Babatunde et al. Cancer Cell International ~ (2026) 26:148 Cancer Cell International
https://doi.org/10.1186/512935-026-04234-1

Joint segmentation and classification 2
of cervical cells using U-Net and CNN

ensemble for early detection of cervical

cancer

Akinbowale Nathaniel Babatunde', Oluwasegun Julius Aroba®®, Abidemi Emmanuel Adeniyi*#,
Salman Olatunji Isiaka®, Tosho A. Abdulrahman?, Akeem Femi Kadri', Shuaib Babatunde Mohammed' and
Michael Rudolph®

Abstract

Cervical cancer remains a leading cause of mortality among women, particularly in resource-limited settings where
cytological screening is hindered by manual analysis challenges. This study presents a joint segmentation and
classification framework integrating U-Net and a CNN ensemble to automate and enhance the accuracy of cervical
cell analysis. The U-Net architecture is employed to delineate nuclei and cytoplasmic boundaries from Pap smear
images, leveraging skip connections to preserve spatial resolution in complex cellular environments. Following
segmentation, an ensemble classifier combining ResNet-50, VGG-16, and InceptionV3 is utilised to differentiate
cervical cell types with high precision. The proposed method was evaluated on benchmark datasets (APACS-23,
Cx22, SIPaKMeD) using stratified five-fold cross-validation and external validation cohorts. Experimental results
achieved a mean Dice coefficient of 0.934 for segmentation and a classification accuracy of 94.6%, outperforming
single-model baselines by 5-8% in F1-score and AUC metrics. Grad-CAM visualisations demonstrated that the
model’s focus corresponded to diagnostically relevant regions, reinforcing clinical interpretability. Ablation studies
confirmed that the joint learning architecture substantially enhanced feature localisation and classification
robustness. This research contributes a deployable, interpretable Al-based pipeline suitable for real-time cervical
cancer screening, offering potential deployment in both centralised laboratories and low-resource healthcare
environments. Future directions include expanding dataset diversity, integrating transformer-based models, and
developing lightweight implementations for edge devices.
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Introduction

Cervical cancer remains a leading cause of cancer-related
mortality among women worldwide, particularly in low-
and middle-income countries where access to regular
cytological screening is limited. Conventional Pap smear
screening relies heavily on manual microscopic examina-
tion by trained cytopathologists, a process that is time-
consuming, labour-intensive, and prone to inter-observer
variability and diagnostic inconsistency (Adler et. al,
2025; Pacal, 2025; Sang’udi et al., 2025). These challenges
are exacerbated by the intrinsic complexity of cervical
cytology images, which often exhibit staining variabil-
ity, overlapping cells, irregular nuclear morphology, and
poorly defined cytoplasmic boundaries (Garbach et al,
2025; Gruber et al., 2025). As screening volumes increase,
these limitations pose a significant barrier to timely and
accurate early detection (Li, Liu, & Xie, 2023).

Recent advances in deep learning have substantially
transformed medical image analysis, enabling automated
and robust feature learning directly from raw image
data. In cervical cytology, convolutional neural networks
(CNNs) have demonstrated strong performance in both
segmentation and classification tasks, outperforming tra-
ditional image processing and classical machine learning
approaches ([27]; Adler et al., 2024; Shaik et al., 2025).
Encoder—decoder architectures such as U-Net have
become the de facto standard for biomedical image seg-
mentation due to their ability to preserve fine-grained
spatial details through skip connections, even when
training data are limited (Zhang et al., 2023). Accurate
segmentation of nuclei and cytoplasm is particularly
critical in cervical cancer screening, as diagnostic deci-
sions rely heavily on morphological cues such as nuclear
size, shape, chromatin texture, and nucleus-to-cytoplasm
ratio (Babatunde et al., 2025a; Babatunde et al., 2025b).

Parallel to segmentation advances, CNN-based classi-
fication models have shown high diagnostic accuracy in
distinguishing cervical cell types. Architectures such as
ResNet-50, VGG-16, and InceptionV3 have been widely
adopted due to their hierarchical and multi-scale fea-
ture extraction capabilities (Kadri et al., 2025a; Kadri
et al, 2025b) [25]. However, single-network classifi-
ers often suffer from limited generalization, especially
when applied across heterogeneous datasets. Ensemble
learning strategies mitigate this limitation by combining
complementary models, thereby reducing variance and
improving robustness [22]. Ensemble CNNs have consis-
tently reported improved F1-score and AUC metrics on
benchmark cervical cytology datasets such as SIPakKMeD
and Herlev (Heidari et al., 2024; Kamzayeva, 2025).

Despite these advances, many existing studies treat
segmentation and classification as independent or loosely
coupled stages, resulting in fragmented pipelines that
limit interpretability and clinical trust. More recent
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joint-learning frameworks attempt to integrate segmen-
tation and classification, but several gaps remain. These
include limited evaluation across diverse datasets, insuf-
ficient coupling between spatial localisation and diag-
nostic inference, and a lack of explainability mechanisms
that clearly link predictions to clinically meaningful cel-
lular structures (Zhang et al., 2023; Shaik et al., 2025).
Addressing these gaps is essential for transitioning deep
learning systems from experimental settings to real-
world cervical cancer screening workflows.

This study proposes an interpretable, end-to-end joint
segmentation and classification framework for auto-
mated cervical cell analysis. The framework integrates a
U-Net—based segmentation module with a soft-voting
CNN ensemble comprising ResNet-50, VGG-16, and
InceptionV3. Segmentation outputs are used not merely
as a preprocessing step but as spatial priors that directly
guide classification, ensuring that diagnostic decisions
are grounded in anatomically relevant regions (Lin et al.,
2018; Wubineh, Rusiecki, Halawa, 2024; Tomaziu-Todo-
sia et al., 2025). The framework is evaluated across three
complementary public datasets, APACS-23, Cx22, and
SIPaKMeD, covering pixel-level segmentation, overlap-
ping-cell scenarios, and multi-class diagnostic classifica-
tion (Yang et al., 2024; Wang et al.,, 2025). Furthermore,
segmentation-guided Grad-CAM visualizations are
incorporated to enhance interpretability, allowing clini-
cians to verify that model attention aligns with diagnosti-
cally relevant nuclei and cytoplasmic regions ([27]; Shaik
et al., 2025).

The main contributions of this work are threefold.
First, the study introduces a tightly coupled joint-learn-
ing architecture that explicitly aligns segmentation and
ensemble classification through joint optimization,
improving both localization accuracy and diagnostic
robustness. Second, comprehensive multi-dataset valida-
tion is conducted to demonstrate generalizability across
diverse cytological imaging conditions, addressing a
key limitation of many prior studies that rely on sin-
gle-dataset evaluation (Heidari et al., 2024). Third, the
framework embeds clinically grounded explainability by
linking segmentation outputs with Grad-CAM-based
visual interpretation, thereby enhancing transparency
and supporting clinician trust. Collectively, these con-
tributions advance the state of the art by delivering a
unified, interpretable, and generalizable deep learning
pipeline suitable for deployment in real-world cervical
cancer screening environments.

