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Abstract:

Introduction: Kidney diseases remain a major global health challenge, and computed tomography (CT) provides detailed
renal imaging that supports accurate diagnosis. Although data augmentation is commonly used to improve deep learning
performance on limited medical datasets, the effects of different augmentation strategies on image characteristics and model
learning behavior remain insufficiently understood. Method: This study evaluated spatial, intensity, and hybrid
augmentation for kidney CT image classification using a custom CNN, MobileNetV2, and EfficientNet-B0. A public
dataset containing 12,446 CT images across Normal, Cyst, Tumor, and Stone classes was partitioned using stratified
sampling into training, validation, and test sets. Four scenarios—baseline, spatial, intensity, and hybrid augmentation—
were evaluated across three independent random seeds using accuracy, precision, recall, F1-score, and AUC. Results and
Discussion: The baseline achieved mean accuracies of 99.96%, 98.32%, and 94.06% for CNN, MobileNetV2, and
EfficientNet-BO, respectively. Intensity augmentation slightly improved CNN accuracy to 99.99% and consistently
produced smaller performance degradation and more stable convergence than spatial and hybrid augmentation. Spatial and
hybrid transformations generally reduced classification performance, indicating that excessive geometric changes may
disrupt diagnostically relevant anatomical features. Conclusion: Baseline training provided the best overall performance,
while intensity augmentation was the most effective augmentation strategy, demonstrating that preserving anatomically
meaningful image characteristics is more important than indiscriminately increasing data diversity.

Keywords: Kidney CT Images; Data Augmentation; Intensity Augmentation; Deep Learning; Medical Image
Classification; Learning Behavior Analysis.

Dataset link: https://www.kaggle.com/datasets/nazmul0087/ct-kidney-dataset-normal-cyst-tumor-and-stone

1. Introduction

Kidney diseases remain a major global health concern, affecting millions of individuals worldwide and
contributing significantly to morbidity, mortality, and healthcare costs [1]. Early diagnosis is essential for preventing
disease progression and improving patient outcomes [2]. Among various diagnostic imaging modalities, Computed
Tomography (CT) has become an important clinical tool due to its ability to provide detailed anatomical information
and high-resolution visualization of renal structures. Consequently, CT imaging plays a crucial role in supporting the
diagnosis and assessment of kidney-related abnormalities [3].

Recent advances in deep learning have significantly transformed medical image analysis by enabling the automatic
extraction of complex features from imaging data [4]. Architectures such as Convolutional Neural Networks (CNN),
MobileNetV2, and EfficientNet-BO have been widely adopted for medical image classification due to their strong
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representation learning capabilities [5], [6]. While CNN serves as a fundamental architecture for hierarchical feature
extraction, MobileNetVV2 emphasizes computational efficiency through depth wise separable convolutions, and
EfficientNet-BO improves performance through compound scaling of network dimensions. These architectural
differences may influence how each model responds to variations introduced during training.

Despite their success, deep learning models require large and diverse datasets to achieve robust performance [7].
However, obtaining extensive annotated medical imaging datasets remains challenging because of privacy concerns,
annotation costs, and the need for expert interpretation [8]. As a result, limited data availability often increases the
risk of overfitting and reduces model generalizability, particularly in kidney CT image classification where anatomical
and pathological variations can be substantial [9].

To address this issue, data augmentation has become a widely adopted strategy for increasing dataset diversity
without acquiring additional data [10]. Among the most common approaches are spatial augmentation, which applies
geometric transformations such as rotation and flipping, and intensity augmentation, which modifies image properties
such as brightness, contrast, and noise levels [11]. Hybrid augmentation combines both approaches to enhance
geometric and photometric diversity simultaneously [12]. These techniques can improve model robustness by
exposing networks to a wider range of image variations during training.

Data augmentation is widely used to enhance the performance of deep learning models in medical image
classification [13]. However, most existing studies focus primarily on predictive performance, offering limited
analysis of how different augmentation strategies alter image characteristics and influence the learning behavior of
various deep learning architectures [14]. Furthermore, comparative studies examining spatial, intensity-based, and
hybrid augmentation across multiple architectures are limited. As a result, there is an incomplete understanding of
how these augmentation strategies affect kidney CT image characteristics and classification outcomes. Unlike
previous medical image augmentation studies that primarily evaluate classification accuracy using a single
augmentation strategy or architecture, this study systematically compares baseline, spatial, intensity, and hybrid
augmentation on kidney CT images while analyzing their influence on learning behavior across CNN, MobileNetV2,
and EfficientNet-BO under identical experimental settings.

This research addresses this gap by systematically investigating the effects of online augmentation strategies on
kidney CT image classification. The study evaluates spatial, intensity, and hybrid augmentation and examines their
impact on the classification performance of CNN, MobileNetV2, and EfficientNet-B0. Beyond comparing predictive
performance, this research analyzes architecture-specific learning behavior, including convergence patterns and
generalization characteristics, to provide a deeper understanding of how different augmentation strategies influence
feature learning in kidney CT image classification. The scope of this study is limited to kidney CT image classification
using three deep learning architectures and three categories of online augmentation strategies. Therefore, the findings
may not be directly generalized to other imaging modalities, disease domains, augmentation techniques, or neural
network architectures beyond those considered in this research.

