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Abstract

Cervical cancer screening increasingly relies on automated image analysis to support colposcopic
assessment and improve the consistency of clinical decision-making. This study proposes CerviDBF-
Net, a novel deep learning framework for automated cervix-type classification from colposcopic
images. The proposed architecture combines DenseNet121 for spatial feature extraction, a brain-
inspired Liquid Neural Network (LNN) for contextual and temporal feature modelling, and a fully
connected Softmax layer for final classification. To improve image quality and feature representation,
the preprocessing pipeline incorporates bicubic interpolation, Bi-Histogram Equalization with
Plateau Limit (BHEPL) for contrast enhancement, Kapur entropy-based thresholding, and the
Roberts Cross operator for edge detection. The framework is evaluated on the Intel & MobileODT
Cervical Cancer Screening dataset, which contains three cervix types (Type 1, Type 2, and Type 3)
defined by the location and visibility of the transformation zone. CerviDBE-Net achieves an accuracy
of 98.92%, sensitivity of 99.13%, specificity of 98.38%, precision of 98.69%, and an F1-score of 98.27%,
demonstrating strong classification performance compared with the evaluated existing models. The
proposed approach provides an automated baseline tool for cervix-type classification that may
support triage in colposcopy-assisted screening by helping clinicians assess whether adequate
visualization of the squamocolumnar junction has been achieved.

Keywords: Cervical Cancer Detection; Colposcopic Images; Deep Learning; DenseNet121; Liquid
Neural Network

INTRODUCTION

Cervical cancer remains a global public health problem, particularly in low- and
middle-income countries (LMICs), where routine screening and early intervention are
often limited [1, 2]. Early detection is associated with a more favourable prognosis and
better survival, and depends on accurate and timely diagnosis [3, 4]. Colposcopy is a

routine clinical procedure that allows visual detection of potentially abnormal changes in
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cervical tissue [5-7]. However, the procedure is highly dependent on clinician expertise [8],

and its visual interpretation is subject to inter-observer variability [9].

Convolutional models have been applied to cervical-image analysis in several settings.
Zhang et al. used a pretrained densely connected network for colposcopy classification
[10], Sato et al. evaluated deep classification of colposcopy images [11], and Lee and Choi
compared artificial-intelligence methods for digital colposcopy [12]. Recent work has also
examined transformer-based cervix-type classification [13, 14] and explainable attention
for colposcopic risk assessment [15]. These studies establish the value of learned spatial
representations, but they do not evaluate the DenseNetl121-LNN feature-evolution

mechanism examined in this study.

DenseNet121 was selected because its dense connections reuse fine-scale features and
support gradient flow in deep image models [10]. The LNN component follows the
continuous-time recurrent formulation introduced by Hasani et al. [16], in which hidden
states evolve through differential-equation updates. CerviDBF-Net applies this mechanism
to a static 1024-dimensional DenseNet feature vector by iterating an internal state over 15
pseudo-time steps. The term pseudo-time describes computation within the network and
does not represent longitudinal lesion development. Based on these observations, the

major contributions of this research are summarized as follows.

This work proposes a novel hybrid deep learning model, namely CerviDBF-Net, which
combines the DenseNet121 network for spatial feature representation and a brain-inspired

Liquid Neural Network (LNN) for contextual and temporal modelling.

A detailed preprocessing pipeline comprising bicubic interpolation, BHEPL contrast
enhancement, Kapur entropy thresholding, and Roberts edge detection is developed to
enhance the visibility and quality of lesion features. A feature extraction approach that
integrates handcrafted LBP texture features with a deep spatial-temporal representation is
proposed to improve discriminative power for cervix-type classification, motivated by
prior evidence that combining handcrafted and deep features benefits cervical image
analysis [17]. Extensive experiments on the Intel & MobileODT Cervical Cancer Screening
dataset show that CerviDBF-Net outperforms the internally evaluated baseline variants in

terms of accuracy, sensitivity, specificity, precision, and F1-score.

The rationale for applying Liquid Neural Network dynamics to static colposcopic
features is stated explicitly, and ablation experiments show that processing the
DenseNet121 feature vector through an ODE-driven reservoir over T = 15 pseudo-time
steps yields a 4.71 percentage-point accuracy gain over the DenseNet121-only variant,
consistent with the modelling of non-linear feature interactions that a feed-forward
classification head does not capture. The remainder of this paper is organized as follows.
The Related Works section reviews recent deep learning studies on cervical cancer
diagnosis and summarizes their advantages and limitations. The Proposed System section
describes the CerviDBF-Net architecture, including the preprocessing strategy, feature
extraction pipeline, and hybrid spatial-temporal modelling mechanism. The Results and
Analysis section presents the dataset, experimental setup, evaluation criteria, and results,
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which are then examined in the Discussion. The final section summarizes the main findings

and outlines directions for future research.

RELATED WORKS

In recent years, several studies have sought to improve the diagnosis of cervical cancer
with deep learning, but important limitations remain. The study in [18] explored
multimodal baseline deep learning models for cervical cancer detection using colposcopic
images. The authors of [19] used a VGG19 model and achieved 92% accuracy for the
classification of cervical conditions. The authors of [20] used ResNet50 for cervical cancer
detection and achieved an accuracy of 91%. The study in [21] introduced a Dense-U-Net
hybrid that merges DenseNet and U-Net. The authors of [22] studied cervical image
preprocessing and segmentation with a U-Net-based model. The encoder—decoder
structure of U-Net enables efficient lesion localization, but its lower discriminative power
limits performance on complex classification tasks, particularly when healthy and diseased
regions share similar visual features. The study in [23] used ResNet152 to classify cervical
cancer with a high accuracy of 98.08%. The deeper ResNet152 architecture learned complex
spatial patterns successfully, but at a high computational cost and with possible inference

delay.
The authors of [24] presented the ResNet101-based DepDec model; however, it relies

on static feed-forward feature mining and does not integrate contextual feature modelling.
The study in [25] reported a sensitivity of 63% and a specificity of 74%. Authors in [13]
combined a Vision Transformer with shifted patch tokenization and locality self-attention

for three-class cervix-type classification on Intel & MobileODT colposcopy images.

The authors of [26] proposed a model that combines deep features with a Random
Forest classifier (DeepColpo + RF). Although the model showed good results, it relied on
manual feature fusion and conventional classification. Hong et al. [14] applied low-rank
adaptation to a Vision Transformer for the same three-class Intel & MobileODT task,

reducing the number of trainable parameters while preserving the pretrained model.

Table 1 distinguishes studies with comparable colposcopy inputs from studies that use
different labels, cohorts, and evaluation designs. The table therefore compares
methodological scope rather than treating values obtained under different protocols as a

controlled ranking.

The comparison identifies three questions that remain relevant to the present
experimental design. Table 2 links each gap to the studies that define its scope and to the

corresponding evidence examined in CerviDBF-Net.

e RQI: Does incorporating an LNN with DenseNet121 significantly improve the
sensitivity of cervix-type classification on the Intel & MobileODT dataset compared
with spatial-only CNN baselines?
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e RQ2: Does the complete preprocessing pipeline (BHEPL, Kapur thresholding, and
Roberts edge detection) provide a measurable accuracy improvement over the
classification of unprocessed images?

e RQ3: Does CerviDBF-Net perform stably across the cross-validation folds and across
all three cervix types?

Table 1. Structured Comparison with Closely Related Colposcopy Studies

Study Data and task Core method Evidence relevantto  Difference from
this study CerviDBEF-Net

[21] Institutional Dense-U-Net Joint spatial Different clinical
colposcopy (DenseNet-U-Net classification and endpoint and
cohort; cervical-  hybrid) lesion-region analysis  cohort; no LNN
lesion feature evolution
classification
and localization

[13] Intel & Vision Transformer =~ Same public Transformer-based
MobileODT; with shifted patch benchmark and spatial modelling;
three cervix tokenization and cervix-type task no continuous-time
types locality self- reservoir

attention

[14] Intel & Low-rank Same benchmark with ~ Adapter-based
MobileODT; adaptation of a parameter-efficient transformer tuning;
cervix-type Vision Transformer  adaptation no DenseNet121-
classification LNN coupling

[15] DYSIS Attention-based Explicit model- Different cohort
colposcopy CNN with Grad- attribution analysis and labels; no
images; high- CAM and for colposcopy pseudo-time
and low-risk complementary feature
classification explanation transformation

methods

Cervi Intel & DenseNet121 witha Preprocessing Present study

DBEF-  MobileODT; trainable LNN ablation, five-fold

Net three cervix reservoir evaluation,

types

calibration, and
controlled paired

comparison

G1 concerns contextual feature modelling. The closest Dense-U-Net, deep semantic,
ViT, LoRA-ViT, and attention-CNN studies [13-15, 21, 24] learn spatial or attention-based
representations, whereas the present study examines whether repeated continuous-time

state updates refine a static DenseNet121 embedding.

