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ABSTRACT
Background
Accurate and efficient classification of medical images is crucial for reliable diagnosis and treatment planning,
particularly in kidney-related disorders. However, conventional deep learning models often face challenges related
to computational complexity, limited feature propagation, and lack of interpretability.
Objective
To address these issues, this study proposes a novel hybrid deep learning framework that integrates depthwise
separable convolutions, dense connectivity, and Gradient-weighted Class Activation Mapping (Grad-CAM) for
enhanced performance and transparency.
Materials and Methods
The proposed model is evaluated on the CKT (CT Kidney Tumor) dataset, which consists of four classes: Cyst,
Normal, Stone, and Tumour, with a total of 12,446 CT images exhibiting class imbalance. The architecture
leverages depthwise separable convolutions to reduce computational overhead while preserving essential spatial
features, and dense connectivity to improve feature reuse and gradient flow. Additionally, Grad-CAM is
incorporated to provide visual explanations, enabling the identification of clinically relevant regions within CT
images.
Results
Experimental results demonstrate that the proposed model outperforms baseline architectures, including
conventional CNN, MobileNet, and DenseNet, achieving superior accuracy, precision, recall, and F1-score. The
model also exhibits strong performance in class-wise evaluation, particularly for minority classes, indicating
robustness against class imbalance. Furthermore, interpretability analysis confirms that the model focuses on
meaningful anatomical regions, enhancing its reliability for clinical applications.
Conclusion
Overall, the proposed framework provides an effective balance between accuracy, efficiency, and explainability,
making it suitable for real-world medical image classification tasks. Future work will explore advanced attention
mechanisms and multi-modal data integration to further improve performance and scalability.
Keywords: Kidney disease classification, CT images, Hybrid deep learning, Depthwise separable convolutions,
Dense connectivity, Grad-CAM, Explainable Al, Medical image analysis.
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In recent decades, chronic kidney disease (CKD) has

become one of the most relevant health challenges

1. Introduction worldwide, causing an increasingly significant
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burden on healthcare systems because of its
progressive course, high prevalence, and close link
with life-threatening comorbidities. Chronic kidney
disease (CKD) is defined as the progressive and
irreversible loss of kidney function, leading to end-
stage renal disease (ESRD) if not detected and
managed at an early stage. The kidneys are essential
organs that perform homeostatic roles, including
filtering metabolic waste, regulating fluids and
electrolytes, maintaining blood pressure, and
regulating endocrine functions. Loss of these
functions leads to severe complications, such as
cardiovascular disease (CVD), anaemia, bone
mineral disorders (BMDs), and metabolic
imbalances. As per the latest worldwide statistics,
chronic kidney disease (CKD) affects over 10% of
the global population and its prevalence is higher in
geriatric patients and among individuals with
diabetes mellitus (DM) and hypertension [1], [2].

Particularly difficult, because all the while it is
sparking out these attacks on your body, CKD will
not give you any warning signs early on. Symptoms
usually only become apparent in advanced stages,
when extensive and often irreversible kidney
damage has already occurred. As such, early
detection is crucial for controlling the progression of
the disease, preventing complications, and
improving outcomes for patients. Conventional
diagnostics depend on laboratory findings like
serum creatinine concentration, glomerular filtration
rate (GFR), and urine albumin lines, along with
imaging techniques such as ultrasound, computed
tomography (CT), and magnetic resonance imaging
(MRI) [3], [4]. While these methods are clinically
reliable, their utility is often limited by the delay
between detection and clinical utility as well as
observer variability and dependence on specialized
medical expertise. In addition, in many areas of the
world including developing countries there is a
shortage of trained nephrologists and radiologists
that substantially limits timely diagnosis and
treatment [5].

Artificial Intelligence (AI), and especially Machine
Learning (ML) and Deep Learning (DL), has shown
great improvements in various domains over the last
few years, particularly with respect to healthcare
diagnostics. Artificial intelligence (Al) systems can
analyse large amounts of heterogeneous medical
data, recognize complex patterns in that data, and
facilitate clinicians’ decision making. Traditional
methods of CKD detection using ML algorithms

have included Support Vector Machines (SVM),
Random Forest (RF), Naive Bayes (NB) and k-
Nearest Neighbours (KNN) models to predict
disease presence from clinical data [6]— [8]. While
these methods have shown promising successes in
structured datasets, they are heavily dependent on
hand-engineered features and domain knowledge,
making them less generalizable to different data
distributions.

Deep Learning (DL) has tremendously transformed
Al in the field of medical imaging. Specifically,
CNNs are the backbone of image-based discase
detection by automatically learning hierarchical
features. A range of CNN-based models have been
deployed to classify cysts, tumours and kidney
stones in CT and ultrasound [9], [10] for detecting
kidney disease tasks. Various architectures including
VGG, ResNet, DenseNet, EfficientNet, and
MobileNet have been investigated to enhance
performance with a high accuracy rate [11]-[13], as
shown in Table II. As an example, DenseNet
alleviates the vanishing gradient issue via dense
connectivity and improves feature propagation [18];
EfficientNet proposes a compound scaling method
for efficient balancing between network depth,
width and resolution [21], [23]. Until then,
lightweight architectures e.g., MobileNet attains
better trade-off between accuracy and efficiency by
depthwise separable convolutions [24].

