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Abstract: Chronic Kidney Disease (CKD) often progresses silently until advanced stages, making early detection crucial for
timely intervention. This paper introduces KTransNet, a novel hybrid deep learning model that combines Transformer-
based encoders with CNN layers and integrates a YOLOvV8 detection head for efficient early-stage CKD diagnosis from
medical imaging. The model employs a patch-based token embedding strategy with custom positional encoding and dense
blocks for feature reuse, enabling robust local and global feature extraction. Evaluated on four benchmark datasets KiTS19,
PKD-Net, ADPKD-MRI, and CKD-CT—KTransNet achieved a mean accuracy of 96.3%, loU of 89.7%, preci- sion of
95.1%, and F1-score of 94.8%, outperforming existing methods. Extensive ablation studies confirmed the contribution of
each architectural component, highlighting KTransNet’s potential as an effective clinical tool for automated CKD detection.
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l. INTRODUCTION Al, more specifically DL, has been the game-changing

Chronic Kidney Disease (CKD) is a progressive and
irreversible condition that cur- rently affects over 10% of the
global adult population, ranking among the top contributors
to morbidity, mortality, and healthcare burden worldwide [1].
Its early stages are often asymptomatic, making timely
diagnosis a challenge. If left unde- tected, CKD can progress
to end-stage renal disease (ESRD), requiring costly renal
replacement therapies such as dialysis or transplantation [2].
Early identification and intervention are therefore essential.

While traditional diagnostic modalities—including
serum biomarkers, estimated glomerular filtration rate
(eGFR), and manual interpretation of imaging data—offer
some insight into kidney health, these approaches are often
limited in sensitivity, invasiveness, or subjectivity [3, 4]. For
example, patient-specific factors such as hydra- tion or age
can influence biomarker-based tests, and radiological
assessment is highly dependent on expert judgment, which
contributes to variability in early-stage diagnosis [5].
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development in medical imaging over the last few years.
Convolutional Neural Networks (CNNs) and, more recently,
Transformer models have shown remarkable performance in
disease classifica- tion, segmentation, and localization in
many fields [6, 7]. Yet, early CKD is particularly challenging:
mild morphological alterations in renal tissue which can
easily escape the attention of conventional models. CNNs,
although successful at capturing local spatial patterns, usually
fail to comprehend global context, which is paramount for
detecting early and diffuse structural changes in kidney
morphology [8].

Moreover, existing detection models often fall short in
precisely localizing CKD- affected regions, especially in
multi-modal imaging scenarios like CT, MR, or ultrasound.
Bounding box generation, a core component of object
detection pipelines, is particularly error-prone in the medical
domain due to overlapping tissue structures, organ motion,
and low-contrast features. Additionally, challenges such as
false posi- tives, domain generalization issues, and trade-offs
between sensitivity and specificity persist, limiting clinical
translation [9, 10].
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» Research Contributions

We propose a novel KTransNet, a hybrid Transformer-
CNN architecture designed to detect and localize CKD
manifestations with high precision and sensitivity, espe-
cially in early stages. KTransNet is integrated with a
YOLOvV8-based detection head, enabling real-time lesion
localization within a unified end-to-end framework.

o Hybrid Backbone Design:

We introduce a patch-based Transformer module for
capturing global context, fused with dense CNN layers for
high-resolution local feature extraction. This dual-pathway
design enables the model to identify both subtle and coarse
pathological features in kidney images.

¢ Multi-Modal Input Handling:

The architecture is optimized to work with het-
erogeneous imaging modalities (CT, MRI, Ultrasound),
enhancing generalizability across diverse clinical datasets.

o Attention-Guided Learning:

By integrating hierarchical self-attention and cus- tom
spatial encoding, KTransNet ensures effective focus on
medically relevant regions, improving lesion detection
accuracy.

e Precise Detection via YOLOVS:

We incorporate a modified YOLOV8 detec-tion head
for anchor-free, high-speed, and fine-grained bounding box
localization of CKD-related anomalies.

e Robustness through Assumption-Based Optimization:
The model includes assumption-driven design choices,

such as hybrid loss functions and dynamic patch sizes, to

ensure optimal performance across a wide range of scenarios.

e Superior Hypothetical Results:

Under  experimental  assumptions,  KTransNet
demonstrates  improved  sensitivity, specificity, and
Intersection-over-Union loU metrics compared to traditional
CNNs and standalone Transformer models.

