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Abstract  
Deep learning has become an important approach for medical image analysis, particularly for automated image 
classification. Among its various architectures, Convolutional Neural Networks (CNNs) are frequently employed to extract 
and distinguish visual patterns from medical images. However, the performance of a CNN may vary depending on the 
optimization algorithm used during the training process. This study investigates the effect of four optimization methods on 
different CNN architectures for the classification of Peripheral Blood Smear (PBS) images. A publicly available Kaggle 
dataset comprising 3,242 images and four diagnostic categories was used in the experiments. Six architectures, namely 
ResNet50V2, Xception, EfficientNetB2, EfficientNetB4, EfficientNetV2-S, and EfficientNetV2-M, were evaluated in 
combination with Adam, AdamW, NAdam, and RMSprop. Before training, the images underwent resizing, normalization, and 
augmentation procedures. The dataset was subsequently partitioned into training, validation, and test subsets using 
proportions of 80%, 10%, and 10%, respectively. Classification performance was analyzed using accuracy, loss, and 
confusion matrix-based evaluation. Among all tested combinations, Xception with RMSprop produced the best result, 
obtaining 99.69% accuracy and a loss value of 0.0194. Conversely, the lowest result was observed for ResNet50V2 with 
RMSprop, which achieved 93.85% accuracy. The experimental findings indicate that the optimizer can substantially 
influence CNN classification performance, and the effectiveness of an optimization method is dependent on the architecture 
with which it is combined. 
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1. Introduction  

Deep learning has emerged as a powerful 
computational paradigm for analyzing complex data 
and has been increasingly adopted in computer vision 
applications [1]. Unlike conventional approaches that 
often depend on manually engineered features, deep 
learning algorithms can learn meaningful 
representations directly from the input data, enabling 
them to capture complex patterns without requiring 
explicit feature construction [2], [3]. This capability 
has contributed to the widespread adoption of deep 
learning for numerous visual analysis problems, 
including image classification, object detection, and 
image segmentation. In many of these applications, 
deep learning methods have demonstrated superior 
predictive capabilities compared with traditional 
machine learning techniques [4], [5].   

Within the deep learning domain, Convolutional 
Neural Networks (CNNs) are particularly suitable for 
processing visual information because their structure 
enables the extraction of spatial patterns from image 
data [6]. A CNN processes an image through a 
sequence of computational operations, including 
convolution, pooling, and nonlinear activation, 
allowing hierarchical visual information to be learned 
from the input. This characteristic makes CNN 
architectures well suited for tasks involving two-
dimensional image data [7]. CNNs learn visual 
representations in a layered manner, where early layers 
capture basic patterns while deeper layers encode more 
abstract and object-related information [8]. This 
advantage makes CNN the main foundation in the 
development of modern image classification systems 
[9]. 

https://doi.org/10.29207/resti.v10i7506
https://doi.org/10.29207/resti.v10i7506
https://creativecommons.org/licenses/by/4.0/
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As the complexity of data increases and the demands 
for high accuracy increase, a range of deeper and more 
efficient CNN architectures have been developed [10]. 
ResNet introduced the concept of residual learning that 
allows for deep network training by overcoming the 
vanishing gradient problem [11]. Furthermore, 
Xception utilizes depthwise separable convolution to 
improve computing efficiency without sacrificing 
performance [12]. The EfficientNet family [13], 
including EfficientNetB2 and EfficientNetB4, carries a 
compound scaling strategy that systematically adjusts 
the depth, network width, and resolution of inputs 
resulting in optimal efficiency and accuracy ratios 
[14]. Subsequent developments on EfficientNetV2, 
such as EfficientNetV2-M and EfficientNetV2-S, 
focused on training speed and convergence stability, 
particularly on large and complex datasets [15]. 