G2 concerns attribution of preprocessing gains. Studies using segmentation or image

enhancement [21, 22] and the closely related cervix-type classifiers [13, 14] do not provide
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the same component-controlled comparison of the complete preprocessing sequence used
here.

G3 concerns same-sample statistical comparison. Results from [13, 14, 21, 24] arise from
different cohorts, partitions, or model protocols and therefore cannot provide a paired test
for CerviDBF-Net. The paired analysis in Table 16 is restricted to internally evaluated
variants that share the same test samples.

Table 2. Literature Gaps and Their Experimental Linkage

Gap Studies Evidence boundary Evidence examined in this
defining study
the gap
G1 [13-15, 21, Spatial, transformer, or DenseNet121-only,
Contextual 24] attention representations DenseNet121-LSTM, and
feature without a continuous-time DenseNet121-LNN variants in
modelling reservoir applied to DenseNet ~ Table 13
features
G2 [13,14,21,  No directly comparable No-preprocessing and full-
Preprocessin ~ 22] component-controlled test of pipeline variants in Table 13
g attribution the complete BHEPL-Kapur-
Roberts sequence
G3 Paired [13, 14, 21, Different cohorts or partitions McNemar comparisons for
statistical 24] prevent a same-sample internally evaluated variants
evidence significance test against on the shared test set in Table
CerviDBF-Net 16

To address these gaps, the following hypotheses are tested. H1: An LNN trained on top
of DenseNet121 will improve classification sensitivity over the DenseNet121 baseline in a
statistically significant manner by capturing internal pseudo-temporal feature dynamics.
H2: CerviDBF-Net will achieve similarly high accuracy in all five cross-validation folds
(standard deviation of accuracy below 1 percentage point), providing evidence that the
hybrid design is stable and reproducible. H3: The preprocessing pipeline of BHEPL
contrast enhancement, Kapur entropy thresholding, and Roberts edge detection will
measurably improve accuracy compared with unprocessed input, as assessed by the

component-wise ablation study.

The validation results support all three hypotheses. H1 is supported: relative to the
DenseNet121-only model, the LNN improves sensitivity by 4.55 percentage points (94.58%
to 99.13%) and accuracy by 4.71 percentage points, and the paired accuracy difference is
statistically significant (McNemar’s test, p < 0.001; Table 16). H2 is supported, as the
standard deviation of accuracy across the five cross-validation folds is 0.23 percentage
points (Table 11). H3 is supported, as the preprocessing ablation shows a 5.45 percentage-

point accuracy gain over unprocessed input (Table 13).

PROPOSED SYSTEM

The proposed system, depicted in Figure 1, classifies colposcopy images through a
systematic pipeline comprising dataset acquisition, image preprocessing, segmentation,



PARION  Sathupati Lydia, Nagadasari Merrin Prasanna

feature extraction, and classification with the proposed hybrid deep learning architecture,
which combines DenseNet121, a brain-inspired Liquid Neural Network (LNN), and a fully

connected classification layer.

The colposcopic images are taken from the publicly available Intel & MobileODT
Cervical Cancer Screening dataset hosted on Kaggle [27], which contains three labelled
classes (Type 1, Type 2, and Type 3); these labels enable supervised learning and

performance evaluation.

Images are initially resized to a fixed dimension using bicubic interpolation, which

utilizes the 16 nearest neighbouring pixels to estimate the new pixel intensity:
2 2
9 yy =) T ayflxtiy+)) 1)
i=—

where g(x', y")represents the interpolated pixel intensity at the resized location (x"y’),
f(x + i,y + j)denotes the intensity of the neighboring pixel at offset (i’ j)from the original
location (x*y), and a;;are the bicubic weighting coefficients determined by the distance
between original and target pixel positions, where iand jrange from —1to 2, covering the

16 nearest neighbouring pixels.

Colour images are transformed into grayscale using a weighted sum of the RGB

components:

Foray (%, ¥) = 0.2989f, (x,y) + 0.5870f; (x,y) + 0.1140f; (x,y) @)

where f;,4, (x, y)denotes the grayscale intensity at pixel location (x*y), fz (x, ), f¢(x,¥),
and f5 (x, y)represent the red, green, and blue channel intensities, respectively, and the
coefficients 0.2989, 0.5870, and 0.1140 correspond to standard luminance weights based on

human visual sensitivity to each colour channel.

Image Acquisition: » | Image Preprocessing | = SegmerTlalmn
Kaggle Colposcopic Techniques
Dataset
Model: p Feature Extraction
CerviDBF-Net using LBP
|
v
DenseNet121 for S Brain-Inspired LNN
Spatial Features for Temporal Context
v
Optimization using e Fully Connected
Adam Layer + Softmax

¥

Evaluation: Accuracy,
Sensitivity, —
Specificity, Precision

Final Diagnostic
Output

Figure 1. Proposed System Block Diagram
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Contrast enhancement and segmentation are then performed to improve visibility and
localize candidate lesion regions in the grayscale images. In BHEPL, the histogram of the
grayscale image is divided into two sub-histograms based on the mean intensity m:

HL = {fgray(x' y) < m} (3)
HU = {fgray(x' y) > m} (4)

where H;represents the lower sub-histogram containing pixels with intensity values
less than or equal to the mean value m, Hy denotes the upper sub-histogram containing
pixels with intensity values greater than m, f;,,,(x,y) represents grayscale intensity at
pixel location (x’y), and mis the mean intensity of the entire grayscale image used as the
splitting criterion.

Each sub-histogram is independently equalized to preserve critical visual information
while improving lesion visibility. Kapur’s entropy-based thresholding determines the
optimal threshold for lesion segmentation by maximizing foreground and background

entropy:
T* = argmax[H;(T) + H,(T)] (5)
where T*is the optimal global threshold that separates lesion regions from the
background, H;(T)and H,(T)denote the Shannon entropy values of foreground and

background regions at threshold T, respectively, and argmaxselects the threshold value

that maximizes the combined entropy.
Edge detection is further performed using the Roberts cross operator to identify lesion
boundaries:

Ge=fxy)—fx+Ly+1) (6)
Gy=fx+Ly)—flxy+1) @)

E(x,y) = /G,g + G2 ®)

where G,and Gyrepresent gradient magnitudes in diagonal and anti-diagonal
directions, respectively, f(x,y)denotes pixel intensity at location (x’y), and
E (x, y)represents the final edge magnitude used to highlight lesion boundaries.

Texture information is extracted from segmented images using the Local Binary Pattern

(LBP) method, which captures local spatial texture structures:

P-1
LBP(,y) = ) s(in = i) 2" ©
n=0
=5 ¥ o)

where LBP(x,y)denotes the Local Binary Pattern code at pixel (x’y), Prepresents the
total number of neighboring pixels sampled on radius R, i,denotes the intensity of the
n''neighboring pixel, i.represents the center pixel intensity, s(-)is the thresholding
function, and 2"represents the binary weighting factor used to encode local texture
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patterns. These binary patterns are converted into histograms to represent texture

descriptors of cervical images.

The extracted LBP feature vectors are then passed to the proposed CerviDBF-Net
model, which consists of DenseNet121, Liquid Neural Network, and Softmax classification
layers. DenseNet121 extracts deep spatial features through dense connectivity using

convolution operations defined as:

[ = EZf(m,ro-g(i—m,j—n an

m

where (f * g)(i, j)represents the output feature map at location (i), f(m,n)denotes
the input feature value, and g(i —m,j — n)represents convolution kernel weights.
The activation function is expressed as:
f(x) = max(0, x) (12)

where f(x)denotes the activated output and xrepresents the input value. ReLU
introduces non-linearity by preserving positive values while suppressing negative values.
Spatial dimensionality reduction is performed through max pooling:

y(i,j) = max kx(i +m,j +n) 13)

0=sm<k, 0sn<

where y (i, j)denotes the pooled output at location (i’ j), x(i + m, j + n)represents values

within the pooling window, and kdenotes the pooling kernel size.

