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Abstract—Pancreatic Cancer (PC) is a very typical to treat
and cure among different type of cancers, which is often
found too late and spreads quickly, making survival rates
very low. Imaging modalities has mostly been used to
diagnose pancreatic cancer, but the most up-to-date imaging
gives a bad outlook, which limits the treatments doctors can
use. By combining deep learning and machine learning,
doctors can make better decisions and find cancer earlier.
In this paper, DesnseNet 201 a deep learning model and
Support Vector Machine (SVM) classifier is utilized for
identification of PC. Three stage processing of input data is
performed to achieve the results. First stage is data pre-
processing; second stage is extraction of features using
DenseNet 201 model and reduced using Principal
Component Analysis (PCA), final stage is classification
using SVM model. The most significant features from the
given input image are been extracted using the process of
DenseNet 201 model and finalized using PCA before
fetching to classifier. The parameters like accuracy,
precision, recall, Specificity and F-measure are evaluated.
The accuracy obtained using the proposed three stage
detection model is 95.52% and is better compared to
traditional model. The F1-Score achieved is 94.14 and Area
Under the Curve (AUC) is 96.5%.

Keywords—pancreatic cancer, Computed Tomography (CT)
images, principal component analysis, DenseNet 201,
Support Vector Machine (SVM)

1. INTRODUCTION

Pancreatic cancer is regarded as one of the most-
deadly malignancies worldwide. Between the stomach
and the spine, in the centre of the abdomen, is a long, flat
gland called the pancreas. It is an important part of the
digestive system. When cells in the pancreas increase and
develop out of control and making a tumour, this is called
pancreatic cancer. This is what happens when cells’ DNA
changes in some way. When a physical examination or
imaging tests like a Magnetic Resonance Imaging (MRI)
or Computed Tomography (CT) scan are insufficient to

Manuscript received June 4, 2025; revised July 8, 2025; accepted
August 20, 2025; published December 19, 2025.

doi: 10.18178/joig.13.6.673-685

detect malignancy, a biopsy is frequently employed.
During this process, a doctor takes a piece of tissue from
the patient to look at under a microscope. Tissue samples
can be taken in several ways, including through surgery, a
needle, or endoscopy.

The five-year mortality rate for people with pancreatic
cancer is only 9.3 percent, making it one of the worst
cancers that can happen anywhere in the world. The
American Cancer Society (2017) says that pancreatic
cancer is the main cause of this disease. And the pancreas
is one of them. In the gastrointestinal tract, it is the organ
that follows the liver. Some fish species have very
similar-looking heads, body, and tails. The thickness is
only about 5 Centimetres (2 Inches), even when it is fully
grown [1, 2]. When the pancreatic exocrine cells
proliferate uncontrollably, a disease called pancreatic
cancer can happen. This kind of pancreatic cancer
happens more often than any other. The tubes and glands
that make up exocrine organs are made up of exocrine
cells. These organs are in the stomach and keep fluids
from leaving the body. The digestive system is home to
these exocrine glands, which make enzymes that help
break down food [3].

After being released into ducts, which are very thin
tubes, enzymes end up in the pancreatic duct, where they
stay for good. During digestion, bile made by the liver is
pushed out of the body through the ampulla of the Vater.
This happens after the bile has gone through the normal
bile tube. At some point, the pancreatic duct will reach
the normal bile duct and connect to it there. These cells
make up a smaller portion of the organ’s cells but are
essential for making hormones such as glucagon and
insulin, which regulate and release sugar levels in blood
and then straight into the bloodstream. There are fewer of
these cells in the pancreas than there are cells that make
up the organ, but they are what make the tumour grow [4].

There are some pancreatic growths that could turn into
cancer if they are not addressed, but most of them are
normal, which means they do not cause cancer. MRI, CT,
ultrasound, Positron Emission Tomography (PET), and
PET/CT images that mix PET with CT can help find
some types of pancreatic cancer [5]. Fig. 1 shows the
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sample CT scan images of normal and PC. Numerous
imaging technologies have been created for the medical
imaging industry since image processing and computer
modelling are the most widely employed techniques in
this sector. Researchers who study biological and
microbial data still need people to take part in a huge
percentage of their studies. Physical processes include the

fact that people tend to have biassed views about them,
that experts cannot always be trusted, and that procedures
take a longer duration and the cost of procedure is high.
To do an objective and recursive analysis, you need to
use exact numeric measurements, look at very large
datasets, and use automatic technologies [6, 7].

