Online-Journals.org

J 0 E International Journal of
[ Online and Biomedical Engineering

PAPER

iJOE | eISSN:2626-8493 | Vol.22 No.9(2026) | 8 OPEN ACCESS

https://doi.org/10.3991/ijoe.v22i09.61119

Hybrid Deep Learning and Semantic Segmentation
Framework for Colon Cancer Screening
in Endoscopic Images

E.N. Srivani'?© (<),
G. Seshikala’

'School of Electronics

and Communication,

REVA University, Bengaluru,
Karnataka, India

“Department of Electronics
and Communications,
S)CInstitute of Technology,
Chickballapur, Karnataka,
India

vani.srid4@gmail.com

ABSTRACT

The rising global population, lifestyle changes, and altered dietary habits have contributed
to an increase in gastrointestinal diseases, including colon cancer, necessitating robust com-
puter-aided diagnosis (CAD) systems for early detection and clinical decision-making. This
paper proposes a deep semantic segmentation—-assisted hybrid deep-ensemble framework
(DSH-DeNet) for colon cancer screening using endoscopic images. The proposed frame-
work applies preprocessing and UNet-based region-of-interest (ROI) segmentation to local-
ize salient colorectal regions and enhance feature extraction from endoscopic images. Deep
features are extracted using EfficientNet-B7, MobileNet-V2, and DenseNet121, followed by
PCA-based feature refinement and z-score normalization. An ensemble-of-ensemble (E2E)
learning strategy is employed for robust multi-class endoscopic image classification. With
98.99% accuracy, 99.24% precision, 99.17% recall, and an F-measure of 0.99, the experimen-
tal evaluation shows excellent classification performance. The results show that the suggested
segmentation-assisted framework for computer-aided colon cancer screening utilizing endo-
scopic images is successful.

KEYWORDS
colon cancer detection, deep semantic region-of-interest (ROI) segmentation, deep ensemble
feature, ensemble-of-ensemble (E2E) ensemble learning

1  INTRODUCTION

Sedentary lifestyles, urbanization, environmental pollution, and dietary changes
are some of the causes contributing to the dramatic increase in cancer incidence
in recent decades. The unchecked growth of aberrant cells, which can metastasize
to other organs, is what defines the disease [1], [2]. The unrestrained development
of cancer cells results in the formation of either benign or malignant tumors, in
contrast to normal cells that divide only to maintain tissue homeostasis. While
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malignant tumors can spread to neighboring tissues and frequently recurafter sur-
gical excision, causing serious consequences or even death, benign tumors usually
stay confined [3]. The critical need for efficient early diagnostic techniques is high-
lighted by the World Health Organization’s (WHO) prediction of over 20 million
new cancer cases and over 9.7 million cancer-related deaths worldwide in 2022 [4].
Lung, breast, and colorectal cancers (CRCs) are among the most common cancers
[5]. With around 1.9 million new cases each year and a high mortality rate, CRC is
among the most frequently diagnosed cancers worldwide. According to epidemio-
logical data, the incidence of CRC is steadily rising, even in developing countries like
India, and its prevalence is rising among younger populations [3]-[6]. Late-stage
detection often increases the risk of metastasis and reduces patient survival out-
comes. According to studies, about 18% of patients with CRC present with secondary
lung involvement, and nearly half of them develop metastatic disease [5, 6]. Early
identification is especially difficult because of the colon’s complicated anatomical
structure and the sluggish growth of precancerous polyps [6]-[9]. A delayed diag-
nosis makes therapeutic decision-making more difficult and drastically lowers sur-
vival rates.