Altering these architectures for fusion have been put
forward in more recent designs, such as Xception
and ConvNeXt which achieved higher performance
results in deep learning networks particularly with
respect to medical imaging tasks. Xception
generalizes depthwise separable convolutions to
improve the efficiency of feature extraction
pipelines  [25], and ConvNeXt improves
convolutional network performance by applying
modern architectural updates inspired by vision
transformers [22]. Accurately detecting kidney
disease has become possible thanks to these
advances, with various studies reporting results on
benchmark datasets of over 99% accuracy [14], [15].
However, despite such impressive results, achieving
strong and generalizable performance across
heterogeneous clinical environments poses a key
challenge.

One of the major limitations in previous CKD
detection studies is the utilization of single-source
datasets, which are often limited and less diverse
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with respect to patient demographics, imaging
conditions, and disease variations. Between model
training and evaluation on comprehensive but
regionally limited datasets such as CTK [16]. Such
a limited dataset diversity puts in question the
generalizability of these models once deployed in
clinical settings. Train models on homogeneous
datasets may not generalize well to other acquired
data from another institution or imaging device and
are therefore limited in their practical application.

Another fundamental problem is class-imbalance in
medical datasets. There are often skewed
distributions of diverse categories of diseases in
CKD datasets, resulting in several classes having a
much lower presence. Common methods to tackle
this problem are undersampling and oversampling.
On the other hand, undersampling could cause loss
of useful information while oversampling could be
affected with synthetic bias and a rise in overfitting
fatigue [17]. To overcome these challenges, several
advanced methodologies have been introduced,
including data augmentation and generative models;
however, they are seldom incorporated into CKD
detection architectures.

Most existing attempts also address only unimodal
data, mainly medical imaging, which is
accompanied by other challenges besides the data
problem. [Spoiler Alert: this isn’t one of those,
because...] While imaging gives important
anatomical insights, it fails to contextualize the
problem within a patient’s overall well-being. In
everyday clinical settings, the diagnosis of CKD
instantiates more than just imaging data, lab results
and demographics. Not considering these types of
data restricts the predictive power and
trustworthiness of AI models. Multimodal learning,
utilising heterogeneous data types, is widely used in
other medical domains with successful outcomes;
however, this has been under-appreciated within the
CKD space [18], [19].

Al-based healthcare systems are also critical for
interpretability and transparency. Because of
complex internal representations, deep learning
models are often referred to as “black boxes” that do
not allow us to see how they come up with decisions.
This is a major obstacle to clinical adoption with
poor transparency. Methods like Gradient-weighted
Class Activation Mapping (Grad-CAM) have been
proposed to create visual explanations by
emphasizing key areas within medical images [26].

Although Grad-CAM enhances interpretability, it
does not provide a complete understanding of the
model's decision-making process. Tracking at
feature-level explanation methods (e.g., SHAP and
LIME) offers a further level of interpretability by
measuring the contribution of different features;
however, their integration with imaging-based
models remains limited [27], [28].

Additionally, computational efficiency and real-time
implementability are frequently neglected in
common literature. Most state-of-the-art deep
learning models require significant computational
power and have low inference speeds, thus rendering
them infeasible for real-time clinical assignments.
While lightweight architectures such as MobileNet
and EfficientNet have been proposed to alleviate this
challenge, achieving a configuration where accuracy
and efficiency is not compromised remains arduous
[24],[23]. Furthermore, most studies specifically
assess offline performance without addressing
integration with hospital information systems
crucial to real world application.

The scale-aware and feature-fusion oriented SAFF-
ConvNeXt framework is a remarkable contribution
in this field, which combined the state-of-the-art
ConvNeXt structure with both scale aware fusion
and Squeeze-and-Excitation (SE) [22]. It extracts
hybrid system features at different resolutions,
giving it an advantage over traditional CNN model.
Additionally, Grad-CAM’s positive interpretation
supports model interpretability. Despite these
achievements, the framework remains constrained to
unimodal imaging data and is not thoroughly
assessed on various datasets, revealing a gap in
further investigation.

Ergo, the need for an extensive multimodal deep
learning framework that involves all ANN
architectures with advanced explainability and
generalization with cascades of ANN techniques.
The integration of imaging data with clinical
attributes like GFR, serum creatinine levels, blood
pressure as well as patient demographics can be
facilitated by multimodal learning to provide a more
comprehensive view of the disease. In this context,
attention-based fusion mechanisms can provide
improved feature representation by focusing on the
most relevant information across modalities [18],
[20]. These types of methods can greatly enhance
diagnostic precision and dependability.
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Also, a combination of visual and feature-level
explainability techniques could be used to provide a
better understanding of what is happening inside the
model. Combining Grad-CAM with feature
attribution methods can help visualize important
image regions and quantify contributions by features
simultaneously [26], [27]. This interpretability at
both levels is paramount for gaining acceptance
among healthcare providers and making safe
deployment in clinical settings. Finally, the
evaluation of model generalization is another key
point. Validating models across datasets and
applying domain adaptation methods can be used to
assess robustness against shifts in data distribution.
One way to assess a model's generalizability to
unseen data, which is critical for real-world
applications [15], [16], is by training on one dataset
and testing its performance on another dataset.
Leveraging these strategies of evaluation adds
significant credibility and relevancy to the Al-based
diagnostic systems.