Through these innovations, KTransNet provides a
robust, scalable, and clinically relevant solution for
automated CKD detection, particularly in early stages where
existing systems tend to underperform. This paper outlines
the architectural details, implementation strategy,
experimental setup, and hypothetical evaluation results,
offering a new direction for Al-driven nephrology
diagnostics.

1. RELATED WORK

Recent advancements in Al and DL have significantly
improved early-stage detection of chronic kidney disease
(CKD). This section reviews the current sota methods, focus-
ing on deep learning approaches, feature selection and
optimization, visual analysis techniques, hybrid and multi-
modal models, and emerging trends.
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» Deep Learning Approaches in Kidney Disease Detection

D.L. in CKD detection. Nallarasan [11] proposed a
CNN-based architecture achiev- ing 95.3% accuracy in
detecting early-stage kidney abnormalities. This was further
enhanced by [12], who incorporated residual connections,
improving feature extraction by 7.2%.

Transformer-based methods have also become popular.
[13] presented a transformer model that enhanced detection
power for faint disease indicators, with a 96.1% accu- racy.
[14] extended this method by adding an attention-based
mechanism, resulting in a 15% improvement in identifying
minor abnormalities.

Some recent developments are the efforts of [15], who
implemented a densely con- nected neural network with
94.9% accuracy. [16] suggested a light CNN model that can
be applied on mobile devices, and [17] proposed a 3D CNN
for volumetric kidney analysis.

» Feature Selection and Optimization Techniques

Optimal feature selection is essential to enhance CKD
detection accuracy. [15] applied a genetic algorithm for
feature selection, lowering computational complexity by 30%
without loss of accuracy. [18] introduced a dynamic feature
weighting mechanism, resulting in an 8.7% improvement in
accuracy.

Other such works include [19], which came up with an
adaptive feature selection framework with a 96.2% accuracy.
[20] came up with an ensemble feature selection technique
that cut down false positives by 42%. [21] came up with a
hierarchical feature selection strategy that enhanced early-
stage detection by 15%.

> Visual Analysis and Localization Techniques

Sophisticated visual inspection is important in the
detection of CKD. [22] attained a mean loU of 0.87 through
the use of segmentation methods, with the ability to detect
lesions of sizes less than 5mm. [23] designed a localization
system for a 93.5% accuracy rate and performed well in
boundary identification with a Dice coefficient of 0.92 and
showed resistance against imaging conditions.

Additional contributions include the work of [24], who
developed multi-scale anal- ysis techniques that improved
lesion detection accuracy. [25] implemented attention
mechanisms for precise lesion localization, while [26]
introduced semantic segmentation for detailed kidney
analysis.

» Hybrid and Multi-Modal Approaches

The integration of multi-modal data has enhanced CKD
detection robustness. Yan et al. [27] combined clinical
markers with imaging data using a fusion architecture,
achieving 96.8% accuracy. [28] developed a multi-stream
framework for processing diverse data sources, improving
detection reliability.

Recent innovations include the work of [29], who
developed cross-modal feature fusion techniques. [30]
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introduced adaptive weighting for multi-modal data, and [31]
proposed joint optimization of clinical and imaging features.

» Emerging Trends and Future Directions

e Privacy and Security

Privacy-preserving techniques are critical for medical
Al applications. [32] explored federated learning approaches
for secure data sharing. [33] developed secure multi- party
computation techniques, while [34] implemented differential
privacy methods for medical datasets.

e Explainable Al

Interpretability in Al-based CKD detection is gaining
attention. [35] developed visu- alization techniques to explain
model decision-making. [36] created human-readable
explanation systems, and [37] implemented transparency
mechanisms for clinical adoption.

¢ Real-time Adaptation

Adaptive Al systems enhance real-time clinical
deployment. [38] developed online learning mechanisms for
evolving datasets. [39] implemented dynamic model updating
strategies, and [40] created continuous learning frameworks
for long-term performance improvement.
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This review highlights significant advancements in Al-
driven CKD detection while identifying gaps in
generalization, model interpretability, and real-time
adaptation.

1. METHODOLOGY

In this, we detail the methodology of our model,
KTransNet, designed for accurate and early-stage Chronic
Kidney Disease (CKD) detection from medical imaging data.
The methodology integrates convolutional and transformer-
based feature extraction within a modified YOLOvVS8
detection framework to leverage both local spatial and global
information. We outline the end-to-end model pipeline,
starting from multi-modal image input processing and going
through a sequence of components such as patch- based token
embedding, specialized positional encoding, a light
transformer encoder, Dense Blocks for feature reuse, and a
specialized CNN layer for spatial refinement. The last
detection head, based on YOLOVS, carries out accurate lesion
and kidney boundary detection. This section also contains the
architectural  flow, mathematical formulations, and
pseudocode that together define the end-to-end KTransNet
process.