Traditional diagnostic methods are invasive, expensive, time-consuming, and
prone to human error. Conversely, non-invasive and trustworthy substitutes for clin-
ical decision assistance are offered by computer-aided diagnosis (CAD) systems [7].
Vision-based CAD systems can now support colon cancer screening using endo-
scopic and histological images with advancements in medical imaging and artificial
intelligence (AI) [1]-[6]. Handcrafted elements, including color, texture, shape, and
structural descriptors, were used in earlier CAD techniques [25], [37]. Deep learning
architectures are increasingly used in recent techniques to capture intricate feature
representations [11]-[37]. The robustness of convolutional neural networks (CNNs)
in heterogeneous medical images is limited because they are good at learning
local hierarchical features but frequently fall short in capturing global contextual
information [10]. The contextual learning capabilities of long short-term memory
(LSTM) models are also limited [15], [23]. While hybrid deep ensemble methods
aim to improve feature diversity, challenges such as class imbalance and imprecise
region-of-interest (ROI) extraction continue to affect screening performance.

This paper presents a hybrid deep-ensemble feature learning model deep
semantic segmentation—assisted hybrid deep-ensemble framework (DSH-DeNet)
for colon cancer screening using endoscopic images that is supplemented by deep
semantic segmentation in order to improve ROI-aware feature extraction. To solve
pixel-level imbalance and maintain ROI-specific information, the suggested method
combines thorough preprocessing with UNet-based semantic polyp segmentation.
EfficientNet-B7, MobileNet-V2, and DenseNet121 are used to extract deep features,
which are then improved using principal component analysis (PCA) and z-score nor-
malization before being classified using an ensemble-of-ensemble (E2E) approach.

1.1 Problem definition

The propensity to process whole endoscopic pictures rather than targeted ROIs is
a significant drawback of current computer-aided diagnostics. Because of pixel-level
imbalances, this “global” technique frequently compromises feature learning and
produces biased results. Reliable ROI localization remains challenging because
endoscopic imaging often contains heterogeneous textures, illumination varia-
tions, and complex anatomical structures. Inaccurate ROI extraction reduces the
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usefulness of these instruments in a clinical context and increases false-positive rates.
To address these challenges, the proposed framework emphasizes ROI-aware
segmentation and heterogeneous deep feature extraction from endoscopic images.
Our strategy seeks to improve diagnostic precision and enable more effective,
non-invasive CRC screening by overcoming these conventional obstacles.

1.2 Research contributions
The following is a summary of the study’s main contributions:

e This paper focuses on proposing a segmentation-assisted hybrid framework for
effective computer-aided colon cancer screening based on endoscopic images.

e Pixel-level data imbalance was successfully resolved, and ROI-specific details
were preserved by using an automated UNet-based method.

e In order to identify and fuse heterogeneous features, we combined z-score
normalization with PCA-based dimensionality reduction using EfficientNet-B7,
MobileNet-V2, and DenseNet121.

e According to validation results (98.99% accuracy; 0.99 F-measure), DSH-DeNet
performs noticeably better in colon cancer screening.

1.3  Paper organization

The remainder of this paper is organized as follows: Section 2 reviews related
work, Section 3 details the proposed methodology, Section 4 discusses experimental
results, and Section 5 concludes the paper.

2  LITERATURE REVIEW

Existing studies on colon cancer analysis are broadly categorized into
histopathology-based approaches and endoscopic image-based CAD systems.
The efficiency of deep learning techniques for CRC identification utilizing both
histopathological and endoscopic pictures has been demonstrated by recent studies.
Several studies have explored histopathological image analysis for CRC assess-
ment. Polyp segmentation before feature extraction greatly improves classification
accuracy [11]. VGG-based architectures were used by Yoon et al. [12], who reported
better performance than traditional CNNs. In a similar vein, CNN-based models
were applied to histopathology datasets by Kather et al. [13] and Wei et al. [14], who
achieved accuracies of over 93%.

Additionally, hybrid deep learning frameworks have drawn a lot of interest. High
area under the curve (AUC) values were obtained by lizuka et al. [15] when they used
CNNs in conjunction with recurrent neural networks to categorize different types
of colorectal tissue. Hamida et al. [17] and Xu et al. [16] used hybrid CNN-ResNet
architectures and segmentation-assisted deep learning to show enhanced diagnostic
performance. For feature extraction and classification tasks, pre-trained models like
Inception-V3, VGG-16, and MobileNet-V2 have been further investigated [18], [19].