Thus, although AT methods have been increasingly
applied for CKD detection in recent years, several
fundamental issues and challenges that must be
addressed persist, including limited diversity of the
datasets available, lack of multimodal integration
from multiple sources, inadequate interpretability or
explainability of the models employed and
insufficient scrutiny on generalization and real-
world performance. To tackle these challenges, it is
essential to create holistic frameworks yet to be
established that prioritize not only accuracy but also
robustness and transparency as well as clinical
relevance. Thus, this study presents a new
multimodal, interpretable and generalizable deep
learning system to identify kidney disease. We
present novel deep learning architectures, attention-
based fusion mechanisms, and hybrid explainability
techniques to overcome the limitations of existing
approaches. This work will help advance the
research of effective machine learning models by
employing rigorous evaluation techniques and
ensuring clinical relevance to ultimately translate
into real-world AI applications for early CKD
diagnosis. Such systems when integrated into
routine clinical practice could ultimately address the
growing global burden of chronic kidney disease by
increasing diagnostic accuracy, decreasing external
medical burden and improving patient outcomes.

2. Literature Survey

Jaspreet Singh et al.[1] specific offers a machine
learning-based predictive framework for the early
detection of Chronic Kidney Disease (CKD) with
relevant significant feature selection techniques. By
focusing on identifying more critical risk factors,
this can improve the actual model itself while
providing a better performance through reduced
computational cost. The CKD dataset retrieved from
the UCI was pre-processed and then both correlation
coefficient and rank-based methods were utilized for
feature selection to take out relevant attributes.
Classification performance was evaluated for
several machine learning algorithms, including
Bayes Net, Random Forest, Multilayer Perceptron,
SMO, Bagging, Random Committee and K-Star.
Results showed that the Bayes Net classifier gave
better accuracy once features were optimized, which
greatly aided in prediction capabilities and lowered
error rates. The study demonstrates the utility of the
feature selection method to improve diagnostic
accuracy but is limited to structured -clinical
information and does not include imaging or
multimodal approaches, suggesting avenues for
further work.

In the review by Ryan J. Adam et. In this issue of
Kidney International, Kim et. The authors reviewed
the phenotypic similarities and differences among
these models in a systematic manner, highlighting
their relevance to human CKD pathophysiology. The
two models successfully reproduced important
clinical features of CKD, including uraemia,
proteinuria, fibrosis, capillary rarefaction and
progressive renal dysfunction. First, there were
marked differences in vascular responses, especially
in blood pressure control and RAAS activation, with
the infarction model showing more severe
hypertension and RAAS activation. The study also
revealed changes in autoregulation, nitric oxide
signalling and angiogenic balance. This examination
provides useful insights into the type of potential
experimental models that could be selected to
investigate renal pathology in CKD and highlights
the need for pathophysiological delineation to be
model-specific.

A study by Abdullah et al. [3] conducted an
extensive study that focused on reporting the
application of machine learning techniques in
predicting the occurrence of CKD at the earliest.
They mentioned CKD to be one of the prominent
global health problems with significant unavoidable
complications like cardiovascular disorders and end-
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stage renal failure, thus underscoring the importance
of early detection. Various machine learning
algorithms such as decision trees, random forests
and neural networks were reviewed during the study
which showcased their usefulness in analysing
clinical and demographic datasets. Performative
markers such as serum creatinine, proteinuria and
eGFR have been highlighted alongside patient-
specific variables (e.g., age). The results showed that
machine learning models can enhance diagnostic
accuracy and assist clinical decision-making
substantially. At the same time, it recognized some
limitations around variability in patient-level data
and the lack of model generalization to other
populations, calling for more robust and scalable
predictive frameworks.

We developed a machine learning-based framework
for the early prediction of chronic kidney disease
(CKD) using clinical data collected from the UCI
repository [4]. Preprocessing methods play a pivotal
role in improving model performance, and the
authors asserted that the proper handling of missing
values, data transformation, and feature selection
were critical steps to implement when building
models. Several classification algorithms, Random
Forest (RF), Logistic Regression (LR), k-Nearest
Neighbours (K-NN) and Support Vector Machine
(SVM) were implemented, and their results were
compared. The experimental results showed that the
Random Forest classifier achieved 100% accuracy
outperforming other models such as Logistic
Regression (98%) and K-NN (94%). Furthermore,
correlation-based feature selection was utilized to
extract high-impact predictor features like
hypertension, diabetes mellitus and albumin levels,
enhancing the systematic answers with a quality
factor. However, the study has two important
limitations: a comparatively limited data set (400
cases) and the absence of an external validation
cohort which might limit generalizability in clinical
practice.

Patel et al. [5] proposed a deep learning-based
approach for the automated detection of kidney
disease using medical imaging techniques.
Specifically, the authors used Convolutional Neural
Networks (CNNs) to identify hierarchical features
from CT scan images to accurately classify kidney
abnormalities such as cysts, tumours and stones. It
also investigated transfer learning paradigms that
enhance the model's effectiveness while decreasing
computational resources. The experimental results

show that the CNN model achieved high
classification accuracy of the proposed model,
compared with traditional machine learning
approaches in image-based diagnosis. In addition,
metrics evaluating the model like precision, recall
and Fl-score proved that the model is robust.
However, its reliance on existing, limited annotated
datasets and high computational demands may limit
the real-time implementation in a clinical setting.
The authors went ahead to conclude that combining
clinical data with imaging modalities could improve
diagnostic performance further and enable a more
complete assessment of kidney disease.

