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Abstract: Lung cancer is a main reason of death globally, and reducing death rates and enhancing treatment results
depend heavily on quick identification. However, medical image diagnosis, including Computed Tomography (CT) scans,
is difficult and demands a high level of experience. This research proposes a comprehensive and interpretable Computer-
Aided Diagnosis (CAD) structure to identify lung cancer from medical images. The workflow initiates with an Adaptive
Savitzky-Golay Filter, effectively enhancing image quality by smoothing while preserving critical structural edges.
Hierarchical Adaptive Cluster Refinement (HACR) is then used for precise segmentation, adaptively identifying abnormal
lung regions with high accuracy. For feature extraction, the proposed system utilizes the Deep Statistical Gray-Level Co-
occurrence Matrix (DS-GLCM) approach, which captures deep spatial and statistical texture features essential for
distinguishing cancerous tissue. At last stage, classification is performed using a novel Deep Learning (DL) model Crested
Porcupine Optimized (CPO) Channel-Attention (CA) InceptionResNet. The CPO algorithm is exploited to tune the CA-
InceptionResNet model's hyperparameters. To ensure transparency and reliability in clinical use, Explainable Al (XAI)
technique- Local Interpretable Model-Agnostic Explanations (LIME) is used for visual interpretability, highlighting
regions in CT images that contribute the most to model forecasts, thus boosting clinician trust and decision-making. The
entire framework is implemented in Python, and experimental results on benchmark lung cancer imaging datasets
demonstrate its superior performance in terms of performance metrics with an accuracy of 98.18% with sensitivity of
95.94 % and specificity of 99.10%. The combination of advanced DL and explainable Al makes the proposed framework
a promising solution for lung cancer diagnosis.

Index Terms: Lung Cancer, Adaptive Savitzky-Golay Filter, HACR, DS-GLCM, Channel-Attention InceptionResNet,
Crested Porcupine Optimization, Al (XAI) Technique.

1. Introduction

Globally, lung cancer is amid the cancers most commonly to be diagnosed in both women and men. Lung cancer
has the greatest diagnosis rate amongst all cancers, which accounts for 11.6% of all cancer diagnoses; it also has the
highest fatality rate of 18.4% over all cancer demises [1]. Few lung cancer patients receive a screening diagnosis; instead,
the majority are identified after several symptoms appear [2]. However, the majority of lung cancer symptoms don't
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appear until the disease is considerably advanced, which makes therapy challenging. Nowadays, a number of criteria are
examined to determine a patient's mortality risk, including age, smoking history, prior cancer history, family genealogy,
and radiologic factors such tumor size and shape [3]. The diagnosis and treatment of patients and enhancement of survival
greatly depend on quick and precise classification of lung cancer [4]. The first step in detecting lung cancer early is to
observe for nodules. To support physicians in making medical diagnoses, the second phase involves classifying non-lung
and lung cancer on CT scans of lung nodules. Physicians use a variety of methods like X-rays, MRIs, and biopsies are
often invasive, costly, and time-consuming. Spotting small lesions early is especially difficult, making diagnosis
challenging. While CT scans help, manually reviewing them is slow and lead to human error [5, 6].

Traditional techniques are often time consuming and costly, generating negative influence on comfort of patients.
Henceforth, there is a need for cheaper, faster and less intrusive investigative methods [7]. Recent years, experienced
momentous progression in artificial intelligence and DL architectures in treating cancers. Notably, DL models have
proved improved performance in predicting anomalies and complex pattern by training a large dataset [8]. Numerous
research has investigated a range of strategies, from existing machine learning algorithms to conventional statistical
models [9-11]. In order to attain higher performance, this research integrates modern approaches to provide a novel
approach to lung cancer prediction. Existing lung cancer detection approaches frequently have significant shortcomings,
such as the loss of structural details during filtering, inefficient segmentation techniques, and inadequate feature
representation owing to reliance on handcrafted or deep features alone. Overfitting and poor generalization result from
the inflexible architectures and manual tuning used by many deep learning models. Furthermore, most approaches lack
of interpretability erodes clinical trust. These gaps highlight the need for a more adaptive, explainable, and optimized
framework, as proposed in this study.

The primary contributions consist of:

. Enhanced Image Preprocessing: Proposes an Adaptive Savitzky-Golay Filter for its ability to reduce noise while
preserving critical lung edges.

. Precise Segmentation: Selected HACR for its adaptive clustering ability, which improves segmentation
accuracy over static methods by dynamically updating centroids

. Robust Extraction of Features: DS-GLCM which enhances feature extraction by capturing deep statistical
texture details, improving contrast and correlation

« Accurate Classification: Utilization of CPO-CA Inception ResNet architecture, combines attention and CPO
algorithm to fine-tune the model, leading to high accuracy and robust classification

«  Clinical Transparency: Incorporates LIME-XAI method to visualize model decision-making, showing which
regions of the lung images most influence classification.