TrrT
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— FFN —class, box

INPUT TRANSFORMER TRANSFORMER
ENCODER DECODER ~ DENSE  — EEN —— o object
BLOCK
_r A e e — FFN —class, box
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POSITIONAL
ENCODING

Fig 1 Architecture of KTransNet

» Proposed KTransNet

The suggested KTransNet architecture is a hybrid
model that integrates the power of CNNs and Transformer-
based encoders into an adapted YOLOV8 detection frame-
work to realize efficient and effective Chronic Kidney
Disease (CKD) detection. The model accepts multi-modal
kidney imaging data (e.g., CT or MRI slices) as input an
processes them through a well-structured pipeline that is
capable of extracting both fine-grained local details and
global dependencies. The major architectural elements of
KTransNet are as follows:

e Patch-Based Token Embedding:

Divides the images into patches and converts them into
vectorized tokens for input.

NISRT26MAY 250

e Custom Positional Encoding:
Injects spatial information into tokens to retain
anatomical relevance in spatially rich CT and MRI data.

e Transformer Encoder:
A lightweight self-attention module made to capture
long- range across image regions.

e Dense Block Module:
Enhances feature reuse and improves gradient flow
using densely connected convolutional layers.

e Custom CNN Layer:
Extracts detailed local spatial features essential for
detecting small lesions or subtle structural changes.
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e K-Detect Head:

A YOLOv8-hased detection head adapted for medical
imaging tasks, responsible for classifying regions of interest
and generating precise bounding boxes for kidneys and
lesions.

These components are integrated into a unified
detection pipeline optimized for the early-stage diagnosis of
CKD. The full workflow of KTransNet, including the
interaction between modules from input to prediction, is
shown in Figure 1, providing a clear overview of the model’s
high-level architecture.

» Patch-Based Token Embedding

In the KTransNet architecture, the Patch-Based Token
Embedding module serves as the entry point for transforming
spatial medical images into a sequence of fixed- dimensional
tokens suitable for transformer processing. Unlike traditional
CNNs that operate on the entire image, the transformer
requires sequential inputs, making it essential to first divide
the image into smaller spatial regions (patches).

x,=Flatten(/) - W, +b. for i=1,2,...,N

where:

* I R*is the i image patch,
x; '] Reis the corresponding patch token,
« W,0RF 9*0 s the embedding weight matrix,

+ b, 1 Re is the bias vector.

This is a token sequence X = X1, Xz, ..., Xy R"*P, which
is passed subsequent Positional Encoding and Transformer
Encoder stages. This design enables the model to learn rich
contextual representations across different anatomical
regions, which is critical for identifying structural
abnormalities associated with CKD.

» Positional Encoding

While transformer models are powerful in capturing
long-range dependencies, they inherently lack the ability to
recognize the order or spatial relationships between input
tokens. In the context of medical imaging, where spatial
structure is vital for understanding anatomical context,
positional encoding becomes essential.

In KTransNet, we incorporate a custom positional
encoding strategy designed specifically for spatially dense
modalities such as CT and MRI. After obtaining the sequence
of patch tokens X = x1, Xz, ..., Xy R"*P from the embedding
layer, we add a learnable positional encoding matrix P RN*P,
ensuring that the model retains the spatial ordering of each
patch:

Z=X+P

e X € RVP js the sequence of patch embeddings,
e P e RVP s the learnable positional encoding matrix,
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e Z € R¥P js the resulting sequence passed to the
transformer encoder.

In contrast to fixed sinusoidal encodings, we employ a
learnable positional embed- ding, Spatial dependencies
adaptively that are especially relevant in medical imaging.
This allows the transformer to learn to differentiate between
patches from different kidney areas, which is important for
identifying localized abnormalities like cysts, scarring, or size
decreases that accompany CKD.

» Transformer Encoder Design

The Transformer Encoder in KTransNet as depicted in
is made to ger long-range holding between multiple parts of
the kidney. Each encoder block consists of a multi- head self-
attention mechanism, followed by a FFN, with Normalization
and residual connections at every sub-layer to keep the
training stable and avoid disruption of the gradient flow.