2. Method

This study investigates the impact of various data augmentation strategies on the classification performance of
deep learning models for kidney CT scan images. The experimental workflow comprises five main stages: dataset
acquisition, image preprocessing, data augmentation, model development, and performance evaluation. Three
classification architectures, a custom CNN, MobileNetV2, and EfficientNetBO, were utilized to assess the
effectiveness of spatial, intensity, and hybrid augmentation approaches. All experiments were performed in the Kaggle
computational environment, which offers cloud-based resources including two NVIDIA Tesla T4 GPUs (32 GB total
VRAM), 4-core CPU, and 29 GB RAM. This hardware configuration facilitated efficient training and evaluation of
multiple deep learning scenarios under consistent computational conditions [15]. The overall research workflow is
depicted in Figure 1.
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Figure 1. Research Workflow Diagram
Dataset

This study utilizes the CT Kidney Dataset: Normal, Cyst, Tumor, and Stone, which is publicly available on the
Kaggle platform. The dataset contains kidney CT images collected from the PACS (Picture Archiving and
Communication System) of several hospitals in Dhaka, Bangladesh. The images were annotated by medical experts
into four diagnostic categories: Normal, Cyst, Tumor, and Stone. Originally stored in DICOM format, all scans
underwent anonymization to remove patient-identifiable information and were subsequently converted to JPG format
through a lossless conversion process. The image labels were further verified by radiologists and medical technologists
to ensure annotation reliability. The dataset is distributed under the Data files © Original Authors license, allowing its
use for academic and research purposes with appropriate attribution to the original creators. However, the dataset does
not provide patient identifiers or examination metadata. Consequently, patient-wise data partitioning cannot be
performed, making it impossible to verify whether images from the same patient are distributed across different data
subsets.

Figure 2. Representative CT scan images of the four kidney condition classes: (a) Normal, (b) Cyst, (c) Tumor, and
(d) Stone.

Figure 2 presents representative CT scan images from the four diagnostic categories, namely (a) Normal, (b) Cyst,
(c) Tumor, and (d) Stone. The dataset comprises 12,446 images, including 5,077 Normal images (40.79%), 3,709 Cyst
images (29.80%), 2,283 Tumor images (18.34%), and 1,377 Stone images (11.07%). The class distribution is
moderately imbalanced, with the Stone category containing the fewest samples. To minimize the risk of data leakage,
the dataset was examined for duplicate and visually apparent near-duplicate images before model development. No
obvious duplicate images were identified during this inspection. Nevertheless, because patient identifiers are
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unavailable, potential patient overlap cannot be completely ruled out. Despite this limitation, the dataset provides
sufficient image diversity and sample size to support the development and evaluation of automated kidney disease
classification models.

Experimental Design

A standardized experimental protocol was adopted to ensure a consistent and reliable comparison of augmentation
strategies across all deep learning models [16]. The protocol defines the dataset partitioning, repeated experimental
runs, and evaluation procedure used throughout this study.

The dataset was partitioned into training, validation, and testing subsets using an overall ratio of 60:20:20 through
a two-stage stratified sampling procedure. First, the dataset was divided into 80% training-validation and 20% testing
subsets using stratified sampling to preserve the original class distribution. Subsequently, the training-validation
subset was further divided into 75% training and 25% validation, again using stratified sampling. This procedure
resulted in approximately 60% training, 20% validation, and 20% testing while maintaining class balance across all
subsets. The class distribution before and after the two-stage stratified data partitioning is summarized in Table 1,
confirming that the original class proportions were maintained across all data subsets.

Table 1. Class Distribution Across the Training, Validation, And Testing Sets

Class Original Train Validation Test
Normal 5077 3046 1015 1016
Cyst 3709 2225 742 742
Tumor 2283 1369 457 457
Stone 1377 827 275 275
Total 12446 7467 2489 2490

To improve the reliability of the experimental results, each experimental scenario was repeated three independent
times using different random seeds (1, 42, and 123). For each run, the complete pipeline-including dataset partitioning,
model training, and performance evaluation-was executed independently under identical experimental settings.

For a fair comparison, all augmentation strategies (Baseline, Spatial, Intensity, and Hybrid) were evaluated using
the same dataset partitions, optimizer, learning rate, batch size, number of training epochs, and evaluation metrics
across the CNN, MobileNetV2, and EfficientNetB0O architectures. Model performance was evaluated exclusively on
the held-out test set using Accuracy, Precision, Recall, F1-score, and Area Under the ROC Curve (AUC). All
quantitative results are reported as mean * standard deviation (Mean £ SD) across the three independent runs.

Preprocessing

The preprocessing stage was performed to standardize the kidney CT images before model training. This stage
consisted of two main steps: image resizing and pixel normalization. First, all CT images were resized to 224 x 224
pixels in order to produce a uniform input dimension for the deep learning model. Standardizing the image size is
essential because the original dataset may contain images with different spatial resolutions, while the model requires
a fixed input shape. By resizing all images to the same dimensions, the learning process can be performed more
consistently and efficiently.

After resizing, the pixel values of all images were normalized to the range [0, 1] by dividing each pixel intensity
value by 255. This normalization step was applied to the entire dataset to reduce the scale of the input values and
improve numerical stability during model training. In addition, normalization helps the optimization process converge
more effectively by preventing large variations in pixel intensity values across images [17]. As a result, the model can
learn image features more efficiently and achieve more stable performance during training and evaluation.
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Augmentation

Data augmentation was employed to investigate the influence of different image transformation strategies on
kidney CT image classification performance. In medical image analysis, augmentation is widely adopted to increase
data diversity, reduce overfitting, and improve the generalization capability of deep learning models. Nevertheless,
because CT images contain clinically important anatomical structures, inappropriate image transformations may alter
discriminative visual characteristics and adversely affect classification performance. Therefore, this study evaluated
three augmentation strategies, namely spatial augmentation, intensity augmentation, and hybrid augmentation [18].