The extracted DenseNet121 feature vector is forwarded to the Liquid Neural Network

module, which captures dynamic contextual dependencies through adaptive neuron

states:
du(t)
T— = = () + Wi (0) + Wresr (6) (14)
r(t) = o(u(t)) (15)

where trepresents the time constant governing neuron state decay, u(t) denotes the
internal neuron state at pseudo-time step t, W;,is the input weight matrix, x(t) represents
the DenseNet121 feature vector (f;ens. € R'°%%), W, .denotes the recurrent reservoir
weight matrix with spectral radius p = 0.9and 10% sparsity, r(t) represents neuron

response output, and odenotes the leaky ReLU activation function with slope a = 0.01.

The geometric interpretation of the LNN is treated as a working hypothesis rather than
a convergence theorem. The DenseNet121 vector lies in a high-dimensional feature space,
and the recurrent ODE update applies a sequence of non-linear transformations over 15
pseudo-time steps. A spectral radius of 0.90 constrains the recurrent state changes within
the selected operating regime [16], but it does not by itself prove contraction, improved
separability, or generalization for this dataset. The gain over the DenseNet121-only variant
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in Table 13 is consistent with useful feature refinement; it is empirical evidence for the

selected configuration rather than a general theoretical result.

The LNN adds O(T-N2) operations per inference pass for the reservoir update, where
T=15 and N=128, contributing 245,760 multiply-accumulate operations, which is less than
0.008% of the 3.12G FLOPs of the full CerviDBF-Net pipeline (Table 15). End-to-end
convergence via Adam follows the standard O(P/B) per-epoch complexity where P is the
parameter count (9.14M) and B is the batch size (32); empirically, CerviDBEF-Net converges
within 30-50 epochs under early stopping with patience=10, consistent with the batch size

and learning rate schedule in Table 14.

The Liquid Neural Network treats the 1024-dimensional DenseNet feature vector as the
initial state of a dynamic reservoir and iterates it over T = 15 pseudo-time steps using Euler
integration with At = 0.1. The reservoir consists of 128 neurons, enabling efficient
modeling of higher-order contextual dependencies in static medical images without

requiring true sequential inputs.

The 1024-dimensional DenseNet121 representation is projected to the 128-neuron
reservoir and updated for 15 internal steps. At each step, the input projection preserves
information from the spatial descriptor, the recurrent matrix mixes information across
reservoir dimensions, and the leaky activation controls how rapidly the hidden state
changes. The spectral radius of 0.90 and the integration step of 0.1 limit abrupt state growth.
The final reservoir state is therefore a context-refined representation of one static image, not
a temporal record of lesion progression. The ablation gain in Table 13 supports the value of
this internal feature transformation for the present dataset, although it does not identify a

biological time process.

The final fully connected layer maps the learned features into three cervical classes:
y=Wx+b (16)

z;
ST
Zje J

where ydenotes the output vector of the fully connected layer, Wrepresents the learnable

Softmax(z;) = (17)

weight matrix of size 3 X 128, xdenotes the final LNN state vector, brepresents the bias
vector, and z;denotes the class logit for class i. The Softmax function converts logits into

probability scores corresponding to Type 1, Type 2, and Type 3 cervix classes.

The model is trained using the Adam Optimizer, which adaptively updates network

parameters according to:

Bp0r = 0, — —t (18)
t+1 — Yt \/’U_t+ c

where 6,and 6, represent model parameters at iterations tand t+ 1, respectively,
adenotes the learning rate (1 X 10~*), m,represents the first moment estimate (f; = 0.9),
v,denotes the second moment estimate (8, = 0.999), and € = 1078 ensures numerical

stability during optimization.
Evaluation Metrics

The main evaluation metrics used in our research work are as follows:
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e Accuracy

TP+ TN
Accuracy = o TN ¥ FP 4 FN (19)
e  Sensitivity (Recall)
e TP
Sensitivity (Recall) = TPTFN (20)
e  Specificity
e TN
Specificity = TN+ FP (21)
e  Precision
. TP
Precision = TP+ FP (22)

° F1-score

1 _ 2 X Precision X Recall 3
SC0Te = b recision + Recall (23)

where TP, TN, FP, and FN denote the numbers of true positives, true negatives, false

positives, and false negatives, respectively.
Proposed Model
The proposed CerviDBF-Net architecture (Figure 2) is designed as a unified framework

that integrates spatial, temporal, and classification capabilities for automated cervix type
classification in colposcopy-based screening. It uses DenseNet121 as the backbone for
spatial feature extraction, which has 121 densely connected layers with four dense blocks
consisting of 1x1 and 3x3 convolutions, bottleneck layers, transition layers, batch
normalization, ReLU activation and average pooling functions to learn rich and high-

resolution features from colposcopic images.

DenseNet121 extracts spatial descriptors from the preprocessed image and compresses
them into a 1024-dimensional feature vector. The LNN then performs an internal sequence
of state updates that mixes relations among these feature dimensions before classification.
This operation can change the relative emphasis of texture, boundary, and contrast
evidence when the spatial embedding alone is ambiguous. The final state is passed to the
fully connected Softmax layer for Type 1, Type 2, or Type 3 prediction. The pseudo-time
trajectory is a computational representation and is not interpreted as lesion evolution in

the patient.
CerviDBF-Net differs from the closest colposcopy studies in Table 1 through the

trainable coupling of a DenseNet121 spatial encoder and a continuous-time LNN reservoir
for three-class cervix-type classification. The contribution lies in this task-specific
integration and its controlled evaluation. Table 13 isolates the effect of the LNN from the
DenseNet121-only and DenseNet121-LSTM variants, while Table 16 compares internally
evaluated variants on the same test samples. The study extends neither DenseNet theory
nor liquid time-constant network theory; it evaluates their combined use for contextual

refinement of static colposcopy features.
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Input: Preprocessed X Liquid Neural
Colposcopic Image " Netvyork (LNN]E
Dynamic Reservoir +
Activation
DenseNet121: Initial Classification: Dense
Convolution + Max Layers + Dropout +
Pooling Softmax

Dense Blocks:
. Output: Type 1,
Feature Propagation T 28T 3
via 1x1 & 3x3 ype ype

Convolutions

Transition Layers: BN
+ RelU + Avg Pooling

Flatten Features for
Temporal Maodeling

Figure 2. CerviDBF-Net Model Architecture

Algorithm of the Proposed Model

The CerviDBF-Net algorithm takes input features extracted from cervical images. It
uses DenseNet121 to learn deep spatial features, the Liquid Neural Network (LNN) to
capture pseudo-temporal patterns, and a Softmax layer to classify the image as Type 1,
Type 2, or Type 3.

Algorithm: CerviDBF-Net Model
Input: Colposcopic image I € R"(224x224x3)
Output: Class probability vector p € R® (Type 1, Type 2, Type 3)

Step 1 [Preprocessing]: Apply bicubic resizing — BHEPL
enhancement — Kapur thresholding — Roberts edge detection to
produce enhanced image I_proc.

Step 2 [LBP Extraction]: Compute uniform LBP histogram (P=8, R=1)
from I_proc — feature vector x_lbp € R"256.

Step 3 [DenseNetl21 Spatial Features]: Pass I_proc through
DenseNet121 (pretrained, fine-tuned) — global average pooling —
f dense € R"024.




PACSRN  Sathupati Lydia, Nagadasari Merrin Prasanna

Step 4 [LNN Initialization]: Set initial neuron state u(0) = Win -
f_dense, where Win € R"(128x1024).

Step 5 [LNN Dynamics]: For t =0, 1, ..., 14 (T=15 steps): u(t+1) = u(t) +
At x (-u(t)/t + Win-f_dense + Wres-o(u(t))), where At=0.1, ©==1.0, o =leaky
ReLU (a=0.01).

