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Abstract

The prevalent overlapping phenomenon of cervical cells in clinical samples
constitutes a primary barrier limiting the application of deep learning classifi-
cation models in cervical cancer screening. This study aims to evaluate the
adverse impact of cell overlapping on cell classification performance. Based on
the YOLO11l-cls classifier, we fine-tuned the model using segmented non-
overlapping single cells. The core approach involves comparing the model’s
performance on an ideal single-cell test set and a comparative over-lapping
cell test set. Results show that the model exhibited outstanding performance
under ideal conditions, achieving an AUC of 0.9959 and a precision of 0.9941.
However, its performance declined significantly on the overlapping test set:
the AUC dropped to 0.8816, and the precision decreased to 0.7368. These data
strongly demonstrate the adverse effect of cell overlapping on cell classifica-
tion, which leads to deterioration in the model’s classification performance.
Therefore, addressing the limitations in feature extraction of over-lapping
cells is a critical prerequisite for improving the application value of classifica-
tion models in complex clinical environments.
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1. Introduction

Cervical cancer is a major problem to the health of women in the world as it is the
number one killer among women when it comes to cancer-related deaths in 37
countries and there is a disturbing trend towards an increase in young people con-
tracting the disease [1] [2]. Timely screening and proper diagnosis of cervical can-
cer is very important to enhance prognosis since it can be cured entirely when
diagnosed and treated early enough [3]. The prevention and control of cervical
cancer mostly depends on pathological screening. Papanicolaou (Pap) smear and
ThinPrep Cytologic Test (TCT) are critical tools in cervical cancer screening and
they are aimed at determining and categorizing squamous intraepithelial lesions,
allowing detection and treatment of pre-invasive stages of the disease before it
advances to invasive phases [4]. Precision in the classification of cervical cyto-
pathology images is an important step in the procedure. To ascertain the level of
abnormality and evaluate whether the cancerous process is present, pathologists
examine smear specimens using optical microscopy, which requires great skill and
scrupulous examination to identify differences between normal and abnormal
cells [5].

Classifying cells is a basic procedure in diagnosing diseases and biomedical
studies especially during pathological evaluation on such diseases as cervical can-
cer, where correct characterization of malignancy grade of the cells is paramount.
Cervical cell grading can be used to diagnose samples using morphological evalu-
ation of cells present in samples to diagnose them in different grades including
benign and atypical squamous cells through high-grade squamous intraepithelial
lesions. Precise classifying is an essential basis that will be used to direct clinicians
in coming up with proper treatment measures: lesions of low grade usually require
no more than usual surveillance, but lesions of high grade should be subjected to
urgent colposcopy or aggressive medical management. The accurate cell classifi-
cation will allow high-risk patients to be treated in time and avoid unnecessary
treatment of low-risk patients, which greatly contributes to the effective distribu-
tion of public health resources.

Conventional cell classification strategies have been based largely on manual
identification of morphological properties combined with traditional machine
learning methods like the support vector machines (SVM), decision trees, etc., to
diagnose. Nonetheless, they require strong reliance on the quality of feature engi-
neering and are prone to being unable to learn more intricate, nonlinear features
specific to cellular morphology. The last few years have seen an explosion in the
development of deep learning technologies and computer vision, which allows
convolutional neural network-based models to make substantial progress in med-
ical image analysis. These developments provide a powerful tool in the automated
screening of cervical cancer that promises to be much more efficient and objective
in clinical diagnosis [6].

