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Abstract.

Purpose: Cervical cancer is one of the leading causes of mortality worldwide. Deep learning has shown promising
performance in medical image classification. The influence of image preprocessing algorithms on classification
performance remains insufficiently investigated in the literature. This research aims to evaluate the impact of image
preprocessing algorithms on the performance of CNNs for Pap smear image classification.

Methods: Three CNN architectures (ResNet-34, MobileNet-V2, and DenseNet-121) were trained and evaluated using
the SIPaKMeD dataset. Two preprocessing algorithms were applied: the PMD filter for noise reduction and CLAHE
for contrast enhancement. The model performance was assessed using a confusion matrix.

Result: Preprocessing improved the classification performance of all models. CLAHE significantly increased the
accuracy of ResNet-34 from 76.73% to 84.16% and DenseNet-121 from 76.73% to 84.16%. The PMD filter yielded
limited improvement and slightly reduced the MobileNet-V2 performance.

Novelty: This research provides a systematic comparison of contrast enhancement and noise reduction techniques
across CNN architectures. This research demonstrates that contrast enhancement is more effective than noise reduction
in improving CNN performance. The research provides new pipelines for improving cervical cancer classification.
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INTRODUCTION

Cervical cancer represents a substantial public health concern. It is the fourth most prevalent cancer among
women worldwide [1]. Cervical cancer mainly results from a persistent infection with high-risk human
papillomavirus (HPV) types [2]. Screening tests such as the Papanicolaou (Pap) smear test have proven
effective in detecting precancerous cellular abnormalities of cervical cancer [3]. Manual evaluation of Pap
smear slides is inherently subjective and heavily relies on the expertise of cytotechnologists and
pathologists. It makes them susceptible to diagnostic variability and human error [4]. The demand for
automated screening systems is rising as the need for large-scale, reliable screening grows. It can effectively
and efficiently assist or even replace manual cytological evaluations [5].

Convolutional neural networks (CNNs) have driven a major paradigm shift in medical analysis. These
networks have facilitated automated, data-driven feature extraction and classification [2]. CNNs have been
successfully used in medical image classification [6]. CNNs outperform traditional machine learning
techniques [7]. ResNet-34 and DenseNet-121 architectures have gained prominence for their deep
hierarchical structures and ability to address common training challenges [8][9]. ResNet-34 employs
residual learning to make training deeper networks easier. ResNet-34 enables more efficient gradient flow
[8]. The ResNet-34 architecture enhances the model's accuracy, sensitivity, and specificity when processing
the dataset [10]. DenseNet-121 establishes direct connections between all layers, thereby facilitating feature
reuse and mitigating vanishing gradient issues. The DenseNet-121 model achieves the highest accuracy in
COVID-19 image classification [9]. These models are especially effective for classifying medical images.
MobileNet-V2 is a lightweight CNN architecture. MobileNet-V2 also performs well in medical image
classification [11].
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Recent studies show that deep learning effectively classifies cervical cancer from Pap smear images.
Numerous researchers have reported promising outcomes using transfer learning [12], advanced CNN
architectures [13] and hybrid deep learning frameworks [14]. Studies have primarily focused on enhancing
network architectures, attention mechanisms [15], feature fusion strategies [16], and ensemble learning
techniques [17] to improve classification accuracy. Most previous research has focused on model
development rather than on examining the impact of image quality enhancement. The role of preprocessing
techniques in CNN-based cervical cancer classification remains inadequately explored.

The effectiveness of CNNs depends significantly on the image quality [18]. Pap smear images often display
significant variability in staining, lighting, and slide preparation, leading to artifacts such as poor contrast
and image noise [19]. These issues can obscure critical features of cervical cells. These features are essential
for the accurate classification of cervical cells [20]. Therefore, preprocessing steps designed to enhance
image quality are crucial to maximizing deep learning performance. Noise reduction and contrast
enhancement are two algorithms to improve visual clarity and structural integrity in cytological images.
This research assesses the performance of the Perona-Malik Diffusion (PMD) filter and Contrast Limited
Adaptive Histogram Equalization (CLAHE). The PMD filter performs anisotropic diffusion, reducing noise
while preserving edges and important cellular boundaries [21]. CLAHE improves local contrast by using
“histogram equalization” to adjust small images’ regions [22].