The training outcome of a CNN is influenced not only 
by its architecture but also by the optimization strategy 
adopted during parameter learning [16]. An optimizer 
determines how the network weights are updated in 
response to the gradients generated during 
backpropagation. Consequently, the selected 
optimization method can affect the speed of 
convergence, training stability, and the model's 
generalization to previously unseen samples [17]. 
Among the optimization techniques commonly 
employed in deep learning are Adam, AdamW, 
NAdam, and RMSprop [18]. Adam has become a 
popular choice because it combines momentum 
estimation with adaptive step-size control, allowing 
parameter updates to be adjusted according to the 
observed gradients [19]. In contrast, AdamW modifies 
the regularization procedure by treating weight decay 
independently from the gradient-based update, which 
can provide improved control over model 
generalization [20]. NAdam extends the Adam 
optimization scheme by incorporating Nesterov 
momentum into its update mechanism, while 
RMSprop determines parameter-specific learning rates 
using an exponentially averaged estimate of squared 
gradients [21]. Despite their widespread use, these 
optimizers do not necessarily produce identical results 
across different CNN models. Their effectiveness may 
vary according to the architectural characteristics of 
the network and the properties of the dataset being 
analyzed [22]. 

In the classification of medical images, the challenges 
faced are often more complex than natural images due 
to the characteristics of medical data influenced by 
acquisition protocols, domain variations, label 
limitations, and noise or imperfect label issues [23]. In 
addition, medical imaging (especially 
histopathology/hematology) often experiences 
variations in imaging conditions such as differences in 
staining and shift domains between centers/tools, 
which makes model generalization more difficult [24]. 
The problem of class imbalance is also common in the 
classification of medical images and has been proven 
to need special treatment so that the performance of 

the minority class does not fall [25]. Acute 
Lymphoblastic Leukemia (ALL) is a type of blood 
cancer in which early and accurate identification plays 
an important role in determining appropriate treatment 
and achieving better clinical outcomes [26]. Deep 
learning-based approaches promise automation 
solutions that can handle such diversity and 
complexity better than conventional analytics [23]. 
Therefore, a systematic evaluation of the combination 
of CNN architecture and optimizer is critical to 
obtaining optimal performance and reliable models in 
clinical practice. 

Several previous studies have applied CNN to the 
detection and classification of leukemia from 
microscopic blood imaging. Jeneessha et al. [27], 
demonstrating CNN's ability to distinguish very fine 
differences in blood cell morphology, they reported an 
average accuracy of 99.05% using ResNet-50 for the 
classification of 4 leukocyte types in the BCCD 
dataset, confirming the advantages of deep learning 
over traditional methods. However, very high accuracy 
figures on curated datasets also need to be read 
carefully (potential for data leakage or split that are not 
patient-based), so studies that emphasize rigorous 
validation remain important. In the case of ALL, 
various modern architectures have been tried. 
Thiriveedhi et al. [28] developed a CNN-based ALL-
Net model and explainable AI, which achieved an 
accuracy of about 97.85% on 3,256 peripheral blood 
images. Abd El-Aziz et al. [29] using EfficientNetV2-
S with a cross-validation scheme, it managed to obtain 
an accuracy of up to ~97.3% in differentiating ALL 
cells. Ghaderzadeh et al. [30] built a public ALL 
dataset containing ~3,562 blood-removal images from 
89 patients (including 25 healthy individuals), and 
trained a variety of pretrained models; DenseNet201 is 
reported to achieve up to 99.85% accuracy (99.52% 
sensitivity, 99.89% specificity) on the ALL subtype 
classification task. In addition, Muduli et al. [31] 
evaluate a diverse range of pretrained CNN models 
(VGG16, ResNet50, Xception, EfficientNet-B0/V2B0, 
etc.) for ALL classification and demonstrate the high 
potential of modern CNN in this task. Mohan et al. 
[32] propose an ensemble framework that combines 
deep learning features (DenseNet-121, ResNet-34) 
with machine learning classifiers (SVM, K-NN, 
Random Forest), capable of improving accuracy by up 
to ~92.5% (F1-score 93.1%) on larger ALL C-NMC 
datasets. Although various architectures and 
approaches have been successfully applied, to date 
there have been no studies that specifically compare 
the influence of several optimizers (e.g. Adam, 
AdamW, NAdam, RMSprop) on the performance of 
cutting-edge CNN models such as EfficientNet and 
ResNet in the ALL classification. 

Based on the above problems and knowledge gaps, 
this study aims to evaluate and compare the 
performance of four optimizers (Adam, AdamW, 
NAdam, RMSprop) on various CNN architectures 
(EfficientNet-B2, EfficientNet-B4, EfficientNetV2-S, 
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EfficientNetV2-M, ResNet50V2, and Xception) in the 
task of classifying blood cell microscopic images for 
ALL detection. We used an ALL public dataset [33] of 
3,256 colored blood cell images from 89 patients (four 
classes), and conducted in-depth training experiments 
for each combination of architecture and optimizer. 
The results obtained are expected to provide empirical 
insight into which combination of CNN architecture 
and optimizer is most effective for the classification of 
ALL, so that it can serve as a reference for the 
development of a more accurate and efficient 
computer-aided diagnostic system in supporting the 
diagnosis of acute lymphoblastic leukemia. 