Chen et al. [6] proposed a sophisticated deep
learning-based model for dedicated three-
dimensional (3D) analysis of the renal syndromes
using multi-phase CT images. The authors leveraged
an ensemble method that fuses segmentation and
registration algorithms to reconstruct the kidney’s
form and precisely identify its stones. Three distinct
CT phases, namely non-contrast (NCT),
corticomedullary (CTC), and excretory (CTE) were
used in this methodology to obtain complementary
anatomical information [4]. We evaluated several
state-of-the-art segmentation models, such as 3D U-
Net, ResU-Net and Swin UNETR,of which the best
kidney Dice score (95.21%) was achieved with Swin
UNETR. Then, a more rigid registration technique
was applied for the multi-phase images alignment to
create a complete 3D representation. The proposed
method showed superior diagnostic visualization
and greater preoperative planning ability; however,
the high computational complexity makes it difficult
for deployment in clinical applications that require
large annotated datasets37.

Author of the review Capitanio et al., [7] provided
an exhaustive epidemiological characterization for
renal cell carcinoma (RCC), including worldwide
incidence, mortality and risk factors. The authors
pointed out that RCC is among the deadliest urologic
malignancies, and that incidence rates vary widely
between countries. Major risk factors are smoking,
obesity, hypertension, and chronic kidney disease
which significantly contribute to the prevalence of
diseases. The widespread use of imaging modalities
(CT, MRI) for other conditions has also led to an
increasing detection of RCC. The authors also
provided a perspective on the limitations of current
screening strategies, stating that low RCC incidence
and the absence of reliable biomarkers make early
detection encouraging yet not cost-effective.

1JDDT, Volume16 Issue 60s, 2026

Page:229



A Hybrid Deep Learning Framework with Dense Connectivity and Explainable Grad-CAM for
Accurate Kidney Disease Classification Using CT Images

Screening at Even Higher Resolution Strongly
Advocated. Meta-analysis of current screening
methods for common cancers indicate that they fall
short of being broadly effective, though targeted
screeners in selected populations improve early
diagnosis and may reduce patient morbidity and
mortality.

The study of Han et al. [8] proposed a deep learning-
based framework for RCC subtype classification
based on multi-phase CT images. Using three-phase
CT imaging (including pre-contrast,
corticomedullary, and excretory phases), the authors
employed a modified GoogLeNet architecture along
with transfer-learning to enhance classification
performance. Features were extracted using
radiologist-annotated (ROIs) TS images, and a
linear combination of multi-phase images improved
the model's discriminative capability. With an AUC
approaching 0.9, the presented approach yielded
high diagnostic performance and therefore has a
strong potential in clinical decision support systems.

Similarly, Senan et al. [9] proposed a diagnostic
system using RFE and classifiers including SVM,
KNN, Decision Tree and Random Forest for CKD
prediction. Their findings indicated that the Random
Forest model obtained 100% accuracy, signifying a
substantial improvement in predictive performance
with respect to feature selection. The study was
limited by the sole use of structured clinical data
without imaging modality connectivity.

Given the review of Alowais et al, [10] the
transformative impact of Artificial Intelligence (AI)
in healthcare has been thoroughly analyzed as it
relates to disease diagnosis, personalized treatment
and clinical decision support. The study also sheds
light on how AI, with the help of machine learning
and deep learning approaches, is more capable in
supplementing massive medical datasets to provide
precise diagnosis, minimize human errors and
improve quality service to patients. Despite its
potential, issues regarding data privacy, bias and the
requirement for a human touch persist as major
roadblocks towards clinical adoption. Similarly,
Bajwa et al. [11] investigated the integration of
artificial intelligence (AI) in healthcare systems,
with emphasis on their potential to utilize
multimodal data, as well as enhance precision
medicine. The authors also suggested a human-
centric framework to build trustworthy systems
based on clinical validation, ethical concerns and

real-world deployment for meaningful
transformation of healthcare. Furthermore, Aljaafari
et al. [12] proposed an Al-enabled virtual ward
system (“CURA”) that combines ML and DL
models for diabetes mellitus and kidney disease
monitoring. Results showed that it had high
predictive accuracy, highlighting Al's potential to
promote proactive, personalized and continuous care

delivery to patients.

Islam et al., [13] proposed an advanced deep
learning framework based on Vision Transformers
and transfer learning models for automated detection
of kidney abnormalities such as cysts, stones, and
tumours in CT radiography images. Using a multi-
class image data set with more than 12,000
annotated images, the results of this work showed
that Swin Transformer was able to outperform
conventional CNN architectures (VGG16 and
ResNet) by returning an accuracy of 99.30% on all
classes present in the dataset. This methodology is
demonstrated by the experimental workflow
diagram (page 3), showcasing the sequential
architecture of preprocessing, training and
classification stages that distinctly hint at the
efficacy of transformer-based architectures in
surpassing conventional methods within the domain
of medical images. Similarly, Liu et al. [14]
proposed the ConvNeXt architecture, an updated
convolutional neural network aimed at rivalling
Vision Transformers with its architectural
refinements informed by transformer models. Thus,
this study confirms that ConvNeXt achieves high
accuracy and scalability while being
computationally efficient on a variety of image
classification tasks in different settings with data
until October 2023.