Although prior studies show CNN effectiveness, several research gaps remain. First, most studies focus on
developing more advanced classification models, placing less emphasis on the importance of image
preprocessing. Second, existing studies typically evaluate either contrast enhancement or noise reduction
individually. Third, comparative investigations involving multiple CNN architectures under identical
preprocessing conditions remain scarce. It remains unclear whether contrast enhancement or noise
reduction yields greater benefits for cervical cancer classification. This research systematically investigates
the impact of CLAHE and PMD filter preprocessing techniques on the performance of three representative
CNN architectures (ResNet-34, MobileNet-V2, and DenseNet-121). This research utilized the SIPaKMeD
dataset. This research seeks to thoroughly examine the impact of image quality enhancement on CNN
performance. The proposed framework is evaluated using a confusion matrix under three experimental
conditions: original Pap smear images, CLAHE-enhanced images, and PMD-filtered images. The
simulation results show that CLAHE consistently outperforms PMD and the original images. CLAHE
achieved the highest classification accuracies of 84.16%, 83.17%, and 84.65% for ResNet-34, DenseNet-
121, and MobileNet-V2, respectively. These findings indicate that contrast enhancement outperforms noise
reduction in improving CNN accuracy for cervical cancer classification. The study provides new pipelines
for improving cervical cancer classification.
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Figure 1. Research Workflow of the Proposed Cervical Cancer Classification Framework
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Figure 1 illustrates the workflow for cervical cell image classification using CNN architectures with image
preprocessing algorithms. The process starts with input images from the SIPaKMeD dataset. These images
are enhanced using either CLAHE to improve local contrast or a PMD filter to reduce noise and preserve
structural edges. The detailed explanations of the CLAHE and PMD filtering methods are provided in
Sections 2.3 and 2.4, respectively. These preprocessed images are then fed into CNN architectures (ResNet-
34, MobileNet-V2, and DenseNet-121). These CNN architectures are trained to classify cervical cell types
based on learned feature representations. The performance of CNN architectures is assessed using a
confusion matrix. The results are then compared across preprocessing methods to assess their impact. The
specifics of the setting parameters, hyperparameters, and the hardware and software used are delineated in
Section 2.6. This section also presents the flowchart for the CLAHE and PMD filter algorithms.

SIPaKMeD dataset
This research utilized the SIPaKMeD dataset. This dataset is one of the most frequently adopted benchmark
datasets for cervical cytology image analysis. Developed to support automated cervical cancer screening
research, it provides a diverse collection of Pap smear cell images accompanied by reliable expert
annotations. The dataset has been extensively used to evaluate the performance of deep learning models for
cervical cell classification. It contains 4,049 segmented and cropped single-cell images derived from 966
original multi-cell microscopic images. The images were captured using a CCD camera under 400%
magnification [23]. Although the dataset does not represent all possible cervical cell variations, each image
is carefully categorized into five distinct cell classes based on cytopathologist annotations:

1. Superficial-Intermediary (SI) is normal squamous epithelial cells,

2. Parabasal (PB) is immature squamous cells seen in postmenopausal women or in atrophic smears,

3. Koilocytotic (K) is indicative of HPV infection and possible precancerous changes,

4. Dyskeratotic (D) refers to cells that exhibit abnormal keratinization, frequently observed in cases

of dysplasia or carcinoma,
5. Metaplastic (M) is when cells transform into squamous and glandular types.

Tabel 1. Five sample images from five classes of cervical cancer
K

SI
|
~

|
b

PB
-
. f

Each cell image in the dataset is provided in RGB format with a resolution of 256 x 256 pixels. The dataset
has approximately equal numbers of samples per class. It facilitates model training and evaluation without
the need for complex resampling strategies. The images exhibit variability in staining intensity, cellular
overlap, and background noise. SIPaKMeD a challenging yet realistic dataset for evaluating the
performance of image classification models under real-world conditions. This dataset challenges the
development of robust cervical cancer screening models [24]. The SIPaKMeD dataset is openly available
at https://bit.ly/STPaKMeD. Table 1 presents five Pap smear cell samples (rows 1-5) across different
staining or imaging conditions labeled as SI, PB, K, D, and M. Each cell shows typical cervical morphology
but suffers from visible degradation in image quality. The images show noticeable noise and low contrast,
obscuring nuclear and cytoplasmic boundaries. These conditions make visual inspection and automated
analysis more challenging.