Literature review

Recent progress in automated cervical cancer screening
has been driven by advances in machine learning and
deep learning applied to cytological image analysis. Tra-
ditional Pap smear interpretation relies on expert visual
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assessment of cellular morphology, a process that is
time-consuming and prone to inter- and intra-observer
variability, particularly in resource-constrained settings
(Chauhan, Singh, & Kumar, 2023; Chauhan, Singh, &
Mehta, 2025). Early computational approaches sought
to mitigate these challenges through handcrafted feature
extraction combined with conventional machine learn-
ing classifiers. Such methods focused on morphological
descriptors, texture statistics, and colour features, achiev-
ing moderate success but exhibiting limited robustness
to staining variability, overlapping cells, and heteroge-
neous acquisition conditions [12, 24]. A pivotal transi-
tion toward data-driven representation learning occurred
with the adoption of convolutional neural networks
(CNNs), which enabled end-to-end optimisation directly
from raw cytology images. Comparative studies by Chau-
han and Singh [5] provided early empirical evidence that
deep learning architectures consistently outperform con-
ventional machine learning pipelines in cervical cell clas-
sification, particularly in complex multi-class scenarios.
Subsequent investigations reinforced these findings,
demonstrating that CNNs are more effective at captur-
ing subtle morphological variations associated with dys-
plastic progression than manually engineered features
[25, 26]. However, classification-focused CNN models
frequently lack explicit spatial grounding, limiting inter-
pretability and clinical trust (Chauhan, Singh, & Verma,
2023).

Parallel to classification research, segmentation-based
deep learning methods emerged to address the need for
precise localisation of diagnostically relevant structures
such as nuclei and cytoplasm. Encoder—decoder archi-
tectures, particularly U-Net and its variants, became the
dominant paradigm for biomedical image segmentation
due to their ability to preserve spatial detail through skip
connections ([27]; Zhang et al., 2023). High segmenta-
tion accuracy has been reported across diverse cervical
cytology datasets, including challenging overlapping-
cell scenarios (Heidari et al., 2024; [23]). Nevertheless,
most segmentation-oriented studies remain diagnosti-
cally incomplete, as localisation outputs are not explic-
itly integrated into downstream classification or clinical
decision-making processes. To bridge the gap between
localisation and diagnosis, hybrid learning strategies have
been increasingly explored. These approaches combine
handcrafted descriptors with deep features or integrate
multiple deep representations to exploit complementary
information. For example, Chauhan and Singh , [7] dem-
onstrated that selective feature-based machine learning
classifiers can improve stability under constrained data
conditions, while Chauhan and Singh [6] analysed the
influence of CNN channel variation on feature discrimi-
nation in cervical cytology images. More recent work
introduced hybrid deep feature concatenation networks
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that fuse representations from multiple CNN backbones,
yielding improved classification accuracy (Chauhan &
Singh, 2023; [28]). Although effective, these hybrid mod-
els typically adopt modular pipelines in which segmen-
tation, feature extraction, and classification are loosely
coupled, increasing susceptibility to error propagation
and limiting end-to-end optimisation.

Transfer learning and fine-tuning strategies have fur-
ther advanced cervical cytology classification by adapt-
ing large-scale pretrained networks to domain-specific
data [18, 25]. Chauhan and Singh (2023) reported that
fine-tuned CNNs outperform training-from-scratch
approaches, particularly when annotated cytology data-
sets are limited. Building on this, Chauhan and Singh
(2025) proposed hybrid learning frameworks incorporat-
ing dimensionality reduction techniques such as princi-
pal component analysis (PCA) and progressive resizing
to improve computational efficiency and convergence
stability. Despite these methodological refinements, most
existing frameworks continue to treat segmentation as an
optional preprocessing step rather than an integral com-
ponent of diagnostic inference (Zhang, Zhu, & Luo, 2025)
. Recent studies have begun exploring joint or multi-task
learning paradigms that integrate segmentation and clas-
sification within a unified framework. Joint learning has
been shown to enhance feature localisation and reduce
overfitting by enforcing shared representations across
tasks (Chen et al., 2024; Shaik et al., 2025). However, cur-
rent joint-learning implementations exhibit several limi-
tations. Many are evaluated on a single dataset, limiting
evidence of generalisability [14, 18]. Others prioritise
performance metrics without embedding explainability
mechanisms that clearly associate predictions with clini-
cally meaningful cellular regions [22, 29]. As a result, the
translation of such systems into real-world screening
workflows remains constrained.

Explainable artificial intelligence (XAI) has there-
fore become an essential research direction in cervical
cancer imaging. Visual explanation techniques such as
Grad-CAM enable post hoc inspection of CNN decision
regions, supporting clinician validation of automated
predictions [27, 34]. While promising, explainability is
often applied only at the classification stage, without
explicit linkage to segmentation outputs or morpho-
logical structures. This disconnect reduces the clinical
interpretability of hybrid and joint-learning systems. The
limitations and methodological gaps identified across
prior studies are synthesised in Table 1, which system-
atically contrasts existing cervical cytology frameworks
in terms of modelling strategy, algorithmic design, and
unresolved challenges.

Figure 1 further maps these gaps, namely suboptimal
segmentation accuracy in complex cellular environments,
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Table 1 Summary of Representative Cervical Cancer Imaging
Studies
Author  Model Algorithm Contribution Gap/
(Year) Limitation
Rasheed Improved Encoder—de- Achieved Focused
etal, U-Net coder CNN high-accuracy solely on
[27] with skip nucleus seg-  segmentation;
connections mentation no diagnostic
(Dice =0.93)  classification
on Pap smear  or clinical
images interpretability
Heidari  DenseNet Instance-level  Robust Segmen-
etal, + U-Net segmentation  segmentation tation-only
(2024) of overlap- pipeline; lacks
ping cervical  diagnostic
cells (loU = inference
0.88) on Cx22
dataset
Karadag ResNet, CNN-based Demon- Class imbal-
etal, VGG classification strated strong  ance affects
[18] classification  robustness;
accuracy on  no spatial
SIPaKMeD localisation
dataset
Qianet CNN Voting-stack-  Achieved Classifica-
al, [25]  Ensemble ingensemble high AUC tion-only
learning (> 0.96) for framework;
cervical cell segmentation
classification  not integrated
Jinetal, Attention- Feature fusion  Improved Attention
[14] based with attention  diagnostic ac-  lacks explicit
CNN mechanisms curacy using  anatomical
attention- grounding via
guided segmentation
learning
Liuetal, Swin Hybrid trans- Enhanced High com-
[22] Trans- former-CNN classification  putational
former+  ensemble performance  cost; limited
CNN across deployment
datasets feasibility
Kho- Dense- Metaheuristic ~ Achieved No clas-
zaimi, UNet optimisation very high sification or
[19] (SMO) segmenta- end-to-end
tion accuracy  diagnostic
(Dice=0.96) integration
Mos- Dl-based  Multi-scale CNN  Scalable Does not
quera-  segmen-  segmentation  nucleusseg-  support
Zamudio tation mentation on  diagnostic
etal, model whole-slide classification
[23] images
Shaik U-Net Jointsegmen-  Demonstrated  Limited exter-
etal, + CNN tation and benefits of nal validation
(2025) Ensemble classification joint learn- and dataset
ing with diversity
Grad-CAM
interpretability
Pro- U-Net Joint learning Unified Higher com-
posed  +CNN with soft-voting segmentation, putational
Frame-  Ensemble and Grad-CAM  classification,  cost than
work and explain-  single models;
(2025) ability with scalability to
multi-dataset  larger cohorts
validation required
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fragmented processing pipelines, limited cross-dataset
generalisation, and insufficient interpretability, to the
design choices of the proposed framework.