Fig. 1. Example of CT scan image of normal and PC.

Current diagnostic strategies primarily rely on imaging
modalities such as CT, MRI, and endoscopic ultrasound,
which, despite technological advances, still lack the
sensitivity required to detect subtle lesions in the
pancreas during the early stages of disease.

In recent years, Artificial Intelligence (Al), particularly
Deep Learning (DL) and Machine Learning (ML)
methods, has shown significant promise in improving
cancer detection and diagnosis. Deep learning models can
automatically extract hierarchical features from medical
images, thereby enhancing diagnostic performance
compared to traditional rule-based algorithms. Among
deep learning architectures, DenseNet-201 has been
widely used in medical image analysis due to its ability to
reuse features across layers and prevent gradient
vanishing, leading to better generalization on small and
imbalanced datasets like those used in PC detection.

To improve classification accuracy and computational
efficiency, feature selection and dimensionality reduction
techniques such as Principal Component Analysis (PCA)
are often used. PCA helps in retaining the most
informative features while eliminating noise and
redundancy. Furthermore, Support Vector Machine
(SVM), a robust supervised learning algorithm, has been
effectively employed for binary classification tasks in
medical imaging.

The study’s goal is to create a fast, computerised
method for grading pancreatic cancer that uses a DL
model for pathology pictures. To make a model for
correct prediction of pathology pictures, the grading
system utilizes a grading level of complex Convolutional
Neural Network (CNN) model. The DL model is trained
by considering publicly available data source. The model
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utilized for training is DenseNet201 along with machine
learning method.

The contribution of the study is:

i.  An automated tool is designed using DL and ML
techniques to identify the Pancreatic Cancer (PC)
in early stage.

The DL model i.e., DenseNet 201 is designed to
identified PC by extracting features of the given
pathology input image.

The ML model ie., SVM is utilized to
differentiate the normal and tumour images and
evaluate the metrics.

The rest of the paper discuss about the existing model
in identification of PC in Section II, the designed
methodology in third section, fourth section discuss the
experimental results and finding and finally conclusion is
derived in fifth section of the paper.

ii.

iil.

II.  RELATED WORK

There was new medical research that set the stage and
explained why machine learning algorithms and deep
learning models are needed for ultrasound images of the
pancreas. This was the first part of the literature review.
The scope of the work presented in this paper deals with
Pancreatic Cancer (PC). The existing models by various
authors in identification of PC are reviewed in this
section.

Medical imaging has been used a lot to find and
diagnose cancerous cells in the digestive system. The
current study depends a lot on how knowledgeable and
experienced the doctor is. The normal ways of diagnosing
are also affected by the quality of the pictures [8]. The
field of digital pathology is always changing. The first
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generation of image processing tools could only be used
to look at a single slide. The second generation of tools,
on the other hand, could scan, look at, and store records
of whole tissue samples. Al-based algorithms are now the
standard way to look at pictures in digital pathology.
They can accurately identify the condition and even tell if
someone is likely to get the disease before the disease
even starts [9]. The scope of Al on medical images helps
in identifying the disease and is been utilized to quickly
and accurately diagnose the disease [10]. In the case of
PC the diagnosis based on Al have been used to predict
risk, predict life, tell the difference between cancer
masses and other pancreas lesions, and check for reaction
after treatment. Machine learning approach for medical
image diagnosis discussed by Davatzikos et al. [11].
Further machine learning for pridction of risk in PC
patients with abnormal morphologic findings is discussed
by Chen et al. [12].

Extensive investigations have been conducted on
machine learning models like Artificial Neural Network
(ANN), K-Nearest Neighbour (KNN), and SVM
focussing on their capacity to extract distinctive features
present in mdecial image modalities. These signatures
hold potential for identifying abnormalities in various
types of cancers that are related to digestive system,
including PC. The distance between the values of the
predefined attributes in the training and sample data is
calculated and predicted by the k-NN method, which was
first presented by Cover and Hart in 1967. The data
sample is categorised according to the computed distance
to its closest neighbour class [13]. A separate study
utilising k-NN applied a GLCM feature extraction and
perform classification in medical imaging for identifying
brain tumour and PC [14]. Nonetheless, k-NN faces
challenges related to its sensitivity to local structures and
the risk of overfitting, which can result in inaccuracies.