o

Contrast enhancement

Image contrast enhancement is a crucial preprocessing step in medical image analysis, particularly when
working with microscopic images such as Pap smear slides. Contrast defines the visual difference between
objects in an image, such as the nucleus and cytoplasm of a cell, and insufficient contrast can obscure
essential morphological features required for classification. Enhancing contrast reveals subtle details and
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boundaries, thereby facilitating improved feature extraction for both manual inspection and automated
classification using deep learning[25].

Histogram Equalization (HE) is among the most widely used techniques for improving image contrast. It
adjusts the pixel intensities of an image to span the full available dynamic range, thereby flattening and
broadening the histogram [26]. However, standard HE can lead to over-enhancement and noise
amplification, especially in medical images with uniform backgrounds or delicate textures. CLAHE was
developed to address these limitations as an enhancement over traditional HE [27]. CLAHE works on small
regions (tiles) instead of the whole image. CLAHE applies HE to each tile separately. The outcomes are
then blended using bilinear interpolation to smooth out any artificial boundary lines. CLAHE incorporates
a contrast-limited mechanism to prevent noise amplification by clipping the histogram [28]. CLAHE
algorithm and formulas are as follows. Let I (x, ¥) be the grayscale input image.

1. Image Tiling

The image is segmented into 8%8 or 16x16 pixels, denoted as T;;, where i, j index the tiles.

j»
2. Histogram Calculation
For each tile T;;, compute the histogram H;; () of pixel intensities 7y, € [0, L — 1], where L is the
number of possible intensity levels.

3. Histogram Clipping
A clip limit C is defined as a threshold for the maximum height of the histogram bins. Any bin
exceeding C is clipped, and the surplus is shared across all histogram bins:

Hi,j(rk) = min(Hij(rk)' C) (D

The clipped pixels are redistributed uniformly:
1
A=2%, max(H;;(r,) — C,0) )

Hij(rn) = Hi;(n) + A 3)
4. CDF Calculation and Mapping
Compute the cumulative distribution function (CDF) for each clipped histogram:

H{i()
CDF;;(n) = Xieo—+— “4)

n

where n is the total number of pixels in the tile. The new pixel intensity is then mapped as:

Ienh(xly) = (L - 1) : CDFU(I(ny)) (5)

5. Bilinear Interpolation
Bilinear interpolation is applied between adjacent tiles to avoid discontinuities at tile borders.

Noise reduction

Reducing noise in images is crucial for medical analysis, particularly in Pap smear images. Pap smear
images often contain noise from sample preparation, staining, and image capture processes. Noise can
obscure subtle anatomical structures and lead to misclassification in machine learning models. Traditional
linear smoothing filters, such as Gaussian or mean filters, blur important edge information and noise,
making them undesirable in medical diagnostics. The PMD filter was introduced as an edge-preserving
method for noise reduction. The PMD filter evolves the image over time using a partial differential equation
(PDE). It selectively smooths areas based on the gradient magnitude, reducing image noise in homogeneous
regions while preserving edges [29]. The PMD process is described by the subsequent equation:

HEXD ~ - [e(IVi)) - V1] *
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Here, I(x,y,t) represents the image intensity at a spatial position (x,y) and time t, VI is the image
gradient, and ¢(|VI|) The diffusion coefficient determines how quickly diffusion occurs, depending on the
gradient’s magnitude [30]. Two common choices for the diffusion coefficient function are:

1. Inverse function

1

c(lvi) = ()
()
2. Exponential function (edge-stopping function)
2
(v = exp (- (%)) ®)

where K is a contrast threshold parameter for edge sensitivity. Smaller values of K preserve finer edges,
while larger values lead to more aggressive smoothing. The PMD filter evolves the image through multiple
iterations (or time steps), each reducing noise in flat regions while maintaining or enhancing the contrast
around edges. This approach is especially effective for medical images, where maintaining clear boundaries
is essential [31].