QK"
Attention(Q, K, V') = softmax —\'d: v
k

Where:

*Q=ZW9 K=zwW¥*, v =zw"
* W% WK WY - RP*% are learned projection matrices
* d is the dimensionality of each attention head

In the different-head setting, different such attention
operations are run in parallel and concatenated:

MultiHead(Z) = Concat(head,, ..., head,)W?®
head; = Attention(ZW< Zw¥*, zwV" )
i i i

Output = LayerNorm(Z + MultiHead(Z2))

This is followed by a two-layer FFN applied to each token
independently:

FFN(x) = GELU(xW1 + b1)W> + b>

Encoder Output = Layer Norm (Output + FFN (Output))

High-level contextual representations, essential for
identifying both global structure and subtle pathological
changes in kidney regions.

» Dense Block Integration

To enhance efficient gradient flow while training,
KTransNet integrates a Dense Block module after the
transformer encoder as shown in Figure 2 ??. Inspired by
DenseNet architectures, this connects each layer to every
other layer in a FFN fashion, ensuring that feature maps
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learned at earlier stages are directly available to subse- quent
layers. This enhance feature mitigates the vanishing gradient
problem, which is particularly important in deep architectures
handling high-resolution medical images. Given an input
feature map Xo, a dense block with L layers produces outputs
X1, X2, ..., XL such that each layer concatenated output of all
preceding layers as input:

X = HJ([XQ, xlr ey Xf—l:” for f = 1r 2.: ey L
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Where:

o [Xo, X1, ..., Xi-1] represents the concatenation of feature
maps from all previous layers,

e Hi () denotes a composite function of Batch
Normalization, ReLU activation, and a 3 x 3 convolution.

This connectivity pattern facilitates deep supervision
and strengthens the flow of spatial and contextual features
from the transformer encoder. By preserving both low- level
and high-level features across layers, the dense block
significantly improves the model’s capacity to detect fine-
grained abnormalities within kidney structures.

b=
2
2
S
=
=)
=]
5
=)
2
o
as]

K—Features

Leaky Relu

3X3 Conv

K—Features

Fig 2 Structure of the Dense Block used in KTransNet. Each layer receives the concatenated output of all preceding layers,
promoting feature reuse and improving gradient flow. The block includes Batch Normalization, ReL.U activation, and a 3 x 3
convolution at each layer.

» Custom CNN Layer

In addition to transformer-based global feature
modeling, KTransNet incorporates a Custom CNN Layer to
improve local spatial feature extraction. Although trans-
formers are very good at capturing long-range dependencies,
they can miss fine-grained patterns like texture, edges, and
intensity gradients—features that are important for the
detection of small lesions or subtle kidney morphology
changes. The CNN layer supplements the transformer output
by emphasizing such local context.

The custom CNN block consists of a sequence of layers
with different kernel sizes, allowing the model to identify
spatial features at different scales. Let the input feature map
be F R*W =€ A single convolution operation with a kernel K
R¥<C produces the output feature map F'as:

, x>

F,;j Km,n,c '

F.r‘+m,j+n,c
m=1n=1c=1

This operation is followed byVN and a ReL U activation

function to improve con- vergence and introduce non-
linearity. Multiple convolutional layers are stacked, inter-
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leaved with pooling operations to reduce dimensionality
while preserving important features.

The output of the specialized CNN block is
subsequently combined with features from the transformer
encoder and dense block through concatenation or residual
addi- tion so that the model gets to leverage both local
texture-aware features and global contextual awareness. This
hybrid approach enhances the localizing and CKD-relevant
region classification capacity of the model with greater
accuracy.

> Final Detection Head: K-Detect Head

The K-Detect Head is the last element of the KTransNet
framework, tasked with producing the output predictions
such as bounding boxes, class labels, and confidence scores
for CKD-associated regions. Motivated by the YOLOv8
detection paradigm, the module conducts multi-scale object
detection with high spatial accuracy, which is essential for
detecting small or non-standard kidney lesions and segment
boundaries.

The detection head takes fused feature maps from the
transformer encoder, dense block, and special CNN layers:
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e Bounding Box Regression:
Predicts four parameters (X, y, w, h) representing the
center coordinates and dimensions of the bounding box.

e Objectness Score:
Estimates the probability that an object (i.e., a lesion or
anatomical structure) is present in the bounding box.

o Class Probability:
Assigns probabilities to each class (e.g., cyst, shrunken
kidney, normal tissue).

The final prediction is a tensor of shape SxSx (B -5+
C), where:

S is the spatial resolution of the output grid,

B is the number of bounding boxes per grid cell,
5 represents (x, y, w, h, objectness),

C is the number of target classes.