Deep learning networks are better at diagnosing than
machine learning models because they can take all the
traits from medical pictures instead of just a few, which is
what machine learning does. Because of this, DL models
are better at finding stomach cancers and separating parts
of images [15]. CNN is one of the highly utilized models
in deep leaning concept. These are made up of input
layers with groups of nodes that work with hidden layers
that all have the same weights and biases and do
operations like convolution on the inputs. Each group of
nodes works with a different feature. These are then put
together and changed to make the result [16].

Liu et al. [17] suggests a detailed view of CNN and its
layers. CNNs are good at using computers, but they are
slow and use a lot of power. It is better to use CNNs for
image classification instead of segmentation because they
give a probability picture of the whole image [18]. When
it comes to the different kinds of CNNs, U-Net
algorithms with fewer convolutional layers are often used
to diagnose gut cancers, like pancreatic cancer, by sorting
and separating certain parts of medical pictures [19].
Between 2012 and 2015, a wide variety of deep learning
models were produced, including AlexNet, VGGNet,

675

Inception Net, and ResNet. The number of convolutional
and pooling layers they employ varies [20].

In the case of cancers that are related to digestive
system, Sharma et al. [21] used the AlexNet design to
accurately classify and find necrosis in medical pictures
of gastric carcinoma with a success rate of 69.9% for
classification and 81% for detection. Shin ez al. [22] used
the Inception-Resnet network to automatically find
colonic polyps in test pictures.

The progress made in the DL model makes it possible
to quickly and automatically find many basic traits that
can only be found by medical experts doing a lot of work
by hand. Transfer learning makes DL very flexible so it
can be used in a lot of different situations. For instance,
during the recent pandemic Covid-19, DL utilization
made easy and qicuk to find the positives cases and
which helped in stopping wide spread of disease by
detecting accuracely [23]. To get valuable information,
such as morphological characteristics on WSI, to identify
cancer conditions and classify them into two or more
categories, the detection and classification of malignant
cells in pathological images using DL has been employed
extensively [24]. A lot of tasks can be automated with
DL, but different models will work with different
biomarkers and stain types in different ways. DL is the
best at accurately identifying tumours, using computers
quickly, and applying its findings to a wide range of
pathological pictures. It 1is especially good at
segmentation (finding tumour regions), detection (finding
metastases), and classification (grading cancer and
predicting patient outcome).

Computerised Tomography (CT) is the main way that
pancreatic cancer is found and evaluated, but it depends a
lot on how experienced the doctors are. Liu et al. [25]
using a CNN, DL can help correctly tell the difference
between PC and non-PC using the CT images. Locating
tiny cancers (less than 2 cm) was the challenge. The
authors developed a detection technique based on patches.
They discovered that the ideal patch size for detecting
pancreatic tumours on CT was 50 by 50 pixels, or 3.5 by
3.5 cm. There are many more studies on the topic of
using CT to grade pancreatic cancer that can be found in
the journals. Chu ef al. [26] did a study on how to use
advanced visualisation methods to find pancreatic cancer
more quickly using DL. A way to use Principal
Component Analysis (PCA) [27] and K-means
grouping [28] to separate and retrieve features from
medical pictures. The portions of the image that are most
crucial to the research are divided using this technique.
K-means is a way to group things together, and it can be
used to find important parts of a picture. One way to
improve accuracy is to use PCA more in the process of
extracting the features and identifying the best
possibilities of groups. To effectively improvise the rate
of detection, combination of PCA, deep learning
(DenseNet 201) and machine learning (SVM) is proposed
in this work and the model is discussed in next section.
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III. METHOD

Pancreatic Cancer (PC) is a type of disease that
develop in the pancreas, a vital organ located in the
abdomen behind the stomach. The pancreas plays a

______

critical role in digestion by producing enzymes and
regulating blood sugar levels through hormone
production. Early detection and diagnosis are very much
essential for the survival of patients. The model utilized
for detection of PC is shown in Fig. 2 and is discussed.
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Fig. 2. Design flow of proposed model.