In contrast to existing hybrid and joint-learning
approaches, the present study introduces a tightly inte-
grated segmentation—classification pipeline that uni-
fies pixel-level localisation, ensemble-based diagnostic
inference, and explainability within a single deploy-
able architecture. By explicitly using segmentation out-
puts as spatial priors for ensemble CNN classification,
the framework ensures that diagnostic decisions are
grounded in anatomically relevant regions. The incor-
poration of Grad-CAM visualisation aligned with seg-
mentation masks further strengthens interpretability by
linking model attention to nuclei and cytoplasmic fea-
tures that are central to cytopathological assessment.
Through multi-dataset validation and joint optimisation,
the proposed approach advances beyond prior hybrid
and joint-learning methodologies, addressing both per-
formance and clinical trust requirements in automated
cervical cancer screening.

Materials and methods

A comprehensive methodological pipeline was developed
to support accurate segmentation and classification of
cervical cells for early detection of cervical cancer. The
approach incorporates carefully curated data sources,
standardised preprocessing routines, and a dual-stage
deep learning architecture comprising a U-Net for cell
segmentation and a CNN ensemble for diagnostic clas-
sification. Training protocols and evaluation metrics
were systematically designed to ensure clinical relevance,
robustness, and reproducibility across diverse cytological
datasets.

Dataset description
Reliable training and evaluation of deep learning mod-
els for cervical cancer screening require not only diverse
and well-annotated datasets but also carefully designed
data-partitioning strategies that prevent information
leakage and ensure unbiased performance assessment.
In this study, three publicly available datasets APACS-23,
Cx22, and SIPaKMeD were employed to support pixel-
level segmentation, overlapping-cell analysis, and multi-
class classification, respectively. Their key characteristics,
annotation formats, and application scope are sum-
marised in Table 2, while representative image samples
and corresponding annotations are illustrated in Fig. 2.
The APACS-23 dataset, released in 2023, comprises
3,565 Pap smear images containing approximately 37,000
cervical cells annotated at the pixel level for nuclei and
cytoplasm. This dataset was primarily utilised to train
and evaluate the U-Net segmentation module. Images
were randomly divided into training (70%), validation
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Identified Research Gaps

Suboptimal
Segmentation Accuracy

Solution

Limited Generalisation

Lack of Interpretability

Integrated

Proposed Framework

U-Net Segmentation

: « Pixel-Level Nuclei & Cytoplasm
Segmentation

CNN Ensemble Classification

« Soft-Voting of ResNet, VGG, Inception Models

Joint Optimization Pipeline

« Unified Segmentation + Classification

Grad-CAM Explainability

« Viisual Interpretation of Key Cell Regions

Fig. 1 Mapping Research Gaps to the Proposed Framework for Joint Segmentation, Classification, and Interpretability in Cervical Cancer Imaging

Table 2 Characteristics of Cervical Cell Datasets Used in This

Study
Dataset Year Image Cell Annota- Application
Count Count tionType Area
APACS-23 2023 3,565  ~37,000 Pixel-level Segmentation
(cytoplasm,  (U-Net, atten-
nucleus) tion models)
Cx22 2022 1,320  ~14946 Instance- Dense seg-
level, mentation,
overlapping benchmarking
cells
SIPaKMeD  Ongo- 4,049  N/A Classifica-  Cell
ing tion labels  classification
(5 classes)

(15%), and test (15%) subsets. Where patient or slide
identifiers were available, images originating from the
same patient or slide were assigned exclusively to a single
subset to enforce patient-level separation. This strategy
ensured that correlated samples did not appear across
different splits, thereby reducing the risk of data leak-
age during segmentation training and evaluation. The
Cx22 dataset consists of 1,320 images with nearly 15,000
labelled cell instances and is specifically designed to cap-
ture challenging overlapping cell scenarios under realis-
tic staining and acquisition conditions. Individual images
may contain multiple partially overlapping cells, increas-
ing segmentation complexity. For this dataset, a stratified
split of 70% training, 15% validation, and 15% testing was
applied at the image level, ensuring that all cell instances
derived from a single image remained within the same
subset. This approach prevented cross-contamination
between training and evaluation data and enabled a real-
istic assessment of segmentation robustness in dense cel-
lular environments.

The SIPaKMeD dataset contains 4,049 cropped cervical
cell images distributed across five diagnostic categories:
superficial-intermediate, parabasal, metaplastic, koilocy-
totic, and dyskeratotic. This dataset was used exclusively
for training and evaluating the classification component
of the framework. A stratified split of 70% training, 15%
validation, and 15% testing was adopted to preserve
class balance across all subsets. Since SIPaKMeD images
are provided as independent, pre-cropped single-cell
samples without patient-level metadata, separation was
enforced at the image level, in accordance with stan-
dard benchmarking practice for this dataset. To prevent
data leakage within the joint segmentation—classifica-
tion pipeline, strict isolation was maintained between
data partitions throughout all stages of processing. Seg-
mentation masks, cropped cell patches, and any aug-
mented variants derived from a given original image were
restricted to the same subset (training, validation, or test-
ing). Data augmentation was applied only after dataset
partitioning and exclusively to the training data, ensuring
that no correlated samples were introduced into the vali-
dation or test sets. Overall, the dataset handling strategy
described above, together with the dataset characteristics
summarised in Table 2 and the visual examples presented
in Fig. 2, ensures a fair, reproducible, and clinically real-
istic evaluation of the proposed framework. This design
supports both cross-validation and independent testing
while closely reflecting real-world deployment scenarios
in which models encounter previously unseen patient
data.

Data preprocessing
Data preprocessing is essential for preparing cervical cell
images for deep learning, particularly in the presence of
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Fig. 2 Representative samples and annotations from APACS-23, Cx22, and SIPaKMeD datasets

Table 3 Data Preprocessing Pipeline and Utility

Operation Functionality Impact on Model
Training
Resizing Standardizes image Ensures input

dimensions to 256256 consistency, reduces

pixels computational load
Normalization Scales pixel values to Stabilizes training,
range [0,1] prevents vanishing/

exploding gradients

Improves visibility of
nuclei and cytoplasm
boundaries

Enhances contrast and
cellular features

Histogram
Equalization

Minimizes false feature
learning from artefacts
Introduces realistic mor-  Increases robustness
phological variability to shape diversity
Augments orientation
and symmetry variants

Gaussian Smoothing Reduces background
noise

Elastic Deformation

Reduces overfit-
ting and enhances
generalization

Flipping and
Rotation

staining inconsistencies, noise, and resolution disparities.
The preprocessing pipeline was structured to normalize
image characteristics, enhance diagnostic features, and
introduce variability through augmentation techniques
that improve model generalization. Images were resized
to a uniform dimension of 256 x 256 pixels, enabling a
consistent input shape across segmentation and clas-
sification networks. This standardization improves
computational efficiency while maintaining critical mor-
phological cues such as nuclear contours and cytoplas-
mic structure. Pixel intensity values were normalized to
the range [0,1], facilitating stable gradient propagation
during training and preventing feature dominance due to

input scale variations. Contrast enhancement techniques,
including histogram equalization and CLAHE, improved
visual clarity of cellular boundaries, particularly in sam-
ples with weak staining. Gaussian smoothing with a 3x 3
kernel was applied to reduce background noise while pre-
serving edge integrity. Data augmentation involved ran-
dom rotations, flips, elastic deformations, and contrast
perturbations, all implemented probabilistically to diver-
sify the dataset and mitigate class imbalance. A summary
of these preprocessing steps and their corresponding
effects is provided in Table 3.