The rest of paper discuss about recent related works in lung cancer detection are reviewed, with an emphasis on
advantages and disadvantages of current methods in Section 2. The proposed model, including its pre-processing,
segmentation, feature extraction, classification, and explainability components, is detailed in Section 3. The CPO
procedure is explained in Section 4. The incorporation of Explainable Al approaches is described in Section 5.
Performance evaluation and experimental results are covered in Section 6. A comparison with baseline models is given
in Section 7. Key findings and recommendations for additional research are included in Section 8, which concludes the

paper.
2. Related Works

Many studies have been directed on the design of diagnosis systems for the screening of lung cancer. Several
investigations were noteworthy for their identification and classification of lesions, their characterisation, and their
classification as malignant. DL supported [12] research have recently produced extremely good and positive results in
lung cancer screening. The proposed approach combines SVM classification with DL based extraction of features for the
prediction of lung cancer in its primary stages [13]. Among its advantages are its high accuracy of 94%, reduced need for
human feature engineering, and possible decrease in overfitting. The limitations include high processing requirements,
dependence on huge datasets, and restricted comprehension of deep network characteristics. By dividing the task into
several phases and utilizing, the modified U-Net and AlexNet-based technique seeks to provide extremely accurate lung
cancer classification [14]. Although computational complexity, data needs, and interpretability are still continuing issues
for practical application, its excellent performance on LUAN16 emphasizes its potential. For multi-scale feature
extraction, two path Denoising First Convolutional Neural Network (DFD-Net) is proposed [15]. It is further improved
by discriminant correlation estimation for a more accurate feature concatenation and a retraining technique to rectify label
imbalance. Practical adoption is nevertheless restricted by the increasing processing load, implementation complexity,
and requirement for huge, high-quality datasets. To detect lung cancer on LUNA16, a Deep Ensemble 2D CNN [16]
integrates many CNNs with different layers, kernels, and pooling. It uses complimentary feature learning to attain higher
accuracy (95%) than individual models. To avoid overfitting, it necessitates precise tuning, a large amount of training
data, and increased processing needs. Using CT images, a CNN based on DenseNet-121, deep autoencoders, and
MobileNet V3-Small identify and categorize lung cancer [17]. With fewer computational resources, an excellent precision
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0f 98.6% and 95.8 Cohen's Kappa is made possible by quantization-aware training, early halting, and Adam optimization.
With plans to integrate liquid neural networks and ensemble techniques for additional performance enhancements, the
model supports real-time clinical diagnosis.

For nano-CT lung cancer diagnosis, in [18] a hybrid pipeline that combines Bag of Visual Words (BoVW) and
Convolutional Recurrent Neural Network (CRNN). It greatly reduces segmentation time while achieving high
performance with enhanced accuracy, exceptional precision, sensitivity, and specificity. Nevertheless, the method is
computationally expensive and depends on specific segmentation algorithms that need to be further tested on a variety of
clinical datasets. To improve the detection and localization of tiny tumors, Lung-RetinaNet based lung tumor detection
system is discussed in [19], using multi-scale feature fusion in conjunction with a dilated module. By efficiently
aggregating semantic data, it improves the accuracy of early detection and minimizes the need for human intervention.
Its greater complexity, however, results in higher computing requirements and demands detailed clinical validation. The
optimal models for various data splits, however, differ, necessitating an evaluation of the models' consistency across
training samples. In order to ensure that a model focuses on pertinent aspects, Explainable AI (XAI) [20, 21] techniques
particularly visual explanations demonstrate the important areas of images to support its predictions. This technique
boosts the confidence and accuracy of diagnosis systems by contrasting appearances across different training samples. It
also makes it possible to confirm that models trained on different data splits employ the same informative regions.

3. Proposed System Model

Fig. 1 depicts a structure for prediction of lung cancer utilizing CT images, integrating advanced approaches and
explainability technique. The process starts with collection of CT images of lungs for diagnosing abnormalities and
includes normal, benign and malignant cases. Pre-processing using an adaptive Savitzky-Golay filter is chosen over
standard filters due to its ability to enhances the quality of CT image by removing noises with preservation of essential
features. It significantly improves the contrast and clarity of edges that are crucial for segmentation. HACR segmentation
model is preferred over conventional methods like U-Net in due to its data-light, adaptive behavior, particularly effective
in handling variable tumour shapes in small datasets without requiring large-scale annotated data. The developed
segmentation approach isolates the lung region and potential tumor areas effectively. It adaptively updates cluster
centroids to accurately map lung regions and ensures non-overlapping, high-precision segmentation. Following
segmentation, Deep Statistical GLCM based feature extraction is utilized to capture textural patterns and statistical
dependencies within the lung tissues, serving as discriminative features for classification. These features are then fed into
a Channel-Attention InceptionResNet model for Classification, which leverages both spatial attention and deep residual
learning to accurately differentiate among normal and cancerous cases. This model enhances the network to adaptively
weigh feature channels and effectively classify Lung CT images.