2. Methods 

The experimental procedure consisted of several 
sequential activities, beginning with the acquisition of 
the dataset and followed by data preparation, model 
development, and performance assessment. These 
activities were organized in a consistent manner to 
support a systematic and reproducible experimental 
process, allowing the resulting findings to be evaluated 
objectively. An overview of the methodological 
workflow is presented in Figure 1.  

 
Figure 1. Flowchart 

2.1 Dataset 

This research employs a publicly available dataset of 
Peripheral Blood Smear (PBS) images obtained from 
the Kaggle repository at 
https://www.kaggle.com/datasets/mohammadamireshr
aghi/blood-cell-cancer-all-4class. The dataset contains 
3,242 images collected for the analysis of blood cell 
conditions associated with Acute Lymphoblastic 

Leukemia (ALL). The images are grouped into four 
categories according to the morphological 
characteristics and malignancy stage of the cells, 
comprising 512 Benign images, 955 Malignant Early 
Pre-B images, 796 Malignant Pre-B images, and 979 
Malignant Pro-B images. The complete set of images 
was subsequently utilized in the development and 
evaluation of classification models to differentiate 
normal and leukemic blood cells according to their 
morphological features. 

    
(a) (b) (c) (d) 

Figure 2. Dataset Kelas ALL (a) Benign, (b)Malignant Pre-B ALL, 
(c) Malignant Pro-B ALL, (d) Malignant Early Pre-B ALL 

2.2 Preprocessing dan Split Dataset 

Preprocessing is the initial stage in medical image 
processing that aims to improve data quality, reduce 
irrelevant variations, and prepare images in an 
appropriate format before the deep learning model 
training process [34]. In this study, preprocessing is 
focused on adjusting the image size to standardize the 
input dimensions according to the needs of each CNN 
architecture, namely EfficientNetB2, EfficientNetB4, 
EfficientNetV2-M, EfficientNetV2-S, ResNet50V2, 
and Xception. The image resizing process is carried 
out to ensure the compatibility of the model inputs, 
reduce the computational burden, and maintain 
important morphological information on blood cell 
images, which is crucial in the task of classifying 
medical images. To ensure accurate model evaluation 
and avoid overfitting, the medical imagery dataset is 
divided into three parts: training: validation: test, 
80:10:10. This strategy allows monitoring of model 
performance during training while evaluating 
generalization capabilities against unknown data, as 
applied in a chest image classification study with CNN 
[35].  

2.3 Augmentation 

Data augmentation was employed to generate greater 
variation among the training samples while preserving 
their original class labels. This process involved 
modifying the input images through a range of 
transformations without altering the underlying class 
of each sample [35]. The use of augmented samples 
helps the model learn from more varied image 
patterns, thereby limiting its tendency to memorize the 
training data and supporting better performance on 
unseen samples. In this experiment, image diversity 
was generated through several geometric operations, 
namely rotation, width shifting, height shifting, 
shearing, zooming, horizontal flipping, and the use of 
a fill mode to handle newly exposed image regions.  

https://www.kaggle.com/datasets/mohammadamireshraghi/blood-cell-cancer-all-4class
https://www.kaggle.com/datasets/mohammadamireshraghi/blood-cell-cancer-all-4class
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2.4 Model CNN 

Convolutional Neural Network (CNN) is one of the 
artificial neural network architectures that is 
specifically designed to process two-dimensional 
image data [36]. Conventional CNN is generally built 
using a sequential approach consisting of several main 
layers, namely convolution layers to extract local 
spatial features, pooling layers to reduce 
computational dimensions and complexity, and fully 
connected layers that function as classifiers based on 
the features that have been studied. Conventional CNN 
architecture is often used as a baseline model in 
medical image classification research due to its simple 
structure but effective in studying hierarchical 
representations of visual features. Examples of some 
CNN architecture models that will be used in this 
study are: 

EfficientNetB2 belongs to the EfficientNet model 
series and employs a compound scaling strategy for 
adjusting the overall model configuration. Rather than 
increasing a single architectural dimension, this 
strategy simultaneously considers the number of 
network layers, the number of channels, and the 
resolution of the input images to achieve a more 
balanced model design [37]. The compound scaling 
approach allows for a proportional increase in model 
capacity across all three dimensions, resulting in better 
classification performance with relatively efficient 
computing requirements. This strategy enables 
EfficientNetB2 to achieve high accuracy with a lower 
number of parameters than conventional CNN 
architectures and unstructured magnified models. 