Furthermore, Hossain et al. [15] put forward a new
Adaptive Local Binary Pattern (A-LBP) feature
descriptor coupled with ensemble machine learning
classifiers to identify kidney abnormalities in CT
images. As shown in the methodology diagram
(page 6), the framework combines preprocessing
methods like CLAHE with feature extraction and
classification, exceeding 99% accuracy and further
validating hybrid feature-engineering methods.

Majid et al.,, [16] proposed a hybrid machine
learning and transfer learning-based framework for
classifying kidney tumours from CT images. They
used GLCM for feature extraction based on texture,
along with other models such as ResNet-101 and
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class detection of kidney abnormalities such as
cysts, stones and tumours. This resulted in a
promising performance, with an accuracy of 82.52%
and high specificity (not shown) further
demonstrating the model's potential for automated
and scalable clinical diagnosis. Furthermore,
Yildirim et al. [18] proposed a deep learning-based
automated framework for the detection of kidney
stones from coronal CT images. Using an XResNet-
50 model architecture, the best performance was
seen at 96.82% accuracy with localised stone in area
regions of interest shown in the model which
showecases that it is capable of real-time application
on clinical management.

The authors of [19] presented a deep learning and
machine learning hybrid framework for the
categorization of kidney disease diagnosis from CT
images. This study utilized DenseNet-201 together
with a Random Forest classifier for feature
extraction, obtaining an accuracy of 99.44% which
is adequate [48]. This methodology takes full
advantage of using transfer learning and ensemble
methods to improve the diagnostic performance in
detecting cysts, tumours and stones. Similarly,
Almuayqil et al. [20] proposed a new computer-
aided diagnosis system based on convolutional
neural networks (CNN) called KidneyNet to detect
chronic kidney disease from CT scans. A 3D CNN-
based model using multiple convolutional layers
was built and enhanced with Grad-CAM to provide
interpretability within the model in which it obtained
an exceptionally high accuracy (99.88%) score, and
at the same time high level of sensitivity and
specificity; demonstrating robustness for clinical
use. Furthermore, Fan et al. A full review of data
preprocessing methods and strategies in [21],
underscoring the importance of enhancing data
quality by means of missing value imputation,
outlier detection, and transformation approaches. As
shown in the study, preprocessing is a crucial part of
any data-driven machine learning task and good
preprocessing greatly improves the performance and
trustworthiness of ML models.

Figure 1. Overall flow of proposed design

The Squeeze-and-Excitation (SE) block is a new
architectural unit introduced in Hu et al., [22], which
enhances networks by
modelling channel-wise feature interdependencies
explicitly. SE is designed to adaptively recalibrate
feature responses, with a little computational
overhead but it provides significantly powerful

convolutional neural

representation capabilities. Similarly, Simonyan et
al. Pb [23] presented the very deep convolutional
neural networks (the VGG), showing that increasing
the depth of the network using small 3x3 filters lead
to a greatly improved image recognition accuracy
with restricted computation cost. Furthermore, Tan
et al. [24] proposed EfficientNet, a state-of-the-art
convolutional neural network architecture that
scales depth, width and resolution of the neural
networks in synchrony through compound scaling to
achieve top-1 accuracy using less parameters while
being more efficient. In addition, Chollet et al. Based
on multi-linear and separable convolution, [25]
proposed an Xception architecture that separates
handling the spatial correlation among input feature
maps from handling channel correlations, leading to
better performance and a more efficient use of
parameters in deep learning.

Howard et al. [26] proposed a deep learning
architecture called MobileNet—specifically for
mobile and embedded vision applications. The
model employs depthwise separable convolutions
which reduce computational complexity and the
number of parameters in a dramatic manner,
realizing competitive accuracy. Moreover, width and
resolution multipliers can be introduced to allow
flexible latency versus accuracy trade-offs, making
MobileNet ideal for real-time applications.
Similarly, Huang et al. In 2017[27], they introduced
DenseNet, a dense connectivity convolutional
network architecture where every layer receives
input from all previous layers. This dense
connectivity facilitates feature propagation, tackles
the vanishing gradient problem, enables feature
reuse and releases parameter redundancy to gain
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better performance with fewer parameters.
Furthermore, Selvaraju et al. [28] propose the
gradient-based visualization model of Grad-CAM
which gives more interpretability for analysis in
deep neural networks by discriminative localization
maps generated on the input images. Explainability
of CNNs has been improving and allows for
understanding how CNN works without changing
the architecture.

In addition, Sokolova et al. [29] extensively
reviewed performance assessment measures for
problems, highlighting  the
significance of measure invariance and criteria for
choosing suitable measures as they pertain to
characteristics of the problem type—binary, multi-
class or hierarchical classification. Finally, Gupta et

classification

al. [30] proposed a Max Entropy Deep Inverse
Reinforcement Learner (MEDIRL) for human-robot
interaction where the transition model was trained to
witness socially compliant navigation behaviour.
Their work emphasizes parameter tuning and
ablation analysis for achieving robust performance
in practices and real-world settings involving
dynamic environments.