An illustration of the preprocessing pipeline is shown
in Fig. 3. The figure compares the original image with its
enhanced, normalized, and augmented versions, high-
lighting the improvements in visual quality and cell mor-
phology clarity.

Model architecture

The proposed framework integrates a U-Net architec-
ture for segmentation and an ensemble of convolutional
neural networks (CNNs) for classification. This joint
approach is designed to simultaneously delineate cervi-
cal cell boundaries and assign diagnostic labels with high
accuracy. Each architectural component is optimised for
a specific function within the pipeline, but interacts in a
unified manner to enhance overall performance.

U-Net-based segmentation module

The segmentation component is responsible for accu-
rately extracting cellular structures such as nuclei and
cytoplasm from whole-slide cervical cell images. A U-Net
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(a) Raw cervical cell image

Fig. 3 Data preprocessing workflow

Table 4 U-Net Architecture Parameters

Stage Operation No. of Output Size
Filters (HxWxC)

Encoder Block 1 Conv — RelLU — Conv 64 256X 256 X 64

Encoder Block2  MaxPool — Conv 128 128%x128%128

Encoder Block3  MaxPool — Conv 256 64 X 64 %256

Bottleneck Conv — Dropout — 512 32X32%512
Conv

Decoder Block T UpConv — Concat —» 256 64X 64 %256
Conv

Decoder Block2  UpConv — Concat -» 128 128x128%x128
Conv

Decoder Block 3 UpConv — Concat — 64 256X 256 X 64
Conv

Output Layer 1x1 Conv+ Sigmoid 1 256%x256% 1

architecture was adopted due to its encoder-decoder
structure, which enables the capture of high-resolution
spatial features while preserving contextual informa-
tion. The encoder compresses the input image through a
series of convolutional and max-pooling layers, extract-
ing hierarchical features at varying depths. The decoder
restores the image resolution through upsampling and
transposed convolutions, incorporating skip connections
from corresponding encoder layers to preserve localisa-
tion precision. Each convolution block includes two 3 x 3
convolution layers followed by batch normalisation and
ReLU activation. Skip connections bridge the encoder
and decoder layers, allowing for detailed spatial recovery.
The final segmentation output is passed through a sig-
moid activation function to produce binary masks for cell
regions. Table 4 outlines the key parameters of the U-Net
architecture employed in this study, including the num-
ber of filters and output dimensions at each stage.

CNN ensemble for cell classification

The classification module receives segmented cell regions
and categorises them into diagnostic classes such as nor-
mal, low-grade lesion, or high-grade lesion. This module
incorporates an ensemble strategy that combines three
state-of-the-art CNN architectures: ResNet-50, VGG-
16, and InceptionV3, each contributing distinct feature

(b) Contrast enhanced
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(c) Normalized

(d) Augmented variants

extraction capabilities. ResNet-50 introduces residual
connections, which facilitate deeper learning by pre-
venting vanishing gradients and improving convergence.
VGG-16 relies on uniform 3x3 convolutions and is
known for learning fine-grained textural features in bio-
medical images. InceptionV3 captures multi-scale spatial
patterns using its modular structure composed of paral-
lel convolutional paths with varying kernel sizes. Each
model was initialised with pre-trained ImageNet weights
and fine-tuned on the cervical cell dataset. Feature vec-
tors from the penultimate layers of the three networks
were concatenated and passed through a global average
pooling layer followed by a fully connected classification
head. The final decision was computed using soft-vot-
ing among the three models, enhancing robustness and
minimising individual model bias. Figure 4 illustrates the
complete model architecture, showing the integration of
the U-Net segmentation path with the CNN ensemble
classification path in a single end-to-end system.

Integration and workflow

The proposed framework adopts a segmentation-to-
classification workflow in which spatially precise seg-
mentation outputs directly guide diagnostic inference.
Integration between the U-Net segmentation module
and the CNN ensemble ensures that classification deci-
sions are grounded in anatomically meaningful cellular
regions while reducing background interference. The
U-Net generates pixel-level binary masks delineating
nuclei and cytoplasm, which are used as spatial priors
for patch extraction. Connected component analysis
identifies individual nuclei, and centroid-based cropping
extracts fixed-size patches centred on diagnostically rel-
evant nuclear regions. Patch dimensions are empirically
selected to capture the nucleus and immediate cytoplas-
mic context, preserving key morphological features. All
patches are resized to 224 x 224 pixels to ensure compat-
ibility with ResNet-50, VGG-16, and InceptionV3. Seg-
mentation-guided patch extraction limits the influence
of background noise, staining artefacts, and neighbour-
ing cells. To mitigate error propagation from imperfect
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Fig. 4 Proposed Model Architecture Combining U-Net for Segmentation and CNN Ensemble for Classification

segmentation, the framework employs joint fine-tuning
with a weighted multi-task loss, aligning segmentation
and classification objectives. In addition, ensemble learn-
ing reduces sensitivity to localised segmentation errors
through soft-voting aggregation of complementary fea-
ture representations, improving robustness compared
with single-model classifiers. The workflow also supports
interpretability and clinical validation. Segmentation
masks provide explicit spatial evidence for predictions,
while Grad-CAM visualisations highlight discriminative
regions within segmentation-guided patches. This align-
ment between spatial localisation and diagnostic out-
put enhances transparency and supports clinician trust.
Overall, the integrated workflow forms a tightly cou-
pled and error-resilient pipeline in which segmentation
informs classification, joint optimisation promotes fea-
ture consistency, and ensemble learning mitigates resid-
ual uncertainty, enabling stable performance and clinical
relevance in cervical cancer screening.

Training procedure

The training procedure for the proposed joint segmen-
tation and classification framework was structured with
the objective of ensuring robust learning, fair evaluation,
and reproducibility. Training followed a two-stage pro-
cess comprising independent task-specific optimization
and subsequent joint fine-tuning, while evaluation relied

on stratified cross-validation and independent external
validation, as outlined in Sect. "Validation strategy".