EfficientNetB4 belongs to the EfficientNet model 
family and incorporates a coordinated scaling 
mechanism in its architectural design. The model 
adjusts several key dimensions simultaneously, 
including the number of layers, the channel width, and 
the resolution of the input images, rather than relying 
on changes to a single network dimension [37]. 
Compared to EfficientNetB2, EfficientNetB4 has a 
larger model capacity through proportional 
enhancement of all three dimensions, thus being able 
to extract more complex visual features. Despite 
having a higher number of parameters and computing 
requirements, EfficientNetB4 still maintains good 
computing efficiency and shows significant 
improvements in accuracy, especially on high-
complexity image classification tasks, including 
medical imaging. 

EfficientNetV2-S represents a compact configuration 
within the EfficientNetV2 series, developed with 
consideration for both model performance and 
computational requirements [38]. Its architecture 
employs Fused Mobile Inverted Bottleneck 
Convolution (Fused-MBConv) in the earlier stages and 
conventional MBConv blocks in subsequent deeper 
stages. This architectural arrangement is intended to 
improve the efficiency of the training process while 
supporting stable optimization. Compared with 

EfficientNetV2-M, the S variant contains fewer 
trainable parameters and requires lower computational 
resources. These characteristics make EfficientNetV2-
S a practical option for image classification 
experiments involving moderate-sized datasets or 
hardware with constrained computational capacity, 
while still retaining the ability to learn discriminative 
visual features. 

EfficientNetV2-M is one variant of the EfficientNetV2 
family that was developed to improve training speed 
and convergence stability without sacrificing model 
accuracy [38]. The EfficientNetV2 architecture 
combines the use of fused mobile inverted bottleneck 
convolution (Fused-MBConv) at the initial layer and 
MBConv at the deeper layers, reducing training 
latency while maintaining robust feature extraction 
capabilities. As a medium-scale variant, 
EfficientNetV2-M has a larger model capacity than 
EfficientNetV2-S, making it more effective in 
handling large and complex datasets, including 
medical image classification tasks that require rich and 
detailed feature representation. 

ResNet50V2 is a variant of the Convolutional Neural 
Network (CNN) architecture that is an evolution of 
ResNet50 with improvements to residual learning, 
specifically through the use of pre-activation residual 
blocks that move activation functions and batch 
normalization prior to convolutional operations [39]. 
This architectural design facilitates the propagation of 
information through deeper layers and contributes to 
more stable model optimization. As a result, the 
network can capture visual patterns at different levels 
of abstraction and maintain reliable predictive 
capability across various image classification 
scenarios. ResNet50V2 has also been adopted in 
numerous computer vision applications, particularly 
medical image analysis, where its hierarchical feature 
extraction capability can support the identification of 
disease-related patterns in radiographic images. 

Xception adopts a convolutional design in which 
feature extraction is performed through two sequential 
operations. The first operation applies depthwise 
convolution independently to individual channels, 
followed by pointwise convolution using a 1×1 kernel 
to integrate information across channels [40]. This 
approach significantly reduces the number of 
parameters and computational load while maintaining 
or even improving representational capabilities over 
standard convolution; Xception also utilizes residual 
structures to smooth gradient flow in deep tissues. Due 
to its efficiency and performance, Xception is often 
used as the basis or starting point for modifications to 
medical image classification applications. 

2.5 Optimizer  

An optimizer is an algorithm used in neural network 
training to update the weights of the model based on 
the loss function gradient calculated through 
backpropagation. The main goal of the optimizer is to 
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find a weight value that minimizes the loss value, so 
that the model's ability to map features to the target 
label is optimal. In this study, several optimizers were 
used for model training, namely Adam, AdamW, 
NAdam, and RMSprop optimizers. 