3. Proposed Methodology
3.1 Overview of the Proposed Framework

The methodology proposed here presents a hybrid
deep learning framework developed with the
objective of reconciling the conflicting properties of
classification accuracy, computational efficiency
and model interpretability. The model combines
three primary architectural components: (1)
depthwise separable convolutions to reduce the
number of operations involved in feature
extractions, (2) dense connectivity to enable
maximum reuse of features and gradient flow from
each layer to every other layer, and (3) gradient-
based attention mechanisms for enhanced
interpretability. As compared to standard deep
convolutional neural networks that handle these
aspects independently, the proposed model
combines them in a single end-to-end trainable
architecture.

Consider the input dataset D = {(x;, y;)}\_,, where
x; € REPXWXC s the input image and y; €
{1,2,...,K} is the corresponding class label
Formally, the model aims to learn a mapping
function fy(x;) — ¥;, which parametrized by 6 such
that y; closely resembles y;.

The architecture proposed is a set of 3 sequential
modules: feature extraction, dense propagation and
interpretability-driven classification. Such modules
ensure that the network captures global as well as
local contextual information while remaining
computationally lightweight.

3.2 Efficient Feature Extraction using Depthwise
Separable Convolutions

Most still leverage traditional convolutional
operations, where spatial and channel-wise
correlations are processed in a coupled fashion as
they share the same computational resources, which
becomes highly expensive. In order to mitigate this
limitation, the designed model uses depthwise
separable convolutions, which factorize standard
convolution as two separate operations: a depthwise
convolution and a pointwise convolution

For an input feature map F € RPF*PF*M g standard
convolutional layer satisfying the output G €

RPF*PF*N with computational cost:

Cstandara = DI% “M-N- DI%

Where Dy, denotes the kernel size, M is an input
channel number and N is output channel number.

On the other hand, depthwise separable convolution
breaks up this procedure into a depthwise and
pointwise convolutions. Each filter is applied to one
input channel for depthwise convolution:

Gk,l,m = Z Ki,j,m ’ Fk+i—1,l+j—1,m
ij

a pointwise convolution that combines channel-wise
information is

Grin = Z Kiimn - Grim
m

The total computational cost becomes:
Cdepthwise = D}% M - Dlg +M-N- Dg

This reduction has potential for orders of magnitude
fewer parameters and floating-point operations,
paving the way to deploy models in environments
with limited resources. As per the proposed
framework, many depthwise separable convolution
blocks are embedded to extract hierarchical features
without compromising on efficiency.

3.3 Dense Connectivity for Enhanced Feature
Propagation
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The efficient convolutions reduce the computational
load for sure, but they would create low-capacity
embeddings if there are no mechanisms introducing
effective information flow in the neural network. To
address this, we build a model that follows the dense
connectivity of densely connected convolutional
networks.

Under this design, every layer gets feature maps
from all previous layers thus allowing maximum
information reuse. The output of the [** layer is
defined as follows:

x; = Hy([x0, %1, %, -+, X1-1])

where [.] denotes concatenation and H;(:) is a
composite function of batch normalization,
activation, and convolution operations.

This architecture introduced direct connections
between any two layers, and improved gradient flow
during backpropagation to alleviate the vanishing
gradient problem. Dense connectivity also promotes
feature reuse, enabling the network to learn compact
representations without needless computations. The
growth rate controls how many new feature maps
each layer generates, allowing the architecture to
grow efficiently.

Com . ey
-@ I =
v
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Figure 2. Proposed architecture of proposed model
3.4 Hybrid Architecture Design

Proposes a combination of depthwise separable
convolution blocks and some dense connectivity
modules to build up a final part of the architecture.
First, depthwise separable layers are used to extract
low-level features like edges and textures. These
characteristics are then disseminated via thick
blocks, which progressively model high-level
semantic features.

Denote the feature extraction module as F,(x) and
the dense propagation module as F;(-). The joint
feature vector can be written as:

Z = Fa(Fe(x))

This allows it to capture fine-grained features and
more abstract representations in a hierarchical

manner, They include transition layers between the
dense blocks to control the dimensionality and avoid
worryingly large feature maps.

3.5 Interpretability-Guided Learning using
Grad-CAM

One of the major drawbacks of deep learning models
is their inability to interpret. The problem can be
approached through the proposed framework that
incorporates Gradient-weighted Class Activation
Mapping (Grad-CAM) as an interpretability-guided
learning mechanism.

Before we go into more details on why, let us
introduce Grad-CAM, which computes the
importance of feature maps by calculating the
gradient of the target class score with respect to the
image-level features used in the final convolutional
layer. Importance weights are computed as

1 ay°©
“=720.0.5%
ZLaLioAY

where A* represents the k" feature map, y© is the
class score and Z is normalization factor.

This gives us the final class activation map as:

Lraa-cam = RelU (Z ag Ak)

k

This heatmap denotes those areas, specifically
where the input image is being evaluated that have a
largest impact on the output during prediction. The
proposed method uses Grad-CAM not only as a
post-hoc visualisation tool, but also assess the
learning process by providing insights about features
being learnt while training.