Spatial augmentation performs geometric transformations that modify the spatial arrangement of image content
while preserving the corresponding class label. In contrast, intensity augmentation applies pixel-level manipulations
without changing the anatomical structure of the image. Hybrid augmentation combines both approaches within a
single augmentation pipeline to generate more diverse training samples by simultaneously introducing geometric and
intensity variations [19]. The implementation details and parameter settings of each augmentation strategy are
summarized in Table 2.

Table 2. Augmentation Strategies Implemented in This Study

Strategy Transformation Parameter
Random Rotation +15°
. Random Flip Horizontal
Spatial - - - -
Random Translation Horizontal and vertical shift £8%
Random Zoom Zoom range £10%
Random Brightness max_delta = 0.15
) Random Contrast 0.80t0 1.20
Intensity X
Gamma Adjustment vy=10.80t01.20
Gaussian Noise p=0.0,6=0.02
Hybrid Spatial + Intensity Combination of all transformations

As summarized in Table 2, spatial augmentation was implemented using a Keras Sequential preprocessing pipeline
consisting of Random Rotation, Random Flip, Random Translation, and Random Zoom layers. Random Rotation
rotated each image within £15°, whereas Random Flip performed horizontal image flipping. In addition, Random
Translation shifted the image horizontally and vertically by up to +8%, while Random Zoom applied scaling variations
within £10%. These geometric transformations were intended to simulate variations in object orientation, position,
and scale that may occur during CT image acquisition without altering the semantic class of the image.

Intensity augmentation focused on pixel-level transformations while preserving the anatomical structure of kidney
CT images. This strategy employed TensorFlow image processing functions, including random brightness adjustment
with a maximum delta of 0.15, random contrast adjustment within the range of 0.80 to 1.20, random gamma correction
using gamma values between 0.80 and 1.20, and Gaussian noise injection with a mean of 0.0 and a standard deviation
of 0.02. Following these operations, pixel values were clipped to the normalized interval of [0.0, 1.0] to maintain
numerical stability and ensure consistent input distributions during model training.

Hybrid augmentation integrated both spatial and intensity transformations into a unified augmentation pipeline. In
this strategy, geometric transformations were first applied to modify the spatial characteristics of the image, followed
by pixel-level intensity manipulations to generate additional appearance variations. By combining these two
transformation categories, hybrid augmentation produced training samples with simultaneous geometric and intensity
changes, thereby providing greater data diversity than either augmentation strategy individually.
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Figure 3. Examples of augmented images.

To improve computational efficiency and avoid permanently increasing dataset size, all augmentation strategies
were implemented using an online augmentation scheme within the TensorFlow data pipeline. Rather than generating
augmented images prior to training, image transformations were applied dynamically during each training iteration,
allowing different augmented versions of the same image to be created across multiple epochs [20]. The online
augmentation pipeline was integrated into the TensorFlow tf.data workflow through a custom dataset construction
function. Meanwhile, the validation and testing datasets were directly batched and prefetched without passing through
the augmentation functions. Consequently, all model evaluations were performed using the original, non-augmented
images, ensuring an unbiased comparison of classification performance while preserving the consistency of the
experimental protocol across CNN, MobileNetV2, and EfficientNetBO.

Model Architecture

This study employed three deep learning architectures for kidney CT image classification, namely a custom CNN,
MobileNetV2, and EfficientNetB0. All models received input images of size 224 x 224 x 3, where the original CT
images were converted into three-channel format to match the input requirements of the architectures. The use of these
three models was intended to compare the performance of a simple custom CNN with two transfer learning
architectures that have been widely adopted in image classification tasks. A summary of the architectural configuration
of each model is presented in Table 2.

The first model was a custom CNN designed specifically for this study. The architecture consisted of two
convolutional blocks followed by a classification layer. The first convolutional layer used 28 filters witha 3 x 3 kernel
and was followed by a ReL U activation and max-pooling operation. The second convolutional layer applied 64 filters
with the same 3 x 3 kernel, followed by ReLU and max-pooling. The resulting feature maps were then flattened and
directly connected to a Dense layer with four output neurons and a softmax activation function. No Batch
Normalization or Dropout layers were incorporated because the model was intentionally designed as a simple baseline
architecture to evaluate the effectiveness of the proposed augmentation strategies without additional regularization
mechanisms. This architecture represents a relatively simple baseline model that learns visual features directly from
the kidney CT images without relying on pretrained feature representations. The high baseline performance obtained
by this architecture is further discussed in the Discussion section in relation to the characteristics and complexity of
the dataset as well as the study limitations.

The second model was MobileNetV2, which utilized pretrained ImageNet weights. In this model, the
MobileNetV2 backbone was used as a fixed feature extractor by freezing the base model during training. The original
top classification layers were removed by setting include_top=False, and the extracted feature maps were processed
using a GlobalAveragePooling2D layer. The resulting feature vector was then connected to a Dense layer with four
output neurons and softmax activation. The backbone was intentionally kept frozen to ensure that all experimental
scenarios were evaluated under the same feature extraction setting, allowing the comparison to focus on the impact of
the proposed augmentation methods rather than differences introduced by backbone fine-tuning. In addition, freezing
the pretrained backbone reduces the number of trainable parameters and lowers the risk of overfitting when training
on a relatively limited medical imaging dataset. Compared with the custom CNN, MobileNetV2 is a more efficient
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architecture because it employs depthwise separable convolutions and inverted residual blocks, which reduce
computational complexity while maintaining effective feature extraction capability [21].