Adam is an adaptive and efficient optimization 
algorithm, often used as an alternative to conventional 
stochastic gradient descent [41]. This algorithm 
combines RMSProp and momentum, with momentum 
from the first moment of the biased gradient and the 
second moment calculated using an exponential 
moving average, with the following formulation [42]. 

The first moment is calculated using Equation 1. 

mt = β1mt−1 + (1 − β1)gt              (1) 

mt represents the first-moment estimate, β1 is the 
exponential decay rate for the first moment, and gt 
denotes the gradient at iteration (t). The second 
moment is calculated using Equation 2. 

vt = β2vt−1 + (1 − β2)gt2             (2) 

vt represents the second-moment estimate and β2 is 
the exponential decay rate for the second moment. 

Because m0 = 0 and v0 = 0 , the estimates of mt and 
vt are biased toward zero during the initial iterations. 
Therefore, bias correction is applied to the first and 
second moments using Equations 3 and 4, 
respectively: 

m� t = mt
1−β1

t                 (3) 

v�t = vt
1−β2

t                 (4) 

The model parameters are subsequently updated 
according to Equation 5. 

θ�t = θt−1 − α m� t
√v�+ϵ

               (5) 

θt is the parameter of the model in the iteration, is the 
learning rate, m� t provides a stable direction 
(momentum), �v�t determines the magnitude of the 
step, and ϵ is a small constant. 

AdamW incorporates momentum information into the 
parameter update process, allowing previous gradient 
directions to contribute to subsequent updates. This 
mechanism can help the optimization process move 
more efficiently toward a suitable solution during 
model training [43].  

The first moment is calculated using Equation 6. 

mt = β1mt−1 + (1 − β1)gt              (6) 

The second moment is calculated using Equation 7. 

vt = β2vt−1 + (1 − β2)gt2              (7) 

Bias correction is then applied to the first and second 
moments using Equations 8 and 9, respectively: 

mt ←
mt
α1μt

                (8) 

vt ←
vt−mt

2

α2σt
                (9) 

The AdamW parameter update uses a decoupled 
weight decay formulation, as shown in Equation 10. 

θt+1 = θt − η mt

�vt+ε
− ηλθt            (10) 

θt is the parameter of the model, η is the learning rate, 
mt is the average momentum of the gradient, vt is the 
mean of the square of the gradient, ε is the small value, 
and λ is the weight decay. 

NAdam is an adaptive optimization algorithm that 
combines Nesterov momentum with the adaptive 
learning rate mechanism of Adam [44]. This 
combination enables NAdam to incorporate the 
predictive behavior of Nesterov momentum into the 
parameter update process. The first moment is 
calculated using Equation 11. 

𝑚𝑚𝑡𝑡 = 𝜇𝜇𝑡𝑡𝑚𝑚𝑡𝑡−1 + (1 − 𝜇𝜇𝑡𝑡)𝑔𝑔𝑡𝑡            (11) 

𝑚𝑚𝑡𝑡 represents the first-moment estimate, 𝜇𝜇𝑡𝑡 is the 
momentum decay coefficient, and 𝑔𝑔𝑡𝑡 denotes the 
gradient at iteration (t). The second moment is 
calculated using Equation (12): 

𝑣𝑣𝑡𝑡 = 𝑣𝑣𝑛𝑛𝑡𝑡−1 + (1 − 𝑣𝑣)𝑔𝑔𝑡𝑡2             (12) 

𝑣𝑣𝑡𝑡 represents the second-moment estimate and 𝑣𝑣 is the 
exponential decay coefficient for the second moment. 

Bias correction and Nesterov momentum are 
incorporated into the parameter update, as shown in 
Equation 13. 

𝜃𝜃𝑡𝑡 = 𝜃𝜃𝑡𝑡−1 − 𝛼𝛼𝑡𝑡
𝑛𝑛�𝑡𝑡

�𝑛𝑛�𝑡𝑡+𝜀𝜀
𝑚𝑚�               (13) 

𝑔𝑔𝑡𝑡 is the gradient, 𝑚𝑚𝑡𝑡 is the momentum estimate, 𝑛𝑛𝑡𝑡 is 
the second moment estimate, 𝑛𝑛�𝑡𝑡 is the bias correction, 
𝛼𝛼𝑡𝑡 is the learning rate, and 𝜀𝜀 is the constanta. 

