoplasm
ratio, texture variations, and overall nuclear shape. The
Decision Tree classifier then uses these extracted features
to make clear, rule-based decisions, similar to the way
a pathologist would evaluate slide characteristics. The
combination of VGGNet16’s detailed feature extraction
and the Decision Tree’s interpretability, therefore not
only improves diagnostic accuracy but also adds theoret-
ical value by linking computational results with clinically
meaningful observations.

The novelty of this work lies in its combination of deep
learning–based feature extraction with a simple, rule-
driven classification approach. Unlike conventional end-
to-end CNNs that depend entirely on backpropagation to
learn complex decision boundaries, our method is built
on the idea that the visual and structural characteristics
of cervical cells can be captured more efficiently in
a reduced feature space using Principal Component
Analysis (PCA). This reduction step compresses the
feature dimensions while preserving the most meaning-
ful variations related to cell morphology. The refined
features are then passed to a Decision Tree classifier,
which applies an entropy-based rule formation process
to generate clear and interpretable decision boundaries.
Together, these two stages, variance-preserving projec-
tion and rule-based partitioning, create a lightweight
analytical framework that enhances interpretability and
computational efficiency without increasingmodel depth
or the number of parameters.

To provide a fair comparison, we also examined the
computational complexity of the different CNN and
machine learning combinations. The analysis considered
three aspects: the number of model parameters, the
approximate floating-point operations (FLOPs), and the
average time required to process a single image during
testing. Deeper networks, such as ResNet152, require
more computational effort due to their large number of
parameters and higher FLOPs, which naturally increases
inference time. In contrast, VGGNet16 is comparatively
lighter, requiring fewer parameters and fewer opera-
tions. When paired with the Decision Tree classifier,
this combination achieved an average testing time of
approximately 0.084 seconds per image on our system. In
contrast, a more complex setup, such as ResNet152 with
Logistic Regression, took around 0.145 seconds per im-
age. These results indicate that the VGGNet16–Decision
Tree model achieves robust classification performance
while maintaining computational efficiency, rendering it
suitable for real-timemedical applications, particularly in
resource-constrained environments.

4. RESULTS AND DISCUSSION:

The proposed methodology is evaluated on the
SIPaKMeD dataset [32], which comprises 1,274 can-
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cerous images and 2,878 non-cancerous images. Its
performance is assessed using multiple deep learning
architectures—ResNet101, ResNet152, AlexNet, Incep-
tionV3, and VGGNet16—combined with various machine
learning classifiers, including Support Vector Machine
(SVM), Random Forest (RF), Decision Tree (DT), and Lo-
gistic Regression (LR). The experiments are implemented
in Python 3 within the Spyder environment, running
on a Windows 11 system with an Intel i5 processor.
Evaluationmetrics include accuracy, precision, recall, F1-
score, specificity, and harmonic mean.

The model’s performance is measured by the pro-
portion of image pixels correctly classified, which is
calculated as accuracy. It is determined as the ratio of the
number of pixels correctly classified to the total number
of pixels:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹 𝑃 + 𝐹 𝑁 (3)

Where, TP (True Positives): Correctly identified pixels
as belonging to the positive class.

TN (True Negatives): Accurately labelled pixels that
are in the negative class.

FP (False Positives): Misclassified pixels predicted to
belong to the positive class but belong to the negative
class.

FN (False Negatives): Misclassified pixels labelled as
negative but of the positive class.

Precision is the proportion of correctly classified
instances or samples identified as positives to the overall
number classified as positives. Precision is thus ex-
pressed as

𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑃 (4)

Recall, which is a synonym for the power of a model in
detecting positive cases in a data set. It is a synonym for
true positive rate (TPR) or sensitivity. The recall formula
is

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (5)

F1-score, which is given by a measure of the accuracy
of a model in terms of precision and recall, both of
which are of high significance for object detection and
segmentation tasks.