A.  Dataset

Doctors’ records are very private, and the best sample
should be used to test the method for finding problems.
This study used a collection with pictures of the pancreas
for two types: healthy and pancreatic cancer. The data set
came from Kaggle data, an open-source library. The
National Institutes of Health Clinical Centre (NIHCC)
did 82 belly contrast-enhanced 3D CT pictures on 53 men
and 27 women, about 70 Seconds after injecting contrast
into their veins (Table I). In this study, 17 healthy kidney
donors were scanned before they had a nephrectomy. A
radiologist chose the other 65 patients from people who
did not have big stomach problems or pancreatic cancer
lesions. People in the study are between the ages of 18
and 76, with 46.8+16.7 being the mean age. The CT
scans were taken on Philips and Siemens MDCT
machines (120 kVp tube voltage) and have resolutions of
512x512 pixels with different sizes of pixel and
thicknesses of slice in mm i.e., 1.5 to 2.5 [29].

TABLE I. ANALYSIS OF DATASET

Attribute Description
Samples 82 contrast-enhanced 3D abdominal CT scans
No of patients 82 patients (53 males, 27 females)
Age 18-76 years (Mean: 46.8+16.7 years)
Resolution 512x512 pixels
Slice thickness 1.5-2.5 mm
Healthy case 17 healthy kidney donors

Abnormal
cases

65 patients without major abdominal issues or
pancreatic lesions

Open-source Kaggle dataset (NIH Clinical Center

Data sources .
origin)
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B.  Preprocessing

This stage is very crucial to improvise the early-stage
identification of PC. In this step, the input dataset images
are converted into hyperspectral images. In this step,
Gaussian Filtering (GF) is used to get rid of the unwanted
noise in the pictures, which makes it easier to focus on
the problem that was set. The data is ready for the next
step by keeping all its specific information. The gaussian
filter is made up of kernels that come from the gaussian
function in Eq. (1).

R
4y’
2

20

G(x,y)=

e

270? M

where, x, y are the coordinates in the kernel. o is termed
as Standard Deviation (SD) and improved level of
smoothing if SD is greater.

In this stage, Contrast Stretching is used to improve an
image’s contrast by making the range of strength values
bigger to fit a certain range. It is often used to make
details in an image stand out more or get data ready for
more research. When you stretch the contrast, the pixel
intensities in an image are changed from their original
range to a larger or more specific range. This range is
usually the whole possible value range, like 0-255 for an
8-bit image. The change can be either linear or not linear.
There is a linear contrast stretching, and Eq. (2) shows
how the strength changes.
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I — (Ix _Imin)

] 0, -0
(Imax - Imin)

max min

( )+0, 2

min

where, I, is the improved intensity level output, /; is the
pixels intensity of the gievn input, . is the inputs
minimum intensity level, .. is the inputs maximum
intensity level, O, is the minimum desired intensity
level of the output, O, is the outpus desired level of
intensity which is maximum.

To improve the discriminative power of standard CT
images, we introduce a hyperspectral transformation step,
in which each CT image is processed into a
hyperspectral-like format. This technique expands the
spatial grayscale image into multiple synthetic spectral

bands using filter-based or transformation-based methods.

Recent studies have shown that such conversions
improve tumor detectability by allowing models to learn
spectral and textural variations more effectively for
performing surgeries [30].

This pseudo-HSI representation is particularly
beneficial in enhancing deep learning models’ ability to
distinguish fine-grained anatomical structures and tumor
boundaries in low-contrast CT images. This process helps
in improving the performance of classifier.

C.  Feature Extraction

In imagig process the extraction of features is the
process of finding and extracting unique and important
information from a picture so that its content can be
shown clearly. This process takes away some of the
data’s complexity while keeping the important details
needed for analysis or other tasks, like sorting and finding
the result that is wanted. In this paper, the features are

extracted using two model one is Principal Component
Analysis (PCA) and other is DenseNet 201. Some of the
features like Haar wavelet features, FFT features and
morphological features are also extracted.

The Haar wavelet is the simplest wavelet. It represents
data with step functions. It divides an image into estimate
coefficients, which show the big picture or low-frequency
parts, and detail coefficients, which show the small
details or high-frequency parts in all three directions
(horizontally, vertically, and diagonally).