CNN architectures

CNNs are deep learning models used for image classification. CNNs extract hierarchical features from
images through convolutional layers. It enables the identification of both simple visual patterns and
complex structures [32]. This research uses three CNN models (ResNet-34, MobileNet-V2, and DenseNet-
121) to assess the effects of image preprocessing methods on cervical cancer classification. These
architectures were selected because they represent different network designs and computational
complexities. Table 2 summarizes the characteristics of the ResNet-34, MobileNet-V2, and DenseNet-121
architectures used in this research.

Table 2. Characteristics of ResNet-34, MobileNet-V2, and DenseNet-121 architectures

Model Characteristics Layers Parameters Ref

Employs residual (skip) connections to enhance gradient propagation

ResNet-34 and alleviate the vanishing gradient problem.

34 ~21.8M [33]

Employs dense connectivity, in which each layer receives feature
DenseNet-121 maps from all preceding layers, thereby enhancing feature reuse and 121 ~8.0M [9]
improving information flow.

It uses depthwise separable convolutions and inverted residual

MobileNet-V2 blocks to boost speed without losing performance.

53 ~35M [34]

ResNet-34 represents a deep residual learning approach. DenseNet-121 employs dense feature connectivity
to improve feature reuse. MobileNet-V2 provides a lightweight alternative through depth-wise separable
convolutions. The diversity of these architectures enables a comprehensive evaluation of preprocessing
effects across different network designs and computational complexities. All models started with ImageNet
pre-trained weights and were trained using identical experimental settings.

Simulation setting

This study assessed the impact of two preprocessing methods: CLAHE and the PMD filter. Figure 2
illustrates the preprocessing pipeline. It involves decomposing each image into its RGB channels. CLAHE
or the PMD filter is applied separately to each channel to improve contrast and suppress noise. After
enhancement, the R, G, and B components are recombined to generate the final processed image.
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Figure 2. Image preprocessing step with PMD Filter or CLAHE

The PMD filter was employed to suppress image noise while maintaining important edge information,
which is essential for preserving the morphological characteristics of cervical cells. Unlike conventional
smoothing techniques that often blur object boundaries, PMD selectively diffuses within homogeneous
regions and limits diffusion near edges. However, its effectiveness depends heavily on the choice of
parameters. The filter is controlled by three parameters: the iterations (N), the time step (A), and the
diffusion coefficient (k). Based on recommendations from previous studies, the values were fixed at N =
20,2 =0.25, and k=20 [35].

CLAHE was applied to improve image contrast. This algorithm enhances local image details by adjusting
the intensity distribution within small regions of the image. While CLAHE can reveal subtle cellular
structures that may not be visible in the original images, excessive enhancement may also amplify unwanted
artifacts and noise. Its performance is mainly influenced by the clip limit and block size parameters. Lower
clip-limit values tend to prevent over-enhancement, whereas higher values produce stronger contrast
enhancement at the risk of introducing noise. Likewise, smaller blocks emphasize local details, while larger
blocks provide smoother intensity transitions. The CLAHE parameters were set to block size =8 x 8 and
clip_limit=2.0 [36]. The preprocessing was applied independently to each RGB channel, allowing effective
enhancement while preserving the original color characteristics of cervical cell images.

The dataset was split into training (80%), testing (10%), and validation (10%) sets. All images were resized
to 224 x 224 pixels. Three pre-trained models (ResNet34, DenseNet121, and MobileNet-V2) were
initialized with ImageNet weights. The training process was conducted for 30 epochs using the Adamax
optimizer with a learning rate of 0.001 and a batch size of 32 [4]. Cross-entropy loss was adopted as the
optimization objective for the multi-class classification. To ensure that performance differences originated
from the preprocessing strategies and network architectures rather than training settings, all models were
trained under identical experimental conditions.