𝐹 1 − 𝑆𝑐𝑜𝑟𝑒 = 2 × 𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (6)

The F1 score is the harmonic mean of precision and
recall and provides an equal measure of the performance
of a model.

Specificity is an indicator of a test’s power to identify
the unaffected accurately, and it is determined by divid-
ing the true negatives (TN) by the sum of true negatives
(TN) and false positives (FP).

𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 = 𝑇 𝑁
𝑇 𝑁 + 𝐹 𝑃 (7)

The harmonic mean (𝐻 ) of a list of n numbers
(𝑥1, 𝑥2, ..., 𝑥𝑛) is obtained as the inverse of the

arithmetic mean of the inverses of the numbers using the
formula:

𝐻 = 𝑛
(𝑥1, 𝑥2, … , 𝑥𝑛) (8)

Where, 𝑛 is the number of all values in the data set.
𝑥1, 𝑥2, … , 𝑥𝑛 ∶ Refers to the separate variables in the
set. The equation essentially involves finding the mean
of the reciprocals of the numbers and then taking the
reciprocal of the mean.

The preprocessing steps of the proposed model are
shown in Fig. 3. This implementation combines
deep learning with machine learning to classify images
effectively. Among the preprocessing methods, resizing
is used to ensure consistent input size, avoid errors,
and improve efficiency compared to other methods.
Normalization is used for matching pre-trained statistics,
centres, and scales of pixel values. Among the
segmentation methods, DeepLabV3 [35] is a powerful
pre-trained model that captures high-level context in
the image and performs fine-grained segmentation using
convolutions. It can segment complex structures even
when edges are unclear, making it ideal for real-world
biological images with noise, variation, or overlap. The
output of each block is presented in Fig. 4.

The evaluation of various deep learning and machine
learning models for the classification during training and
testing phases is presented in Tables 2 and 3. Upon
analysing the performance results from the training, it
was observed that the VGGNet16 with Decision Tree
combination yielded the best overall results across almost
all key evaluation metrics. This pairing achieved the
highest accuracy of 0.8329, indicating strong overall
prediction capability. More significantly, it attained a
perfect recall score of 1.0, demonstrating the model’s
exceptional ability to correctly identify all positive (can-
cerous) cases without missing anything.

The preprocessing techniques, such as Otsu thresh-
olding, are considered because it has low complexity
and are real-time capable, useful for nuclei segmentation,
whereas DeepLabV3 is considered because it is a power-
ful method that handles complex scenes and does deep
feature segmentation. As well as Canny Edge Detection,
it is not more complex and the best gradient method for
detecting cellular boundaries and cell size.

In addition, the F1-Score, which balances precision
and recall, was 0.8929, the highest among all evaluated
configurations. This high F1-Score highlights themodel’s
balanced effectiveness in minimizing false positives and
negatives. The precision was 0.8066, indicating a
reliable true-positive rate among all predicted positives.
Although the specificity was slightly lower at 0.4489, it
remained competitive and acceptable, especially consid-
ering the high recall. It is crucial in medical imaging,
where false negatives are costlier than false positives.

The Harmonic Mean (H-Mean), which combines pre-
cision and recall in a balanced manner, further confirmed
the robustness of this configuration, yielding a value
of 0.8929, the highest among all tested combinations.
Meanwhile, the ResNet101 with a logistic regression
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Fig. 4: First Row: Original Image (888 × 668), Resized image (224 × 224), Normalized Image, Second Row: Otsu
Thresholding, Deep Lab V3, Canny edge detection.

Table 2: Evaluation and comparison of various deep learning andmachine learningmodels for the classification of cervical
cancer images, based on their performance during the training phase.

combination outperformed all other architectures during
testing. ResNet101 excels at extracting deep, hierarchical
features from medical images that simpler models miss.
Logistic Regression is a fast, efficient, and simple binary
classification model that performs exceptionally well
with rich features. It achieved a very high Recall of
0.9716, effectively detecting almost all cancer cases—an
essential capability in medical diagnosis.