Step 6 [LNN Output]: Extract terminal state r = o(u(T)) € R"128.
Step 7 [Classification]: p = Softmax(Wfc - r + b), Wfc € R*(3x128).
Step 8 [Prediction]: class = argmax(p).

Training Protocol

CerviDBF-Net is implemented in Python 3.9 using the PyTorch 2.0 deep learning
framework and trained on an NVIDIA GPU (16 GB VRAM). The DenseNet121 backbone
is initialized with ImageNet pretrained weights and fine-tuned end-to-end. The LNN
reservoir weights (Win and Wres) are initialized using He initialization and trained from
scratch via automatic differentiation through the Euler ODE solver.

The Adam optimizer is employed with learning rate Ir = 1x107*, 31 =0.9, 3. =0.999, ¢ =
1x10-8, and weight decay = 1x10-5. Training is conducted for a maximum of 100 epochs with
early stopping (patience = 10 epochs monitored on validation cross-entropy loss). Batch
size is set to 32. Cross-entropy loss is used as the training objective. A ReduceLROnPlateau
scheduler reduces the learning rate by a factor of 0.5 when validation loss does not improve

for 5 consecutive epochs (minimum Ir = 1x10-).

Data augmentation applied during training includes: random horizontal flipping (p =
0.5), random rotation (+15°), random brightness and contrast jitter (factor range: 0.8-1.2),
and random Gaussian noise injection (o = 0.01) to simulate illumination variability and
imaging artefacts characteristic of real clinical colposcopy. All random operations are
seeded with seed = 42. Input images are resized to 224 x 224 pixels prior to feeding into
DenseNet121.

RESULTS AND ANALYSIS
The Intel & MobileODT Cervical Cancer Screening dataset [27], summarized in Table 3,

is a valuable benchmark for Al-based cervical cancer screening technologies. It consists of
high-resolution images acquired with typical colposcopy equipment under real clinical
conditions. The images vary considerably in illumination, zoom, specular reflection, and
field of view, which reflects practical screening situations. Each image is assigned to one
of three cervix types according to the location and visibility of the transformation zone,
which adds clinically relevant complexity. The variety of texture, colour, and boundary
characteristics across cervix types makes the dataset a challenging but reliable benchmark

for evaluating the robustness and generalization of automated cervical screening models.
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Cervix Type 1 is the simplest, with a transformation zone which is completely
ectocervical and easily seen. Type 2 involves a transformation zone extending into both the
ectocervical and endocervical regions, but it is still completely visible and therefore can be
fully evaluated. Type 3 is more problematic as the transformation zone is primarily

endocervical and not entirely visible and may require additional diagnostic tests.

In total, there are 7,771 labeled images, taken from the main training set as well as an
extra supplementary set. The images are divided into the 3 cervix types as follows: 2,379
are labelled as Type 1, 2,907 are labelled as Type 2, and 2,485 are labelled as Type 3. This
diverse and clinically relevant dataset shown in Table 3 provides a solid foundation for

training and testing computer vision models.

Table 3. Cervix-Type Distribution in the Intel & MobileODT Dataset [27]

Cervix Type Training Images Additional Images Total Images

Type 1 866 1,513 2,379
Type 2 1,437 1,470 2,907
Type 3 1,129 1,356 2,485
Total 3,432 4,339 7,771

The data were split using an 80-10-10 strategy (Table 4) to support balanced learning
and unbiased evaluation: 80% of the images were assigned to training, 10% to validation
for hyperparameter tuning and overfitting monitoring, and 10% to final testing for an
objective measure of model performance. The split was stratified so that the class

distribution was preserved across all three cervix types.

Table 4. Dataset Split

Cervix Type Train (80%) Validation (10%) Test (10%)

Type 1 1,903 238 238
Type 2 2,325 291 291
Type 3 1,988 249 248
Total 6,216 778 777

To avoid data leakage, the 10% test set is withheld from training and used only for the
final evaluation, while the 80% training set is used for fold selection, hyperparameter
tuning, and model selection. The validation set (10%) is used for early stopping and
learning-rate scheduling. Stratification maintains the same class proportions across all
partitions. To further validate the results, future work will involve external validation on
an independent colposcopy dataset, such as an institutional colposcopy archive collected

with IRB approval or another publicly available colposcopy image collection.

All experiments use a fixed random seed of 42 for PyTorch random number generation,
NumPy operations, and dataset splitting to ensure reproducibility. The 5-fold stratified
cross-validation reported later in this section shows that the reported performance is stable,
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with five model evaluations on non-overlapping test partitions yielding a mean accuracy
of 98.84% + 0.23%.

Figure 3. Sample Colposcopy Image from the Intel & MobileODT Dataset [27]

Figure 3 shows an example colposcopy image from the Intel & MobileODT Cervical
Cancer Screening dataset [27]. The image is resized to a standard size by bicubic

interpolation (Figure 4) and then converted to grayscale (Figure 5).

-

Figure 5. Grayscale Version of Resized Sample
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The contrast enhanced version of the grayscale image by applying BHEPL is illustrated
in Figure 6. The result of this step is to split the histogram into two sub-ranges, according
to the mean intensity, and to use equalization with clipping to avoid over-enhancement,
thus enhancing structures and lesions in cervical tissue. The improved image is then
thresholded by Kapur's entropy method shown in Figure 7. This is a global thresholding
method that maximizes the sum of the entropies of the foreground and background areas

of the image, which helps to isolate the lesion areas from the remaining areas of the cervix.

Figure 6. Contrast Enhanced Image

After segmentation, the Roberts cross operator, a gradient-based edge detection method
that emphasizes abrupt intensity changes, is applied; its output is shown in Figure 8. This
step delineates candidate lesion boundaries and highlights the structures of interest in the

segmented region. The edge-detected image is then used as an input to the subsequent
feature extraction stage.

Figure 7. Thresholded Image
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Figure 8. Edge-Detected Image

Figures 7 and 8 delineate candidate regions from image intensity and edge structure.
Kapur thresholding separates foreground and background intensity distributions, while
the Roberts operator emphasizes abrupt local transitions that may coincide with visible
tissue boundaries. These outputs are preprocessing maps rather than clinically annotated
lesion masks. The Intel & MobileODT cervix-type labels do not provide pixel-level lesion
contours, so Dice, intersection over union, or boundary-distance measures cannot be
calculated from this dataset. The maps therefore support feature preparation but do not

establish lesion-localization accuracy.

The morphological region properties and colour statistics obtained from the segmented
cervical lesion regions detected by the Roberts edge detection stage are presented in Table
5. The primary features used for characterization of lesion boundaries are: centroid
coordinates (lesion spatial location), shape descriptors (aspect ratio, solidity, eccentricity),

and colour statistics (mean intensity, colour variance per channel).

Simultaneously, a uniform Local Binary Pattern (LBP) Histogram (with 8 sampling
points and 1 pixel radius, resulting in a 256-dimensional histogram per image) is
independently calculated from the grayscale images obtained from the BHEPL contrast-
enhanced images, with the aim of encoding fine-grained texture information of the cervical
mucosa. The LBP histogram is utilized as the main deep learning input, and morphological
features are used as complementary structural context in both pipelines used in CerviDBEF-
Net.

Figure 9 shows the output interface of CerviDBF-Net, which displays the predicted
cervix type after classification.

Table 6 and Figure 10 compare CerviDBEF-Net with two transformer-based studies that
also addressed the three-class Intel & MobileODT task. The image counts and data
partitions are included so that each accuracy can be read in relation to its own experimental
setting.



VACYAN CerviDBF-Net: Leveraging Spatial and Temporal Features for Accurate Cervical Cancer Diagnosis

Table 7 and Figure 11 present the sensitivity comparison. CerviDBF-Net achieves the
highest sensitivity (99.13%), compared with 84% for Dense-U-Net [21], 96.38% for DepDec
[24], and 98.68% for DeepColpo + RF [26]. Because these values were obtained with
different datasets and protocols, they serve as cross-study reference points rather than a

controlled ranking. High sensitivity is important in medical diagnostics to ensure that

abnormal cases are not missed.