Dataset Collection Preprocessing Segmentation Feature Extraction
Deep Statistical
Input Adaptive Savitzky- Hierarchical Adaptive Gray-Level
CT Image Golay Filter Cluster Refinement Co-occurrence Matrix
Classification Performance
Hyperparameter Tuning : i Metrics
\T\’U_ pl ﬁH 10 o Accuracy

® Precision

. K ® Recall
‘ il ¥ - ¢ FFI-Score
o Specificity
® Sensitivity

Crested Porcupine Channel-Attention
Optimization Algorithm InceptionResNet

Explainable Model ‘

Local Interpretable Model-Agnostic Explanations

Fig.1. Developed block diagram

To optimize the performance of classification model, hyper parameter tuning including parameters layer
configuration, leaning rate, attention depth is performed using CPO algorithm, inspired by defensive behavior of
porcupines. This optimization balances exploration and exploitation, supporting model to converge to optimal structure
for better performance. Finally, to assure transparency and reliability in the decisions of model, an explainable model
component is integrated using LIME that provides visual and interpretable justifications of the classification results on
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CT images, highlighting regions contributing to the prediction and aiding clinical decision-making. This increases
transparency and trust that are essential for real world clinical deployment. The performance of model is assessed utilizing
key Performance Metrics. These metrics ensure a well-rounded assessment, particularly critical in medical diagnosis,
where false negatives have serious consequences.

3.1. Adaptive Savitzky-Golay Filter

To increase the Signal-to-Noise Ratio (SNR) while maintaining important image features including tumor borders,
vascular architectures, and tissue textures, the adaptive savitzky golay filter is utilized to data taken from CT scan images
of the lungs. The SG filter fits subsets of pixel intensity values with a low-order polynomial using a linear least squares
approach, followed by convolution with resulting coefficients, in contrast to simple smoothing techniques that could
obscure crucial diagnostic information.

The SG-filtered value Y, at each point is calculated as follows given a sequence of n data points X,V where X, is

the spatial index (e.g., pixel location along a row or column) and y, represents corresponding CT intensity value.

(mfl)/z
m+l_ . m—1
Y, = Z Gy for 5 Sjﬁn—T )

i=(m-1)/2

The convolution coefficients in this case, C; is determined using a chosen polynomial order (k) and frame size

( f ) or window length). The quality of noise reduction is assessed for each configuration by comparing the filtered output

to a clean or synthetic reference image. The optimization criterion is the correlation coefficient (COR) between the
reference and filtered is expressed as,

Yo (X -X)((x -7
S X T

Where X={X,X,,...,X,} refers reference intensity profile, ¥Y={Y,,Y,,...,X,} is the SG-filtered profile, and

15429

)) ©)

COR =

X,Y are their respective mean values. An ideal filter setup is indicated by a COR value near 1.00, which successfully

lowers noise while maintaining crucial anatomical features vital for the detection and analysis of lung cancer. The edge-
preserving polynomial smoothing capacity of this method led to its selection over traditional filters. It successfully lowers
noise while preserving distinct structural elements that are essential for precise segmentation and feature extraction, such
as vascular edges and tumor boundaries. By maintaining these fundamental patterns, it helps HACR segmentation,
increasing the final classification accuracy.

3.2. Hierarchical Adaptive Cluster Refinement-Segmentation Model

The hierarchical adaptive cluster refinement model aims to predict lung cancer by grouping CT images into clusters
that represent similar tumor regions. The centroid is the average image for the cluster, formed by computing the average
pixel values for matching pixels across all images within the cluster. This necessitates all images in the cluster to be of
the same size or scaled to be uniform for accurate internal matching. A crucial requirement in this case is that the image
has to be fall within a predetermined threshold distance from the cluster centroid. This image alone is used to establish a
new cluster if no appropriate cluster discovered.

The average difference between the images color bands is used to calculate the distance between two image sizes.
When comparing two images, / and I ', with dimensions of »xc pixels, the distance d between them is computed as
follows,

1 c=1r-1

)

3”63 =0y=0z=RGB

The centroid of a cluster is changed whenever a new image is added. The weighted average of the prior centroid and
the new image is used to compute the new cluster representation in the event that a cluster with » images are expanded
to include a new image / . This guarantees that the centroid approaches the updated image while staying inside the
threshold's tolerance. The initial centroid is precisely the first image since the first cluster centroid is initialized with the
first image. The centroid gradually moves to a point that is balanced across all of the photos in the cluster when more are
added. The cluster representation of C'is expressed as,
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1
':_ 4
C n+1(n.C+1) (4)