Using the Fourier Transform, a math tool that changes
data in domain of time or space to the domain of
frequency. Fast Fourier Transform (FFT) features are
taken from images that are fed into it. A lot of people use
these tools to process pictures, and they will help find
PCs. These traits also help the machine learning model
look for trends, frequencies, or recurring events in the
data. In image analysis, morphological features are
features that are extracted using morphological operations,
which look at and change the shape of a certain area in a
picture. Shape, size, orientation, and connectivity of
pixels are taken out, which makes them very useful for
the suggested medical imaging model for PC recognition.

1) DenseNet-201

The DenseNet design is a DNN that links each layer-
by-layer in a way called “feed-forward”. Traditional
designs, like ResNet, only connect each layer to the next
one. DenseNet layers, on the other hand, connect to many
other layers [31]. In this study, DenseNet-201 is mainly
used to access all the features of the input CT picture.
The network has access to all past feature maps, which
makes it easier to reuse features and cuts down on the
need for doing the same work twice. The representation
of proposed DenseNet-201 is shown in Fig. 3.

l

Batch Normalization (BN)
L

! !

ReLU Activation

!

3 x 3 Convolution

1 x 1 Convolution

1 x 1 Convolution

2 X 2 Average Pooling

. .
—_—

Fully Connected Layer

Softmax Activation Layer

Fig. 3. Structure of DensNet-201 model.

The layers and the configuration details of the
proposed model is been discussed. The convolutional
layer with 7x7, 64 and 2 strides, the output size is
112x112. Next layer is max pooling with 3x3, 2 strides
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having output size of 56x56. Now densenet layers are as
Dense Blockl (DB1) with configuration of 6x[BN, ReLU,
Ix1, 3x3], the output size is 56x56. Transition Layerl
(TL1) with a config of 1x1 convolution and 2x2 pooling,
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the output size is 28x28. Now repeat DB and TL. The
configuration of DB2 is 12x[BN, ReLU, 1x1, 3x3] with
output of 28x28. TL2 with a config of 1x1 convolution
and 2x2 pooling, the output size is 14x14. DB3 with
config of 48x[BN, ReLU, 1x1, 3x3], the output size is
14x14. TL3 with a config of 1x1 convolution and 2x2
pooling, the output size is 7x7. DB4 with config of
32x[BN, ReLU, 1x1, 3x3], the output size is 7x7. The
global avg pooling with a size of 7x7 pooling, output size
is Ix1. Finally full connected layer with softmax output

and the size is 1x1. The densenet model mainly
concentrates on the shape feature which helps in
identifying the PC more accurately. The features
extracted using PCA and DenseNet 201 and other
features are combined and are fetched to classification
model. Higher accurate features help in achieving higher
rate in detection of PC.

The summary of DenseNet 201 model is simplified
and tabulated in Table II.

TABLE II. SUMMARY OF DENSENET 201 MODEL

Stage Type of layer Output Process
Input Input Image 224%224x3 Input CT image
Convolution 7x7 conv, filter-64, stride 2 112x112x64 Initial Feature extraction
Pooling 3x3 max pooling, stride 2 56x56x64 Downsampling

DBI1 6X[BN, ReLU, 1x1 conv, 3x3 conv] 56x56x256 First Dense Block

TL1 1x1 Conv + 2x2 Avg Pooling 28x28x128  Reduces size and compresses features

DB2 12x[BN, ReLU, 1x1 Conv, 3x3 Conv]  28x28x512 Second dense block

TL2 1x1 Conv + 2x2 Avg Pooling 14x14x256 -

DB3 48%[BN, ReLU, 1x1 Conv, 3x3 Conv] 14x14x1024 Third dense block

TL3 1x1 Conv + 2x2 Avg Pooling Tx7x512 -

DB4 32x[BN, ReLU, 1x1 Conv, 3x3 Conv] Tx7%1920 Final Desnse Block
Global pooling 7x7 Global Average Pooling 1x1x1920 Convert feature map to vector
Fully connected Dense Layer+Softmax 1x1xclasses Output classification probability