Segmentation model training

The U-Net segmentation model was trained using images
from the APACS-23 and Cx22 datasets with pixel-level
annotations. Training followed a stratified five-fold cross-
validation protocol, in which the data were divided into
five mutually exclusive folds. Within each fold, approxi-
mately 80% of the data served as the training set and 20%
as the validation set, with fold assignments rotated such
that each sample functioned as validation data exactly
once. Stratification preserved the distribution of cellular
structures and overlapping instances across folds. Opti-
mization of the segmentation task employed a composite
loss function combining Binary Cross-Entropy and Dice
loss. The Adam optimizer was used with an initial learn-
ing rate of 1x107% a batch size of 16, and a maximum
of 50 epochs per fold. Early stopping and learning-rate
reduction on plateau were applied to mitigate overfitting.
For each fold, performance evaluation relied on the Dice
coefficient and Intersection over Union (IoU), and results
were aggregated across folds to report mean + standard
deviation, thereby quantifying performance variability.
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CNN ensemble training

The classification module was trained using segmented
and cropped cervical cell images derived from the SIPaK-
MeD dataset. Class imbalance, which is characteristic
of cervical cytology data due to the lower prevalence
of abnormal cell types, was explicitly addressed dur-
ing model training to prevent bias toward dominant
classes. A stratified five-fold cross-validation strategy
was adopted to preserve the original class distribution
within each fold, ensuring proportional representation
of all diagnostic categories during training and valida-
tion. This approach is particularly suitable for cytology
datasets, where minority classes often carry greater clini-
cal significance despite limited sample size. In addition,
data augmentation was applied exclusively to the train-
ing subsets, with increased augmentation frequency for
underrepresented classes. Augmentation operations
included rotations, flips, elastic deformations, and con-
trast variations, enhancing morphological diversity while
preserving diagnostic structure. Class imbalance was
further mitigated through the use of class-weighted cat-
egorical cross-entropy loss. Class weights were computed
inversely proportional to class frequencies, increasing
the penalty for misclassification of rare cell types such as
koilocytes and dyskeratotic cells. This weighting scheme
encouraged the ensemble models to learn discrimina-
tive features across all classes rather than optimising
primarily for majority-class accuracy. Each base model
in the ensemble, ResNet-50, VGG-16, and InceptionV3,
was initialised with ImageNet pre-trained weights and
fine-tuned under identical imbalance-aware training set-
tings. Optimisation employed stochastic gradient descent
with momentum, and performance was monitored using
macro-averaged validation metrics. Final classification
results are reported as mean + standard deviation across
folds, as summarised in Table 5, providing a robust
estimate of performance stability under imbalanced
conditions.

Table 5 Training Parameters for Segmentation and Classification

Models

Parameter Segmentation Classification
(U-Net) (CNN Ensemble)

Dataset APACS-23, Cx22 SIPakKMeD

Input Image Size 256 X256 224%224

Loss Function BCE+ Dice Loss Categorical

Optimizer

Initial Learning Rate
Epochs

Batch Size

Learning Rate
Scheduler

Evaluation Metric

Adam

0.0001

50

16
ReducelROnPlateau

Dice Coefficient, loU

Cross-Entropy

SGD with momentum
0.001

50

32

Cosine Annealing
Scheduler (optional)
Accuracy, F1-Score,
ROC-AUC
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Joint fine-tuning

Following task-specific optimisation, the segmentation
and classification modules underwent joint end-to-end
fine-tuning using the training splits defined within each
cross-validation fold. A weighted multi-task loss func-
tion combined segmentation and classification objec-
tives. Joint fine-tuning employed a reduced learning rate
of 1x107° and was conducted over 20 epochs. This stage
facilitated alignment between spatial localisation and
diagnostic inference while preserving consistent evalua-
tion boundaries within each fold.

Computational cost

Computational efficiency and deployment feasibility were
evaluated by analysing hardware requirements, model
size, training duration, and inference latency of the pro-
posed joint segmentation—classification framework. All
experiments were conducted on a workstation equipped
with an NVIDIA RTX 3080 GPU (10 GB VRAM), an
Intel Core i9 CPU, and 32 GB RAM. Training and infer-
ence were implemented using PyTorch with CUDA
acceleration. The U-Net segmentation model contains
approximately 7.8 million trainable parameters, while the
classification ensemble comprises ResNet-50 (25.6 mil-
lion parameters), VGG-16 (138 million parameters), and
InceptionV3 (23.8 million parameters). The total parame-
ter count of the full framework is therefore approximately
195 million, with only the classification heads fine-tuned
during joint training to reduce computational overhead.
Training time for the segmentation module averaged
2.6 h per fold under the five-fold cross-validation pro-
tocol described in Sect. "Segmentation model training",
while ensemble classification training required approxi-
mately 3.1 h per fold as outlined in Sect. "CNN ensem-
ble training". Joint end-to-end fine-tuning, described in
Sect. "Joint fine-tuning", required an additional 45 min
per fold due to reduced learning rates and partial param-
eter updates. Inference efficiency was assessed using the
final trained models on the test sets. Average segmenta-
tion inference time was 38 ms per image, while classifi-
cation of a single segmentation-guided patch required
approximately 24 ms. End-to-end inference, including
segmentation, patch extraction, and ensemble classifica-
tion, averaged 62 ms per image, enabling near real-time
performance. These results indicate that the proposed
framework is suitable for practical deployment in clini-
cal screening workflows, particularly in batch-process-
ing or assisted diagnostic settings. Overall, the reported
computational cost demonstrates a balanced trade-off
between diagnostic accuracy and efficiency. The modular
design allows lighter-weight backbones or model pruning
strategies to be integrated in future work without altering
the core pipeline, further supporting scalability and real-
world applicability.
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Evaluation metrics

Evaluation of the proposed framework was designed to
provide a balanced and clinically meaningful assessment
under class-imbalanced conditions commonly observed
in cervical cytology datasets. Performance analysis there-
fore combined overlap-based segmentation metrics with
class-aware classification measures, ensuring that both
majority and minority cell types were appropriately rep-
resented (Zhong, Liu, & Chen, 2024). Class imbalance
was explicitly considered during evaluation by prioritis-
ing class-wise and macro-averaged metrics rather than
relying solely on overall accuracy. Macro-averaging
assigns equal importance to each diagnostic category,
which is particularly appropriate for cytology screen-
ing where abnormal cells are less frequent but clinically
critical. This evaluation strategy complements the imbal-
ance-aware training procedures described in Sect. "CNN
ensemble training” and enables fair comparison across all
classes. Segmentation performance was assessed using
Dice Similarity Coefficient, Intersection over Union, and
pixel accuracy, as detailed in Sect. "Segmentation evalu-
ation". Classification performance was evaluated using
precision, recall, Fl-score, accuracy, and ROC-AUC
metrics, as formally defined in Sect. "Classification eval-
uation". Together, these metrics provide a comprehensive
assessment of localisation accuracy, diagnostic discrimi-
nation, and robustness across validation folds.

Segmentation evaluation
Segmentation performance was evaluated by compar-
ing the predicted binary masks with the corresponding
ground truth annotations at the pixel level. The Dice Sim-
ilarity Coefficient (DSC), Intersection over Union (IoU),
and pixel-wise accuracy were used for this purpose.

The Dice Similarity Coefficient (DSC), defined in
Eq. (1), measures the overlap between the predicted mask
P and the ground truth mask G. This metric ranges
from 0 (no overlap) to 1 (perfect overlap), and is particu-
larly sensitive to the presence of small structures in bio-
medical images.

21PN G

DSC = ———
[Pl + |G|

1)

Intersection over Union (IoU), also known as the Jaccard
index, quantifies the ratio between the intersection and
union of the predicted and actual masks. It is given by the
formula in Eq. (2). A higher IoU indicates better agree-
ment between the prediction and ground truth, although
it penalises over-segmentation more severely than DSC.

PN G

IoU = ———
T IPU G

()
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Pixel Accuracy (PA) was computed as the proportion of
correctly predicted pixels out of the total number of pix-
els, as expressed by Eq. (3).