3.6 Loss Function and Optimization

We train the model on a composite loss combining
classification loss with attention consistency term.
We define the principal classification loss with
categorical cross-entropy as follows:

N K
Lo = _Z Zyi,c IOg(yi,c)

i=1c=1

In order to enforce interpretability, they propose
augmenting the classification loss with an auxiliary
loss term that encourages Grad-CAM heatmaps to
align with relevant parts of the input:
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— 4 2
Latt =| LGrad—CAM - Mi ”2

Where M; represents a target attention map or region
of interest.

We define the total loss function as:
Liotar = Leas + ALgee

where Ais a weighting factor controlling the
contribution of the attention term.

we optimized the model using adaptive gradient-
based methods such as Adam which updates model
parameters by:

m
Or41 =60 —n——
Jve €
where 1 is the learning rate, and m, and v, are first
and second moment estimates.

3.7 Training Strategy and Regularization

The model is regularized using batch normalization,
dropout and data augmentation to ensure strong
learning. Batch Normalization improves the training
process by normalizing distributions of intermediate
features:

X —p
Vol +e

Dropout randomly disables the neurons during
training which reduces overfitting and histograms
better generalization. The training is iteratively
optimized by updating model parameters until
convergence on the validation set.

X =

The proposed method introduces a deep learning
framework that combines efficient convolutional
operations, dense feature propagation, and
interpretability-driven learning into one unified
model. Together, they allow the model to have
optimal performance with benefits of efficiency and
interpretability. The proposed framework is a
scalable and robust solution suitable for advanced
image classification tasks, by also addressing the
key limitations in existing approaches.

4. Experimental Setup and Results
4.1 Dataset Description

We perform experimental evaluation of the proposed
hybrid deep learning framework using CKT (CT
Kidney Tumour) dataset that has CT images divided
into four clinically significant classes i.e. Cyst,

Normal, Stone and Tumour. The dataset is composed
of 12,446 CT images, distributed in Cyst (3709),
Normal (5077), Stone (1377) and Tumour (2283).
This distribution shows us that there is a severe
imbalance in class (i.e., very few Stone samples
compared to Normal).

This imbalance therefore gives rise to a real-world
and non-trivial classification scenario since it
requires the network to keep high sensitivity for
minority classes whilst also preserving overall
accuracy. Each image is represented by x; €
RHXWXC and label y; € {1,2,3,4}.

It is divided into ratios of 70:15:15 for training,
validation and testing. Before training all images are
resized and normalized by using:

,_x—m
g

X

where p and o is the mean and standard deviation of
the dataset respectively. This is achieved by
applying a number of data augmentation techniques
(e.g., rotation, flipping and scaling) to the training
set, which help generalization and avoid overfitting
especially for the classes that are under-represented.

4.2 Implementation Details

This model is implemented in the PyTorch
framework and uses GPU  acceleration.
Optimization We run all the experiments on a system
with NVIDIA GPU to optimize for training
performance. The model architecture which
combines depthwise separable convolutions, dense
blocks and Grad-CAM modules detailed in the
Methodology section.

Training is done via mini-batch stochastic
optimization in a batch size of 32. The Adam
optimizer is selected since it is an adaptive learning
rate method and the initial learning rate of n was
0.001. The update rule for the parameters can be
expressed as follows:

041 =6, —

M
N

where m,and v, are first moment of gradients and
second moment of gradients respectively. Training is
performed for 100 epochs with early stopping based
on validation loss to avoid overfitting.
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Dropout regularization is used to improve
generalization in the fully connected layers of the
model (dropout rate = 0.5). Batch normalization is
done after convolutional layers of the network to
stable distributions of features and improve
convergence speed. In this article we use over the
entire network is a Rectified Linear Unit (ReLU)
activation function, as defined below:

f(x) = max(0, x)
4.3 Evaluation Metrics

Multiple classification metrics are derived from the
confusion matrix to assess the performance of the
proposed model. The provided include are the
accuracy, precision, recall and F1-score, which all
give an overall look on how the model performs
across several different categories.

Accuracy is defined as:

| _ TP + TN
COUracY =Tp Y TN + FP + FN

where TP, TN, FP and FN are true positives, true
negatives, false positives and false negatives
respectively.

Precision and recall are defined as

procision — 1P
recision = TP + FP
Recall = ——

¢ = TP+ FN

This is the definition of Fl-score, which considers
both precision and recall.

Precision - Recall
F1=2

" Precision + Recall

Besides these metrics, the computational efficiency
is represented by model parameters and floating-
point operation (FLOPs), thereby giving a better
understanding of performance versus complexities.

4.4 Performance Evaluation and Comparison

We compare the performance of our proposed model
with three baseline architectures, namely standard
CNN, MobileNet and DenseNet. The results are
shown in Table 1.