As compared to more sophisticated models like deci-
sion trees, logistic regression generalizes better, partic-
ularly when paired with strong feature representations.
It is also computationally efficient, suitable for low-
resource or real-time environments. Additionally, logis-

tic regression is more interpretable than deep learning
models, which is exceptionally beneficial in healthcare
settings where explainable AI is essential.

Another advantage of this approach is its scalability
and ease of deployment. After feature extraction with
ResNet101, the lightweight Logistic Regression model
is easy to deploy on edge devices or clinical software.
Unlike training complete deep networks end-to-end, this
hybrid setup achieves consistent performance with less
overfitting and a smaller gap between training and test
sets. Fig.s 5–14 present the confusion matrices obtained
during training and testing for various deep learning ar-
chitectures combined with machine learning classifiers.
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Table 3: Evaluation and comparison of various deep learning andmachine learningmodels for the classification of cervical
cancer images, based on their performance during the testing phase.

Table 4: Comparison of various deep learning models.

In the testing phase, ResNet152 and ResNet101 achieved
recall values of 0.9592 and 0.9716, respectively, indicating
a strong ability to identify cancerous cases correctly.
However, some misclassifications were evident in the
non-cancerous class, as reflected by lower specificity
values (0.2697 and 0.2472). During training, VGGNet16,
InceptionV3, and AlexNet showed consistently high
performance, with VGGNet16 paired with Decision Tree
achieving the best overall results, including a perfect

recall of 1.0, an F1-score of 0.8929, and a precision of
0.8066. Fig.s 13 and 14 illustrate the training outcomes for
ResNet152 and ResNet101, both of which achieve high ac-
curacy (0.8329 and 0.8151, respectively) while effectively
learning discriminative patterns. Collectively, these
results highlight that while all models demonstrated the
capacity to classify cervical cancer images, VGGNet16
in combination with Decision Tree and ResNet-based
models offered the most reliable balance of accuracy,
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Fig. 5: Confusion Matrix for VGGNet16 in testing.

recall, and F1-score, making them particularly suitable
for early cervical cancer detection.

While the highest testing accuracy achieved in our
study (73.89%) may appear lower compared to some
benchmarked models in the literature, the primary
contribution of this work lies in the development of a
hybrid and interpretable framework that combines deep
learning-based feature extraction with classical machine
learning classifiers. This approach is advantageous in
terms of computational efficiency, ease of deployment,
and clinical interpretability, making it particularly suit-
able for real-time applications in low-resource settings.
Moreover, our emphasis on critical metrics such as recall
(up to 0.9716) and F1-score (up to 0.8347) ensures the
system’s ability to minimize false negatives, which is
essential in medical diagnostics. Unlike many other
models that rely on data augmentation or complex archi-
tectures, our model demonstrates robustness even under
class imbalance and limited dataset conditions. The
hybrid nature of the system, combining ResNet101 with
Logistic Regression and VGGNet16 with Decision Tree,
provides a scalable and lightweight solution that balances
performance with practical deployment requirements.

To provide a fair comparison, we also examined the
computational complexity of the different CNN and
machine learning combinations. The analysis considered
three aspects: the number of model parameters, the
approximate floating-point operations (FLOPs), and the
average time required to process a single image during
testing.

Deeper networks, such as ResNet152, require more
computational effort due to their large number of pa-
rameters and higher FLOPs, which naturally increases
inference time. In contrast, VGGNet16 is comparatively
lighter, requiring fewer parameters and fewer opera-
tions. When paired with the Decision Tree classifier,
this combination achieved an average testing time of
approximately 0.084 seconds per image on our system. In
contrast, a more complex setup, such as ResNet152 with
Logistic Regression, took around 0.145 seconds per im-
age. This shows that the VGGNet16–Decision Treemodel
not only produces strong classification results but also
maintains computational efficiency, making it practical

Fig. 6: Confusion Matrix for AlexNet in testing.