The centroids constantly move as more images are analysed and added to the clusters, reflecting the evolving features
of the images and improving the segmentation procedure. Crucially, this modification guarantees that no two clusters
overlap, which is vital for the identification of lung cancer. To avoid confusion while distinguishing between healthy and
malignant lung tissue, each image only be a part of one cluster at a time. When processing new CT images, HACR
dynamically modifies cluster centroids and grouping boundaries according to spatial context and pixel intensity. Even in
situations with low contrast, irregular tumor shapes, or overlapping tissues, this adaptive mechanism enables the model
to hierarchically refine segmentation boundaries, resulting in more accurate isolation of abnormal lung regions.
Furthermore, HACR makes sure that each region is uniquely assigned and avoids cluster overlap, both of which are
essential for precise feature extraction and subsequent classification. After segmenting the image, which directed to
DSGLCM approach for effective feature extraction as follows.

3.3. Deep Statistical Gray-Level Co-occurrence Matrix

By using deeper statistical descriptors across several spatial layers, DS-GLCM goes beyond traditional GLCM and
detect minute texture variations that are frequently suggestive of malignant development in lung tissue. These
characteristics, which include contrast, homogeneity, and entropy, are essential for spotting the uneven, varied patterns
that are frequently present in cancerous areas. More accurate classification is supported by DS-GLCM's improved texture
discrimination and robustness when compared to traditional GLCM. Analyzing the statistical correlations between pixel
intensities at particular spatial locations within the image is the statistical method used in GLCM, also it extracts the
features from the segmented image as demonstrated in Fig. 2.

0 1 23 4 5§
01 23 45 e @007 o oo o]0 p1i
S Joo oo [T 0=135 4 g5 ~[0 p28o |00 b
33 =0 [Z]o 00 [1] 0 =180 i 3] e=0 13 0 09 0|
3 2 |2 w00 0 [L[1]0 3 12 | w00 0|0 00
~——— BT wofofof0]o]0 [ EN w00 0[0 a0
| 0 Cl_u 0lo|o
o . GLOBAL
NUMERIC GRAY  CO-OCCURANCE ANGLES DEFINING AT
GRAY SCALE - N I . s NORMALIZATION
LEVEL MATRIX MATRIX PINEL ADJACENCY

Fig.2. Model of GLCM based feature extraction

The mathematical representation of an image sample / with grayscale pixel values given by ( x,y) and size

(M xN) is as follows.

G .,I (5)

(x.3)° (x+dx,y+dy))+l

Following Equation (6) defines the normalized matrix G i)’

G. .
G o=t (6)
l‘l()r’”(l,]) T
Where, Gnorm(i 5 signifies as a descriptive characteristics such as entropy, correlation, energy, contrast and

homogeneity, 7 indicates number of valid pixel pairs, correspondingly. With the help of this model, the essential features
from lung images are highly extracted, following this, the main classification is performed by channel-attention
InceptionResNet as shown below.

3.4. Channel-Attention InceptionResNet

Joining the advantages of ResNet and the Inception model, the Inception-ResNet-V2 network is a potent DL
architecture. For complicated image classification tasks of predicting lung cancer from CT scans, this architecture works
incredibly well. Convolutions, batch normalization, activation functions, and pooling procedures are all mixed together
in the model's layers, which process outlined in Fig. 3. The whole architecture is summed up as follows,

To extract initial features, I of size HxWxCHxW xC (height H , width W, and channel’s number (C) is
processed through the first convolutional layers. Inception-ResNet blocks process the feature mappings from the
preceding layer, convolutions in succession with varying kernel sizes,
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Convl(x)=ReLU (W, *x+b,) )
Conv3(x)=ReLU (W, *x+b,) ()

Here, W denotes weight matrix, * signifies the convolution layer and b stands for the bias term, respectively. In
order to improve gradient flow during back propagation, additional connections are created between the convolution
blocks' input and output,

Output(x) = ReLU(Convl(x) + Conv3 (x)) 9

Following the Inception-ResNet blocks, strided convolutions or pooling are used to reduce the spatial resolution,
preserving key properties while lowering computational cost. The channel attention mechanism is integrated into
Inception-ResNet-V2 architecture as outlined in Fig. 3, which enables the network to learn which feature channels such
as various degrees of visual representations are more vital for differentiating among malignant and healthy lung tissue.
The network concentrate on more discriminative features by adaptively weighting the channels, which increases the
classification model's accuracy and resilience.

S T s

P! 1
GLOBAL-POOLING il 1
i I
P! I

SOFTMAX FUNCTION 1| !

INFUT LAYER

: [:l RELU FUNCTION
i
i E AVG-POOLING

i
| DENSE LAYERS
i
i

[eiarmes avers

Fig.3. Structure Of Inception-ResNet-V2 with Channel Attention Model

Global Average Pooling (GAP) in the attention module allows the network to extract statistical data at the channel
level. The following formula is used to determine each channel's statistical characteristic within an input feature map,

H W
z, =GAP(x,)=1/(HxW) ZZx{ ij) (10)
i=l j

=1

In the equation above, z_stands for a channel's statistical information, and x for the input features map.