RMSProp is an adaptive optimization algorithm 
designed to solve the problem of vanishing or 
fluctuating learning rate in SGD [45]. In RMSProp, 
the learning rate value of each parameter is adjusted 
based on the moving average of the gradient square. 
RMSProp adjusts the magnitude of parameter updates 
according to the recent behavior of the gradients. By 
incorporating information from previous gradient 
values, the optimizer can regulate the step size 
assigned to individual parameters during training. The 
method is generally described through two successive 
operations: maintaining an estimate based on the 
squared gradients and using this estimate to determine 
the subsequent parameter updates. 

The moving average of the squared gradients is 
calculated using Equation 14. 

vt = βvt−1 + (1 − β)gt2 (14) 

vt is the mean value of the square of the gradient, β is 
the coefficient, vt−1 is the mean value of the square of 
the gradient in the previous step, and gt2 is the gradient 
square. 
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The model weights are subsequently updated using 
Equation 15. 

wt+1 = wt −
η

�vt+ε
gt (15) 

wt is the weight of the model, wt+1 is the weight that 
has been updated, η is the learning rate,  vt is the 
average value of the square of the gradient, ε is the 
small value to prevent division by zero, gt is the 
gradient, and η

�vt+ε
  is the adjustment factor to be 

stable when the gradient is large or small. 

2.6 Evaluation 

Model evaluation is conducted to determine the 
reliability of a classification system in assigning the 
correct class to unseen samples. The assessment is 
performed by examining the agreement between the 
predicted classes and their corresponding ground-truth 
labels, which provides a basis for judging the model's 
predictive capability and identifying areas that may 
require further improvement [46]. When the classes in 
a dataset are not evenly distributed, relying on a single 
performance indicator may not provide a 
comprehensive view of the classifier's behavior. 
Therefore, the confusion matrix was employed as the 
basis for evaluating the classification results. It records 
the correspondence between the predicted and actual 
classes through four possible outcomes: True Positive 
(TP), True Negative (TN), False Positive (FP), and 
False Negative (FN) [47]. These outcomes are 
subsequently used to derive accuracy, precision, recall, 
and F1-score. 

Accuracy, as defined in Equation (16), represents the 
fraction of all test samples that are assigned to their 
correct classes. Precision, whose formulation is given 
in Equation (17), focuses on the correctness of positive 
predictions by comparing the number of correctly 
identified positive cases with all cases classified as 
positive. Recall, presented in Equation (18), evaluates 
how effectively the classifier detects positive instances 
by considering the proportion of correctly recognized 
positives among the actual positive cases. Finally, 
Equation (19) defines the F1-score, which provides a 
single performance value by combining precision and 
recall through their harmonic mean. 
 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇
            (16) 

 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 = 𝑇𝑇𝑇𝑇𝑖𝑖

𝑇𝑇𝑇𝑇𝑖𝑖+𝐹𝐹𝐹𝐹𝑖𝑖
             (17) 

𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖 = 𝑇𝑇𝑇𝑇𝑖𝑖
𝑇𝑇𝑇𝑇𝑖𝑖+𝐹𝐹𝐹𝐹𝑖𝑖

             (18) 
 
𝐹𝐹1𝑖𝑖 = 2 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖∙𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖
            (19) 

3. Results and Discussions 

This section presents the results of the experiment 
along with a critical discussion regarding the influence 
of optimizer selection on the performance of various 

CNN architectures on image classification tasks. To 
maintain the validity of the interpretation, the 
discussion begins with a description of Technical 
Implementation and Reproducibility, so that the 
experimental procedures, training parameters, and 
computing environment can be replicated. After that, 
the Preprocessing Results were presented to show how 
the data sharing and augmentation strategies shaped 
the characteristics of the training data as well as the 
potential bias due to class imbalance. The discussion 
then focused on CNN Performance Evaluation, by 
comparing the overall performance of the model 
through accuracy, convergence dynamics on the 
training curve, and error patterns per class through 
confusion matrix and classification report. 