Strategies for ensemble learning have demonstrated promise in improv-
ing generalization and resilience. CNN-based ensemble models demonstrated
good accuracy, according to Sakr et al. [20] and Hasan et al. [21]. While [24] used
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DarkNet-based feature extraction in conjunction with support vector machine (SVM)
classification, Talukder et al. [22] used hybrid deep-ensemble features. Several studies
have attempted ROI-specific analysis through gland or polyp segmentation [29]-[33];
however, most relied on static or handcrafted segmentation techniques that strug-
gle with non-linear endoscopic images. Additionally, handcrafted feature-based
approaches [25], [38] lack generalization compared to deep learning models. Overall,
challenges related to ROI localization, feature diversity, and robust endoscopic
image analysis continue to motivate the development of segmentation-assisted deep
ensemble CAD frameworks.

3  PROPOSED WORK

This section discusses the overall proposed model and implementation details.
The proposed DSH-DeNet model comprises the following implementation phases.
Phase-1:DataAcquisition, Phase-2: Pre-processing, Phase-3: UNet-based ROISegmentation,
Phase-4: ROI Specific Deep-Ensemble Feature Extraction and Fusion, Phase-5: PCA
Based Feature Refinement, Phase-6: Z-score Normalization, Phase-7: E2E Classification.
Phase-8: Performance Analysis. A snippet of the overall proposed DSH-DeNet model is
illustrated in Figure 1. The detailed discussion of the proposed DSH-DeNet model for
colon cancer screening is given in the subsequent sections.

S s N e N e
Kvasir
; q : - UNet - RGB
Endoscopic »| Pre-processing Segmentation 7”1 Conversion
Images
- J \ J N
TR e N s N s A
Z-score / Min- Feature Fusion EfficientNet-NB7
PCA Feature . .
max < Selection € (Horizontal [« MobileNetV2
Normalization Concatenation) DenseNet121

N\ J N J N\ J

E2E Ensemble
[Bagging, AdaBoost,
Random Forest,
Extra Trees,
XGBoost]

Output Classes
[Normal Pylorus,
Esophagitis, Normal
Cecum, Polyps,
Ulcerative Colitis]

Maximum
Voting
Ensemble

Performance
Analysis

Fig. 1. Proposed DSH-DeNet model for colon cancer detection and classification

3.1 Data acquisition and dataset preparation

The proposed DSH-DeNet framework uses endoscopic pictures instead of invasive
colorectal histopathology to increase scalability and patient comfort. Closing the
“miss rate” gap (now between 14% and 30% [40]) is crucial because polyp detection
rates rise with age and these growths have the potential to develop into malig-
nancy [39]. The proposed framework utilizes separate datasets for segmentation
and multi-class endoscopic image classification tasks. Kvasir-Seg [41] and CVC-
ColonDB [42] datasets were employed for ROI segmentation due to the availability
of pixel-level polyp annotations, while the HyperKvasir [43] classification dataset
was used for multi-class colonoscopy image classification involving different gastro-
intestinal findings and anatomical landmarks. We used a multi-stage preprocessing
procedure because of the significant textural and illumination heterogeneity seen in
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these gastrointestinal images, as shown in Figure 2. To normalize the data before it
moves on to the segmentation and classification stages, this involves shrinking and
equalizing the histogram.

d) Normal
Pylorus

a) Ulcerative Colitis

e) Normal Cecum f) Esophagitis g) Dyed Resection Margins h) Dyed Lifted
Polyps

Fig. 2. An illustration of the endoscopic images representing the different
gastrointestinal cancer conditions

3.2 Pre-processing

The proposed framework applies intensity equalization, histogram equalization,
noise filtering, z-score normalization, and resizing to denoise endoscopic images
and ensure uniform pixel distribution for effective feature extraction and learning.
Local contrast enhancement and intensity normalization were performed during
preprocessing to improve image quality and reduce illumination variations as
shown in equation 1.