TP+TN

PA =
TP+TN +FP+FN’

(3)

where TP, TN, FP, and FN denote the true posi-
tives, true negatives, false positives, and false negatives,
respectively. Although useful for quick approximation,
pixel accuracy may be skewed in scenarios with signifi-
cant class imbalance between cell and background pixels.

Classification evaluation
The classification performance of the CNN ensemble was
measured using standard metrics derived from the con-
fusion matrix, including precision, recall (sensitivity),
F1-score, and overall accuracy. These were computed for
each cell class.

Precision evaluates the fraction of correctly predicted
positive samples relative to the total predicted positives
and is defined in Eq. (4).

TP
Precision = W, (4)

Recall quantifies the proportion of actual positive sam-
ples correctly identified by the classifier and is expressed
in Eq. (5).

TP
Recall = TPLFN’ (5)

The F1-score, representing the harmonic mean of preci-
sion and recall, is given by Eq. (6)

Precision e Recall
Fl1=2 6
* Precision + Recall’ ©)

Overall classification accuracy defined in Eq. (7) pro-
vides a general indication of model performance across
all classes. However, in multi-class classification settings
with class imbalance, it may not reflect true performance
unless accompanied by class-specific metrics.

TP+TN

7
TP+TN +FP+FN’ @

Accuracy =

Receiver Operating Characteristic (ROC) curves were
also generated for each class to assess the model’s dis-
criminative capacity across different decision thresh-
olds. The Area Under the Curve (AUC) was used as a
scalar summary of the ROC performance, where values
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approaching 1.0 indicate excellent classification capabil-
ity and values near 0.5 suggest random guessing.

Validation strategy

A two-tier validation strategy was adopted to rigorously
assess generalization performance, consisting of stratified
five-fold cross-validation and independent external vali-
dation on unseen data sources.

Stratified five-fold cross-validation

Stratified five-fold cross-validation served as the pri-
mary internal validation strategy for both segmentation
and classification tasks. Under this protocol, the dataset
was divided into five non-overlapping folds, with strati-
fication ensuring balanced representation of diagnostic
categories and morphological patterns within each fold.
For each iteration, four folds were allocated for training
and one fold for validation. Performance metrics were
calculated independently for each fold and aggregated
to report mean *standard deviation, as presented in the
Results section (e.g., Table 6 for segmentation). Reporting
fold-wise variability provides insight into model stability
and reduces the likelihood of performance overestima-
tion. Low standard deviations observed for key metrics,
including Dice coefficient, IoU, accuracy, and F1-score,
indicate consistent model behaviour across folds. Where
relevant, confidence intervals may be derived from fold-
level statistics to further quantify uncertainty.

Independent external validation

Independent external validation was conducted using
test data that were not involved in training or cross-val-
idation. This evaluation included held-out samples from
APACS-23 and an external cohort from Cx22, both of
which exhibit variations in staining protocols, image
resolution, and cellular density. Evaluation on external
data relied on final models obtained after cross-valida-
tion training. Segmentation performance assessment
employed Dice coefficient and IoU, while classification
performance evaluation included accuracy, macro-aver-
aged Fl-score, confusion matrix analysis, and ROC-
AUC. This validation protocol offers a realistic estimate
of model performance under deployment conditions,
where previously unseen data from heterogeneous

Table 6 Segmentation Results Across 5-Fold Cross-Validation

Fold Dice Coefficient loU Pixel Accuracy (%)
Fold 1 0.931 0.876 96.2

Fold 2 0.938 0.881 96.5

Fold 3 0.936 0.882 96.7

Fold 4 0.932 0.878 96.3

Fold 5 0.933 0.879 96.4

Mean 0.934 0.879 96.4

Std 0.0026 0.0021 0.19
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acquisition settings are encountered. The combined use
of stratified cross-validation and independent exter-
nal validation provides a comprehensive and unbiased
assessment of the robustness and generalisability of the
proposed joint segmentation—classification framework.

Results and discussion

The experimental results demonstrate the effectiveness,
stability, and robustness of the proposed joint segmen-
tation—classification framework across multiple datasets
and validation protocols. Evaluation using stratified five-
fold cross-validation and independent external valida-
tion confirms consistent performance under realistic data
variability. Segmentation results exhibit high and stable
performance across folds, with mean Dice coefficient
and Intersection over Union values showing low vari-
ance. This consistency indicates reliable generalisation to
unseen cytology samples rather than performance driven
by favourable data splits. Qualitative inspection further
supports accurate boundary delineation in both isolated
and overlapping cell scenarios, reinforcing the robust-
ness of the segmentation module. Classification per-
formance of the CNN ensemble follows a similar trend,
with narrow fold-wise variability observed for accuracy,
macro-averaged Fl-score, and AUC. Macro-averaging
ensures equitable contribution from minority but clini-
cally relevant classes. Ablation analysis confirms that
segmentation guidance and ensemble aggregation jointly
enhance diagnostic stability, rather than yielding isolated
improvements in specific validation folds. From a clini-
cal standpoint, the findings support the framework’s role
as an assistive decision-support system. Accurate seg-
mentation provides spatial context for classification and
interpretability, while Grad-CAM visualisations offer
transparent insight into model reasoning. Residual mis-
classifications between morphologically similar classes
reflect known inter-observer variability in cytopathol-
ogy, underscoring the continued importance of expert
oversight. Overall, the results demonstrate a balanced
integration of accuracy, stability, and explainability. Con-
sistent performance across validation folds highlights
robustness, while the clinical discussion emphasises safe
deployment within Al-assisted cervical cancer screening
workflows rather than autonomous diagnosis.

Segmentation and interpretability performance

Performance consistency of the U-Net segmentation
model was thoroughly validated across five-fold cross-
validation. Metrics such as Dice Coefficient, Intersection
over Union (IoU), and Pixel Accuracy all maintained high
values, confirming the model’s robustness in delineating
cellular structures under varying cytological conditions.
Mean Dice coefficient reached 0.934, IoU averaged 0.879,
and pixel-level accuracy exceeded 96% in all folds. The
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Fig. 5 Segmentation Metrics across 5 Folds

segmentation outcomes demonstrated minimal variabil-
ity, as shown in Table 6, which presents individual fold
metrics alongside their mean and standard deviation.

Clear trends in segmentation stability are visualised in
Fig. 5,

The left Y-axis shows Dice Coefficient and IoU values
as clustered bars, while the right Y-axis traces Pixel Accu-
racy as a red line with markers. This dual-axis design
highlights the consistent alignment between spatial over-
lap measures (Dice and IoU) and pixel-level classification
success, further validating model reliability. The figure
confirms that the segmentation model maintained high
scores across all validation folds, with differences between
folds being marginal. All performance indicators fluctu-
ated within narrow bounds, suggesting that the model
generalised well without overfitting to specific data splits.
Segmentation quality was also examined visually. The
predicted masks accurately captured the nuclei and cyto-
plasm boundaries, even in crowded or overlapping cel-
lular scenes. Structural fidelity was preserved, and false
positives were minimal. These outcomes reflect the effec-
tiveness of the dual-loss training strategy and the U-Net’s
skip connections, both of which contribute to preserving
morphological details. The achieved Dice score outper-
forms those reported in related biomedical segmentation
efforts. For instance, Liu et al. (2023) reported an average
Dice coefficient of 0.91 using FCN-based architectures.
The improvement observed here underscores the archi-
tectural and optimisation advantages of the proposed
U-Net pipeline for cytological image analysis. Together,
the tabular and graphical evidence affirms the segmenta-
tion model’s accuracy, consistency, and diagnostic utility,

. oU

—e— Pixel Accuracy (%)

Table 7 CNN Ensemble Classification Performance

Class Precision Recall F1-Score
Superficial-Intermediate 0.951 0.962 0.956
Parabasal 0.932 0918 0.925
Koilocyte 0921 0.905 0913
Dyskeratotic 0.949 0.957 0.953
Metaplastic 0.928 0.909 0918
Macro Average 0.936 0.930 0.938
Accuracy 94.6%

setting a strong foundation for subsequent classification
tasks within the framework.