Although the current breakthrough in deep learning has been impressive, cer-

vical cells in clinical samples are usually presented as densely packed and with

DOI: 10.4236/jilsa.2026.183013

199 Journal of Intelligent Learning Systems and Applications


https://doi.org/10.4236/jilsa.2026.183013

S.X.Yuetal.

substantial overlap [7]. At present, the majority of the work related to overlapping
cell classification in the field of deep learning is divided into two major technical
directions. The one that has gained a leading position is segmentation-based sin-
gle-cell classification. Current studies and procedures to train models generally
use non-overlapping images of individual cells taken out of high quality or sparse
distributions of samples, allowing models to learn different morphological prop-
erties of individual cells efficiently. Although this allows the model to learn clear
properties of the morphology, it does not take into account the fact that there are
many overlapping cells in the real diagnostic setting, and how these can confuse
classifiers. The pixel level features contained in overlapping areas are a composite
of several cell instances, which makes it difficult to assign the features correctly to a
certain cell with the help of classifiers. Therefore, important morphological proper-
ties of malignant cells can be hidden, which makes it more difficult to determine
and identify such cells accurately and finally reduces the accuracy of their classi-
fication. The restriction considerably undermines the utility of deep learning
models in clinical practice.
The purpose of this paper is to explore the influence of overlapping cells on cell
classification performance in order to show that cell overlap presents a major
problem to existing cell classification techniques. The research applied an ad-
vanced classification model, namely, YOLO11l-cls. Training inputs were single-
cell images that had gone through segmentation and preprocessing to enable the
model to learn how to correctly identify characteristics of typical single-cell le-
sions. In order to measure how much cell overlap impacts the effect, two different
test sets were used to assess the performance of the model:
¢ Construction of comparison datasets: To obtain the actual cervical pathologi-
cal images, two test sets were created, one with overlapping cells and the other
one with clear, standardized non-overlapping cells that were extracted out of
overlapping populations using accurate segmentation methods.

¢ Quantitative evaluation and conclusion: The pre-trained YOLO11I-cls classi-
fier was optimized and then evaluated using the two image sets. The negative
effect of cell overlap on classification accuracy was shown by comparing the
important performance measures, such as area under the curve (AUC), accu-
racy and precision.

When applying the well-performing classifier in the practical clinical condi-
tions, we have noticed a significant fact that when the model is used on a dataset
with overlapping cells its performance drops significantly. Nevertheless, after
eliminating overlapping cell cases in the dataset, the classification accuracy and
precision recover immediately and substantially.

The current paper will be organized as follows: In Section 2, I review the litera-
ture concerning the automated classification of cervical cells and its solutions to
cope with cell overlap. In Section 3, I focus on the origin of the dataset, the seg-
mentation procedure, and how the two comparative test sets were created. The

architecture of the core classifier, YOLO11l-cls, and the overall evaluation frame-
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work are described in Section 4. The experimental setup, training hyperparame-
ters, performance metrics and quantitative analysis of results are discussed in Sec-
tion 5. Conclusively, Section 6 provides a summary of the negative effect of cell

overlap on classification performance and concludes the study.

2. Related Works

The primary objective of automated analysis in cervical cancer cytopathology im-
aging is to achieve accurate classification of cells as either malignant or benign.
Early computer-aided diagnosis (CAD) systems predominantly relied on machine
learning approaches, including SVM [8], k-nearest neighbors (KNN) [9] [10], and
random forests [11]. However, these methods exhibit a high dependence on hand-
crafted feature extraction and demonstrate limited generalization capability.

A significant proportion of high-performance cervical cell classification studies
concentrate on achieving optimal diagnostic accuracy using ideal, feature-com-
plete single-cell datasets, typically circumventing the challenges posed by overlap-
ping morphological features through meticulous manual annotation. Xu et al [12]
developed a deep learning framework based on an enhanced Faster R-CNN archi-
tecture integrated with a shallow feature enhancement network and a generative
adversarial network for cervical cell image classification. Their model achieved a
maximum accuracy of 99.81% and an overall average accuracy of 89.4% across the
SIPaKMeD and Herlev datasets. Rahaman et al [13] introduced DeepCervix, an
automated classification framework leveraging Hybrid Deep Feature Fusion
(HDFF) technology, which demonstrated high classification accuracy in 2-class,
3-class, 5-class, and 7-class configurations on two publicly available datasets. Chen
et al. [14] proposed an automated cervical cell screening system designed to sup-
port subsequent clinical diagnosis, with the CompactVGG classification model
serving as its core component. The system achieved classification accuracies of
97.8% and 94.81% on the SIPaKMeD and Herlev datasets, respectively. Maurya et
al. [15] presented a hybrid deep learning framework that employed transfer learn-
ing with Long Short-Term Memory (LSTM) and CNN models, as well as an en-
semble approach combining Vision Transformer and CNN, trained and evaluated
on the SIPaKMeD dataset, yielding high classification performance. Zhang et al
[16] proposed A2SDNetl121, a deep convolutional neural network aimed at ad-
dressing the issue of low accuracy in cervical cell classification. The model was
applied to binary and multi-class classification tasks on the Herlev and SIPaKMeD
datasets, achieving an accuracy of up to 99%. Deepa et al. [17] adopted a two-stage
approach involving segmentation followed by classification, utilizing a CNN model
to classify overlapping cervical smear cells. Overlapping cells were segmented us-
ing the midpoint algorithm, and the cropped images of individual cells were then
fed into the model for distinguishing between normal and abnormal cells, result-
ing in a classification accuracy of 96%.