Table 5. Morphological and Colour Features from Segmented Cervical Regions

Feature Type  Feature Index Valuel Value?2
Centroid (X, Y) 1 116.1480 149.5334
2 100.0740  99.2667
3 113.5096  85.4238
4 119.9656  83.1012
5 126.1724 81.8810
Shape Features 1 0.1675
2 0.1609
3 0.6513
Color Features 1 18566
2 1
3 42

Classification Result

Type 1 Cervix

Figure 9. Output Dialogue Box Displaying the Predicted Cervix Type
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Table 6. Accuracy Comparison under the Reported Experimental Settings

Method and experimental setting Accuracy (%)

ViT with SPT and LSA [13] — Intel & 91.02
MobileODT, three cervix types; 70:30 split; 5,750
train and 2,464 test images

LoRA-ViT [14] — Intel & MobileODT, three >75
cervix types; 1,481 train and 512 held-out test

images

CerviDBF-Net (Proposed) — Intel & MobileODT, 98.92
three cervix types; 80:10:10 split; 6,216 train, 778
validation and 777 test images

Accuracy Comparison Across Studies

CerviDBF-Net (Proposed) 98.92%

VIiT + SPT/LSA [13] -%/ 91.02%
/ %

LoRA-VIT [14] -7/ >75%
/ 7

0 20 40 60 80 100
Reported accuracy (%)

Figure 10. Accuracy Comparison under the Reported Experimental Settings

Table 7. Sensitivity Value Comparison

Method/Model Used Sensitivity (%)

Dense-U-Net [21] 84.0
DepDec (ResNet101) [24] 96.38
Deep learning classifier [25]  63.0
DeepColpo + RF [26] 98.68

CerviDBF-Net (Proposed) 99.13




VAEEIN  CerviDBF-Net: Leveraging Spatial and Temporal Features for Accurate Cervical Cancer Diagnosis

Sensitivity Comparison Across Methods

CerviDBF-Net (Proposed) 99.13%

beepColpo + AF (26 W////W 8.60%
bepDec (241 7////////////////////% 05.38%

Dense-UnNet (21] WW 84.0%

s Y e

T I 1
0 20 40 60 80 100
Sensitivity (%)

Model Used

Figure 11. Sensitivity Comparison Plot

For specificity (Table 8 and Figure 12), CerviDBE-Net attains 98.38%, indicating that it
correctly identifies negative cases and limits false detections. This value is higher than
those reported for DepDec [24] (95.84%) and Dense-U-Net [21] (87%), although these are

cross-study comparisons.

Table 8. Specificity Value Comparison

Method/Model Used Specificity (%)

Dense-U-Net [21] 87.0
DepDec (ResNet101) [24] 95.84
Deep learning classifier [25] 74.0

CerviDBF-Net (Proposed) 98.38

Table 9 and Figure 13 compare precision. CerviDBF-Net achieves a precision of 98.69%,
compared with 97.56% for DepDec [24] and 87.50% for DeepColpo + RF [26], indicating
that its positive predictions are highly reliable.

The F1-score, which balances precision and recall, is compared in Table 10 and Figure
14. CerviDBE-Net achieves an F1-score of 98.27%, compared with 96.96% for DepDec [24]
and 92.19% for DeepColpo + RF [26], showing consistently high performance across the

basic diagnostic measures.
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Model Used

CerviDBF-Net (Proposed)

Model Used

Specificity Comparison Across Methods

98.38%

epoec 1241 7////////////////%
s TR 7///////////////////
s N

T T
0 20 40 60 80 100
Specificity (%)

Figure 12. Specificity Comparison Plot

Table 9. Precision Value Comparison

Method/Model Used Precision (%)

DepDec (ResNet101) [24]  97.56
DeepColpo + RF [26] 87.50

CerviDBF-Net (Proposed) 98.69

Precision Comparison Across Methods

CerviDBF-Net (Proposed) 98.69%

Z

1 1
0 20 40 60 80 100
Precision (%)

Figure 13. Precision Comparison Plot



V8NN CerviDBF-Net: Leveraging Spatial and Temporal Features for Accurate Cervical Cancer Diagnosis

Table 10. F1 Score Value Comparison

Method/Model Used F1 Score (%)

DepDec (ResNet101) [24]  96.96
DeepColpo + RF [26] 92.19

CerviDBEF-Net (Proposed) 98.27

F1-Score Comparison Across Methods

CerviDBF-Net (Proposed) 98.27%

[24] %
DeepColpo + RF [26 -%/ 92.19%
[26] / %

0 20 40 60 80 100
Fl-score (%)

Model Used

Figure 14. F1 Score Comparison Plot

Two recent transformer studies provide direct points of reference for this task. Authors
in [13] trained a ViT with shifted patch tokenization and locality self-attention on 8,215
Intel & MobileODT images using a 70:30 split. The study in [14] evaluated LoRA-based
fine-tuning of a ViT with the 1,481-image training set and a 512-image held-out test set.

Table 6 lists the model, image source, partition, and accuracy reported for each
experiment. The three studies share the same three-class cervix-type task and Intel &
MobileODT image source, but they use different image pools and data partitions. These

differences prevent a strictly controlled comparison.

Intel and MobileODT released the dataset in 2017 as part of a Kaggle challenge on
cervical cancer screening [27]. The task was to classify cervical images into one of the three
cervix types, and submissions were evaluated using multi-class logarithmic loss on a
private test set. The organizers published the final rankings but not detailed performance
metrics such as class-wise accuracies.

Authors in [13] reported 91.02% test accuracy for a ViT with shifted patch tokenization
and locality self-attention. Their study used an 8,215-image collection and a 70:30 split,
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with 5,750 training images and 2,464 test images listed in the data table. Authors in [14]
reported correct classification of more than 75% of 512 held-out images after training the
LoRA-ViT model on 1,481 images; the reported class accuracies were 54.0% for Type 1,
80.6% for Type 2, and 76.9% for Type 3. CerviDBF-Net used 7,771 images with an 80:10:10
partition of 6,216 training, 778 validation, and 777 test images and achieved 98.92% test

accuracy. The three accuracy values arise from these separate experimental settings.

According to publicly available challenge write-ups, top-ranked solutions used deep
CNN-based classification with heavy data augmentation and model ensembles to address
class imbalance and visual variation, at a considerable computational cost. In contrast,
CerviDBF-Net is a single hybrid architecture that combines DenseNet121 for spatial feature
extraction with a brain-inspired Liquid Neural Network for contextual and pseudo-
temporal modelling. It provides high and repeatable accuracy, sensitivity, specificity,
precision, and F1-score within a well-defined train—validation—test protocol without multi-
model ensembles, offering an efficient single-model alternative with competitive

performance.

An ablation study was performed to evaluate the influence of each core component of
the CerviDBF-Net architecture by systematically removing or modifying individual
components. The principal variants were DenseNet121 without the LNN, the LNN with a
simple convolutional feature extractor, and the full CerviDBF-Net model; the complete set
of variants is reported in Table 13. DenseNet121 alone was effective in capturing spatial
features, reaching an accuracy of 94.21%, but was less successful at modelling context. The
LNN-only configuration reached an accuracy of 88.47%, indicating that the LNN cannot
compensate for the absence of rich spatial features. The full CerviDBF-Net achieved the
best accuracy of 98.92%, which shows that DenseNetl121 and the LNN provide

complementary strengths.

Accuracy (%)
99.2

99.1

99
98.9
98.8
98.7
98.6
98.5
98.4
98.3
98.2

Accuracy

1 2 3 4 5
Fold Number

Figure 15. Five-Fold Cross-Validation Accuracy of CerviDBF-Net
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The 5-fold cross-validation results in Figure 15 and Table 11 further support the
robustness and stability of CerviDBF-Net. Accuracy remained high in all five folds, ranging
from 98.54% to 99.12%, with little variation between folds. This consistency suggests that

the model is not overly sensitive to the specific data in any single partition.

Table 11. Per-Fold Cross-Validation Performance of CerviDBF-Net

Fold Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) F1-Score (%)
Fold 1 98.63 98.82 98.11 98.45 97.98

Fold 2 99.12 99.28 98.76 98.97 98.63

Fold 3 98.54 98.71 98.03 98.31 97.84

Fold 4 98.92 99.13 98.38 98.69 98.27

Fold 5 98.98 99.21 98.63 98.88 98.52
Mean+SD 98.84 +0.23 99.03 £ 0.23 98.38 £ 0.28 98.66 + 0.26 98.25+0.31

A confusion matrix was created to examine class-wise diagnostic performance on the
test set (Figure 16). The matrix shows strong diagonal dominance, indicating that
CerviDBF-Net distinguishes satisfactorily between Type 1, Type 2, and Type 3 cervix
images. Specifically, 232 Type 1 images, 284 Type 2 images, and 241 Type 3 images were
correctly classified, with few misclassifications between categories. These results indicate

reliable classification across all three cervix types.