Classification and ensemble evaluation
Classification of segmented cells using the CNN ensem-
ble yielded a macro-averaged F1-score of 0.938 and an
overall classification accuracy of 94.6%. Results in Table 7
confirm strong precision and recall values across all five
cervical cell types, with dyskeratotic and superficial-
intermediate classes showing the highest predictive reli-
ability. The metaplastic and koilocyte classes presented
moderate overlap due to morphological similarities, but
ensemble voting mitigated major misclassifications.
Soft-voting across ResNet-50, VGG-16, and Incep-
tionV3 enhanced prediction stability. Compared to
single-model baselines, ensemble learning offered
improvements of approximately 5-8% in F1l-score and
AUC, as shown in the ablation results (Table 8). These
performance gains align with trends reported by Zhao et
al. (2024), who highlighted ensemble deep learning as a
key factor in reducing diagnostic variance in cytology.
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Table 8 Ablation Study — Performance under Varying Model
Configurations

Model Configuration Accuracy (%) F1-Score AUC
CNN Ensemble +U-Net 94.6 0.938 0972
Single CNN (ResNet-50 only) 893 0.882 0.947
CNN Ensemble (No Segmentation)  86.2 0.861 0.934

The confusion matrix in Fig. 6 displays dominant diag-
onal patterns, indicating high class-specific accuracy.
Misclassifications between koilocytes and metaplastic
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Fig. 6 Confusion matrix of ensemble CNN classifier
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cells accounted for fewer than 4% of predictions and were
consistent with previously documented inter-observer
variability in cytopathology studies.

ROC curves in Fig. 7 confirm high sensitivity and spec-
ificity across all classes, with AUC values exceeding 0.96
for each diagnostic category.

Component contribution and diagnostic value
Model performance was further evaluated through abla-
tion analysis. As seen in Table 8 above, removing the
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—— Superficial-Intermediate (AUC > 0.96)
—— Parabasal (AUC > 0.96)

—— Koilocyte (AUC > 0.96)

—— Dyskeratotic (AUC > 0.96)

—— Metaplastic (AUC > 0.96)

—-=-=- Random Classifier

0.0 0.2 0.4

06 0.8 1.0

False Positive Rate

Fig. 7 ROC Curves Five Cervical Cell Classes (AUC>0.96)
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segmentation stage led to a drop in classification accu-
racy from 94.6% to 86.2%, while excluding ensemble
aggregation reduced the Fl-score from 0.938 to 0.882.
These results validate the architectural synergy between
segmentation and ensemble classification, reinforcing the
hypothesis that segmentation enhances diagnostic fea-
ture localisation and ensemble learning promotes robust-
ness. Visual and statistical interpretability features, such
as Grad-CAM heatmaps, affirm that model predictions
are explainable and clinically aligned. Nuclear contours,
chromatin patterns, and cytoplasmic regions, hallmarks
of cervical dysplasia, were consistently highlighted dur-
ing classification, thereby increasing clinical trust. This
unified segmentation-classification system not only out-
performs existing baselines but also demonstrates strong
alignment with cytological diagnostic principles. It offers
a reproducible, interpretable, and high-performing pipe-
line that is well-suited for integration into real-world cer-
vical cancer screening workflows.

Comparison with recent and related works

Recent advances in deep learning for cervical cytology
have typically focused on either segmentation or clas-
sification, but rarely both in a unified diagnostic frame-
work. Segmentation-based works, such as Rasheed et
al,, [27] and Mosquera-Zamudio et al., [23], achieved
strong boundary delineation (Dice = 0.93 and IoU > 0.88,
respectively), yet stopped short of providing diagnostic
classification. Optimisation strategies, including Kho-
zaimi et al.,, [19], further enhanced segmentation accu-
racy (Dice = 0.962, IoU = 0.91) but still lacked end-to-end
diagnostic integration.

Classification-only approaches demonstrate high pre-
dictive accuracy but remain limited in interpretability.
Qian et al., [25] reported AUC > 0.96 using an ensemble
CNN, while Jin et al.,, [14] leveraged attention mecha-
nisms for accuracy exceeding 95%. Liu et al., [22] com-
bined Swin Transformers with CNNs, gaining 6.7% over
CNN baselines, though at the cost of computational
efficiency. Karadag et al., [18] achieved 93.5% accuracy
on SIPaKMeD, but class imbalance reduced robustness.
These frameworks underscore the predictive potential of
CNN-based classifiers but fail to provide spatial ground-
ing for clinical decision-making. Efforts to enhance
explainability are emerging. Zhang et al.,, [34] introduced
SegX, a segmentation-augmented interpretability frame-
work, which improves the transparency of clinical Al
models but remains exploratory for cervical cytology.

As summarised in Table 9, these studies collectively
highlight a fragmented landscape: segmentation pipe-
lines excel in boundary detection but omit diagnosis,
while classification pipelines achieve accuracy but lack
interpretability. In contrast, the proposed U-Net and
CNN ensemble framework integrates segmentation,
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classification, and explainability within a single pipe-
line. It achieves competitive segmentation (Dice=0.934,
IoU=0.879) and classification (Accuracy=94.6%,
F1=0.938) while incorporating Grad-CAM for trans-
parent decision support. This positions the framework
as a clinically relevant, end-to-end solution that bridges
the gap between algorithmic performance and practical
deployment.

Comparative performance and novelty analysis

The novelty and contribution of the proposed frame-
work are demonstrated through a comparative analy-
sis with existing segmentation-only, classification-only,
and hybrid cervical cancer imaging approaches. Seg-
mentation-centred methods report high pixel-level
accuracy but do not translate localisation outputs into
diagnostic inference, limiting their clinical applicabil-
ity. Classification-driven models achieve strong predic-
tive performance; however, the absence of explicit spatial
grounding reduces interpretability and weakens clinical
trust. These limitations are quantitatively summarized
in Table 10, which contrasts representative approaches
across segmentation accuracy, classification perfor-
mance, interpretability, and computational efficiency.