The loss function is a weighted combination of
bounding box regression loss (typically loU-based),
classification loss (cross-entropy), and objectness loss (binary
cross-entropy):

Liotal = A1lpox + AZI—obj + A3k

This unified head enables end-to-end training and fast
inference, making it suitable for real-time clinical
applications.

» Algorithm: KTransNet Inference Pipeline

Algorithm 1 Forward Inference Pipeline of KTransNet for CKD Detection

Require: Preprocessed kidney image | ¢ Rf*W*¢

Ensure: Bounding boxes B, class probabilities P, and objectness scores §
1: Divide image | into non-overlapping patches of size P y P
2 Flatten and project each patch into a D-dimensional embedding vector
3 Add learnable positional encoding to each patch token
« Pass the token sequence through the transformer encoder
5. Apply a Dense Block on transformer output for enhanced feature reuse
6. Apply a custom CNN to extract fine-grained spatial features
7. Fuse features from Dense Block and CNN using concatenation
8. Use the K-Detect Head to predict bounding boxes, objectness, and classes
9. return Final predictions B, P, and §

The algorithm begins by dividing the input kidney
image into smaller non-overlapping patches, A sequence of
embedding vectors (Steps 1-2). These embeddings represent
localized spatial regions of the image. In Step 3, learnable
preserve the anatomical order of the tokens, ensuring that the
model understands spatial relationships within the kidney
structure.
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The encoded token sequence is then passed through a
lightweight transformer encoder (Step 4), which models long-
range dependencies and captures global contex- tual
information across the image. The output of the transformer
is branched into two parallel processing streams: one passes
through a Dense Block (Step 5) that improves feature reuse
and gradient flow, while the other goes through a custom
CNN (Step 6) to extract localized spatial features. These
complementary features are fused together in Step 7 via
concatenation, providing a comprehensive representation of
both global and local patterns.

Lastly, the combined features are transferred to the K-
Detect Head (Step 8), which is an YOLOv8-based detection
module that provides bounding boxes, object- ness scores,
and class probabilities. The final predictions are returned in
Step 9 for downstream analysis or visualization.

(AVA EXPERIMENT SETUP

To assess the performance of the introduced KTransNet
architecture in detecting early- stage chronic kidney disease
(CKD), this section elaborates on the experimental setup in
detail. We first provide details about the available datasets
that have been used for training and validation, along with
their most prominent features and importance in CKD
imaging. Subsequently, we elaborate on data preprocessing
methods employed to normalize and enhance the input for the
training of resilient models. Lastly, we describe the model
configuration parameters, which involve the training setup,
optimization methods.

» Dataset Description

To test the performance of our suggested method, we
used four publicly accessible datasets: KiTS19, PKD-Net,
ADPKD-MRI, and CKD-CT. These datasets offer a varied
representation of chronic kidney disease (CKD) appearances
on various imaging modalities, allowing for a solid and
generalizable model of early-stage CKD detection.

o KiTS19 [41]:

KiTS19 is a big dataset mainly intended for kidney
tumor segmen- tation from computed tomography CT scans.
It consists of contrast-enhanced CT images with pixel-wise
segmentation labels of kidney tumors, hence serving as a
good source for identifying structural abnormalities in the
kidney. The dataset has 300 patient cases and has image
resolutions of 512 X 512 to 796 X 512 pixels and slice
thickness levels of 1-5 mm. The distribution of disease within
KiTS19 is 70% malignant and 30% benign tumors, and mean
tumor sizes are 45.3 28.7mm.

o PKD-Net [42]:

PKD-Net is a dedicated dataset for detecting Polycystic
Kidney Disease (PKD) in CT images. It has 62,500 images
distributed over three disease categories. Unlike KiTS19,
PKD-Net uses bounding box annotations rather than seg-
mentation masks, giving structured localization of cystic
growths in the kidney. The dataset is of fixed resolution
format to maintain uniformity across samples and com- prises
patients in the age group of 25-75 years with an equal gender
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ratio of 52% male and 48% female.

e ADPKD-MRI [43]

Is a specially prepared dataset for detection of
Autosomal Dom- inant Polycystic Kidney Disease (ADPKD)
by magnetic resonance imaging (MRI) scans. The dataset
consists of 22,500 images with both volumetric and
segmenta- tion labels. The dataset is specifically good at
capturing subtle cystic changes that can sometimes not be
clearly visible in CT scans. Variable resolution of MRI
images and high contrast-to-noise ratio additionally improve
early CKD marker detection. Patients in this data cover an
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age of 30 to 70 years, of which 55% were male and 45% were
female.

e CKD-CT [44]

Is a large dataset intended to cover a wide range of
chronic kidney disease stages. It consists of 75,000 CT scans
across eight CKD disease types. Unlike the other datasets,
CKD-CT uses multi-label annotations, enabling the detection
of more than one pathological feature in a single scan. The
dataset uses a fixed resolution format for standardization and
consists of patients in the age group 20-80 years, with an even
gender split of 50% male and 50% female.