Fig. 7: Confusion Matrix for InceptionV3 in testing.

Fig. 8: Confusion Matrix for ResNet152 in testing.

for real-time medical applications where resources are
limited. The comparison of various methods is presented
in Table 4.

To further substantiate the claim of computational
efficiency, we conducted a detailed analysis of the
proposed and comparative model configurations in terms
of their parameter counts, floating-point operations
(FLOPs), and average inference times per image. The
results demonstrated that while deeper architectures
such as ResNet152 and ResNet101 required higher com-
putational resources due to their large parameter sets and
complex operations, the proposed VGGNet16–Decision
Tree combination achieved a notably faster inference
speed of approximately 0.084 seconds per image on a
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Fig. 9: Confusion Matrix for ResNet101 in testing.

Fig. 10: Confusion Matrix for VGG16 in training.

Fig. 11: Confusion Matrix for InceptionV3 in training.

Fig. 12: Confusion Matrix for Alexnet in training.

Fig. 13: Confusion Matrix for ResNet152 in training.

Fig. 14: Confusion Matrix for ResNet101 in training.

standard CPU setup. In contrast, models like ResNet152
coupled with Logistic Regression required nearly twice
the processing time (around 0.145 seconds per image).
This indicates that the proposed model achieves an
optimal balance between accuracy and efficiency and
operates effectively. Accordingly, the term “resource-
efficient” refers specifically to the reduced computational
load and shorter inference time relative to deeper CNN
architectures, which make the approach practical for
deployment in low-resource or real-time diagnostic en-
vironments.

5. CONCLUSIONS

This study presents a structured and interpretable
pipeline for early-stage cervical cancer detection that
combines deep learning-based segmentation with tra-
ditional machine learning classifiers. The proposed
methodology includes preprocessing techniques such
as resizing and normalization, followed by segmenta-
tion using methods like Otsu thresholding, DeepLabV3,
and Canny edge detection. Feature extraction was
performed using popular CNN architectures—ResNet,
AlexNet, InceptionV3, and VGGNet16—whose outputs
were then classified using various machine learning
algorithms, including Support Vector Machine (SVM),
Logistic Regression, Decision Tree, and Random Forest.

Among all evaluated combinations, the integration of
VGGNet16 with the Decision Tree classifier yielded the
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most effective results for the binary classification of cer-
vical cell images. Specifically, it showed improvements
in key metrics, including Accuracy (0.036%), Precision
(0.024%), Recall (0.26%), F1-score (11.96%), Specificity
(98.68%), and H-Mean (11.96%), compared to the baseline.
While some of the metric gains appear moderate, the real
value of the proposed method lies in its modular design,
transparency, and interpretability, which are crucial in
medical diagnostic applications.

The current study focuses on binary classification
using a clean dataset under controlled conditions. In
future work, this methodology can be extended to multi-
class classification to identify various stages or subtypes
of cervical cell abnormalities. Additionally, the model
can be enhanced to function effectively in noisy or
low-quality imaging environments, which are common
in real-world clinical settings. Further research could
also integrate attention mechanisms or lightweight deep
models to improve efficiency and performance on mobile
or edge devices. With appropriate clinical validation,
the proposed system has the potential to be deployed in
large-scale screening programs, particularly in resource-
constrained regions. the SIPaKMeD dataset consists
of well-curated, high-quality Pap smear images with
relatively clear class distinctions. As a result, it may
not fully represent the variability, noise, and complexity
commonly encountered in real-world clinical settings.
This study has several limitations that should be noted.
First, the experiments were carried out on a single
publicly available dataset (SIPaKMeD).While this dataset
is widely used for benchmarking, it may not fully
represent the range of cervical smear images seen in
real clinical practice. Second, the experiments were
conducted on a standard CPU-only system, which limited
our ability to test more complex deep learning models.
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