- [uw(p)—uW(Mln?] "
[u, (Max)-u, (Min)]

In equation (1), p refers the pixel number, while Min and Max be the minimum
and maximum intensity of the moving window. The parameter u, refers the targeted
minimum and maximum intensity output as shown in equation 2.

-1
u, = {1 + exp(ﬂﬂ (2)
(e

In equation (2), f, and o, are the mean and standard deviation values of each
window, which is derived as (3) and (4), respectively.

1 ..
fu=qz 2, PAD (3)
(1, ew(x,y)
-1 (PG, )~ 1) 4)
GW_W__Z P, _fW
(i, ))ew(x,y)
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In equation (4), N be the window size while the pixel positions are defined as
x and y over the moving window.In addition to contrast enhancement, intensity and
histogram equalization were applied using the imhist() function. Noise removal was
performed using median filtering, anisotropic diffusion, and Gabor filtering on each
endoscopic image. Subsequently, intensity normalization was applied to the filtered
images using the image-wise mean (u) and standard deviation (o) to normalize pixel
distributions. This normalization maintains a zero mean and near-unit variance, as
defined by Equation (5).
xi = X=H) (5)
o
Following preprocessing, the proposed DSH-DeNet framework applies a UNet-based
segmentation network for ROI localization from endoscopic images. Here, the key
motive is to retain Polyp-specific regions from each input colorectal (gastrointestinal
tract) endoscopic scanning image. A brief of the UNet segmentation method is given
in the subsequent sections.

3.3 UNet-based ROI segmentation

Most existing endoscopic image-based colon cancer detection methods directly
apply feature extraction on complete images without considering the proportion of
the region of interest (ROI), leading to pixel-level data imbalance since polyp regions
are often much smaller than background gastrointestinal areas. This imbalance
adversely affects feature learning and classification accuracy.

1) UNet deep network architecture:
The proposed work uses an architecture based on UNet [44], which is distinguished
by its symmetrical expansion and contracting pathways. During the first contract-
ing phase, the model doubles the feature channels at each down-sampling step
using stride-2 max-pooling, extracting deep features using a series of 3x3 convo-
lutions and ReL.U activations. The expansion path then replicates this procedure,
concatenating cropped feature maps from the previous steps and halving the
feature channels through 2x2 up-convolutions to guarantee accurate localization.
A 1x1 convolution that directly transfers 64-dimensional features to pixel-wise
labels (polyp vs. non-ROI) is the result of this dual-path technique. Overall, the
high-fidelity segmentation needed for precise colorectal diagnosis is provided by
the 23-layer convolutional layers following the standard UNet architecture.
ii) UNet Training:

The input endoscopic images and corresponding segmentation maps were used
to train the UNet model using the ADAM optimizer with a learning rate of 0.0001
for 200 epochs. Due to unpadded convolutions, the output size was smaller than
the input, and a batch size of 8 was selected to balance segmentation accuracy
and computational cost. Training employed a pixel-wise Softmax layer with
cross-entropy loss for effective learning and classification. The segmentation
loss formulation and weighted cross-entropy strategy follow the standard UNet
implementation described in [44]

exp(ak X))

k
Zk,exp(ak(x))J

p, )= ( (6)
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In equation (6), a,(x) represents the activation function for the k-th feature
channel at the pixel position of x € Q where Q € Z%. The parameter K states the
number of classes, while p,(x) be the approximation function. The p,(x) = 1 for
the k having the highest activation a,(x), and for other values of k, it intends
to maintain p,(x) = 0. In this work, UNet was trained by using a cross-entropy
cost-function so as to penalize at each position the deviation of p, ,(x) from 1, as
per the equation (7).

E= ZW(X)log(plm (x)) (7

XeQ

In equation (7), l: Q — {1, ... , K} represents the label of each pixel, while
w: Q — R represents the weight map to be applied to measure the pixel’s signifi-
cance during training.