2) Principal component analysis

The extraction process of feature for HIS images is
performed using PCA. PCA is a way to reduce the
number of dimensions that are used in picture processing
and data analysis. Finding the paths of the data’s highest
variance changes it into a new set of traits that are not
related to each other. These are called principal
components. PCA pulls out features by projecting data
onto an area with fewer dimensions while keeping as
much data as possible. Process of PCA feature extraction
is shown in Fig. 4. It doesn’t matter what size you use for
the PCA, and the picture features have a mean of 0 and a
standard deviation of 1. Covariance is used to figure out
how the picture properties are related to each other. You
can change the data into a new feature space defined by
the chosen main components by using eigenvectors to
show the lines of variance and eigenvalues to show the
values how much variation there is along each
eigenvector.

| Standardization of Date ‘

l

Computation of Covariance
Matric

l

Calculating the eigen values
and eigen vectors

Sorting of components by
variance \

l

| Transformation of final data ‘

|

Fig. 4. Process of PCA.
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The eigenvalues of each component are used to rank
them. The ‘A’ best components with the highest
eigenvalues are chosen. Features like sides, edges, and
noisy patterns are not considered. Features that come
highly suggested are sent for training and testing.

D.  Classification Model

The classification model designed to identify the PC is
Support Vector Machine (SVM). SVM is well known
classifier which performance shows better results in many
scenarios. The SVM hyperplane model that was used to
get the results. The best hyperplane for separating classes
with the most space between them. The important data
points that are close to the choice line are the support
vectors. The success measures depend on the hyperplane
as the data points close to the plane are considered. The
data available is utilized by classifier for training and
testing in the ratio of 70:30. The process of classification
is detailed in Fig. 5.

Train the SVM Model
——| (Support vectors and
hyperplane detection)

l

Tuning of SVM
Parameters

|

Prediction

I

Assess model
performance using
metrics

Choose Kernal
Function
(Linear Kernel)

Data Preparation
(Training and | —
Testing data)

Fig. 5. Process flow of SVM model.



Journal of Image and Graphics, Vol. 13, No. 6, 2025

A 5-fold cross-validation is performed in our
evaluation process. The dataset was partitioned into five
equal subsets, and the training and evaluation were
repeated five times, each time using a different subset for
testing and the remaining for training. The reported
metrics—accuracy, precision, recall, specificity, and F1-
Score—are now averaged over the five folds.

IV. RESULTS AND DISCUSSION

A.  System Environment

A 16GB RAM system with an Intel Core 2.60 GHz
CPU was used to write and execute the automated
detection method in MATLAB. Using adaptive deep
learning on hyperspectral images, we presented an
automated pancreatic cancer detection approach in this
research.

To differentiate between malignant and normal tissue,
a DCNN network framework is used to extract deep
features from 390%435x251 hyperspectral images.

The proposed model specifically utilized the Adam
optimizer with a learning rate of 0.0001, batch size of 32,

and trained the model for 50 epochs. To avoid overfitting,
dropout regularization with a rate of 0.5 was applied,
along with early stopping based on validation loss.

B.  Experimental Results

The results obtained in the process of detection of PC
is discussed below. The Densenet-201 model uses four
dense blocks and three transition layers to achieve the
results expected. The input image and its HSI with no
cancer is shown in Fig. 6, with cancer input image and
HIS image is shown in Fig. 7.

Fig. 6 presents the original input CT image and its
corresponding Hyper-Spectral Image (HSI)
representation for a non-pathological (non-cancerous)
case. The HSI conversion simulates enhanced spectral
resolution by generating pseudo-spectral bands, enabling
the model to capture subtle tissue heterogeneities and
spectral signatures not visible in standard grayscale
imaging. This transformation provides a richer input for
downstream feature extraction, even in the absence of
malignant anomalies.

Fig. 6. Input and hyperspectral images with no cancer.

Fig. 7. Input and hyperspectral images with pancreatic cancer.
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Fig. 7 displays the input CT image alongside its
corresponding HSI representation for a cancerous case.
The HSI transformation augments the spectral resolution
of the image, allowing for enhanced visualization of
pathological tissue characteristics. ~This  spectral
enrichment facilitates the deep learning model in
detecting subtle spectral and spatial anomalies associated
with malignant regions, thereby improving the sensitivity

30

Validation Loss in Each Epoch

of the diagnostic process. The parts of HIS pictures that
are improved help the model get a higher rate of accuracy
and make early process diagnoses. Pathologists can use
the computer-aided prediction model to help them
automate the time-consuming process of manually
identifying cancer from pathology photos. The validation
loss for existing model and proposed model is compared
and is shown in Fig. 8.