Furthermore, the input feature map's height and breadth are shown by H and W , respectively, and its spatial coordinates
are shown by [ and J. It has been noted that the squeeze-and-excitation (SE) block is equivalent to the channel attention
module using GAP.

By combining two completely linked layers with ReLU and the Softmax activation function, the acquired data,
denoted by z , used to evaluate interconnections among channels.

s=o(W,5(Wz) QY

The Sigmoid and ReLU nonlinear activation functions are denoted by ¢ and 9 in the provided equation, respectively.
Likewise, W, e R““"and W, e R“"* are regarded as the dense layer weights. To increase the feature map count by C

in ¥, and decrease the node count in J¥,, use a reduction ratio ». The input feature map is then multiplied by scaling

factors, which are found using the equation above.

Xe =S¢ X X¢ (12)
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In this case, where x_ indicates the ¢ —#4 channel of the rescaled feature map, and s, stands for the ¢—#4 channel

of the scaling factors. The channel module is crucial for this study's regulation of global information in the ensemble
technique.

Following the channel activation, undergo one or more fully connected layers and after being directed to flattened
layer. After the dense layer, the last output layer calculates the classification probabilities,

)?:Soﬁmax(Wf*x—i-bf) (13)

Where, weight matrix is w, for the final layer, and bias is p = This output the probability distribution in the classes

cancerous or non-cancerous. To get further improvement in the classification, the parameters from channel attention
Inception-Resnet-V2 are fine-tuned by the integration of Crested Porcupine optimization algorithm. The channel-attention
mechanism allows the model to shift its focus to discriminative feature maps, such as those showing aberrant texturing
or tumor locations in lung CT images. Furthermore, the InceptionResNet architecture's critical hyperparameters are
adjusted using CPO technique, which avoids local minima and increases convergence speed and classification accuracy.
The model's combination of multi-scale feature learning, attention-driven focus, and CPO makes it extremely effective at
capturing the minute and complex variations in lung cancer patterns.

4. Crested Porcupine Optimization Algorithm

The CPO algorithm is used for fine-tuning the hyperparameters of the Channel-Attention InceptionResNet model.
Its multi-phase defense-inspired approach, which strikes a balance between exploration and exploitation guarantee
improved convergence and classification performance. All around the world, with the exception of the Antarctic continent,
the crested porcupine is a large rodent species. A wide range of environments, such as woodlands, rocky terrain, arid
regions and sloping places, are home to it. An algorithm called the crested porcupine optimizer is developed in response
to the crested defensive strategies of porcupine, which include four stages like visual, aural, olfactory and physical
confrontation. These strategies are represented by four distinct search domains in the CPO architecture, each of which
corresponds to a distinct porcupine defense zone. Zone A is the first stage of avoidance behavior, in which the perpetrator
hides from possible dangers. Zone B is triggered, denoting the second line of defense, when this first strategy proves
ineffective and predators continue to exist. Zone C is involved, signifying the third line of protection, if the predator is
not deterred. When earlier tactics fail, the porcupiner turns to Zone D , its last line of defense, where it confronts the enemy
directly in an attempt to defend itself and possibly neutralize it. Following steps illustrates the four stages and the flowchart
view of this mentioned topology is displayed in Fig. 4.

Phase 1-Population Initialization: Start the search from a primary set of people (possible solutions) to initialize the
population. The optimization issue in this study has three dimensions (3 parameters such as Convolution, channel attention,
and flatten with dense layer). Each dimension's starting point is determined by initialization. This is accomplished using
the following formula,

X, =L+7x(U,~L),1=12,....N (14)

Here, N signifies size of the population, X, denotes number of candidate solutions and Uand L are the upper and

lower bounds. The following is a representation of the initial population:

[ X, 11 X 1,2 X 13

X 2 X 2.1 X 23 X 2.3
. . . . (15)

XN XN,,I XN,Z XN,}_

Where, N indicates population size and X, ; isthe jth location of the ith solution. Since there are just four model

parameters to optimize, the dimension is taken as 4, which means that the highest value for j in X, ; is 3.
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Fig.4. Flowchart representation of Inception-ResNet-V2 with channel attention optimized crested porcupine optimization

Phase 2: Method of Cycle Population Reduction (CPR) model: In order to speed up convergence, the CPR approach
regularly reduces the population size though maintaining diversity. This tactic is comparable to Cape Porcupines' behavior,
in which only those who feel a threat use their protection mechanisms. In order to speed up convergence, certain Cape
porcupines are selected eliminated from the population in the optimization phase. They are then reintroduced to preserve
diversity. This reduces the possibility of getting stuck in local minima. Equation (16) displays the cyclic population size
lessening’s mathematical model, where number of cycles is T, t is the function evaluation, highest evaluation function is
T, .and N lowest number of newly formed population individuals.