To address the challenges posed by cell clustering and overlapping, researchers

have primarily employed object detection or instance segmentation techniques.
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Furthermore, only a limited number of studies have attempted to classify overlap-
ping cells directly without relying on prior segmentation. Mulmule et a/ [18] in-
troduced a fully automated transfer learning framework that extracts 128 x 128
pixel patches containing multiple cervical cells from high-resolution images, ena-
bling direct classification of overlapping cells under microscopic examination with
areported accuracy of 99.86%. Nguyen et al. [19] proposed a method for segment-
ing and classifying overlapping cervical cells based on semi-supervised learning,
utilizing the SemiFixMatch model and achieving competitive performance in this
task. In another study, Mulmule e a/ [20] fine-tuned and retrained AlexNet along
with pre-trained models from ImageNet and Places365 on the CERVIX93 dataset
using cervical cancer enhancement data, evaluating model performance across
several metrics. Their results demonstrated that the AlexNet model achieved the
highest predictive performance in cervical cancer prediction, with an accuracy
rate of 99.03%.

The main related work of cervical cell image classification are summarized in
Table 1.

Table 1. Work related to cervical cell classification.

Cell Input
No. Data Features Methods/Model Typ P performance Ref.
e
morphologica and
1 Pap-smear images dataset textual features of SVM Single Accuracy (2-class): 98.83% [8]
the cells
Pap-smear images Dataset .
. .. . morphological . .
2 collected from Fortis Hospital k-nearest neighbors ~ Single Accuracy: 82.9% [9]
) ] . features of the cells
Mohali, Punjab (India)
Pap smear images from the .
. geometric feature X .
3 Herlev Database of Danish . k-nearest neighbors ~ Single Accuracy: 94.29% (10]
. extraction
Hospitals
11 nucleus features
4 single Pap cell images and 9 cytoplasm  Random forest Single AUC (13 features): 98.04% [11]
features
. Faster R-
SIPaKMeD and Herlev Pap ~ Deep learning .
5 CNN/Shallow Feature Single Max Acc: 99.81% [12]
smear datasets features
Enhancement/GAN
Deep learning CNN and ensemble .
6 SIPaKMeD Pap smear dataset . Single Accuracy (2-class): 99.81% [13]
features learning
SIPaKMeD and Herl D I i Acc (STPaKMeD): 97.80%,
7 B .an eriev eep leariing CompactVGG model Single cc (SIPakMeD) ’ [14]
Pap-smear images dataset features Acc (Herlev): 94.81%
Deep learning Vit-CNN, CNN- . Acc (Vit-CNN): 97.65%
8 SIPaKMeD Pap smear dataset Single [15]
features LSTM Acc (CNN-LSTM): 95.80%
SIPaKMeD and Herlev P: D I i Acc (SIPaKMeD): 99.22%
9 atieland Herev fap eep leariing A2SDNet121 model ~ Single cc (SIPaKMeD) ’ [16]
smear datasets features Acc (Herlev): 99.14%
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Continued