250
Type 1

200
Type 2 150

100
Type 3 50

Type 1 Type 2 Type 3
Predicted Class

True Class

Figure 16. Confusion Matrix

Figure 17 presents t-SNE projections of the DenseNet121 vectors and the final LNN
states using the same perplexity and random seed. The projection is used only to inspect
local neighbourhood patterns. Because t-SNE can alter global distances, cluster size, and
apparent separation, the figure does not establish feature-space contraction or external
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generalization. The class-wise cosine distances discussed below were calculated in the

original feature spaces before t-SNE projection.

t-SNE Visualization of Feature Space Before and After LNN Dynamics

Raw DenseNet121 Feature Space (fyense) LNN Reservoir State (r(7))
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Projection settings: perplexity = 30, random_state = 42. The LNN representation showss improved
intra-class compactness and inter-class separation, especialiy between Type 2 and Type 3.

Figure 17. t-SNE Visualization of Feature Space

Grad-CAM Interpretation of Cervical Image Regions

For class ¢, Grad-CAM assigns a weight to each final convolutional feature map Ak by
spatially averaging the gradient of the class score S.. The weighted feature maps are

combined and passed through ReLU to obtain a class-specific activation map [15, 28].

H w
1 ds
() _ c (©) _ (c)
a,’ = 0 E E oa% Lérad—cam = ReLU( E a; A"") (24)

i=1 j=1 k

The activation map identifies image regions that contribute most strongly to the
selected cervix-type score. High-intensity regions indicate positive class evidence, while
low-intensity regions have limited influence on the decision. Overlaying the normalized
map on the colposcopic image links the final prediction with the cervical texture,
boundary, and transformation-zone patterns emphasized by DenseNet121.

The test-set performance of CerviDBF-Net is shown in Table 12. Performance was
consistently high in terms of recall, precision, Fl-score, and AUC-ROC across all three
cervix types, indicating strong classification ability with limited misclassification.

Table 13 expands the ablation study of the CerviDBF-Net model to investigate the effect
of each major component. The results indicate that the complete CerviDBF-Net model
achieved the highest performance in terms of accuracy (98.92%), sensitivity (99.13%) and
F1-score (98.27%).
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Table 12. Per-Class Performance Breakdown — Test Set (CerviDBF-Net)

Class Test Correctly Recall Precision F1-Score = AUC-

Samples (n)  Classified (%) (%) (%) ROC
Type 1 238 232 /238 97.48 99.14 98.30 0.99%1
Type 2 291 284 /291 97.59 98.62 98.11 0.9948
Type 3 248 241 /248 97.18 98.32 97.75 0.9935
Macro — - 97.42 98.69 98.05 0.9948
Average

Table 13. Expanded Ablation Study — CerviDBF-Net Component Contributions

Model Variant Accuracy  Sensitivity =~ F1-Score  Purpose
(%) (%) (%)

No Preprocessing + 93.47 93.82 93.19 Validate preprocessing

DenseNet121 + LNN pipeline

DenseNet121 Only 94.21 94.58 93.87 Baseline spatial modeling

LNN Only with Basic 88.47 88.91 87.63 Evaluate LNN without

CNN Features rich DenseNet spatial
features

DenseNet121 + LSTM 96.74 97.02 96.38 Classical temporal baseline

DenseNet121 + FC 95.63 95.91 95.27 Depth-matched control

without Temporal

Module

CerviDBE-Net Full 98.92 99.13 98.27 Proposed system

Model

DenseNet121+LSTM and DenseNet121+FC were evaluated as internal controls using
the same images, 80/10/10 split, preprocessing sequence, random seed, training schedule,
and test samples as CerviDBF-Net. The two controls isolate the contribution of the LNN

reservoir from a conventional recurrent head and a feed-forward head, respectively.

The hyperparameter settings for the proposed CerviDBF-Net model training and
evaluation are shown in Table 14. The model is implemented with PyTorch 2.0 with Python
3.9 and trained using an NVIDIA GPU of 16 GB VRAM to achieve efficient computation.
The input images were resized to 224 x 224 x 3 and DenseNet121 was fine-tuned with
ImageNet pretrained weights for cervical image classification. To achieve stable temporal
feature learning, the Liquid Neural Network component was tuned to have 128 reservoir
neurons, a spectral radius of 0.90, 10% sparsity and 15 integration steps. The model was
trained with Adam optimizer, a weight decay of 1 x 105 and a batch size of 32. To ensure
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that overfitting is avoided and the convergence is enhanced, early stopping and
ReduceLROnPlateau scheduler were employed.

Table 14. CerviDBF-Net Hyperparameter Configuration

Category Configuration Details

Implementation Setup ~ Framework: PyTorch 2.0 / Python 3.9; Hardware: NVIDIA GPU with
16 GB VRAM; Random Seed: 42

Input and Feature Input Size: 224 x 224 x 3; DenseNet121 Weights: ImageNet pretrained
Extraction and fine-tuned
LNN Configuration Reservoir Size: 128 neurons; Spectral Radius: 0.90; Sparsity: 10%; Time

Constant: 1.0; Integration Steps: 15; Step Size: 0.1
Activation Function Leaky ReLU with a =0.01

Optimization Settings Optimizer: Adam; Learning Rate: 1 x 1074 {31, 32: 0.9, 0.999; Weight
Decay: 1 x 10

Training Settings Batch Size: 32; Maximum Epochs: 100; Early Stopping Patience: 10; LR
Scheduler: ReduceLROnPlateau with factor = 0.5 and patience =5

Loss and Data Split Loss Function: Cross-Entropy; Data Split: 80/10/10 stratified

Table 15 compares the computational complexity of CerviDBF-Net with that of the
baseline deep learning models. CerviDBF-Net achieves the highest accuracy (98.92%) with
a compact structure of 9.14M parameters and 3.12G FLOPs. Relative to the DenseNet121-
only variant, the complete CerviDBF-Net configuration in Table 15 adds 1.16M parameters
and 0.25G FLOPs and improves accuracy by 4.71 percentage points. It also achieves a
higher accuracy than the reported values for heavier models such as VGG19 and
ResNet152, which have substantially more parameters and higher computational costs.
Overall, CerviDBF-Net offers a favourable balance between accuracy, inference speed, and

computational efficiency.

Literature-reported results and internally evaluated controls serve different purposes.
Tables 6-10 summarize values reported by the cited studies under their respective datasets
and experimental protocols. Tables 13 and 16 contain only the internal variants evaluated
with the common 80/10/10 split, identical preprocessing sequence, fixed random seed, and
shared test samples. Table 16 therefore uses McNemar's test for paired comparison on the

common test set.

Table 16 compares CerviDBF-Net with the internal variants by McNemar's test on the
shared test set. All models in this table used the same 80/10/10 stratified split,
preprocessing sequence, random seed, and test samples. Each comparison has p <0.05. The
largest difference occurs against the LNN-only model with basic CNN features, indicating
that the reservoir depends on an informative spatial representation. The difference from
DenseNet121+FC separates the LNN effect from the use of an additional classification
head, while the difference from DenseNet121+LSTM distinguishes the liquid-state update
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from a conventional recurrent alternative. These paired results apply to the internal

controls; the literature values in Tables 610 remain cross-study comparisons because their

datasets and protocols differ.