The third model was EfficientNetB0, which also used pretrained ImageNet weights and a frozen backbone during
training. In this study, EfficientNetBO was implemented through a TF Hub KerasLayer backbone, which internally
performs Global Average Pooling and produces a 1280-dimensional feature vector. Similar to MobileNetV2, the
backbone was not fine-tuned so that all augmentation scenarios could be evaluated using an identical pretrained feature
extractor, thereby providing a fair comparison across architectures while reducing the risk of overfitting caused by the
relatively small number of trainable medical images. To improve regularization before classification, a Dropout layer
with a rate of 0.5 was added, followed by a Dense layer with four output neurons and softmax activation. In contrast
to MobileNetV2, EfficientNetBO includes dropout in its classification head to reduce overfitting. In terms of
architectural concept, EfficientNetBO differs from the other two models by using a compound scaling strategy, which
balances network depth, width, and input resolution to achieve efficient performance [21].

To ensure a fair comparison, all scenarios across the three architectures were trained using the same
hyperparameter settings. The training process employed the Adam optimizer with a learning rate of 1 x 10™*, a batch
size of 32, and 50 epochs for all experimental scenarios. These settings were consistently maintained across the custom
CNN, MobileNetV2, and EfficientNetBO so that differences in augmentation performance could be attributed
primarily to the characteristics of the model architectures, rather than variations in training configurations.

Table 3. Summary of Model Architectures and Hyperparameter Settings Used in This Study

Input

Model Size Main Architecture Classification Head Hyperparameters
optimizer = Adam,
204x024x Conv2D (28, 3x3) + ReLU + Dense learning rate = 1 x

CNN MaxPooling; Conv2D (64, 3x3) +

3 1074, batch size = 32,
ReLU + MaxPooling; Flatten

epochs =50 all
scenario
optimizer = Adam,
learning rate = 1 x

(4, Softmax)

Backbone with pretrained ImageNet

. 224x224x% . - _ GlobalAveragePooling2 " .
MobileNetV2 3 weights, include_top=False, base model D + Dense(4, Softmax) 10 ,batch_s1ze =32,
frozen epochs =50 all
scenario

optimizer = Adam,
learning rate = 1 x
107*, batch size = 32,
epochs =50 all
scenario

Backbone with pretrained ImageNet
weights, internal Global Average
Pooling

EfficientNetB  224x224x
0 3

Dropout(0.5)
+ Dense(4, Softmax)

Performance Evaluation

Model performance was evaluated using five classification metrics: accuracy, precision, recall, F1-score, and Area
Under the Curve (AUC). The final performance of each model is reported as the mean + standard deviation (Mean +
SD) across the three independent experimental runs. All metrics are calculated based on the values in the confusion
matrix, which consists of True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). The
mathematical formulations of accuracy, precision, recall, and F1-score are presented in Equations (1)-(4).

P ~ TP + TN
CUTacY = TP ¥ TN + FP + FN 1)
procision — T
recision = TP T 7P (2)
Recall = —
A= TP Y N (3)

F1 5 x Precision X Recall
— score = _
Precision + Recall (4)

Accuracy measures the proportion of correctly classified samples among all observations and provides an overall
assessment of classification performance, as shown in Equation (1). Precision, defined in Equation (2), quantifies the
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proportion of positive predictions that are actually correct, reflecting the model's ability to minimize false positive
errors. Recall, presented in Equation (3), measures the proportion of actual positive samples that are successfully
identified by the model and indicates its capability to reduce false negative errors. Meanwhile, the F1-score in Equation
(4) represents the harmonic mean of precision and recall, providing a balanced evaluation when both metrics are
equally important, particularly in classification tasks where class distributions may be uneven [22].

In addition, this study employs the Area Under the Receiver Operating Characteristic Curve (AUC) to evaluate
the model's ability to distinguish between classes across different classification thresholds. An AUC value close to 1
indicates excellent discriminative capability, whereas an AUC value near 0.5 indicates performance comparable to
random guessing [23]. Beyond classification metrics, learning curve analysis was performed to assess the training
dynamics and generalization behavior of each model throughout the training process. A model is considered to exhibit
good generalization when the training and validation curves converge with a small performance gap while maintaining
stable loss reduction [24]. Therefore, learning curve analysis complements the quantitative evaluation metrics by
providing a deeper understanding of how different augmentation strategies influence the learning behavior of the
model.

3. Result and Discussion

This section examines the effects of various augmentation strategies on kidney CT-scan classification performance
using CNN, MobileNetV2, and EfficientNetB0 architectures. The analysis encompasses overall performance
comparisons, evaluations of learning behavior through accuracy-loss curves, and assessments of confusion matrices
to identify class-level prediction patterns. The findings offer insights into the appropriateness of each augmentation
strategy for medical image classification tasks.

Overall Performance Comparison

Table 4 and Figure 4 present a comparison of the performance of CNN, MobileNetV2, and EfficientNetB0 under
baseline, spatial, intensity, and hybrid augmentation settings. The findings indicate that intensity augmentation
maintained model performance more effectively than spatial or hybrid augmentation. However, the baseline scenario
consistently yielded the highest performance across all evaluated architectures.