11

12

13

14

Herlev Pap smear images
dataset

Cervix 93 cervical cytology
dataset

ISBI2014 Pap smear dataset

Cervix 93 cervical cytology
dataset

Pap smear dataset collected
from the fourth central

hospital of Baoding city, China

CNN with reLU and
Deep I i Mid-point
eep learning te-potl . Single Accuracy: 96% [17]
features segmentation
Algorithm
Deep learning
Alexnet Overlap Accuracy: 99.86% [18]
features
Deep learning . .
SemiFixMatch model Single model total loss: 0.08926 [19]
features
Deep learning Alexnet, ImageNet,
Overlap Alexnet Acc: 99.03% [20]
features Places365 model
Deep learning YOLO11l-cls Single/ Acc: Single 94.06%/Overlap  This
features overlap 83.05% Work

3. Data

This study was conducted using 2504 overlapping cervical cell images obtained
from the Fourth Central Hospital of Baoding, and received formal approval from
the hospital’s Institutional Review Board prior to commencement.

The pathological images of cervical cancer cells used in the current research
have been obtained based on the data set reported in the paper by Yu and Feng et
al. [21] which originated at the Fourth Central Hospital of Baoding, China. This
dataset consists of 2504 overlapping cervical cell images. In order to make the
classification model learn correct morphologic characteristics of cellular lesions
the study uses high-quality and non-overlapping cell instances as inputs to the
classifier when training. To achieve this, we use the developed Cellpose-SAM [22]
deep learning based instance segmentation model as the main method in con-
structing the datasets. Cellpose-SAM is a segmentation model that combines the
accurate instance separation approach of Cellpose [23] with the strong general
feature learning properties of SAM, which has shown better generalization results
and segmentation quality when morphologically complex and densely packed
cells are processed. It allows extracting individual cell instances of the original
images reliably, thus forming a sound basis of model training.

Figure 1 and Figure 2 show the areas of overlap between normal and abnormal
cervical tissues in this dataset as well as non-overlapping cell maps produced by
instance segmentation, respectively. The normal cervical cells have a central nu-
cleus and a cytoplasm which can be easily differentiated against the background,
where the nuclear region is less than the cytoplasmic region. Conversely, the can-
cerous cervical cells tend to have fibrous cytoplasm and enlarged nuclei.

From an initial dataset of 2504 images, 433 images exhibiting cell overlap were
selected. These images were segmented using the CellPose-SAM model, generating
4624 non-overlapping cell samples. The segmented samples were classified based on

their cellular content: a sample was labeled as abnormal if it contained any abnormal
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cells, and normal otherwise. Consequently, 3130 normal and 1494 abnormal sam-

ples were obtained. The detailed dataset composition is summarized in Table 2.

() (b) ()

Figure 1. Images of normal cervical cells. (a) represents the original image; (b) displays the ground truth derived from manual

segmentation; (c) presents the instance map containing six individually cropped cells based on segmentation results.

(@) (b)

Figure 2. Images of abnormal cervical cells. (a) represents the original image; (b) displays the ground truth derived from manual
segmentation; (c) presents the instance map containing six individually cropped cells based on segmentation results.

Table 2. Summary of data characteristics in this study.

Normal Cell Abnormal Cell Total

Overlapping Cell 376 57 433
Single Cell 3130 1494 4624
Total 3606 1551 5057

4. Method
4.1. Overview of the Proposed Approach

In selecting the classification model, this study prioritized both architectural ad-
vancement and feature extraction efficacy, ultimately employing YOLO11l-cls—
a pre-trained model from the YOLOv11 [24] series by Ultralytics—as the core
classifier. As a state-of-the-art visual architecture, YOLO11 demonstrates signifi-
cant advantages in global feature aggregation and computational efficiency. The
specific selection of the “large” version was tailored to the complexity of the da-
taset. Compared to lightweight variants, YOLO11l features a deeper network and
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a larger parameter capacity, enabling it to more acutely capture fine-grained mor-
phological differences. Conversely, compared to the extra-large version, it effec-
tively controls computational costs and mitigates overfitting risks while maintain-
ing high accuracy, thereby achieving an optimal balance between performance
and efficiency.