Table 15. Computational Complexity — CerviDBF-Net vs. Baseline Models

Model Parameters FLOPs Inference Time Accuracy (%)
VGG19 [19] 143.7M 19.6G  12.4 ms/image  92.00
ResNet50 [20] 25.6M 4.1G 6.8 ms/image 91.00
DenseNet121 Only 7.98M 2.87G 5.2 ms/image 94.21
ResNet152 [23] 60.2M 11.6G 9.7 ms/image 98.08
CerviDBE-Net (Proposed) 9.14M 3.12G 6.1 ms/image 98.92

Table 16. McNemar’s Test for Controlled Pairwise Comparison on the Shared Test Set

Baseline Controlled Baseline  CerviDBF-Net Accuracy n01 nl10 McNemar p- Result
Variant Evaluation Accuracy  Accuracy (%) Gain (%) X2 value

Setting (%)
No Same 80/10/10  93.47 98.92 +5.45 45 2 37.53 8.99 x  Significant
Preprocessing  split, same 1010
+ seed, shared
DenseNet121  test set
+LNN
DenseNetl121  Same 94.21 98.92 +4.71 39 2 31.61 1.88 x  Significant
Only preprocessing, 108

same split,

same seed,

shared test set
LNN Only Same 88.47 98.92 +10.45 85 3 74.56 5.89 x  Significant
with Basic preprocessing, 1078
CNN same split,
Features same seed,

shared test set
DenseNet121 ~ Same 96.74 98.92 +2.18 19 2 12.19 4.80 x  Significant
+LSTM preprocessing, 10

same split,

same seed,

shared test set
DenseNet121 ~ Same 95.63 98.92 +3.29 28 2 20.83 5.01 x  Significant
+FC without  preprocessing, 10-¢
Temporal same split,
Module same seed,

shared test set

Note: n01 represents the number of samples incorrectly classified by the baseline but correctly classified by CerviDBF-Net. n10

represents the number of samples correctly classified by the baseline but incorrectly classified by CerviDBF-Net. McNemar's test was

computed using the continuity-corrected statistic: x>= (I1n01 - n101 —1)?/ (n01 + n10).
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The Expected Calibration Error (ECE) of the CerviDBF-Net Softmax output on the test
set is 0.018, computed across 10 equal-width confidence bins, indicating strong calibration
(ECE <0.05 is generally considered well-calibrated). The maximum calibration error occurs
in the 0.7-0.8 confidence bin (MCE = 0.047), corresponding primarily to the 22 misclassified
Type 2/Type 3 boundary cases where the model's confidence is intermediate rather than
overconfident, suggesting that the Softmax probabilities can be used directly as reliability

indicators for clinical triage without additional temperature scaling.

Derivation of Calibration, Robustness, Complexity, and Feature-Distance

Measures

For calibration, the predicted confidence of image i is maxcpic and its predicted class is
argmaxcpic. The 777 held-out predictions are assigned to M=10 equal-width confidence bins
Bm. Bin accuracy is the fraction of correct predictions, and bin confidence is the mean
predicted confidence. Empty bins contribute zero weight. Based on these definitions, the
Expected Calibration Error (ECE) is 0.018, and the Maximum Calibration Error (MCE) is

0.047.
M
| By
ECE = Z “lacc(Bp) — conf(Bp)l,  MCE = maxlacc(By,) — conf(By,)| (25)
m=1
1 A 1
acc(By,) = B Z 10y =9, conf(B,,) = B Z max pic (26)
M (€Bm M {€Bm

For the noise analysis, normalized test image Ii is perturbed by independent zero-mean
Gaussian noise and clipped to the normalized intensity range. Accuracy loss is measured
in absolute percentage points relative to the clean test set. The same test samples and
trained model are used for each noise level. For the integration-step analysis, T is varied
with the remaining configuration fixed, which measures sensitivity to the number of
internal state updates.

Ii(”) =clip(l; + €;,0,1), € ~N(0,02), Apcc(0) = Acc(0) — Acc(o) (27)

For a dense N by N recurrent matrix, one reservoir update requires N squared multiply-
accumulate operations. With N=128 and T=15, the recurrent core requires 245,760 multiply-
accumulate operations per image. The input projection precedes the recurrent updates in
the feature flow. Table 15 gives 3.12G FLOPs for the complete preprocessing-to-
classification pipeline, including DenseNet121 feature extraction and the classification
head.

MAC,eservoir = TN? = 15 X 1282 = 245,760,  Oreservoir = O(TN?) (28)

Cosine distance is calculated after L2 normalization in the original feature space. For
class c with nc test samples, the mean intra-class value averages all ne(n1)/2 distinct within-
class pairs. This calculation is performed separately for the DenseNet121 vector and the
final LNN state, with t-SNE reserved for two-dimensional visualization.

z]z; - 2
dcos(zi' Zj) =1- —t d P Z dcos (Zitzj) (29)

Iz I,z Il “ n(n.—1)
PR e i<j;yi=yj=c
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Statistical Validation

To verify the statistical significance of the performance improvement achieved by
CerviDBF-Net a Wilcoxon signed-rank test was performed for per-fold accuracy
distributions of both CerviDBF-Net and ResNet152 [26] (best-performing single-model
baseline reported accuracy 98.08%) with 5 cross-validation folds. The test gave p < 0.05,
which indicates that the difference in accuracy (0.84 percentage point) between CerviDBF-
Net and the other methods is statistically significant and repeatable across the data
partitions. 95% confidence intervals (Wilson score method) for the primary test set:
Accuracy: {97.92%, 99.44%}; Sensitivity: {98.31%, 99.64%)}; Specificity: {97.51%, 98.98%]}. The
intervals are used to verify that the performance estimates reported are accurate and

reliable.

Bootstrap Confidence Intervals (10,000 resamples, stratified by class, seed=42):
Accuracy: {97.88%, 99.35%}; Sensitivity: {98.19%, 99.61%}; Specificity: {97.44%, 99.09%};
Precision: {98.02%, 99.23%}; F1-Score: {97.81%, 98.67%}. The bootstrap Cls are consistent
with the Wilson score Cls reported above ({97.92%, 99.44%} for accuracy), confirming that
the Wilson score method provides reliable interval estimates for this sample size. The slight
narrowing of some bootstrap intervals relative to Wilson score reflects the non-symmetric
nature of the empirical accuracy distribution, which is right-skewed near the ceiling

(98.92%) of the performance scale.
The accuracy improvement of CerviDBF-Net over the DenseNet121-only baseline (A =

4.71 percentage points) corresponds to a Cohen’s d of 2.14, computed across the per-fold
accuracy distributions of the five cross-validation folds, which indicates a large effect size.
With 5-fold cross-validation, the 7,771-image dataset provides about 1,554 test samples per
fold, which is sufficient to detect a 2-percentage-point difference in accuracy at o« = 0.05

with 80% power.

DISCUSSION

Comparative Discussion with State-of-the-Art

The accuracy reported for CerviDBF-Net is 6.92 percentage points higher than that
reported for VGG19 [19] (92.0%), which may partly reflect the parameter efficiency and
dense connectivity of DenseNet121, although the two results were obtained under different
experimental settings. Other methods that rely exclusively on spatial feed-forward
processing, such as ResNet50 [20] (91.0%) and Dense-U-Net [21] (89.0%), also report lower

accuracy.

Among the higher-performing baselines, ResNet152 [23] reports an accuracy of 98.08%
with a deep residual network of about 60M parameters, whereas the LNN-augmented
hybrid reaches 98.92% with 3.12 GFLOPs per inference, indicating a higher reported

accuracy at a substantially lower computational cost (Table 15).

The srusy in [24] (96.18% accuracy) is the most closely related approach; instead of
contextual pseudo-temporal integration, it employs ResNetl01 with semantic feature
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mining and reports a lower sensitivity (96.38% vs. 99.13%). This 2.75 percentage-point
sensitivity difference indicates a discriminative advantage in laboratory evaluation;
however, extrapolation to clinical screening would require validation in a prospective

multi-center study with biopsy-confirmed ground truth, which is identified as future work.

The mean intra-class cosine distances were calculated directly from the DenseNet121
vectors and the final LNN states for the 777 test images. The LNN-state values are 0.23,
0.27, and 0.31 for Types 1, 2, and 3, compared with 0.41, 0.48, and 0.52 in the DenseNet121
feature space. The lower values are consistent with greater within-class compactness for
this test set. They do not prove a topological contraction or guarantee that the same

geometry will occur in an independent institutional cohort.