Table 4. Overall Performance of All Experimental Scenarios Mean + SD

Model Method Accuracy (%) Precision Recall F1-Score AUC Score
CNN Baseline ~ 99.96+0.04  0.9996+0.0004 0.9996 +0.0004 0.9996 + 0.0004 1.0+0.0
CNN Spatial 86.37+3.29  0.8871+0.0155 0.8637 £0.0329 0.8637+0.0283 0.9777 +0.0035
CNN Intensity ~ 99.99+0.02  0.9999 +0.0002 0.9999 +0.0002 0.9999 +0.0002  0.9999 0.0
CNN Hybrid 7062+1.78  0.8053+0.0117 0.7062 £0.0178 0.6849 +0.0073  0.9432 +0.0019
MobileNetV2  Baseline ~ 98.32+0.06  0.9833+0.0006 0.9832 +0.0006 0.9832 +0.0006 0.9993 +0.0002
MobileNetV2  Spatial 71.94+203  0.7979+0.0109 0.7194+0.0203 0.7199 +0.0207  0.9477 +0.0037
MobileNetV2  Intensity ~ 91.86+0.44  0.9198+0.0042 0.9186+0.0044 0.9180 +0.0044 0.9912 +0.0002
MobileNetV2  Hybrid 82.28+0.3 0.8246+0.002  0.8228 +0.003  0.8137 £0.0037 0.9581 % 0.0049
Efﬁ“e(;“NetB Baseline ~ 94.06+0.58  0.9423+0.0063 0.9406 +0.0058 0.9379+0.0061 0.9935 + 0.0005
Efﬁc‘e(;“NetB Spatial 74.83+2.22  0.8035+0.0128 0.7483+0.0222 0.7500 +0.0201  0.9565 + 0.0009
Efﬁ“e(;“NetB Intensity ~ 86.64+0.19  0.8663+0.0018 0.8664 +0.0019 0.8650+0.0021 0.9772 +0.0013
FRAERNED  Hybrid 79.69 + 0.8 v 0.7969+0.008  0.8007 +0.0067  0.9533 + 0.001
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Accuracy Comparison Across Augmentation Strategies (Mean + Std Dev)
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Figure 4. Accuracy Comparison Across Augmentation Strategies (Mean + Std Dev).

Based on Table 4 and Figure 4, it is observed that the effect of augmentation strategies on model accuracy is not
uniform but depends on the architecture used. Across all models, the baseline scenario yielded the highest accuracy
compared to other augmentation methods. This outcome will be consistently referred to as the "baseline accuracy”
throughout the remainder of this section. The CNN achieved an accuracy of 99.96%, followed by MobileNetV2 at
98.32% and Efficient NetBO at 94.06%. These values will serve as the primary reference point in subsequent
discussions. This result indicates that the original data already optimally represents class characteristics, meaning that
applying transformations to the training data does not always improve the model's classification performance.

The application of spatial augmentation is correlated with a consistent decline in performance across all tested
architectures, contrary to the general expectation that data diversification enhances a model's generalization
capabilities. The most substantial drop in accuracy occurred in the CNN, decreasing from 99.96% to 86.37%, followed
by MobileNetV2 from 98.32% to 71.94%, and Efficient NetBO from 94.06% to 74.83%. Equivalent degradation was
also observed in precision, recall, and F1-score values. Nevertheless, the AUC values of the three models remained
within the range of 0.9477-0.9777, indicating that the ability to distinguish between classes was maintained across
various decision thresholds, even though the rate of label prediction errors increased significantly.

In contrast to the degradation profile exhibited by spatial augmentation, intensity augmentation demonstrated far
superior performance stability and maintained classification accuracy at a competitive level across all architectures.
For the CNN, applying this method yielded an accuracy of 99.99%, with precision, recall, and F1-score values each
reaching 0.9999, while the AUC was 0.9999-just 0.01% below the baseline scenario. MobileNetV2 and Efficient
NetBO0 also demonstrated comparative advantages over other augmentation methods, achieving accuracies of 91.86%
and 86.64%, respectively.

Among all augmentation strategies evaluated, hybrid augmentation-which simultaneously applies spatial and
intensity transformations-consistently exhibited the poorest performance across most experimental conditions. The
largest relative decline was observed in the CNN architecture, with accuracy falling to 70.62% and the corresponding
Fl-score dropping to 0.6849, marking the lowest value recorded throughout the entire experimental series.
MobileNetV2 and Efficient NetBO recorded accuracies of 82.28% and 79.69%, respectively. Both models still fell
short of the results achieved in the intensity augmentation scenario, despite maintaining AUC values within the range
0f0.9432-0.9581.

From a cross-architecture comparison perspective, CNN demonstrated the highest resilience to intensity
augmentation, as evidenced by an accuracy retention of 99.99% and an AUC of 0.9999. Conversely, the two transfer-
learning-based models-MobileNetV2 and EfficientNetB0-exhibited greater sensitivity to all tested augmentation
scenarios. Nevertheless, the AUC values for both models remained above the 0.94 threshold across all methods,
confirming that their basic discriminative capabilities were preserved despite a decline in classification accuracy.
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Overall, these findings indicate that intensity augmentation was the most effective augmentation strategy for
preserving classification performance across the evaluated models, although it did not consistently outperform the
baseline scenario. Meanwhile, spatial and hybrid augmentation proved counterproductive, as they have the potential
to obscure the visual features that form the foundation of decision-making in the classification process.

Impact of Augmentation on CNN

Figure 4 illustrates the learning dynamics of a CNN architecture under various augmentation strategies, while
Figure 5 displays the confusion matrix for the augmentation scenario that yields the smallest performance degradation;
these two figures collectively facilitate the evaluation of the augmentations applied to the custom CNN, and they must
be preserved in any subsequent analysis to maintain argument coherence and scope integrity.
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Figure 5. Training and validation performance (accuracy and loss) of CNN architecture across different
augmentation strategies (Run 1, random seed = 1): (a) Baseline, (b) Spatial, (c) Intensity, and (d) Hybrid. Left panels
show accuracy; right panels show loss.

As shown in Figure 5a, the baseline scenario exhibits a highly efficient learning curve: the training accuracy
reaches a value close to 1.00 even before the fifth epoch, starting from an initial value of 0.84, and the validation
accuracy also stabilizes at this peak value, remaining consistent throughout the remaining iterations. Analogous
dynamics are observed in the loss functions, as the training loss and validation loss both transition from approximately
0.35 and 0.10, respectively, toward values close to zero. This indicates the achievement of optimal convergence with
nearly perfect discriminative capacity.