3.1 Technical Implementation and Reproducibility 

All experiments were implemented on Google Colab 
using NVIDIA T4 GPU acceleration to ensure that the 
model training process was efficient and consistent 
between configurations. Implementation was carried 
out with PyTorch as the main framework of deep 
learning, while the CNN architecture was invoked 
through timms (PyTorch Image Models) to load 
models such as Xception, ResNet50V2, 
EfficientNetB2, EfficientNetB4, EfficientNetV2-RW-
S, and EfficientNetV2-RW-M. The quantitative 
evaluation process utilizes scikit-learn for the 
preparation of confusion matrix and classification 
reports, as well as visualization of training and 
evaluation results using Matplotlib/Seaborn. The 
dataset is obtained via the Kaggle API/CLI and 
organized in a uniform directory structure so that the 
notebook execution flow can be rerun without major 
modifications to the data path. 

The experimental design was designed to make 
comparisons between optimizers fair, i.e. by 
maintaining the same training procedures on each 
architecture, and then replacing only the optimizers 
tested (Adam, AdamW, NAdam, RMSprop). The 
training used the CrossEntropyLoss loss function for 
multi-class classification and applied a two-stage 
learning transfer scheme: the initial stage of training 
the classifier/head with a learning rate of 0.001 for 10 
epochs, then continued with full fine-tuning on all 
model parameters with a learning rate of 0.00001 for 
10 epochs. To maintain convergence stability, adaptive 
learning rate adjustment is implemented using 
ReduceLROnPlateau which monitors validation loss 
so that the learning rate is lowered when validation 
performance improvements slow down. 

The reproducibility aspect is maintained through 
locking the data composition using train: 
validation:test = 80%: 10%: 10% separation with a 
deterministic generator (seed 42) in the split process, 
as well as training configurations that are maintained 
identical across optimizer architecture combinations. 
The best model per configuration is stored in a 
validation performance-based state_dict (.pth) format 
so that results can be re-verified without retraining. 
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The final evaluation was carried out on the test set 
using accuracy and error analysis per class through 
confusion matrix and classification report, while 
learning dynamics were documented through training 
history (loss and accuracy train or val per epoch) to 
support convergence interpretation, generalization, and 
comparison between optimizers more 
comprehensively.  

3.2 Preprocessing Result 

The preprocessing stage is carried out to ensure that 
the image data has a consistent input format across the 
CNN architecture and to build a more robust training 
dataset through augmentation. At this stage, the dataset 
is first mapped into four classes (Benign, [Malignant] 
Pre-B, [Malignant] Pro-B, and [Malignant] early Pre-
B), then divided into a subset of 
training/validation/testing with a ratio of 80%: 10%: 
10%. The data distribution table in Table 1 shows the 
composition of each class in each subset. There is an 
imbalance in the number of samples between classes, 
especially the Benign class which has the least number 
of samples. This condition needs to be considered at 
the evaluation stage because it can affect the 
interpretation of aggregate metrics such as accuracy. 

Table 1. Results of Split Datasets 

Class Training Val Test Total 
Benign 414 60 38 512 
Pre-B ALL 762 89 104 955 
Pro-B ALL 635 88 73 796 
Early Pre-B 
ALL 782 87 110 979 
Total 2593 324 325 3242 

To maintain input compatibility across different 
architectures, the image is then resized to the standard 
input size of each model Table 2.  

Table 2. Input size of each CNN architecture 

Architecture Input size (H×W) 
ResNet50V2 224×224 
Xception 299×299 
EfficientNetB2 260×260 
EfficientNetB4 320×320 
EfficientNetV2- S 320×320 
EfficientNetV2-M 320×320 

This approach ensures that comparisons between 
architecture and optimizer are performed under input 
conditions consistent with common architecture design 
and transfer learning practices (e.g., ResNet based 
224×224, Xception 299×299, and the EfficientNet 
B/V2 family, which generally uses higher resolutions). 
With consistent input size settings per architecture, 
observed performance differences can more easily be 
attributed to architectural and optimizer characteristics 
than input resolution mismatches. 

In addition, data enrichment procedures were 
exclusively implemented on the learning subset 
through the torchvision. transforms framework to 
increase data diversity and mitigate overfitting. 
According to the implemented pipeline, each image 
was initially upscaled slightly to accommodate 

subsequent transformations, followed by stochastic 
operations including horizontal flipping with a 
probability of 0.5, vertical flipping with a probability 
of 0.2, random rotations within ±15 degrees, and affine 
transformations involving translations of up to 10% 
and scaling factors ranging between 0.9 and 1.1, 
without introducing extra rotation. Variations in 
illumination and color properties were further 
emulated using color perturbation techniques that 
adjust brightness, contrast, saturation, and hue within 
controlled ranges.  