Deep Failure Mode Analysis: Of the 22 test-set misclassifications, 13 occur at the Type
2/Type 3 boundary, 7 at the Type 1/Type 2 boundary, and 2 are isolated Type 1
misclassifications. These three categories correspond to three distinct failure mechanisms:
(1) Type 2/Type 3 boundary failures arise from images where the endocervical canal
entrance is at the edge of visibility — cases where even experienced colposcopists show
inter-rater disagreement, and therefore represent clinically ambiguous rather than model-
defective cases; (2) Type 1/Type 2 boundary failures arise from images with partial
ectocervical transformation zones obscured by specular reflections, suggesting that the
Roberts edge detection stage (Eqs. 6-8) does not fully suppress highlight-induced gradient
artefacts; (3) the 2 Type 1 misclassifications involve unusually low-contrast images where
BHEPL enhancement (Eqgs. 3-4) clips detail in the upper sub-histogram, identified as a
specific preprocessing failure mode. This systematic analysis suggests that future
improvements should target specular-reflection suppression [29] and adaptive BHEPL
plateau limit selection rather than changes to the LNN architecture, which already handles

the clinically irreducible ambiguity cases.

The confusion matrix (Figure 16) shows that there are 22 images in total that are
misclassified from 777 images in the test sample set. Most misclassifications are found at
the Type 2/Type 3 boundary (13 cases) where the difference is easily confused due to the
clinical ambiguity of the extent of the endocervical transformation zone that is visible
under different conditions of colposcopy lighting and zooming. The ablation study verifies
that the removal of the LNN module leads to an increase of this boundary confusion of
around 3.1%, which is consistent with improved modelling of the textural gradients across

the squamocolumnar boundary by the pseudo-temporal feature dynamics.

From a clinical perspective, false-negative screening results pose a greater risk than
false-positive results in cervical cancer screening. With a specificity of 98.38% and a
sensitivity of 99.13%, CerviDBF-Net misses, on average, fewer than 1% of the test images
of each cervix type, which supports the safety goals of automated triage.

Hypothesis Validation

e Hl is supported: Compared with DenseNet121 alone, the LNN improves sensitivity
by 4.55 percentage points and accuracy by 4.71 percentage points, with the
difference being statistically significant according to McNemar’s test (p<0.001).
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e H2 is supported: The 5-fold cross-validation results demonstrate high model
stability, with a standard deviation of only 0.23 percentage points across folds.
e HB3 is supported: The preprocessing ablation study demonstrates a 5.45 percentage-

point improvement in accuracy compared with the unprocessed input.
Limitations

The Intel & MobileODT archive provides cervix-type labels rather than biopsy-
confirmed malignancy diagnoses, so the model addresses cervix-type classification within
a screening workflow rather than definitive cancer diagnosis. The archive does not provide
complete patient-level demographic metadata, institutional identifiers, colposcope
models, or acquisition protocols for stratified external analysis. Consequently, the current
test split cannot measure performance shifts across age groups, ethnic populations, HPV
prevalence patterns, referral settings, hospitals, or imaging devices. Five-fold cross-
validation within the same archive measures internal stability but does not establish
institutional or demographic generalization. Prospective evaluation should therefore use
independent multi-institutional cohorts with patient-level partitioning, biopsy-confirmed
outcomes, device metadata, and subgroup reporting. The additional computational cost of

the LNN also remains relevant for mobile colposcopy deployment [30].

To partially address the absence of robustness experiments, two targeted sensitivity
analyses were conducted. First, the LNN integration step count T was varied over {5, 10,
15, 20, 25} while holding all other hyperparameters fixed (Table 14). Accuracy remained
stable in the range 98.71%-98.92% for T € {10, 15, 20}, with marginal degradation to 97.84%
at T=5 (insufficient context evolution) and 98.53% at T=25 (marginal over-smoothing),
confirming that T=15 is near-optimal but not uniquely critical. Second, Gaussian noise at
0=0.05 and 0=0.10 (relative to normalized image intensity range) was injected at test time
to simulate imaging variability; accuracy declined by 0.63 and 1.94 percentage points,
respectively, remaining above 98% at 0=0.05 and close to 97% at 0=0.10, suggesting
reasonable robustness to illumination artefacts for the o range representative of clinical
colposcopy variability. A full multi-center robustness evaluation using independent

institutional datasets remains the primary direction for future work.

CerviDBF-Net's current form assumes a standardized colposcopy imaging pipeline
(224x224 input, NVIDIA GPU inference at 6.1 ms/image) suitable for centralized screening
support systems where images are uploaded to a server for analysis. Deployment in low-
resource colposcopy settings, where offline mobile device inference may be required,
would demand model compression (knowledge distillation or structured pruning) to bring
inference within the capability of device-edge hardware, estimated to require at least a 3-
4x parameter reduction from the current 9.14M. Regarding generalization: the model has
been evaluated exclusively on the Intel & MobileODT Kaggle dataset from 2017, which
originates from a heterogeneous but single-challenge source. Performance on images from
different colposcope manufacturers, different clinical lighting protocols, or different
patient demographics (particularly LMICs with different cervical pathology prevalence
distributions) has not been tested. The 5-fold cross-validation result (98.84% + 0.23%)
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establishes internal stability but does not constitute evidence of generalization across
institutions. External validation on an independent colposcopy dataset, such as an
institutional IRB-approved colposcopy archive, is the highest-priority future direction for
establishing clinical generalizability.

SUMMARY AND CONCLUSION
In this study, a hybrid deep learning model, CerviDBF-Net, was proposed for

automated cervix-type classification from colposcopic images to support cervical cancer
screening. The model integrates DenseNet121 for efficient spatial feature extraction and a
brain-inspired Liquid Neural Network (LNN) for capturing contextual pseudo-temporal
dynamics, followed by a fully connected classification layer. High-quality input features
were obtained through preprocessing steps including bicubic interpolation, grayscale
conversion, bi-histogram equalization with plateau limit, Kapur entropy-based
thresholding, and Roberts edge detection. On the Intel & MobileODT Cervical Cancer
Screening dataset, CerviDBF-Net achieved an accuracy of 98.92%, sensitivity of 99.13%,
specificity of 98.38%, precision of 98.69%, and Fl-score of 98.27%, with statistically
significant improvements over the internally evaluated baseline variants. All three
hypotheses were supported: the improvement from LNN integration is statistically
significant (p < 0.05), performance is stable across the five cross-validation folds (SD = 0.23
percentage points), and the preprocessing pipeline yields a measurable accuracy gain.
These results position CerviDBF-Net as a promising automated triage-support tool for
colposcopy-based cervical cancer screening, subject to the external validation described

below.

A clinical deployment pathway evaluation, including model compression for mobile
colposcopy devices and prospective external validation on a multi-center dataset with
biopsy-confirmed malignancy labels, is required before the accuracy gains reported here

can be translated into patient outcome benefits.

This work can be extended in the future to combine Pap smear cytology images with
colposcopic information in a multimodal diagnostic system [5, 31]. Pap smear cytology,
which is inexpensive, standardized, and widely performed, can be combined with
colposcopic image analysis to enhance diagnostic accuracy, particularly in low-resource
healthcare environments. Beyond cervical cancer screening, CerviDBF-Net could be
extended to other gynecological imaging modalities, such as hysteroscopic, ultrasound,

and vulvar lesion datasets.

NOMENCLATURE

AUC-ROC Area Under the Receiver Operating Characteristic Curve
BHEPL Bi-Histogram Equalization with Plateau Limit

CNN Convolutional Neural Network

(@AY Cross-Validation
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Densely Connected Convolutional Neural Network with 121 Layers
Expected Calibration Error

False Negative

Floating-Point Operations

False Positive

Gradient-weighted Class Activation Mapping
Institutional Review Board

Local Binary Pattern

Liquid Neural Network

Low-Rank Adaptation

Long Short-Term Memory

Maximum Calibration Error

Ordinary Differential Equation

Rectified Linear Unit

True Negative

True Positive

Vision Transformer

LNN internal neuron state at pseudo-time t
LNN input weight matrix

LNN recurrent reservoir weight matrix
Activation function, Leaky ReLU

LNN reservoir size

Number of LNN internal integration steps
Euler integration step size

Spectral radius of matrix

DenseNet121 output feature vector

Roberts Cross gradient components

Kapur entropy global threshold

Lower and upper sub-histograms in BHEPL
Mean intensity for BHEPL splitting

Learning rate in Adam optimizer; negative slope of leaky ReLU
Model parameters

First and second moment estimates in Adam optimizer

LBP sampling points and radius
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