The proposed model computes a class-balanced weight map from the ground
truth to compensate for pixel frequency imbalance, enabling improved learn-
ing of fine boundary details under non-linear distributions. A morphological
operation is applied to estimate separation borders, followed by weight map
computation as defined in equation (8).

2
@ty ®

W) =w_(X)+W, - exp[— =

In equation (8) w,: Q — R represents the weight map to be applied to bal-
ance the class-frequencies, while d;: Q — R and d;: Q — R are the distance to
the border of the nearest cell and the second nearest cell, respectively. In this
work, to implement UNet w, = 10 and o = 5 pixels were assigned as the fixed val-
ues. Moreover, the UNet network was designed with the alternating convolution
and ReLU layers. For a 3x3 convolution, a total of 64 channels were used, and
therefore, a total number of incoming nodes for each neuron was measured as
N=9=*64=7576.

3.4 Deep ensemble feature extraction and fusion

Toimprove feature diversity and representation, accuracy degradation, and insuf-
ficient contextual learning in conventional CNN, RNN, and deep architectures, this
work employs a deep ensemble feature extraction strategy. Following UNet-based ROI
segmentation, ROI-enhanced RGB images are generated for deep feature extraction
and processed using EfficientNet-B7, MobileNet-V2, and DenseNet121 to extract
complementary features, which are fused to form a deep ensemble representation
for learning and classification.

a) EfficientNet-B7

EfficientNet-B7 is an improved version of the native EfficientNet-BO. Here, the
input endoscopic images are at first resized to the dimension of 720x576 pixels.
The model was designed with the width multiplier factor (w) fixed at 2, though
the depth of the multiplier was retained at 3.1.

EfficientNet-B7 is constructed by stacking multiple MBConv (mobile inverted
bottleneck convolution) blocks, which differ from classical residual modules
by using wider input-output layers and narrower intermediate layers. Each
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b)

c)

MBConv block integrates 1x1 convolution, depthwise separable convolution,
squeeze-and-attention, dropout, batch normalization, and Swish activation to
enhance convergence, non-linearity, and contextual feature representation while
reducing overfitting.

. B 1 9)
by = (dl(i,/‘) ) - dltm (1 + e’ﬂ(dlu,n) ]

In equation (9), t denotes the Swish activation output, and d, represents the
@)

(i, )-th entry of matrix D,; EfficientNet-B7 is employed solely for feature extraction,
excluding the Softmax layer. The model utilizes a Squeeze—Excitation mechanism
involving global average pooling, non-linear excitation, and channel-wise scaling
to assign adaptive weights, producing deep features (F,; .../ that are subse-
quently fused with MobileNet-V2 and DenseNet121 features.
MobileNet-V2

A pre-trained backbone was used for the MobileNet-V2 component, but the top-
level architecture was substantially altered. In order to stabilize convergence
and avoid overfitting, we implemented a modified head that included batch nor-
malization, ReLU activation, and a 0.5 dropout after removing the native GAP,
fully connected, and Softmax layers. The strength of the model is its depth-wise
separable convolutions, which factorize standard operations into 1x1 point-wise
and depth-wise steps. This greatly reduces the computational footprint without
compromising the model’s capacity to process intricate non-linear inputs. After
that, the discriminative features are ready to be fused with the streams of
EfficientNet and DenseNet.

DenseNet121 Feature Extraction

DenseNet121’s dense connectivity pattern, which connects each layer to every
one before it, is the reason we integrated it. Throughout its 121 layers, this archi-
tecture successfully addresses the “vanishing gradient” issue while promoting
widespread feature reuse. DenseNet121 only functions as a feature extractor in
our framework. Equation (10) defines a composite function H, which concate-
nates the outputs from its four Dense Blocks:

X,=H(X, X,,..., X, ) (10)

Using a flattening layer and Global Average Pooling (GAP), we were able to
construct a learnable feature vector called V. Our unified deep ensemble
representation is then produced by horizontally concatenating this vector with
features from MobileNet-V2 and EfficientNet-B7:

[F, F

EfficientNetNB7’ FMobileNetVZ’ DenseNetlZl]

(1D

DeepEnsemble =

Feature fusion was performed to combine complementary spatial and semantic
representations extracted from heterogeneous deep backbones.