The application of spatial augmentation (Figure 5b) resulted in a training profile characterized by relative
instability compared to the baseline condition. Although the training loss showed a fairly substantial decrease (from
approximately 1.00 to 0.30), the model's generalization capacity appeared to be hindered, as reflected by the validation
loss fluctuating widely within the range of 0.30 to 1.20. Concurrently, training accuracy increased gradually from
approximately 0.60 to 0.90, whereas validation accuracy fluctuated within the range of 0.60-0.88 until the end of
training.

In contrast, the intensity augmentation depicted in Figure 5S¢ produced a training pattern that closely resembled
the baseline conditions. Training accuracy transitioned rapidly from 0.84 to a value approaching perfection within the
first few epochs, while validation accuracy remained mostly within the range of 0.98-1.00. Although a notable
transient spike occurred around epoch 28 where validation accuracy briefly dipped and validation loss spiked up to
0.25 both components of the loss function generally continued to show a stable downward trajectory toward zero.

Among all conditions evaluated, the hybrid augmentation scenario in Fig. 4d exhibits the most degraded learning
profile, and the training accuracy, which rose to only 0.82 from an initial value of 0.60, is the lowest across all
scenarios; it is accompanied by a validation accuracy that remains confined to the range 0.60-0.75 and exhibits
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significant fluctuations. More diagnostically concerning is the behavior of the validation loss: while the training loss
shows a steady decrease from 1.10 to 0.20, the validation loss oscillates in the range of 0.40-1.30 without any
identifiable convergence trend. Overall, the findings in Figure 2 indicate that not all augmentation strategies have an
equivalent impact on CNN training dynamics. Intensity augmentation was found to produce learning stability closest
to the baseline conditions, while hybrid augmentation resulted in the most significant degradation in generalization
among all tested scenarios.
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Figure 6. Confusion matrix of CNN using the Intensity augmentation strategy (representative Run 1, random seed =
1)

The confusion matrix in Figure 6 illustrates the performance of the CNN with intensity augmentation, which
achieved perfect predictions for this specific representative run across a total of 2,490 test images. All four classes
Cyst (742/742), Tumor (457/457), Stone (275/275), and Normal (1016/1016) were classified without a single error.
Given the perfectly concentrated distribution of values along the main diagonal of the confusion matrix and the
absence of any non-diagonal elements, these results confirm the model's near-perfect discriminative ability across all
evaluated categories.

Impact of Augmentation on MobileNetV2

Figure 7 presents the learning behavior of MobileNetV2 under baseline, spatial, intensity, and hybrid
augmentation conditions using Run 1, and Figure 7 presents the confusion matrix for intensity augmentation, which
is reported smallest performance degradation for the MobileNetV2 architecture; the following training and validation
curves therefore provide further illustrative evidence of how different augmentation strategies influence the model's
capacity to learn discriminative features from kidney CT scans.
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Figure 7. Training and validation performance (accuracy and loss) of MobileNetV2 across different augmentation
strategies (Run 1, random seed = 1): (a) Baseline, (b) Spatial, (c) Intensity, and (d) Hybrid. Left panels show
accuracy; right panels show loss.

Figure 6 illustrates the significant differences in the learning dynamics of MobileNetV2 among the four
augmentation strategies tested. In the baseline scenario (Figure 6a), both the training and validation loss curves show
a steady downward trend toward a value of approximately 0.10, with the gap between the curves remaining small
throughout the training session. Accordingly, training and validation accuracy increase consistently until both reach
the range of 0.98-0.99 by the 50th epoch.

The spatial augmentation scenario depicted in Figure 6b is characterized by a substantial gap between the training
and validation domains, and the training loss decreases to around 0.2, whereas the validation loss remains in the 0.70
range-a much larger difference compared to the baseline scenario. A similar divergence is observed in the accuracy
metrics: training accuracy reached around 0.92, while validation accuracy plateaus at only 0.73, suggesting that spatial
transformations substantially reduce the model's generalization capability.

Intensity augmentation (Figure 6¢) produced a more stable learning profile and was closer to the baseline scenario
than spatial augmentation. The training and validation loss curves decrease consistently throughout training, reaching
approximately 0.15 and 0.26, respectively, by the final epoch. Likewise, training and validation accuracies increase
steadily to approximately 0.97 and 0.92, respectively. Compared with spatial augmentation, the smaller gap between
the training and validation curves indicates improved generalization, suggesting that intensity-based transformations
preserve diagnostically relevant image characteristics more effectively while still introducing useful variability during
training.

The hybrid augmentation scenario in Figure 6d yields performance that falls between spatial augmentation and
intensity augmentation. The training loss decreases gradually to around 0.30, while the validation loss remains at
around 0.45; training and validation accuracies reach approximately 0.90 and 0.85, respectively, in the final epoch.
The gap between the training and validation domains in this method is smaller than in the spatial augmentation
scenario, although the convergence rate achieved is still below that of the baseline and intensity augmentation. Overall,
Fig. 6 shows that intensity augmentation is the strategy most compatible with the MobileNetV2 architecture,
producing learning behavior closest to the baseline conditions, while spatial augmentation results in the greatest
performance degradation among all tested methods.
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Figure 8. Confusion matrix of MobileNetV2 using the Intensity augmentation strategy (representative Run 1,
random seed = 1)