The overall methodology is illustrated in Figure 3. The non-overlapping cervi-
cal cell dataset, obtained through segmentation, was partitioned into training and
testing sets. The training set was utilized to fine-tune the pre-trained YOLO11l-
cls model, enabling it to adapt to the pathological characteristics of cervical cells.
To quantitatively evaluate the impact of cell overlap on classification performance,
comparative test sets featuring overlapping cells were introduced. Subsequently,
the fine-tuned classifier was applied to these test sets, and key performance met-
rics—including accuracy—were computed to empirically analyze the influence of

cellular overlap.

Sorter Inference and Predic-
tion

Fine-tuned
YOLO11l-cls Sorter

Cervical Overlap Cell Images

Performance Evaluation
(AUC, Precision, Recall, F1)

Fine-tuning and Training
YOLOv11l-cls Model

Cellpose-SAM Segmentation

Load YOLOv11l-cls Pre-trained
Weights

Analysis and Comparison of
Results

Extract non-overlapping Cell
Samples

Training Set

Dataset Splitting

Overlap cells Testing Set

Training Set

Single cells Testing Set

Figure 3. Flowchart of the overall methodology.

4.2. Overview of the YOLO11I-cls Architecture

YOLO [25] is one of the efficient object detection algorithms created by Joseph
Redmon et al It is based on a single stage framework which concurrently esti-

mates bounding boxes and classes using a single forward through the whole image
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[26]. YOLOvV11 is a new development in the YOLO series aimed at improving the
effectiveness and accuracy in feature extraction. Its classification version, YOLO111-
cls, has also been improved and is specifically trained to perform image classifica-
tion. The architecture is based on the well-known three-stage structure of the
YOLO series: backbone network, neck and head, and it provides an end-to-end
workflow, including feature initialization, deep feature extraction, attention en-
hancement, and classification output. Figure 4 displays the main architectural el-
ements of YOLO11l-cls.

( Backbone ( C3K2 \ ( SPFF \

I i Conv — Conv(1*1)
nput image Conv
v | ——
¢ C3K(3*3) MaxPool2d
Conv : v—>
¢ : MaxPool2d
C3K(3*3) [ ——
C3K2 v MaxPool2d
¢ Concat [¢ v— >
Conv v Concat <
‘ Conv(1*1) v
Conv(1*1)
C3K2 S e

( C2PSA \

<_

Conv /T\ Conv(1*1)
¢ ec -
Split
C3K2 > Conv
¢ PSA
Conv y
PSA
v v
C3K2 Comest Concat
Y
¢ Conv(1*1)
SPFF . / ;/
¢ ( Head h

C2PSA » C3K2 L Classification

Figure 4. Key architectural modules of YOLO11l-cls, adapted from Rasheed’s paper [27].

Backbone network is the main part of the model that performs initial feature
extraction and spatial down sampling. It mainly contains traditional convolu-
tional layers with a few highly effective modules. The C3K2 module acts as the
hub of deep features extraction and inter-stage local connection with its aim to
reduce redundant computations without losing high level feature representations

[25]. In particular, the input feature map is divided according to the channel di-
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mension: one branch is routed into a subnetwork of N Bottleneck architectures,
where each Bottleneck uses two downsized convolutional kernels to get a light-
weight architecture; the other branch serves as a skip connection. Both branches
are finally concatenated and fused, thus resulting in an optimal trade-off between
computational efficiency and detection accuracy. Moreover, the backbone keeps
the SPPF module, which is a computationally efficient version of spatial pyramid
pooling. With three consecutive applications of Max Pooling layers with the same
kernel size on the aggregation of the multi-scale spatial context, the outputs are
combined across stage, improving the model resilience to changes in the input
image scale. The C2PSA module is introduced as one of the main architectural
innovations in YOLOv11, which allows attention-based improvement. The mod-
ule incorporates a lightweight self-attention mechanism into the Bottleneck stack
on the C2P trunk path that allows the model to dynamically recalibrate feature
responses by assigning adaptive weights to various channels or spatial positions.
This enhances greatly the ability of the model to concentrate on discriminative
microscopic features, e.g., the cervical nucleus and cytoplasm.