3.5 PCA-based feature refinement and normalization

Despite offering a rich representation, the fused ensemble’s large dimensionality

may cause overfitting and computing bottlenecks. PCA was applied on the fused
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feature vector in equation (11) to reduce feature redundancy while preserving dom-
inant discriminative variance. Feature normalization was subsequently applied to
maintain consistent feature scaling prior to classification. The number of retained
principal components was selected empirically based on cumulative explained
variance. We stabilized the learning process for the E2E ensemble architecture by
centering the data at a zero mean (n) with unit variance (). This ensured that the
various feature types stay on a consistent scale throughout the classification process.

3.6  E2E learning for multi-class colonoscopy image classification

The proposed E2E learning framework integrates five base classifiers—AdaBoost,
Bagging, Random Forest, Extra Trees, and XGBoost—to perform robust multi-class
classification of endoscopic images. Each classifier independently assigns labels
to the input images across eight gastrointestinal categories, including Normal
Pylorus, Esophagitis, Normal Cecum, Polyps, Ulcerative Colitis, Normal Z-line, Dyed
Resection Margin, and Dyed Lifted Polyps. Final classification is obtained using a
majority voting strategy, improving classification robustness and generalization
performance.

The Extra Tree Classifier constructs an ensemble of fully randomized, unpruned
decision trees using arbitrary split-point selection and the entire training dataset.
Compared to RF, ETC introduces stronger randomization, which reduces variance
and enhances generalization. Final predictions are obtained using majority voting
across all trees.

XGBoost is an optimized gradient-boosted decision tree ensemble that performs
parallel boosting with regularization to prevent overfitting. It models complex
non-linear relationships by iteratively minimizing a regularized objective function:

K
j}i :ka(xi)’ feel (12)
=

The CART space is defined as F = {f () = wq 0)}q: R™ — T, w € RT), where ¢
refers to the structure of the tree, and T be the total number of leaves. Each tree f,
states a part of the autonomous value g, while w be the leaf weight. XGBoost algo-
rithm employs decision rules in each tree model, g to classify input data into the
leaves, whose output score (i.e., w) is subsequently used to make the final prediction.
For ensemble-based classification, the XGBoost algorithm employs a regularization
function (13).

af),

n K
=513,y ’ 13
;(y’ y’“; WhereQ(fk)=§T+%§"W" (13)

In equation (13), [ be the differential convex loss function that measure the differ-
ence between the output j}i and the expected class label y,. Q(f) refers the complexity
of the tree f,. In the XGBoost method, T and & [|w||* are applied exclusively to penal-
ize the tree and weights, respectively. It (13) contains a parametric function that is
improved by using an optimization technique defined in Euclidean space. Due to
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the additive training over ¢ iteration(s), the cost function is updated at the earlier
iteration t — 1 by using the improved tree f;:

0 = Zl(j,lgm) +£.0¢), y)+Q(f) (14)
i=1

The 1st and 2nd order gradients of the cost function.

. 1
(© ;Z{gift(xiﬂzhiff(xi)}+Q(ft) (15)
i=1
In equation (15), g, = 5y5f4>l( Y,y and h = 5;@4) I(y,, y). As it has been evolved

from the native decision tree algorithm, the XGBoost method classifies fixed values
within a leaf, Wq(X), where q(x) maps the sample x to a leaf, while w be the score for
each leaf, defining the tree f, (0.