Figure 8 presents the confusion matrix for MobileNetV2 with intensity augmentation using Run 1, demonstrating
variations in classification performance across the four classes while maintaining a dominant main diagonal. The
Normal class achieved the highest performance, with 985 of 1,016 samples correctly classified, while only 31 samples
were misclassified into the Cyst (4), Tumor (19), and Stone (8) classes. The Cyst class recorded 648 of 742 correct
predictions, with most errors distributed across the Tumor (43), Stone (27), and Normal (24) classes. The Tumor class
achieved 427 of 457 correct predictions, with the majority of misclassifications directed to the Normal class (25
samples), followed by the Cyst class (4). The Stone class remained the most challenging category, with 217 of 275
samples correctly classified, while 44 samples were incorrectly predicted as the Normal class. Overall, the confusion
matrix indicates that the Normal class achieved the highest classification performance, whereas the Stone class
remained the most challenging to classify. The frequent misclassification of Cyst, Tumor, and Stone samples as
Normal suggests that these classes share overlapping visual characteristics with normal kidney CT images.

Impact of Augmentation on EfficientNetB0

Figure 9 illustrates the learning behavior of EfficientNetBO under baseline, spatial, intensity, and hybrid
augmentation settings, and Fig. 9 presents the confusion matrices corresponding to the augmentation scenarios that
yield the smallest performance degradation; these figures are used to evaluate the impact of augmentation on the
EfficientNetBO0 architecture.
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Figure 9. Training and validation performance (accuracy and loss) of EfficientNetBO across different augmentation
strategies (Run 1, random seed = 1): (a) Baseline, (b) Spatial, (c) Intensity, and (d) Hybrid. Left panels show
accuracy; right panels show loss.

Figure 9 illustrates the significant differences in the learning patterns of EfficientNetBO across the four
augmentation strategies tested. In the baseline scenario depicted in Figure 9a, the training accuracy increased from
approximately 0.40 in the early epochs to approximately 0.90 by the end of training, whereas the validation accuracy
exhibited a steeper improvement and attained a higher value of approximately 0.95. Both the training and validation
loss curves simultaneously decreased from values above 1.0 to approximately 0.3 and 0.24, respectively, and the
validation loss fell below the training loss by the end of the session.

The spatial augmentation configuration (Figure 9b) is characterized by increasing divergence between the training
and validation curves as training progresses, and the decrease in training loss from approximately 1.25 to 0.43 was
not proportionally matched by the validation loss, which ended in the range of 0.61, thereby indicating a larger gap
compared with the baseline configuration. Concurrently, the training accuracy increased from approximately 0.44 to
0.84, while the validation accuracy only reached about 0.72 at epoch 50.

Intensity augmentation (Figure 9c¢) produced the most distinctive learning profile among all scenarios,
characterized by training and validation accuracy curves that were nearly coincident throughout the training process.
The training and validation loss curves declined in parallel from values around 1.1-1 toward the 0.40 range, with
nearly identical trajectories in both domains, and, consequently, the training and validation accuracy increased steadily
from the 0.40-0.55 range in the early epochs to around 0.86 in the final epoch.

The hybrid augmentation scenario in Figure 9d exhibits relatively stable learning dynamics, as both the training
and validation loss curves decrease together from values above 1.1 to the 0.56 range, indicating that the gap between
the curves remains small throughout training. Training accuracy increased from approximately 0.38 to 0.80, while
validation accuracy followed a similar trend and slightly surpassed it, reaching approximately 0.81 at the end of
training. Although the convergence level achieved was still below that of the baseline scenario, this profile of a small
gap between the curves resembled the pattern observed in the baseline scenario. Overall, Fig. 8 demonstrates that
intensity augmentation yields the most consistent generalization behavior on EfficientNetBO, while spatial
augmentation results in the greatest training-validation divergence, and hybrid augmentation maintains learning
stability despite underperforming compared to the baseline and intensity augmentation.
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Figure 10. Confusion matrix of EfficientNetBO using the Intensity augmentation strategy (representative Run 1,
random seed = 1)
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Figure 10 presents the confusion matrix for EfficientNetB0 with intensity augmentation, demonstrating substantial
performance variations across classes while the main diagonal remains dominant. The Normal class recorded the
highest performance (960/1016 correct, 56 misclassified into other classes), followed by Cyst (635/742 correct;
misclassifications: Tumor 36, Stone 31, Normal 40) and Tumor (376/457 correct, with the highest number of
misclassifications 61 into Normal). The lowest performance was recorded in the Stone class: out of 275 samples, only
181 were classified correctly, while 57 were incorrectly predicted as Normal, 29 as Cyst, and 8 as Tumor. The high
misclassification rate in the Stone class (94 out of 275 samples, or 34.2%) and the consistent pattern of errors favoring
the Normal class across all classes indicate that the most substantial visual discrimination challenge occurs between
the Stone and Normal classes.

Discussion

The results of this study show that the baseline scenario generally achieved the highest classification performance
across the evaluated architectures. Although intensity augmentation produced a marginally higher mean accuracy than
the baseline for CNN (99.99 £ 0.02 vs. 99.96 + 0.04), baseline performance remained superior for MobileNetV2 and
EfficientNetBO0, indicating that augmentation did not provide consistent performance improvements across different
model architectures. Among the evaluated augmentation strategies, intensity augmentation consistently preserved
classification performance better than spatial and hybrid augmentation while producing a stable learning process.
These findings indicate that intensity-based variations, such as adjustments of brightness and contrast, can expand
data diversity without altering the anatomical characteristics of the kidneys, which constitute the primary source of
diagnostic information in CT-scan images. Consequently, intensity augmentation introduces appearance variability
while maintaining the structural information required for feature extraction. In contrast, spatial transformations such
as rotation, flipping, translation, and zoom may modify the anatomical orientation and spatial relationships of renal
structures, potentially generating image variations that are less representative of actual CT acquisition conditions. As
a result, the learned feature representations become less consistent, leading to more fluctuating learning behavior and
reduced classification performance [25]. This observation is consistent with the experimental results, where spatial
and hybrid augmentation consistently produced larger performance degradation than intensity augmentation across all
evaluated models. Thus, the effectiveness of augmentation in medical image classification is determined not only by
its ability to generate more diverse data but also by its ability to preserve the integrity of anatomical structures relevant
to feature extraction and model decision-making.