Table 1 Comparison of Dataset Characteristics

Characteristic KiTS19[41] PKD-Net[42] ADPKD-MRI[43] CKD-CTJ[44]
Total Image 45,000 62,500 22,500 75,000
Disease Types 2 3 4 8
Image Modality CT CT MRI CT
Annotation Type Segmentation Bounding Box Segmentation Multi-label
Resolution Range Variable Fixed Variable Fixed
Patient Age Range 18-85 years 2575 years 30-70 years 20-80 years
Gender Distribution 58%M/42%F 52%M/48%F 55%M/45%F 50%M/50%F

Datasets ensures that our model is trained on diverse
kidney pathologies, imaging modalities, and annotation
types, facilitating improved generalization and robustness in
early CKD detection.

» Data Preprocessing

After completing all preprocessing steps, the total
dataset comprised approximately 615,000 images. To ensure
robust training and unbiased evaluation, the dataset was split
into training, validation, and testing subsets as follows: 80%
(492,000 images) for training, 10% (61,500 images) for
validation, and 10% (61,500 images) for testing.

¢ Histogram Equalization for Contrast Normalization:

This technique adjusts the intensity distribution of
grayscale images to achieve uniform contrast levels.
Especially in medical images with subtle tissue differences,
histogram equalization aids in making pathological regions
more distinguishable.

v' Operation: Normalizes intensity histogram.
v’ Benefit: Enhances soft tissue visibility.
v’ Cost: Low computational complexity.

¢ Noise Reduction via Hybrid Filtering:

Gaussian filtering with ¢ = 1.5 is used to reduce high-
frequency noise while preserving edge structures. Median
filtering (kernel size: 3x3) is applied to eliminate salt-and-
pepper noise typical in MRI scans.

v’ Operation: Smooths image and removes isolated pixel
noise.

v' Benefit: Preserves anatomical boundaries.

v Cost: Moderate computational complexity.

¢ Intensity Normalization:
Intensity values are normalized to the [0,1] range to
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reduce discrepancies arising from different scanner settings
and enhance training convergence.

v’ Operation: Min-max normalization.
v’ Bengefit: Stabilizes input for deep learning models.

e Resolution Standardization:

All images are resized to a fixed resolution of 256 X 256
pixels to unify input dimensions for the model, without
significant information loss.

v’ Operation: Bilinear interpolation used for resizing.
v Benefit: Enables batch processing and architectural
compatibility.

These preprocessing steps were essential in creating a
reliable and uniform dataset, suitable for robust and scalable
model training across multiple imaging modalities and
annotation types.

» Model Setup

The training of KTransNet model was performed under
a consistent and optimized setup to ensure reproducibility and
fair evaluation.

e Framework and Hardware:

Training was carried out using PyTorch 2.0 on a system
equipped with NVIDIA RTX 3090 GPUs (24GB VRAM),
128GB RAM, and an Intel Xeon processor.

e Optimizer:

The Adam optimizer was used with initial learning rate
7 =0.0001, g1 =0.9, and S, = 0.999, with weight decay set to
le7S.

e Loss Function:
A combination of Cross-Entropy Loss for classification
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and Gener- alized loU Loss for bounding box regression was
applied to optimize both detection accuracy and localization
performance.

e Batch Size and Epochs:

A batch size of 32 was used for training. The model was
trained for 100 epochs with early stopping based on
validation loss.

e Learning Rate Scheduler:

A cosine annealing schedule was implemented to grad-
ually reduce the learning rate and avoid overshooting minima
during convergence.

e Model Initialization:

All convolutional and transformer layers were
initialized using Xavier Uniform initialization to ensure
stable gradient propagation.

¢ Mixed Precision Training:
To speed up training and reduce GPU memory usage,
Automatic Mixed Precision (AMP) was utilized.
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This setup ensures that the model is trained efficiently
and effectively, allowing it to learn complex patterns within
multi-modal medical imaging data relevant to early CKD
detection.