T
1
10 = G.Wi+—(H.+§)W2. + AT, (16)
; j 27 j

where G, = Zgi,Hj = Zhi

]te ]elj

. 5f(t)
The cost function reduces

= G]. +(H it Aw, =0, where the optimal weight of

the leaf node j is measured as pef the equation (17).

w=-—-1 (17)

/) :_12 4T (18)

For a suitable split condition, the XGBoost algorithm applies a greedy technique
along with the local and global approximation method on input features (18).
Although the classical approximations rely on the direct assessment of the gradient
statistics, the XGBoost algorithm functions more efficiently to support both the local
as well as the global variant approximation. XGBoost employs regularized gradi-
ent boosting to improve classification performance and reduce overfitting during
ensemble learning.

M) =SUym D +F,, y)+Q(F,) (19
i=1

Thus, applying the proposed XGBoost algorithm, each of the input endoscopic
images was classified into the best possible class (i.e., Normal Pylorus, Esophagitis,
Normal Cecum, Polyps, Ulcerates Colitis, Normal z-Line, Dyed Resection Margin, and
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Dyed Lifted Polyps classes) and label them accordingly, which is applied later to per-
form maximum voting-based classification.

Predicted labels from all five base classifiers such as AdaBoost, Bagging, Random
Forest, Extra Trees, and XGBoost are aggregated using a maximum voting strategy.
The class receiving the highest consensus vote is assigned as the final prediction,
supporting robust multi-class endoscopic image classification.

4  RESULTS AND DISCUSSION

Experiments were conducted using CVC-ColonDB and Kvasir-Seg datasets for ROI
segmentation analysis, while the HyperKvasir dataset was utilized for multi-class
gastrointestinal image classification involving eight categories. Model performance
was evaluated using confusion-matrix-based metrics, including accuracy, precision,
recall, and F-measure, as given in Table 1. Intra-model assessment analyzed the
influence of segmentation, feature models, classifiers, and preprocessing strategies.

Table 1. Performance parameters

Parameter Mathematical Expression

Accuracy (TN +TP)
(TN + FN + FP+TP)
Precision TP
(TP + FP)
Recall TP
(TP +FN)
F-Measure Recall - Precision
"Recall + Precision

As shown in Table 2, UNet-based ROI segmentation consistently improved perfor-
mance over non-segmented inputs, achieving accuracies of 95.63% and 99.32% on
CVC-ColonDB and Kvasir-Seg datasets, respectively.

Table 2. Segmentation analysis

Segmentation Accuracy (%) Precision (%) Recall (%) F-Measure
CVC-ColonDB Without 94.94 95.01 94.91 0.93
UNet 95.63 92.99 98.11 0.95
Kvasir-Seg Without 98.67 99.21 99.16 0.99
UNet 99.32 99.67 99.29 0.99

The results in Table 3 show a notable improvement in performance when switch-
ing from single-model features to our fused ensemble method. The integration of
these diverse properties produced the most reliable results, even though DenseNet121
was the strongest backbone when used alone, outperforming both EfficientNet-B7
and MobileNetV2. In particular, the deep-ensemble representation maintained an
almost perfect F-measure of 0.99 on both CVC-ColonDB and HyperKvasir, achieving
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peak accuracies of 98.67% and 99.21%, respectively. This pattern highlights how
ROI-specific feature fusion makes up for the shortcomings of any one design.

Table 3. Feature model assessment

Dataset Feature Model Accuracy (%) Precision (%) Recall (%) F-Measure (%)
CVC-ColonDB EfficientNet-B7 96.79 99.19 95.82 0.96
MobileNet-V2 94.94 96.32 97.99 0.97
DenseNet121 9711 99.27 99.12 0.99
Deep-Ensemble 98.67 99.21 99.16 0.99
HyperKvasir EfficientNet-B7 96.77 95.01 96.43 0.95
MobileNet-V2 95.24 97.69 95.82 0.96
DenseNet121 98.17 98.21 98.16 0.98
Deep-Ensemble 99.21 99.67 99.29 0.99

The evaluation in Table 4 shows that the suggested E2E ensemble performed
better on both testing datasets than standalone models such as RF, ETC, and XGBoost.
We found that the majority-voting approach produced better metrics overall by
effectively reducing the individual mistakes of its base learners. In particular, the
model achieved 99.32% accuracy on HyperKvasir and 98.67% accuracy on the
CVC-ColonDB dataset. These results demonstrate the E2E technique as the effective
approach for multi-class endoscopic image classification, surpassing individual clas-
sifier benchmarks.