Hybrid learning strategies aim to combine the
strengths of segmentation and classification by inte-
grating handcrafted and deep features or by cascad-
ing multiple processing stages. Despite measurable
improvements, many hybrid pipelines remain loosely
coupled and computationally intensive, with interpret-
ability typically addressed through post hoc visualisation
rather than integrated design. The proposed framework
advances beyond these methods by embedding pixel-
level segmentation, ensemble-based classification, and
Grad-CAM-driven explainability within a single joint-
learning architecture. Segmentation outputs directly
inform classification, enforcing anatomically consistent
feature learning and reducing error propagation across
stages, while ensemble learning mitigates individual
model bias. Explainability outputs are spatially aligned
with segmented nuclei and cytoplasmic regions, address-
ing structural gaps observed in prior pipelines, as illus-
trated in Fig. 8.

Experimental results indicate that this integrated
design achieves balanced performance across segmenta-
tion accuracy, classification metrics, and interpretability,
without introducing excessive computational overhead.
The framework maintains competitive efficiency while
outperforming or matching state-of-the-art hybrid and
joint-learning approaches, confirming its methodological
novelty and suitability for deployment in real-world cer-
vical cancer screening environments.
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Study Task Model / Dataset Performance Strengths Limitations / Clinical Relevance
Approach Gaps
Rasheed et  Segmentation Improved U-Net  Pap smear Dice = 0.93 High segmen-  No classification  Useful for cell bound-
al, [27] (nucleus-level) tation accuracy ary delineation but
not diagnosis
Qianetal,  Classification Voting-Stacking ~ Cytology images AUC > 0.96 Strong diag- No spatial Diagnostic tool, but
[25] CNN Ensemble nostic accuracy localisation lacks interpretability
Jinetal, [14] Classification Fused CNN with  Cervical cytology Acc. > 95% Attentionim-  No segmentation; Improves diag-
attention proves feature  limited spatial nosis but is not
learning grounding explainable
Liuetal, Classification Swin Transformer  Pap smear +6.7% vs.CNN  Strong perfor- ~ Computationally — Diagnostic but
[22] + CNN ensemble baseline mance gains heavy impractical for
deployment
Karadag et  Classification ResNet, VGG SIPaKMeD Acc.=93.5% Robust baseline Dataset imbal- Applicable for clas-
al, [18] CNNs ance reduces sification only
generalisation
Khozaimi, Segmentation Dense-UNet + Pap smear Dice =0.962, loU Optimised No classification  Useful for automated
[19] metaheuristic =091 segmentation segmentation, not a
optimisation performance full pipeline
Mosquera-  Segmentation DL-based nuclei  Whole-slide Robust segmen-  Scalable to No diagnostic Prepares the ground
Zamudio et segmentation images tation (loU > WSls classification for diagnosis, but it is
al, [23] 0.88) incomplete
Zhangetal, Explainability SegX (Segmenta- General clinical ~ Improved Enhances trust  Not cervical-spe-  High relevance for
[34] (Segmentation-  tion + Explain- imaging interpretability  in Al models cific, preliminary  interpretable Al
enhanced able Classifier) frameworks
classification)
Proposed  Segmentation + U-Net + CNN APACS-23,(Cx22, Dice =0.934, Unified pipe- Higher compute  End-to-end diag-
Framework Classification + Ensemble SIPaKMeD loU =0.879, Acc. line; balances cost than single  nostic tool with
(2025) Explainability (ResNet50, =94.6%, F1 = accuracy & models; larger clinical usability and
VGG16, Incep- 0.938 interpretability  datasets needed  explainability
tionV3) with for scalability
Grad-CAM

Table 10 Comparative Performance Analysis of Cervical Cancer Imaging Approaches

Approach Category  Representative Method Segmentation  Classification Interpretability Computation-
Performance Performance al Efficiency

Segmentation-only U-Net-based models High Dice /loU  Not applicable Low (no diagnostic linkage)  High

Segmentation-only Dense-UNet variants Very high Dice Not applicable Low Moderate

Classification-only Single CNN (ResNet/VGG) Not applicable  High accuracy /AUC  Low (no spatial grounding) ~ High

Classification-only CNN ensemble Not applicable  Very high accuracy Moderate (post hoc Moderate

heatmaps)

Hybrid learning Handcrafted + CNN features Moderate High Moderate Low

Hybrid learning Cascaded High High Moderate Low
segmentation—classification

Joint learning Multi-task CNN High High Moderate Moderate

Proposed Framework  Joint segmentation-ensemble High Dice /loU  High accuracy, preci-  High (Grad-CAM aligned Moderate—
classification sion, recall with segmentation) High

Conclusion and future work

This study presented an interpretable deep learn-
ing framework that jointly performs segmentation and
classification of cervical cells for early cervical cancer
screening. Integration of a U-Net—based segmentation
module with an ensemble of convolutional neural net-
works enables tight coupling between spatial localisa-
tion and diagnostic inference within a unified end-to-end
pipeline. Evaluation on multiple publicly available data-
sets demonstrated strong generalisation performance,

achieving a mean Dice coefficient of 0.934 and a clas-
sification accuracy of 94.6%. Grad-CAM visualisations
further confirmed that model predictions are grounded
in clinically meaningful cellular structures, supporting
transparency and interpretability.

Despite these encouraging results, several limita-
tions remain. First, model evaluation was conducted on
publicly available datasets, which, although diverse, do
not fully capture the heterogeneity encountered in real-
world multi-institutional deployments. Variations in
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Fig. 8 Structural comparison of prior pipelines and the proposed joint-learning framework

staining protocols, scanner characteristics, image resolu-
tion, and population-specific morphology may introduce
domain shifts that affect performance. Addressing this
limitation will require training and validation on larger,
more heterogeneous datasets, alongside domain-adap-
tive preprocessing, multi-domain learning strategies,
and domain-aware normalisation techniques. The joint
segmentation—classification design partially mitigates
dataset-specific bias by enforcing spatial grounding, but
further robustness improvements are necessary for large-
scale clinical adoption.

Second, segmentation accuracy in densely overlap-
ping cell regions remains a challenging aspect, particu-
larly when cell boundaries are ambiguous or partially
occluded. Although the current framework demonstrates
stable performance in such scenarios, complex overlaps
may still lead to boundary uncertainty and error propa-
gation. Future work will explore transformer-based
encoders and attention mechanisms to enhance spatial
discrimination and contextual reasoning. The modular
structure of the framework also supports incremental
and continual learning paradigms, where the segmen-
tation module can function as a stable morphological

feature extractor while the classification component is
progressively updated using regularisation- or replay-
based strategies to mitigate catastrophic forgetting.

Third, the present study focuses exclusively on cervi-
cal cytology, limiting direct conclusions regarding gen-
eralisation to other cancer domains. While the proposed
architecture is disease-agnostic, extension to additional
cancer types will require domain-specific annotations,
revised class definitions, and task-aware loss weighting.
Differences in tissue organisation and imaging modali-
ties may further necessitate multi-scale representa-
tions or instance-aware segmentation, although the core
principles of joint learning and explainability remain
transferable.

Finally, the framework currently operates at the image
and cell levels, without explicit modelling of patient-level
disease progression. Translational deployment would
benefit from integration of longitudinal cytology data
and clinical metadata to support progression-aware risk
modelling. Future work will investigate temporal aggre-
gation of repeated predictions using probabilistic or sur-
vival-based models, enabling patient-level risk estimation
within a decision support context. Explainability can be
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embedded by linking segmentation outputs and attention
maps to longitudinal risk trajectories, ensuring that risk
predictions remain transparent, interpretable, and clini-
cally actionable.
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