All simulations were performed on a Windows 11 workstation equipped with an AMD Ryzen 5 5500
processor, a NVIDIA GeForce RTX 3060 graphics card with 12 GB of VRAM, and 32 GB of RAM. The
implementation was developed using Python 3.11, PyTorch 2.6, TorchVision 0.21, and OpenCV 4.9. In
addition, a fixed random seed value of 42 was used throughout the experiments to improve reproducibility
and reduce variation due to random initialization.
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Performance metrics

A confusion matrix was employed to assess the performance of the CNN models in this research. A
confusion matrix demonstrates the degree to which predicted classes correspond with actual classes. It
contains four key values, and we derived four essential performance metrics:

TP+TN
Accuracy = TP+TN+FP+FN ©
Recall = —~ (10)
TP+FN
Precision = —— (11)
TP+FP
Fl-score = 2 - Precision-Recall (12)

Precision+Recall

We calculated these metrics for each class in the multi-class setting and then averaged the results. These
measures show the model's overall performance and if it struggles with certain cell types. The confusion
matrix also helps identify which classes are frequently confused with others, which is beneficial for
improving model accuracy in future studies [37].

RESULT AND DISCUSSION

Result

Qualitative visual inspection

Figure 3 presents a visual comparison of the original Pap smear images and those enhanced using two
preprocessing techniques: CLAHE and PMD filter. The original images, presented in column (a), display
relatively low contrast and subtle noise, which can obscure critical cellular features. While the nucleus and
cytoplasm are present, they are indistinguishable, making it more challenging to extract meaningful
structural information, especially at their boundaries.

a. b. c.
Figure 3. a. original pap smear images, b. Enhanced pap smear images with CLAHE, c. enhanced pap
smear images with PMD filter

Images enhanced with CLAHE (b) reveal a significant improvement in local contrast. The nuclear
boundaries become sharper, and the overall brightness distribution is more balanced. Fine details within
both the nucleus and the cytoplasm are enhanced, making cellular structures easier to interpret. This
improved visibility supports more effective feature extraction by deep learning models, enabling
differentiation among cell types based on morphological cues. In comparison, the images processed with
the PMD filter (Figure 3.c) appear smoother and show reduced noise, particularly in the background and
cytoplasmic regions. The PMD filter effectively suppresses unwanted variations while preserving the
general shape of the cells. However, some fine textures and edges appear softened. It potentially diminishes
the clarity of certain cellular features. The PMD filter helps suppress noise and preserve structure. It does
not improve contrast as effectively as CLAHE. The CLAHE enhances morphological features and structural
clarity more effectively. PMD is a complementary technique for noise reduction. It does not sufficiently
improve the visual distinctiveness required for accurate classification. These observations support the use
of contrast enhancement as a critical preprocessing step in automated Pap smear image analysis.
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ResNet-34 performances

The experimental results demonstrate the significant impact of image preprocessing on ResNet34’s
classification performance when applied to Pap smear images. Without any preprocessing, the model
achieved an accuracy of 76.73%, a recall of 76.90%, an F1-score of 76.19%, and a precision of 79.12%,
establishing the baseline performance. These values indicate a moderately effective model but suggest room
for improvement through better feature representation. The ResNet-34 performance with respect to
preprocessing is shown in Figure 4.

Applying CLAHE as a preprocessing step yielded a substantial improvement across all performance
metrics. This performance boost indicates that CLAHE effectively enhances the contrast and visibility of
critical features, such as nuclei and cytoplasmic boundaries, in Pap smear images. It enables ResNet-34 to
learn more discriminative representations. CLAHE can improve local contrast without amplifying noise.
This appears advantageous for medical imaging, where subtle variations in cellular morphology are crucial
for precise classification.

The PMD filter also provided noticeable improvements over the original dataset, although not as substantial
as those achieved by CLAHE. The PMD-preprocessed images attained an accuracy of 79.21%, a precision
of 80.49%, a recall of 79.39%, and an F1-score of 78.76%. The PMD helps reduce noise and enhance
structural integrity by preserving important edges. Its effect on contrast enhancement is less pronounced
than CLAHE's. The PMD-preprocessed images still present challenges in distinguishing overlapping or
weakly contrasted cellular components. The comparative results highlight the significance of preprocessing
in pap smear image analysis. CLAHE stands out as a highly effective technique for improving Pap smear
image quality, followed by the PMD filter.