25

N
o

Validation Loss
(_‘n ~

L

—+—PCA-PLS-DA

©— PCA-Densenet201-SVM

Epoch

Fig. 8. Analysis of validation loss.

From Fig. 8 validation loss is inversely proportional to
the number of epochs. For example, at epoch 5 the
validation loss of proposed model is 6% whereas at epoch
1 the validation loss is 15.5%. The lowest validation loss
is seen using PCA-DenseNet 201 compared to PCA-PLS-
DA existing model.

C.  Parametric Evaluation

The parameters evaluated are Accuracy, specificity,
precision, recall and F-Score. The evaluation of these
parameters performed using the following Egs. (3)—(7)
respectively.

dcc=— p*TH 3)
Tp+Tn+Fp+Fn
Tn
Sp= “4)
Tn+Fp
Pr= Tp %)
Tp+Fp
Re=—1P 6)
Tp+Fn
F — Score=2x PrxRe (7
Pr+Re

where Tp is Truely positive, Tn is Truely negative, Fp is
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Falsely positive, Fn is Falsely negativity. The evaluation
shows the validity and effectiveness of the proposed
methodology. Higher the values achieved more the
effectiveness of the model in detection of PC. The results
obtained after performing PCA-DCNN-SVM operation is
shown in Table III.

TABLE III. EVALUATION METRICS OF THE DESIGNED MODEL

Parameter/ PCA-PLS- U-Net ResNet- Proposed PCA-
Technique DA SVM DCNN-SVM
Accuracy (%) 90.50 91.86 93.67 95.52
Specificity (%) 92.44 92.45 94.56 96.09
Precision (%) 89.83 91.9 93.82 94.79
Recall (%) 91.0 91.74 92.36 93.59
F-Score (%) 88.8 92.35 92.85 94.14

Area Under the Curve (AUC) evaluates how well a
model can distinguish between classes. It measures the
area under the Receiver Operating Characteristic (ROC)
curve, which plots the True Positive Rate (Recall) against
the False Positive Rate. The AUC value achieved is
96.5% for PC class and 95.1% for normal class.

One way to measure how well a classifier does at a
task is to look at the confusion matrix, which compares
actual (true) labels to predicted labels. This is especially
helpful for seeing how well a model does at multi-class
classification tasks. The confusion matrix achieved for
existing model and proposed DCNN-SVM model and is
shown in Fig. 9.

The confusion matrix shown in Fig. 9 specifically, the
class-wise performance in terms of true positives, false
positives, true negatives, and false negatives. For
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example, the model demonstrates strong sensitivity (true
positive rate) in correctly identifying pancreatic cancer
cases, with relatively few false negatives, indicating
reliable cancer detection. However, a small number of

88.0%
380

Normal

Output Class

Pancreatic
Tumor

Normal Pancreatic Tumor

Target Class

(2)

false positives (i.c., healthy cases misclassified as cancer)
were observed, which could be further reduced by fine-
tuning classification thresholds or incorporating more
diverse training data.

Normal

Output Class

Pancreatic
Tumor

Pancreatic Tumor

Normal
Target Class

(b)

Fig. 9. Confusion matrix for (a) PCA-PLS-DA model, (b) DCNN-PCA-SVM model.

To test the efficiency of linear kernal, the model is
evaluated using different SVM kernals and the accuracy
achived using different kernals is shown in Table IV.

TABLE IV. ACCURACY USING DIFFERENT SVM KERNELS

SVM Kkernel /Metric _ Accuracy (%)
Linear Kernel 95.52
RBF 92.37
Polynomial 90.82
Signmoid 89.59

The comparison of performance metrics for existing
tradition model with the proposed integration of DL and
ML is shown in Fig. 10.
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Fig. 10. Comparison of parametric of two models.

The comparison of accuracy in identification of PC in
existing model and the value achieved using proposed
model is shown in Fig. 11. When compared with existing
models proposed model having an accuracy of 94.52%

which is 13.4% higher compared to Gao and Wang [32]
and 17.7% higher when compared to Gao and Wang [33].
The nearest accuracy achived is 90.2% [34] which is
4.3% less compared to our proposed model.
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Fig. 11. Accuracy comparison.

Some of the existing deep learning models and
classification models in identification of PD is also
compared and is shown in Table V. The techniques used
in this paper having good accuracy which can be futher
implemented for identification of PD.