T
t % max

1o — T (16)
x| 1= =

max

T

N=N,, +(N'-N

min

Phase 3: Exploration Phase: The CP agitates its feathers in response to detecting a predator. The predator then has two
choices: it moves closer to the CP, encouraging investigation of the region nearby to speed convergence, or it move away
from the CP, allowing research of farther-off locations to find uncharted territory. Equation (16) is used to mathematically
model this behavior.

X=X 41 x|2x7, XX, - I (17)
Where, ! represents the predator's position at iteration ¢, 7, signifies a regularly distributed random value, 7 stands
for a random value in [0, 1], and X/, represents the evaluation function #'s best solution.

The CP threatens the predator by making noises. The CP's groans get louder as the predator gets closer, which
mathematically modelled using Equation (18),

=i+l

= (1=t )< %+ x(§ 7y x (%, -3, ) (18)

Here, t indicates a random number between [0,1], and , and 5, are 2 random integers among [1, N ] .
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Phase 4: Exploitation phase: Predators are discouraged from approaching when the CP produces an unpleasant odor
that pervades its surroundings. Equation (15) models the behaviours.

i =

FiH! _(I_R'])Xjéi’ .t,_]—é] x()_c':] +Sl.t X()—Ciz _X:S)_T3 XSXY, XS;) (19)

=t

Where, 7, denotes random variable between [1, N] ,v, specifies defensive factor, x/ specifies the ith person’s

position, and & governs the search direction. 7, Signifies random value among 0 and 1, and S’ denotes the diffusion
factor for odor.

The CP uses physical force in response to an attacker who approaches to launch an attack. Equation (20) provides a
mathematical representation of this contact, which is characterized as a one-dimensional non-elastic collision.

¥ =X0p +(a(1—T4)+T4)X(5X5C.ICP _)?i’)_rs x5xy, XF;I (20)

i

Here, Fi’ denotes average force influencing the CP, 7, signifies random value among [1, 4], « indicates

convergence rate factor, and x/, stands for ideal solution obtained. The four CPO defense mechanisms mentioned above

divided into two separate phases includes exploration and exploitation. A trade-off among the first and second defense
mechanisms is carried out during the exploration phase. The third defense mechanism is used during the exploitation
phase. Here is the condensed mathematical formula that we use to update the CP position,

( {Apply equation (17) 14 < 7, <t )
vt { Apply equation (18), Else’ & ~ ~° (Exploration) }
Xttt = ,
¢ Une {APPZJ’ equation (19) T10 < Tf.rgsrg(Exploitation)

Apply equation (20), Else
Where, 14, 75, Tg, Tg and 7, are produced within 0 to 1 that consequently normalized to derive the optimal outcome
%/*'. The population to be optimized in this study consist of the number of Inception-ResNet-V2 units, channel attention

e2))

rate, flatten and dense rate, all of which treated as optimization factors. The fitness function for iterative optimization will
be the loss function of neural network, which provide effectual better performance analysis and accurate identification.

5. Explainable Al Technique

LIME is designed to offer transparent and understandable clarifications for the forecasts prepared by complex, black-
box models. In prediction of lung cancer, LIME generates perturbations by selectively activating or deactivating specific
superpixels in CT scans. This approach helps to clarify the decision-making process, making it easier for healthcare
professionals to interpret the importance of particular superpixels in determining the presence of lung cancer. Through
this method, LIME highlights which regions of the image contribute most to the model's prediction, offering valuable
insights into the diagnostic reasoning. LIME enhances the interpretability of models and fosters transparency, thereby
increasing confidence in DL systems. By clarifying how different input characteristics, such as tumor size or texture,
influence model predictions, LIME allows healthcare professionals to better understand the decision-making process. The
first step in applying LIME to a medical image, such as a CT scan, is to break it down into superpixels groups of connected
pixels that share similar color and spatial proximity. This decomposition improves the quality of the explanations provided,
enabling more precise insights into how specific regions of the image, like tumors, contribute to the prediction of lung
cancer. In turn, this leads to better-informed clinical decision-making and supports more trustworthy applications of Al
in healthcare.