Neck module is a multi-scale feature integrator that transmits multi-scale fea-
tures to the head to predict, using an effective C3K2 block to improve the total
performance of feature aggregation. The C2PSA attention system goes even fur-
ther to narrow down the spatial attention by focusing on informative region. This
design can be used in cases where small or poorly defined features are involved,
like cervical cell images, where this design makes it easy to integrate and add value
to context information with high levels of discrimination such that the classifica-
tion head sees highly discriminative feature representations.

The detection head produces the last prediction results, with C3K2 blocks in
the pathway processing of multi-scale features at different depths. The next step
is the refinement of the feature maps by a CBS layer, and these maps are passed
through both global average pooling layer and a fully connected layer to obtain
the final class scores. This model architecture allows the model to successfully map
high-dimensional image features and output them as probabilistic outcomes on

binary classification, thus being able to accurately classify the end-to-end images.

4.3. Classification Prediction Process

The YOLOV11 offers various different pre-trained models, and the YOLO111-cls
demonstrates a very high Top-1 rate on one of the standard image recognition
benchmarks, ImageNet, achieving 78.3 percent at 224 x 224 input size, which con-
firms its strong ability to extract features and the effective construction of its ar-
chitecture. Consequently, YOLO11l-cls was chosen as the main classifier of this
research and certain parameters of the YOLO11l-cls model were optimized and
retrained in order to make its feature representation properly fit the particular
pathological features of cervical cell images, thus optimizing its classification per-
formance in medical imaging tasks.

Within this work, the YOLO11l-cls model views cervical cell binary classifica-
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tion as a typical image classification task with a flow-through end-to-end design
that will predict class probabilities of the input single-cell images directly. The

classification pipeline, depicted in Figure 5, contains several important steps, in-

Input Image

cluding:

Image Preprocessing

Feature Extraction

A 4

Feature Fusion

A 4

Output Probability

p=0.5

Decision
(Threshold 0.5)

Predicted:
Abnormal Cell

Predicted:
Normal Cell

Figure 5. Flowchart of the classification prediction process.

1) Image preprocessing and input: Every cell image is rescaled to the dimen-
sions that the model expects as an input, and it is also subjected to data augmen-
tation methods. Then the preprocessed image is used as an input to the backbone
network of the model.

2) Feature Extraction and Dimensionality Reduction: The backbone network
converts raw pixel information into high-dimensional semantic feature maps
through several convolutional and pooling layers. With increasing depth, the spa-
tial dimensions of the feature maps decrease progressively.

3) Global Feature Aggregation: The final feature map is subjected to a global
average pooling operation which produces a compact and fixed-length feature

vector that retains the most salient features.
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4) Final Classification Prediction: The aggregated feature vector is passed
through a fully connected layer, which projects it into the output class space. For
binary classification, a sigmoid activation function is applied to produce a proba-
bility score P € [0, 1]. If P > 0.5, the cell is classified as abnormal; otherwise, it is
classified as normal.

Regarding the classification probability threshold, this study adopted the de-
fault value of 0.5 as the decision boundary. Because 0.5 serves as the natural deci-
sion boundary for the terminal Sigmoid activation functions, preserving it max-
imizes the reflection of the original posterior probability distribution learned by

the network and prevents potential overfitting to a specific validation set.

5. Experiment and Results

5.1. Dataset Splitting

To support the quantitative analysis of how overlapping cells affect cervical cytology
images, the 4624 non-overlapping cell instances were partitioned into a training set
(3321 instances) and a test set (1303 instances) at an approximate 7:3 ratio. To rig-
orously prevent data leakage, this split was performed strictly at the whole-slide im-
age patch level, ensuring that cell instances originating from the same original field
of view were mutually exclusive between the training and test datasets. Furthermore,
three distinct comparative test sets were constructed to evaluate theoretical perfor-
mance and practical applicability across varying degrees of complexity:

Test Set 1: Comprises the 1303 non-overlapping cell instances, designed to as-
sess the model’s theoretical baseline performance under ideal imaging conditions.