Image Preprocessing Effect on ResNet-34

86.75%

80.49%
84.40%

84.16%

79.21%
84.02%

79.39%
78.76%

I 76.73%
e 79.12%
N 76.90%
N 76.19%

Accuracy Precision Recall Fl-score
W Original image  m With CLAHE With PMD

Figure 4. Effect of image preprocessing on ResNet-34 performance

MobileNet-V2 performance

The experimental results demonstrate that image preprocessing has a measurable yet moderate impact on
the analysis performance of MobileNet-V2 on Pap smear images. The model achieved a strong baseline
performance, with an accuracy of 83.91% using the original images. It indicates that MobileNet-V2's
inherent efficiency in extracting features from medical cytological images is evident, even without prior
enhancement. Precision, Fl-score, and recall also demonstrated strong, consistent classification
performance. It indicates that the model is appropriate for efficient yet accurate image analysis. The
preprocessing effect is shown in Figure 5.

Image Preprocessing Effect on MobileNet-V2

84.65%
81.93%
85.71%
85.18%
84.63%
84.85%
84.17%

82.07%
81.42%

I 83.91%
I 34.10%
I 33.63%

Accuracy Precision Recall Fl-score
W Original image With CLAHE With PMD

Figure 5. Effect of image preprocessing on MobileNet-V2 performance

When CLAHE was applied as a preprocessing technique, a slight improvement was observed across all
performance metrics. Accuracy increased to 84.65%, and the F1-score rose to 84.17%. Image enhancement
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using CLAHE suggests that it effectively enhances local contrast and improves the model's ability to
differentiate subtle textural patterns and morphological features within cervical cells. While the
performance gain was not as dramatic as observed in deeper architectures. The enhancement indicates that
even compact models like MobileNet-V2 benefit from localized contrast enhancement, especially in tasks
involving fine structural analysis. Applying the PMD filter resulted in a slight performance degradation,
with accuracy dropping to 81.93%. While PMD effectively reduces background noise and preserves general
structural boundaries, it also inadvertently suppresses subtle high-frequency features critical for
classification. This slight loss in detail appears to affect MobileNet-V2 more noticeably, likely due to its
depthwise separable convolutions and lighter parameterization. It is more sensitive to feature preservation
in image preprocessing stages.

The MobileNet-V2 performs well even on original images. Applying CLAHE to Pap smear images yields
modest yet consistent improvements, reinforcing the importance of contrast enhancement for cervical cell
image classification. Applying a PMD filter for Pap smear images may compromise the feature richness
required by lightweight architectures. These findings suggest that contrast enhancement techniques are
generally more effective than noise reduction in optimizing MobileNet-V2 performance for cervical cancer
classification.

DenseNet-121 performances

The experimental evaluation of DenseNet-121 on Pap smear images highlights the crucial role of image
preprocessing in improving classification performance, as shown in Figure 6. On the original images,
DenseNet-121 achieved 76.73% accuracy, 79.81% precision, 76.85% recall, and 76.04% F1-score. This
baseline performance indicates moderate model efficacy but also reveals suboptimal image features or noise
that may impede effective feature extraction and classification.

Applying CLAHE significantly boosted the model's performance. Accuracy increased to 83.17%, while
precision and recall improved to 84.85% and 83.40%, respectively, resulting in a corresponding F1-score
of 82.56%. These CLAHE-preprocessed images effectively increase local contrast in Pap smear images,
making the morphological structures of cervical cells more distinguishable to the DenseNet-121 model.
The improved contrast likely enables the network to learn more effectively and recognize cell features, such
as size, texture, and boundary details—critical for distinguishing normal from abnormal cell types.