6. Result and Discussions

The developed explainable Al for detection of lung cancer using Crested Porcupine Optimized Channel-Attention is
implemented in Python software, which is analyzed in this section. The IQ-OTH/NCCD lung cancer dataset is collected
over three months in the fall of 2019 from the Iraq Oncology Teaching Hospital and the National Center for Cancer
Diseases. It contains 1190 slices from 110 CT scans, of which 55 are normal, 40 are cancer and 15 are benign. The training
stage comprises 833 images while testing contains 357 images.
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MEDICAL IMAGE ANALYSIS: NORMAL VS MALIGNANT VS BENIGN
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MALIGNANT MALIGNANT

BENIGN BENIGN

BENIGN

Fig.5. Input image

Fig. 5 represents an input image utilizing CT scans that is classified into normal, malignant and benign cases. The
normal lung images are characterised by no abnormal tissues or visible lesions, indicating healthy lung tissue. Then, the
malignant type differentiated by abnormal shape, clear masses or significantly altered textures indicating the aggressive
growth of cancer tissues. Subsequently, the benign type is appeared as smoother and more regular, lacking the intense
contrasts in malignancy. Efficient prediction of these images via CAD tools aids clinicians in the accurate forecast and
distinction of lung cancer types, enabling appropriate clinical interventions.

MEDICAL IMAGE ANALYSIS: PREPROCESSING + HACR SEGMENTATION
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Fig.6. Pre-processed and segmented image

The pre-processed and segmented image in prediction of lung cancer is displayed in Fig. 6. It considers 3 distinct
lung CT images, which are pre-processed utilizing Adaptive Savitzky-Golay filter that efficiently reduces noise and
improving quality though preserving significant details for precise prediction of lung disease. Conversely, histograms
before and after filtering denote variations in distributions of pixel intensity, representing enhanced image contrast and
quality. Consequently, segmentation is performed utilizing HACR efficiently dividing each filtered image into different
regions, distinguishing normal tissues from abnormal areas with high precision. The segmented images indicated with
separate colors, enable exact characterisation of lung lesions, helping doctors in precisely detecting lung cancer.

Table 1. Feature extraction with DS-GLCM

Input Images/Features 1 2 3
Contrast 140.10 164.99 187.67
Dissimilarity 5.34 5.19 5.76
Homogeneity 0.38 0.55 0.45
Energy 0.07 0.22 0.12
Correlation 0.99 0.99 0.98
ASM 0.00 0.05 0.01

The features of DS-GLCM with distinct input images are represented in Table 1. An input image 3 has the highest
contrast of 187.67 and dissimilarity of 5.76, while the input image 2 has the highest homogeneity of 0.55 and energy of
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0.22. Subsequently, the correlation is same for both input image 1 and 2 whereas, the input image 2 has 0.05 Angular
Second Moment (ASM) value, allows the extraction of valuable data for further classification.
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Fig.7. Training and validation results

Fig. 7 depicts the training and testing results for prediction of lung cancer. The accuracy increases, stabilizing close
to the better performance at epoch 15, while the validation accuracy has the value of 98.18% . Meanwhile, loss graph,
indicating the reduction of error rates for both training and validation datasets. The training loss initially declined and
progressively steadies, indicating effective learning without overfitting. Here, the validation loss reduces constantly,
reaching a reduced value of 0.0937 at epoch 15. It reveals the proposed approach attains better accuracy and minimal
loss, denoting robust performance and reliability in the recognition of lung cancer.
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Fig.8. Confusion matrix

Fig. 8 reveals the confusion matrix denoting the classification performance of a detection of lung cancer,
distinguishing among 3 cases. It properly depicts the precise and improper detections for each class. The malignant class
has the maximum accuracy with 169 properly detected instances, denoting better performance in finding lung cancer.
Also, the benign class has 22 proper detections and 14 as misclassifications that are improperly labeled as normal.
Likewise, normal cases are detected with better accuracy, because 89 cases correctly predicted and also, normal classes
misclassified as benign or malignant. The occurrence of some misclassifications denotes the need for further enhancement,
highlighting the necessity for improved training data to diminish false negatives and positives, enhancing the reliability
of lung cancer prediction.

The Receiver Operating Characteristic (ROC) curve for a lung cancer prediction is indicated in Fig.9. The Area
Under Curve (AUC) values denotes the reliable performance with the malignant type attaining maximum AUC value of
0.969144, denoting the excellent accuracy in properly detecting cancer cases. Then, the benign class has the AUC of
0.956011, representing the accurate differentiation of benign lesions. Similarly, the normal class denotes better
performance with an AUC of 0.952991, revealing the reliability in properly classifying normal cases.
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Fig.10. Explainable Al
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Fig. 10 illustrates the series of CT scans of lungs, covered with visual representation of produced by an Explainable
Al and heat map in prediction of lung cancer. The yellow regions denote areas of image that contributed to the prediction
of model, indicating where the DL model focused its analysis during analysis. These visualization approach attained via
saliency maps or class activation mappings (CAM) that aid clinicians interpret the decision-making process of Al by
relating it with visible abnormalities. In this case, the highlighted regions related to potential tumor affected areas or other
abnormal growths with in the lung lobes. By spotting critical zones, the XAl not only improves the transparency and
reliability of Al driven diagnosis but acts as a proper tool in aiding clinical validation and diminishing diagnostic errors.
This incorporation of interpretability into automated diagnostic systems is vital for clinical deployment, especially in
sensitive applications like lung cancer detection. The bottom rows have a LIME heat maps where warmer colours
highlight areas contributing most to the prediction of lung cancer.