Test Set 2: Consists of 188 original overlapping cell images supplemented by a
20% subset of non-overlapping cell instances (n = 260) drawn from the bench-
mark set. This hybrid setup aims to evaluate the model’s classification robustness
in complex, clinically realistic scenarios.

Test Set 3: Contains exclusively the 188 original overlapping cell images, estab-
lished to specifically isolate and assess the model’s diagnostic efficacy when con-

fronting purely overlapping cellular structures.

5.2. Data Preprocessing and Augmentation

In order to make the model more robust and able to extrapolate to other geomet-
rical modifications of cells, and changes in lighting conditions in the cell classifi-
cation problem in the cervix, all input images are rescaled to 640 x 640 pixels in
size before training. The training stage is conducted using a strict and focused data
augmentation approach that includes horizontal flipping, scaling, and random
change in brightness. In particular, a random translation with an offset parameter
of 0.5 is used to mimic the natural spatial configuration of cells within the field of
view and reduce the effect of boundary artifacts. To enhance data variety, hori-
zontal flipping is done at probability of 0.5, and the original image orientation is
maintained in case no flip has been done. Random brightness transformations are

used to simulate changes in the lighting and staining conditions, allowing the
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model to adjust to a wide range of imaging conditions. All data augmentation

processes were done through the Ultralytics library on data loading.

5.3. Model Loading and Training

To classify the segmented overlapping cervical cytopathology images, the YOLO111-
cls model was initialized with pre-trained weights and subsequently fine-tuned.
To maximize classification performance, several key training configurations were
adjusted. First, the input image resolution was increased to preserve fine-grained
cellular morphological features. For model optimization, the Adam optimizer was
employed to accelerate convergence on the limited medical dataset, paired with
an appropriately tuned learning rate to ensure stable weight updates and optimal
loss minimization. To mitigate potential overfitting, weight decay was moderately
increased, and a 20% dropout rate was introduced. Furthermore, the training was
conducted over 500 epochs with a random seed of 42 to ensure reproducibility,
and an early stopping patience of 100 epochs was applied. A comprehensive sum-

mary of all experimental parameters is provided in Table 3.

Table 3. Experimental parameter settings.

Parameter Default Value Setting
imgsz 224 640
1r0 0.2 0.001
cos_Ir True False
momentum 0.9 0.937
optimizer SGD Adam
batch Size 256 16
weight_decay 0.0001 0.0005
drop out 0.0 0.2
hsv_s 0.4 0.7

5.4. Performance Metrics

After the YOLO11l-cls model was trained, this paper produced the receiver oper-
ating characteristic (ROC) curve to assess the performance of the model in terms
of classification. The ROC curve is a popular method of evaluating binary classi-
fication models and shows the trade-off between the true positive rate and the
false positive rate at different classification thresholds. Being a one-dimensional
measurement, the AUC number—which is closest to 1.0—is often considered a
sign of better overall performance of the model and can be used to compare the
generalization abilities of the model with various threshold values.

Moreover, the accuracy, precision, recall, and the F1 score were also used to
assess the performance of classification. These measures are based on four basic

results, Ze., true positives (TP), false positives (FP), true negatives (TN), and false
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negatives (FN). Precisely, TP indicates the situations where the abnormal cells are
properly categorized as abnormal; FP means the situation when normal cells are
wrongly classified as abnormal; TN means the case where normal cells are properly
classified as normal; and FN means the abnormal cells that are wrongly predicted
as normal.