Table 4. Classifier assessment

Dataset Feature Models Classifier Accuracy (%) Precision (%) Recall (%) F-Measure (%)

CVC-ColonDB Deep-Ensemble Bagging 94.05 94.37 97.26 0.96
AdaBoost 94.31 94.17 97.98 0.96
RF 96.22 97.42 98.12 0.97
ETC 96.54 97.99 98.47 0.98
XGBoost 98.21 98.01 98.37 0.97
E2E-MVE 98.67 99.21 99.16 0.99
HyperKvasir Deep-Ensemble Bagging 94.21 96.27 98.17 0.97
AdaBoost 94.74 96.32 97.99 0.97
RF 96.17 97.89 98.82 0.98
ETC 97.66 98.17 98.71 0.98
XGBoost 98.96 98.72 99.03 0.98
E2E-MVE 99.32 99.27 99.19 0.99

Anisotropic diffusion filtering offered a marginally consistent advantage over

median and Gabor filtering, according to data from our preprocessing evaluation

(Table 5). The filter’s exceptional ability to reduce noise without sacrificing the crisp

edge and texture characteristics necessary for salient ROI identification is probably
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the cause of this performance improvement. We obtained a strong 98.99% average
accuracy and a 0.99 F-measure by using this improved preprocessing to anchor the
DSH-DeNet frameworkin conjunction with UNet segmentation and E2E classification.
These results demonstrate the effectiveness of the integrated segmentation-assisted
deep ensemble framework.

Table 5. Pre-processing assessment

Dataset Feature Model Accuracy (%) Precision (%) Recall (%) F-Measure (%)
CVC-ColonDB | 2D Medium Filter 97.93 97.71 97.24 0.96
Gabor Filter 97.79 98.01 97.77 0.96
Anisotropic Diffusion 98.67 99.21 99.16 0.99
HyperKvasir 2D Medium Filter 98.11 98.03 95.33 0.95
Gabor Filter 98.87 98.11 98.52 0.97
Anisotropic Diffusion 99.32 99.27 99.19 0.99

Table 6 compares the proposed DSH-DeNet framework with existing endoscopic
image-based CAD approaches reported in the literature. The proposed framework
demonstrated competitive classification performance with an overall accuracy
0£99.32%.

Table 6. Inter-model assessment

Reference Accuracy (%)

VGGNet [12] 93.48
CNN [13] 94.00
RNNs [15] 93.50
DNN with segmentation [16] 94.90
ResNet and CNN [17] 98.66
Inception-V3, VGG-16, and AlexNet + Bayesian SVM [18] 96.50
CNN and MobileNetV2 [19] 97.49
Bi-LSTM [23] 98.00
DenseNet-121 and RF [25] 98.60
(27] 96.33
[29] 81.00
VGG-16 [31] 88.03
CNN + Active Contour Segmentation [32] 90.00
DSH-DeNet 99.32

5 CONCLUSION

This paper presents a segmentation-assisted hybrid deep learning frame-
work for endoscopic image-based colon cancer screening. The DSH-DeNet model,
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which forms the basis of our contribution, extracts deep features by combining
DenseNet, MobileNet, and EfficientNet in a diverse architectural blend after first
isolating salient ROIs using UNet segmentation. Before transferring the data into
a multi-layered E2E learning framework, the proposed work used a PCA for fea-
ture refinement to make sure the model remained reliable and effective. The pro-
posed framework demonstrated competitive classification performance across the
evaluated endoscopic image datasets, with an F-measure of 0.99 and high overall
precision.
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