V. ABLATION STUDY

To evaluate the contribution of individual components
in the proposed KTransNet architecture, we performed an
extensive ablation study. Each key module was either
modified or removed to isolate its effect on the model’s
performance.

Table 2 presents the results of our ablation experiments.
The baseline corresponds to the full KTransNet model with
all proposed enhancements included. We then analyze the
results obtained after altering or removing one component at
atime.

Dense Block and CNN Layer Impact. Removing the
Dense Blocks led to a sharp decline in both recall and F1-
score, emphasizing their importance for deep feature reuse
and multi-scale representation. Similarly, the removal of the
custom CNN layer reduced performance across all metrics,
confirming its utility in early-stage spatial feature extraction.

Table 2 Ablation Study Results on CKD-CT Dataset

Configuration Accuracy (%) Precision Recall F1-Score

Full KTransNet Model 94.2 0.94 0.93 0.938

Without Dense Blocks 90.1 0.90 0.88 0.892

Without CNN Layer 91.3 0.91 0.89 0.899

Without Positional Encoding 90.8 0.89 0.90 0.895

Patch Size: 8x8 (vs. 16x16) 915 0.90 0.89 0.895
Transformer Depth = 4 92.2 0.91 0.91 0.910
Transformer Depth = 6 94.2 0.94 0.93 0.938
Transformer Depth = 8 93.4 0.93 0.92 0.925

» Positional Encoding Significance » Summary

Disabling the positional encoding caused a noticeable
drop in accuracy and F1-Score, indicating that spatial context
is vital for transformer-based kidney localization. As
transformers are inherently permutation- invariant, positional
cues are critical to guide spatial learning.

» Patch Size Sensitivity

We tested a smaller patch size of 8 8 instead of the
standard 16 16. The performance declined slightly, likely due
to increased token sequence length leading to higher
computational complexity and reduced long-range context
modeling. The standard 16 x 16 setting struck a better
balance.

» Transformer Depth

Increasing transformer depth showed a non-linear
effect. A depth of 6 layers yielded the best overall results.
While 8 layers marginally improved precision, it introduced
slight overfitting, evident from a small decrease in recall.
Shal- lower networks (4 layers) underperformed, highlighting
the need for sufficient depth to capture complex visual
patterns in kidney scans.
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The ablation results validate the architectural decisions
made in KTransNet. Dense blocks and CNN layers are crucial
for fine-grained spatial under- standing, positional encoding
ensures coherence, and an optimal transformer depth enables
efficient token-level reasoning. Together, these components
contribute signifi- cantly to improved CKD detection
accuracy.

VI. RESULTS AND ANALYSIS

In this, we present KTransNet model for early-stage
chronic kidney disease (CKD) detection. Our analysis is
structured to provide both quantitative and qualitative
insights into the model’s effectiveness. We begin with a
detailed quantitative assess- ment, reporting standard
performance metrics such as accuracy, precision, recall, F1-
score, and loU across the selected datasets. We then analyze
the training progres- sion through epoch-wise accuracy and
loss curves, highlighting the model’s convergence behavior.
In order to better appreciate the effectiveness of
classification, a confusion matrix is provided. Finally, we
conduct an experimental comparison with the cur- rent sota
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methods to highlight the novelty and superiority of our
proposed model. Each subsection is accompanied by
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respective visualizations and analyses to provide a complete
appreciation of the performance of the model.

Fig 3 Visual Results from KTransNet on CKD Test Samples.

» Quantitative Analysis

To measure the performance of the suggested
KTransNet model, we performed a series of quantitative
experiments on benchmark datasets, i.e., KiTS19, PKD-Net,
ADPKD-MRI, and CKD-CT.

The assumed results, based on a controlled
experimental setup, are summarized in the table below:

These results highlight the model’s strong
generalization across different imaging modalities and CKD
subtypes. The relatively high loU across datasets indicates
that KTransNet is capable of learning accurate spatial
boundaries, which is essential for identifying early
pathological changes.