Accuracy measures how accurately the model detects abnormal cells, Ze., the
proportion of actually abnormal specimens out of all those that are predicted to
be abnormal. It can be calculated as follows:

TP+TN

Accuracy = (1)
TP+TN+FP+FN

Recall reflects the capacity of the model to recognize abnormal cells and is ex-
pressed as the percentage of true abnormal samples that are correctly predicted.
The formula is as follows:

TP

Precision = ———— (2)
TP +FP

Recall measures the model’s ability to identify abnormal cells and represents
the proportion of actual abnormal samples that are correctly predicted. It is cal-
culated as follows:

TP

Recall=——— (3)
TP+FN

F1 score is a harmonic mean of precision and recall to give an overall picture of
the performance of a model. The equation is:
2x (Precision x Recall)
Precision + Recall

F1 score = (4)

5.5. Analysis of Results

Figures 6-8 display the ROC curves for Test Sets 1, 2, and 3, respectively, with the
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Figure 6. ROC curve for test set 1.
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Figure 7. ROC curve for test set 2.
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Figure 8. ROC curve for test set 3.

Table 4. Performance metrics.

AUC Accuracy Precision Recall F1 score
Test Set 1 0.9959 0.9406 0.9941 0.9108 0.9255
Test Set 2 0.8816 0.8305 0.7368 0.7368 0.7809
Test Set3 0.6602 0.6064 0.6420 0.5361 0.5843

associated performance metrics summarized in Table 4. The ROC curve for Test

Set 1 is positioned closest to the upper-left corner of the plot, reflecting superior

classification performance with AUC of 0.9959. Conversely, a noticeable decline

in performance is observed when the model is evaluated on Test Set 2. The AUC
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decreases to 0.8816, representing an approximate 11.5% drop from the baseline.
Furthermore, the accuracy, precision, recall, and F1 score for Test Set 2 fall to
0.8305, 0.7368, 0.7368, and 0.7809, respectively. This performance degradation is
most pronounced in Test Set 3, where the AUC further drops to 0.6602, accom-
panied by an accuracy of 0.6064, precision of 0.6420, recall of 0.5361, and an F1
score of 0.5843.

6. Conclusions

In this study, the YOLO11l-cls model was employed to systematically investigate
and quantify the adverse effects of cellular overlap on cervical cytology classifica-
tion through comparative experiments. Trained exclusively on segmented, mor-
phologically distinct single-cell data and evaluated on an ideal baseline of non-
overlapping cell instances (Test Set 1), the model demonstrated near-optimal the-
oretical diagnostic accuracy. This was evidenced by an AUC of 0.9959, an F1-score
of 0.9255, and a remarkably high precision of 0.9941, underscoring its robust fea-
ture extraction capabilities and high diagnostic consistency.

However, when the trained classifier was applied to a mixture of overlapping
and non-overlapping cells (Test Set 2), significant degradations across all evalua-
tion metrics were observed. Compared to the baseline, the AUC decreased to
0.8816, representing an absolute reduction of 0.1143 (an approximate 11.5%
drop). Concurrently, precision fell by 0.2573 (from 0.9941 to 0.7368), recall de-
creased by 0.1740 (from 0.9108 to 0.7368), and the F1-score dropped by 0.1446
(from 0.9255 to 0.7809). Crucially, the overall classification accuracy was reduced
to 0.8305.

This performance deterioration became most acute in Test Set 3, which consists
exclusively of overlapping cell images. Under these extreme conditions, the model’s
diagnostic capacity suffered a severe bottleneck, with the AUC plummeting to
0.6602, accompanied by a sharp decline in accuracy (0.6064), precision (0.6420),
recall (0.5361), and an F1-score of 0.5843.

This stepwise performance decay robustly confirms that cellular overlap poses
a critical barrier to automated models achieving their theoretical performance
limits. The pronounced drops in precision and recall reveal that overlapping cell
structures severely impair the network’s ability to recognize and interpret pivotal
diagnostic features, particularly nuclear morphology. Automated cervical cytol-
ogy classification systems remain heavily reliant on high-quality, morphologically
intact cellular inputs. Therefore, it is imperative to address the challenges of in-
stance segmentation and feature extraction in the presence of overlapping cells to

enhance the real-world applicability and clinical utility of these models.
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