Table 1: Overall Performance Comparison on CKT
Dataset

F1-
Accurac | Precisio | Recal | scor
Model
o yen | nee) [1%) | e
(%)
88.0
CNN 88.42 87.95 88.10 )
MobileN |51 36 | 9088 | 91.02 | 20°
et 5
DenseNet 93.12 92.75 92.90 922'8
Propose 96.0
96.48 96.02 96.15
d Model 8

For all metrics, the proposed model boasts the best
overall performance. The accuracy of the model is
more than 8% better than a standard CNN, showing
a noticeable improvement in feature representation.
The CNN baseline, which is also limited by its
shallow architecture without feature reuse
mechanisms, fails to learn complex hierarchical
patterns in medical images. To increase
performance, MobileNet introduces depthwise
separable convolutions and achieves an accuracy of
91.36%. Although it has light weight form, it limits
its ability to capture some of the deeper semantic
features. However, such a limitation is avoided in the
proposed model where more than 5% performance
gain over MobileNet reported by utilizing dense
connectivity. With feature reuse mechanism,
DenseNet achieved a good performance with an
accuracy of 93.12%. As previously mentioned, the
proposed model achieves around the information
was improved by over 3% from the previous one,
this highlights our strategy of paired with dense
connectivity and efficient convolution operations.
This hybrid strategy guarantees both computational
efficiency and abundant feature learning.

Class-wise Performance Analysis: Class-wise
performance is analyzed to further evaluate the
robustness of the model as illustrated in Table 2.

Table 2: Class-wise Performance of Proposed

Model
Class | Precision (%) | Recall (%) | Fl-score (%)
Cyst 95.88 96.21 96.04
Normal 97.12 96.85 96.98
Stone 94.76 95.32 95.04
Tumour 96.31 96.05 96.18
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The results demonstrate that the proposed model
achieves high performance for all classes, including
the minority class (Stone). Compared to the baseline
models, the recall value for the Stone class is quite
improved as well showing the ability of model in
dealing with imbalanced nature of classes. In
medical diagnosis, missing minority class cases
could lead to disastrous consequences and this is
especially crucial.

Analysis of Confusion Matrix: The effectiveness
of proposed model is further validated by confusion
matrix. The confusion matrix describes that samples
are correctly classified along the diagonal and
misclassification between classes is limited. CT
images show a little visual similarity and this causes
minor confusion between Cyst and Tumour classes
However, the overall misclassification rate is still
much lower than baseline models.

ROC-AUC: ROC curve is used to estimate the
discriminative capability of your model. ResNet50 —
average AUC score: 0.98: better than CNN (0.91),
MobileNet (0.94), DenseNet (0.96) The AUC is
useful since high values show better class
separability as well as performance at various
thresholds in a robust manner.

The effective coupling of the components within the
proposed model accounts for its improved
performance. The guided filtering: Depthwise
Separable convolution saves a lot of redundancies in
the computation but keeps many critical features.
Dense connections allow for feature propagation and
help maintain efficient gradient flow. Collectively,
these enable the model to learn both low- and high-
level representations. In addition, the increase in
precision, recall and Fl-score with each training
round provides evidence that the model performs
well on all classes including those for minority
categories. This is especially crucial for medical
datasets, as class imbalance is typical in such cases.
Moreover, the combination of faster convergence
and stable training behaviour demonstrates that our
proposed architecture is effective. In general, the
results reported above demonstrate that the hybrid
method proposed in this work is a notable
improvement over existing method.

4.5 Interpretability Analysis

The interpretability of the proposed model is
evaluated using Grad-CAM visualizations, which
highlight regions of the input image that contribute

to classification decisions. The generated heatmaps
demonstrate that the model focuses on semantically
meaningful regions, indicating effective feature
learning.

The Grad-CAM output is computed as:

LGraa-cam = ReLlU (Z aj Ak)

k
These visualizations provide insights into the

internal decision-making process of the model,
improving  trustworthiness and  facilitating
debugging.

5. Conclusion

In this work, we proposed a new hybrid deep
learning model based on the approach employing
depthwise separable convolution layers followed by
dense  connectivity and  Grad-CAM-based
localization for effective interpretation of CT image
analysis in CKT dataset. Our proposed model (Al-
NC-CM) addresses important aspects of
computational complexity, feature representation
and the transparency of our model to improve
medical images analysis. Experimental results
showed the proposed architecture significantly
exceeds performance as compared to traditional
CNN, MobileNet, and DenseNet models in all
evaluation metrics with improved accuracy,
precision, recall and Fl-score. The better
performance is a result of not only the improved
feature extractor in FC-DenseNet but also better
propagation of features made possible by dense
connectivity. In addition, Grad-CAM augmentations
provide convincing visual explanations by focusing
on clinically relevant regions thus justifying the real-
life usage of the model in medical applications.
Although the model performs well, it has some
limitations. Limitations include evaluation on only
one dataset and the need for validation on larger and
more diverse medical imaging datasets to investigate
generalizability. Note: While the model performs
very well, it may need further optimization to be
implemented in real-time environments and low-
resource settings. In future work, we will extend the
proposed framework with advanced attention
mechanisms and transformer-based architectures, to
achieve even more efficient feature learning. In
addition, multi-modal data (e.g., clinical report and
imaging data) may significantly improve diagnostic
performance. We will also investigate compressed
model and deployment strategies (e.g. lightweight
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models) to enable real-time clinical use cases. We
believe these innovations would contribute to a
superior generalizability, scalability, and
applicability of the suggested approach in healthcare
imaging areas.
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