Image Preprocessing Effect on DenseNet-121

84.85%

I 82.73%

83.17%

83.40%
N 78.47%

82.56%

78.22%
77.42%

I 76.73%
I 79.81%
Il 76.85%
I 76.04%

Accuracy Precision Recall Fl-score
W Original image With CLAHE = With PMD

Figure 6. Effect of image preprocessing on DenseNet-121 performance

The preprocessing image with the PMD filter produced moderate improvements over the original dataset.
The model achieved 78.22% accuracy, 82.73% precision, 78.47% recall, and an F1-score of 77.42%. These
results suggest that PMD enhances image smoothness and edge preservation by reducing noise without
blurring critical cell boundaries. However, it may not be as effective as CLAHE at improving overall
contrast, which is necessary for fine-grained cellular classification. PMD still surpasses the raw dataset. Its
effectiveness in pap smear image preprocessing. The comparative analysis demonstrates that CLAHE
preprocessing consistently outperforms the original and PMD-preprocessed images. It reinforces its
suitability for enhancing Pap smear images in deep learning applications. DenseNet-121, known for its
dense connectivity and feature reuse, benefits significantly from CLAHE-enhanced image quality, resulting
in superior classification performance.

Discussion

The experimental results demonstrate that image preprocessing is critical to improving CNN performance
for Pap smear image classification. CLAHE consistently outperformed both the original images and PMD-
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preprocessed images. These results indicate that contrast enhancement contributes more significantly to
classification performance than noise reduction. The qualitative observations in Figure 3 help explain this
behavior. Pap smear classification relies heavily on subtle morphological characteristics, including nuclear
shape, nuclear-cytoplasmic ratio, texture, and cell boundary information. In the original images, these
features are often obscured by low contrast and uneven illumination. CLAHE enables CNN models to learn
more representative and discriminative features, thereby improving classification performance. Similar
findings have been reported in previous medical image analysis studies. The contrast enhancement
improved feature extraction and classification accuracy.

The PMD filter focuses on noise suppression while preserving major structural boundaries. Although this
process improves image smoothness and reduces unwanted variations. PMD filter does not substantially
increase the contrast between important cellular components. Furthermore, excessive smoothing may
attenuate fine textures and high-frequency details that are essential for distinguishing among cervical cell
categories. PMD produced only moderate improvements for ResNet-34 and DenseNet-121 and slightly
reduced the performance of MobileNet-V2. These findings suggest that preserving and enhancing
diagnostically relevant morphological details is more beneficial for cervical cell classification than
emphasizing noise reduction.

The influence of preprocessing also varied among the CNN architectures. ResNet-34 exhibited the largest
improvement following CLAHE preprocessing, with accuracy increasing from 76.73% to 84.16%. It
indicates that its residual learning mechanism effectively exploits enhanced image features. DenseNet-121
also benefited substantially from CLAHE due to its dense connectivity structure. DenseNet-121 promotes
feature reuse and efficient information flow. MobileNet-V2 demonstrated a different behavior. Although it
achieved the highest baseline accuracy among the evaluated models. MobileNet-V2 experienced only
modest gains from CLAHE and a slight performance decline after PMD preprocessing. This behavior is
attributed to its depthwise separable convolutions, which are more sensitive to the loss of fine-grained
image details caused by PMD filtering. The findings indicate that cervical cell classification depends more
strongly on enhancing morphological visibility than on aggressive noise suppression. A practical
implication of this research is that a simple contrast enhancement technique can improve classification
performance without increasing model complexity. This research is limited to a single dataset and two
preprocessing techniques, which may affect the generalizability of the findings.

CONCLUSION

This research investigated the relative effectiveness of contrast enhancement and noise reduction techniques
for improving CNN-based cervical cancer classification on the SIPaKMeD dataset. Experimental results
show that image preprocessing influences classification performance across all evaluated architectures
(ResNet-34, DenseNet-121, and MobileNet-V2). CLAHE consistently achieved superior performance,
increasing the classification accuracy of ResNet-34 from 76.73% to 84.16%, DenseNet-121 from 76.73%
to 83.17%, and MobileNet-V2 from 83.91% to 84.65%. PMD filter provided only moderate improvements
and slightly reduced the performance of MobileNet-V2. The findings indicate that contrast enhancement is
more effective than noise reduction for improving feature representation and classification accuracy in Pap
smear images. The main contribution of this research is a systematic comparison of CLAHE and PMD
preprocessing techniques under identical experimental settings across three representative CNN
architectures. This research is limited to a single dataset and two preprocessing methods. Future work will
investigate optimized CLAHE parameters, hybrid preprocessing pipelines, and evaluation on additional
cervical cytology datasets.
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