Fig. 11 depicts the Training and Validation Results for ResNet and Dense Net model. The ResNet has a steady
increase in accuracy with better convergence over 10 epochs. Then, the Dense Net has a high accuracy with in fewer
epochs and sustain a low loss value.
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Fig.12. Confusion matrix

The Confusion matrix for ResNet and Dense Net model is shown in Fig. 12. The ResNet has high accuracy with
minimal misclassifications over 3 classes. Then, the Dense Net attains better malignant classification but misclassifies
the 28 benign cases. Dense Net performs well but has a maximum false negative rate in benign cases.
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Fig.13. ROC curve

The ROC Curve for ResNet and Dense Net model is displayed in Fig. 13. The ResNet has the high ROC of 0.9965
in malignant case. Then, the Dense Net model has a high ROC of 0.9984 in the malignant case. It reveals the high
reliability of earlier lung cancer prediction.
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The comparison of Mean Squared Error (MSE) for Mean [22], Median [23] and developed preprocessing approach
is shown in Fig.14. The lowest MSE is attained by the Adaptive Savitzky-Golay Filter, which efficiently enhances the
reliability of classification model.
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Fig.15. Analysis of accuracy

The analysis of accuracy for SVM [24], CNN [25], ML [26] and developed approach is represented in Fig. 15. The
developed approach attains the highest accuracy of 98.18% than other approaches, indicating the performance is enhanced
in predicting the lung cancer.
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Fig.16. Analysis of sensitivity

Fig. 16 depicts an analysis of sensitivity for fusion approach [27], SVM [28] and developed approach, which has the
maximum sensitivity of 95.94 % compared to other approaches, representing the lung cancer is detected in an early stage.

Table 2. Comparative analysis of precision

APPROACHES PRECISION (%)
SVM [24] 95.6
CNN [29] 96.89
Proposed 98.25

The comparative analysis of precision for SVM, CNN and developed approach is displayed in Table 2. The highest
precision value of 98.25% denoting the reliability and diagnostic accuracy is enhanced.

The analysis with existing approaches in terms of performance metrics is revealed in Table 3. Here, the proposed
approach has the highest performance metrics value than ResNet and Dense Net approaches. The proposed system aids
radiologists by automatically detecting the cancer regions in CT scans. The high sensitivity value assures the initial stage
tumours are quickly predicted aiding the appropriate intervention. For real world application, the developed research is
need to be tested on diverse datasets from various hospitals to assure robustness in varying imaging conditions. Its
computational cost comprising processing time and memory usage needs assessment to confirm its suitability for
deployment in hospital. Incorporation into radiologist’s work flow needs a user friendly interface that highlights key
diagnostic regions and aligns with existing systems.
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Table 3. Analysis with existing approaches

Proposed Approach

Classes Precision Recall F1-score

Normal 0.9474 1.0000 0.9730
Malignant 1.0000 0.9892 0.9946

Benign 1.0000 0.8889 0.9412

ResNet

Normal 0.8981 0.8981 0.8981
Malignant 0.9945 0.9730 0.9836

Benign 0.7500 0.8333 0.7895

Dense Net

Normal 0.7626 0.9815 0.8583
Malignant 0.9945 0.9730 0.9836

Benign 0.8889 0.2222 0.3556

7. Conclusions

The present research focused on a novel CPO Channel-Attention InceptionResNet approach for lung cancer
prediction by integrating advanced segmentation and classification techniques. Adaptive Savitzky-Golay filter effectively
enhances image quality by smoothing while preserving critical structural edges. HACR adaptively group image regions
based on spatial and intensity similarities and refines clusters to ensure non-overlapping, high-precision segmentation of
abnormal lung tissue, thereby improving the accuracy of downstream processing Moreover, DS-GLCM enhances
traditional texture analysis by incorporating deeper statistical measures across multiple spatial levels, allowing more
discriminative feature extraction between malignant and benign tissues. The CPO-channel-attention InceptionResNet
diagnostically provide relevant features and enhance classification performance. The incorporation of CPO further
enhanced feature selection, focusing the model on diagnostically significant regions. LIME based XAI approach is
incorporated to provide model’s visual interpretability decisions and emphasizing regions contributing most to the
diagnosis. This enables radiologists to interpret and validate predictions confidently. The entire framework is
implemented in Python results shows a benchmark lung cancer imaging datasets demonstrate its superior performance in
terms of performance metrics with an accuracy of 98.18%% than SVM, CNN and ML approaches. This topology holds
great potential for enhancing early lung cancer identification in clinical practice.
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