To validate the comparative performance of our
proposed model against other baseline deep learning
architectures, we conducted a statistical significance
analysis using a paired t-test. The test yielded a t-value of
0 and a p-value of 1, indicating that there is no
statistically significant difference between the models’
performances on the evaluated dataset. This suggests that,
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while our model achieves high accuracy, its performance
is comparable to existing architectures under the current
experimental settings.

TABLE V. ACCURACY USING DIFFERENT TECHNIQUES

Author and Ref Technique Acc (%)
Maskeliunas et al. [41] U-LossianNet 94.3
Quan et al. [42] 2D CNN + 1D CNN 92
Yasar et al. [43] ANN 94.9
Nissar et al. [44] XG Boost 95.3
Yuan et al. [45] DNN Ensemble 95
Mathur et al. [46] KNN+AdaBoost M1 91.28

V. ABLATION STUDY

The study aims to identify how every technique is
useful in improving the detection accuracy. In this study
the experiment conducted on different cases and
evaluated the accuracy result.

Casel. Accuracy in detection of PC without using
DenseNet 121 and tested the contribution. The accuracy
obtained is 92.46%.

Case2. No DenseNet 121. Directly utilized raw
features and classified using SVM. The rate of accuracy
achieved is 90.52%.

Case3. The model designed with extracting features,
utilized only DenseNet 121 and performed classification
using SVM for detection of PC. The rate of accuracy
obtained is 94.26%.

Case4. In addition, PCA is included for reduction of
erxtracted features along with DenseNet-SVM model and
achieved an accuracy of 95.52%.

From this study the combination of DesneNet 121-
PCA-SVM provides better detection accuracy.

While the proposed framework demonstrates high
accuracy and strong performance in pancreatic cancer
classification, several limitations and real-world
challenges must be acknowledged:

Computational Complexity: The integration of
DenseNet-201 with hyperspectral imaging and PCA
significantly ~ increases = computational = demands.
DenseNet-201, being a deep architecture with densely
connected layers, requires considerable memory and GPU
resources for both training and inference, making it less
feasible for real-time or resource-constrained
environments.

Dataset Size and Variability: The dataset used in this
study is relatively limited in size and sourced from a
controlled, homogeneous population. This restricts the
generalizability of the model to wider clinical scenarios
where imaging protocols, scanner types, and patient
demographics vary. Further evaluation on multi-
institutional and heterogeneous datasets is necessary to
ensure robust performance across clinical environments.

The modular design of the proposed framework
combining hyperspectral representation, DenseNet-201
for deep feature extraction, PCA for dimensionality
reduction, and SVM for classification offers flexibility
for adaptation to other types of cancer and broader
medical imaging tasks.

The model can be trained on CT, MRI, or PET datasets
associated with lung, liver, or brain cancers, provided
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appropriate ground truth labels and pre-processing
pipelines. Hyperspectral transformation techniques can
similarly be applied to enhance tumor visibility in these
modalities.

VI. CONCLUSION

It is a very dangerous disease that can be found
anywhere in the world, and only a small percentage of
people who get it survive for five years. It is possible to
identify illnesses like pancreatic cancer if they are found
early on. Having more medical imaging tests available
has made it possible for a good number of cancer patients
to find problems earlier. For a lot of people, the
technology is out of reach because the equipment and
facilities needed are very expensive. This makes it hard to
spread. This paper discusses the utilization of a DL. model
and machine leaning model in image processing for
identifying the PC by considering the CT images. The
preprocessing stage all the input images are converted to
HSI and processed. The features are extracted using PCA
and Densenet-201 model and finally classified using
support vector machine classified. The F1-Score obtained
using the proposed model is 94.14% and the rate of
accuracy is 95.52%. By using the designed model, the
outcome of patients with PC will be improved. To
improve PC diagnosis and patient results, we also need to
come up with more accurate and non-invasive screening
methods. Standardised scoring systems are also very
important. Future work will focus on scaling the dataset,
improving  computational  efficiency, enhancing
interpretability with visualization tools, and validating the
framework on real-world clinical data to bridge the gap
between research and clinical practice. Also explore the
possibility of integrating other deep learning architectures
or hybrid models to further improve accuracy and reduce
validation loss.
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