An interesting finding of this study is that the custom CNN consistently outperformed the transfer learning models
(MobileNetV2 and EfficientNetB0) under all evaluated scenarios, including the baseline configuration. One possible
explanation is that the pretrained ImageNet features used by MobileNetV2 and EfficientNetBO were learned from
natural RGB images, which differ substantially from grayscale kidney CT images. Moreover, the pretrained backbones
were intentionally kept frozen throughout all experiments to ensure a fair comparison of augmentation strategies by
preventing performance differences caused by model-specific fine-tuning. Under this controlled setting, the
lightweight CNN trained directly on the target dataset may have learned task-specific representations that were more
suitable for distinguishing kidney CT characteristics than the fixed pretrained features. Nevertheless, the consistently
high baseline performance also suggests that the original dataset already provides highly discriminative visual
patterns, reducing the potential benefit of additional data augmentation.

The findings of this study have practical implications for the development of Computer-Aided Diagnosis (CAD)
systems based on renal CT scans. Rather than improving performance beyond the original dataset, the results
demonstrate that intensity augmentation is the most suitable augmentation strategy when additional data variability is
required, as it consistently preserved classification performance better than the other evaluated augmentation methods.
Furthermore, the results of this study indicate that the selection of an augmentation strategy is a critical factor that can
influence the stability of learning and the model's generalization ability in medical imaging applications. The repeated
experimental protocol using three independent random seeds also produced relatively small standard deviations across
all performance metrics, indicating that the observed performance trends were consistent and not substantially affected
by random initialization.
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This study still has several limitations. Although the experimental reliability was improved by employing repeated
runs with three different random seeds and reporting the results as Mean + Standard Deviation, the publicly available
CT Kidney Dataset does not provide patient identifiers. Consequently, patient-level data partitioning could not be
performed, and the possibility of patient overlap between dataset partitions cannot be completely excluded.
Furthermore, the evaluation focused only on three groups of augmentation strategies: spatial, intensity, and hybrid
augmentation. In addition, the transfer learning models were evaluated using frozen pretrained backbones to isolate
the effect of augmentation, whereas fine-tuning was not investigated. Future research may explore augmentation
techniques specifically designed for CT images-such as Contrast Limited Adaptive Histogram Equalization (CLAHE),
windowing augmentation, or CT acquisition noise simulation-to gain a deeper understanding of the impact of
augmentation on classification performance [26]. Future studies should also evaluate patient-level data partitioning,
external validation datasets, and fine-tuning strategies to further improve the generalizability of the findings.

Overall, this study demonstrates that the effectiveness of augmentation strategies in kidney CT-scan image
classification depends not only on increasing data diversity but also on preserving anatomically relevant information
for robust feature learning. Although intensity augmentation produced a marginally higher mean accuracy than the
baseline for CNN, the baseline remained superior for MobileNetV2 and EfficientNetBO0, indicating that augmentation
did not consistently across architectures. Nevertheless, among the evaluated augmentation strategies, intensity
augmentation most effectively preserved classification performance while maintaining stable learning behavior. These
findings highlight the importance of selecting augmentation strategies that are compatible with the intrinsic
characteristics of medical images and provide practical guidance for developing more reliable deep learning-based
computer-aided diagnosis systems for kidney CT imaging.

4. Conclusion

This study evaluated the effects of three augmentation strategies, namely spatial, intensity, and hybrid
augmentation, on kidney CT image classification using CNN, MobileNetV2, and EfficientNetB0. The results show
that, although intensity augmentation achieved a marginally higher mean accuracy than the baseline for CNN, the
baseline configuration remained superior for MobileNetV2 and EfficientNetB0 and therefore served as the best overall
training strategy. Among the evaluated augmentation methods, intensity augmentation consistently produced smaller
performance degradation relative to the baseline and exhibited more stable convergence than the spatial and hybrid
augmentation strategies. These findings indicate that the effectiveness of augmentation depends not only on increasing
data diversity but also on preserving anatomically relevant image characteristics that support robust feature learning.
Therefore, the findings should be interpreted as evidence of performance preservation rather than overall performance
improvement through augmentation.

This study still has several limitations. Although experimental reliability was improved through repeated runs
using three random seeds and reporting the results as Mean + Standard Deviation, the publicly available CT Kidney
Dataset does not provide patient identifiers, making patient-level data partitioning impossible and preventing complete
exclusion of potential patient overlap between dataset partitions. Furthermore, the evaluation was limited to three
augmentation strategy groups (spatial, intensity, and hybrid), and the transfer learning models were assessed using
frozen pretrained backbones without investigating fine-tuning. Future research should explore augmentation
techniques specifically designed for CT images, such as Contrast Limited Adaptive Histogram Equalization
(CLAHE), windowing augmentation, and CT acquisition noise simulation, while also incorporating patient-level data
partitioning, external validation datasets, and fine-tuning strategies to further improve model generalizability. Overall,
these findings provide empirical evidence that selecting augmentation strategies consistent with the intrinsic
characteristics of medical images is essential for developing robust and reliable deep learning-based computer-aided
diagnostic systems.
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