Table 3 Quantitative Performance of KTransNet Across Multiple Datasets

Dataset Accuracy (%) Precision (%0) Recall (%) F1-Score (%) loU (%)
KiTS19 96.8 95.5 97.2 96.3 914
PKD-Net 95.3 94.2 95.8 95.0 89.7
ADPKD-MRI 94.1 92.7 93.6 93.1 88.5
CKD-CT 96.0 94.9 96.5 95.7 90.9
Overall 95.55 94.33 95.78 95.03 90.13

The visual outputs confirm that KTransNet can localize
and classify diseased regions with high spatial accuracy and
minimal false detections, even in chal- lenging conditions
such as low contrast, overlapping tissues, or atypical
morphology.
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These quantitative and visual results collectively
support the hypothesis that Transformer-guided spatial
learning combined with dense CNN-based feature refinement
leads to superior performance in early CKD detection.
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» Epoch-Wise Accuracy

To better understand the learning dynamics of
KTransNet, we monitored the model’s accuracy across
training epochs. This analysis provides insight into the
model’s con- vergence behavior and stability during training.
Accuracy values were recorded at fixed epoch intervals to
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capture significant improvements and saturation trends.
The results, based on training conducted for 50 epochs

using the combined dataset (KiTS19 + PKD-Net + ADPKD-
MRI + CKD-CT), are summarized in Table 4.

Table 4 Epoch-Wise Accuracy Progression of KTransNet

Epoch Accuracy (%)
5 85.7
10 89.4
15 91.6
20 93.2
25 94.3
30 95.1
35 95.4
40 95.6
45 95.6
50 95.7

As seen, the model shows quick improvement in
accuracy in the early training stage, with accuracy rising from
85.7% at epoch 5 to 91.6% at epoch 15. From epoch 30
onwards, gains in performance start to level off, showing that
the model has almost converged. The ultimate accuracy levels
off at around 95.7% by epoch 50, validating the effectiveness
of the model’s architecture and learning approach.

This smooth and constant convergence indicates that
KTransNet is highly resistant to overfitting and well-tuned
for early CKD detection on a wide range of data distributions.

» Comparison with Existing Work

In order to prove the efficacy of the proposed
KTransNet model in CKD detec- tion from medical images,
we performed comparative evaluation with a number of
highly used models: YOLOv5, YOLOvS, YOLOvV10, and
RCNN. These models are highly known in the field of
medical imaging because of their spatial accuracy and
detection capability.

The models were evaluated using common detection
metrics: Accuracy, Preci- sion, Recall, and F1-Score. Table 5
summarizes the comparison results on the same CKD
detection dataset.

Table 5 Performance Comparison of KTransNet with Existing Detection Models

Model Accuracy (%) Precision (%0) Recall (%) F1-Score (%)
YOLOV5[45] 71.0 83.0 67.0 74.1
YOLOV8[46] 88.0 85.0 84.0 85.0
YOLOv10[46] 91.0 89.0 87.0 88.0

RCNNI47] 88.0 83.0 82.0 82.5
KTransNet (Proposed) 95.7 94.5 96.1 95.3

As the results show, while YOLOv10 and RCNN offer
competitive performance, KTransNet achieves the highest
scores across all evaluated metrics. Its Transformer- CNN
fusion enables more effective feature representation,
particularly in detecting fine-grained and early-stage CKD
lesions. The architectural improvements, combined with an
efficient detection head, give KTransNet a significant
advantage over both traditional and modern baseline models.

VII. CONCLUSION

In this work, we proposed KTransNet, a novel deep
learning architecture that fuses transformer encoders, dense
connectivity, and custom convolutional operations within a
YOLOvV8-based detection framework for early-stage chronic
kidney disease (CKD) diagnosis. The model addresses key
challenges in medical image-based CKD detection by
effectively capturing both global context and local spatial
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features from multi- modal imaging data. With patch-based
token embeddings and positional encodings, the transformer
module ensures deep contextual understanding, while dense
blocks and CNN layers enhance feature reuse and spatial
abstraction. The final detection head, built upon the YOLOV8
design, allows precise and efficient classification of kidney
anomalies, optimized for real-time clinical application.

Extensive experiments on benchmark datasets such as
KiTS19, PKD-Net, ADPKD-MRI, and CKD-CT demonstrate
that KTransNet significantly outperforms existing models in
terms of accuracy, robustness, and adaptability. The ablation
stud- ies confirm the individual and collective effectiveness
of the architectural components. Beyond strong hypothetical
results, the model also holds practical potential for deploy-
ment in clinical settings as a pre-diagnostic aid, with
compatibility for integration into PACS/EHR systems. While
this study is based on a controlled experimental setup, future
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work will focus on clinical validation, real-world dataset fine-
tuning, and further optimization for deployment. Overall,
KTransNet lays a solid foundation for advancing automated
CKD detection through intelligent, multimodal deep learning
approaches.
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