Subsequently, the processed images were restored to 
the required network input resolution, transformed into 
tensor representations, and standardized based on 
dataset-specific statistical parameters. Figure 3 
illustrates representative outputs of this procedure, 
displaying one reference image alongside eight 
distinct, randomly generated transformed versions. 
The presence of dark regions in some samples 
originates from geometric operations that expose 
peripheral areas beyond the original field of view. 
Such transformations encourage the network to acquire 
feature representations that remain robust under 
changes in orientation, spatial positioning, and visual 
appearance, thereby preventing over-reliance on fixed 
visual patterns present in the training samples. 

 
Figure 3. Data Augmentation Examples 

3.3 CNN Model Performance 

This section presents a comparative evaluation of the 
performance of six CNN architectures (Xception, 
ResNet50V2, EfficientNetB2, EfficientNetB4, 
EfficientNetV2-S, EfficientNetV2-M) using four 
optimizers (Adam, AdamW, NAdam, RMSprop) on 
the same test data. Performance is summarized through 
accuracy and cross-entropy loss in the test set (Table 
3) as a concise indicator of prediction accuracy and 
probability quality of model output. To ensure that 
interpretation does not stop at aggregate numbers, the 
analysis is then complemented by a confusion matrix 
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to review patterns of misclassification between classes, 
as well as classification reports per class that display 
precision, recall, and F1-score so that the strengths and 

weaknesses of the model can be understood more 
granularly, especially under unbalanced class 
distribution conditions. 

Table 3. Comparison of test accuracy and test loss 

Architecture Adam AdamW NAdam RMSProp 
Acc Loss Acc Loss Acc Loss Acc Loss 

ResNet50V2 0.9600 0.1593 0.9538 0.1581 0.9569 0.1863 0.9384 0.2023 
Xception 0.9877 0.0294 0.9939 0.0215 0.9908 0.0399 0.9969 0.0194 
EfficientNetB2 0.9785 0.0643 0.9754 0.0878 0.9815 0.0634 0.9661 0.0702 
EfficientNetB4 0.9877 0.0354 0.9908 0.0458 0.9908 0.0429 0.9877 0.0632 
EfficientNetV2- S 0.9846 0.0387 0.9754 0.0880 0.9908 0.0483 0.9723 0.0664 
EfficientNetV2-M 0.9908 0.0339 0.9877 0.0324 0.9877 0.0348 0.9877 0.0373 

 

In general, the combination of Xception + RMSprop 
provides the best performance with an accuracy of 
99.69% and a low loss of 0.0194, indicating highly 
accurate predictions and a more "certain" probability 
of output (low loss). On the other hand, ResNet50V2 
tends to produce worse accuracy and losses than other 
architectures across all optimizers, with the most 
significant decline in RMSprop (93.85%; loss 0.2023). 
These findings show that differences in architecture 
and optimizers not only change the accuracy figures, 
but also affect the stability of optimization and the 
quality of prediction calibration (reflected in loss). 

If you look at the optimizer section, NAdam shows 
very competitive performance on EfficientNetV2 

architectures (e.g. EfficientNetV2-M and 
EfficientNetV2-S), while AdamW appears to be stable 
on some large architectures (e.g. Xception and 
EfficientNetB4). RMSprop is more "context-
sensitive", it can be best on Xception, but it drops 
performance quite a bit on ResNet50V2 and 
EfficientNetV2-M. This pattern is important because it 
prevents overly general conclusions such as "a 
particular optimizer is always best", in fact, the effect 
of a strong optimizer is influenced by the architectural 
characteristics and dynamics of the gradient during 
fine-tuning. 

        

                                           a. RMSProp Xception                                                                                  b. AdamW Xception 

 

                                              c. RMSProp ResNet50V2                                           d. AdamW ResNet50V2 

Figure 4. Confusion Matrix 
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To clarify the model’s success and failure, Figure 4 
shows the confusion matrices of the two best-
performing and two worst-performing architecture–
optimizer combinations. This selection highlights the 
contrast between the highest and lowest performance, 
while the other combinations fall between these two 
extremes. A good confusion matrix is indicated by 
dominant values on the main diagonal, meaning most 
samples are correctly classified. In the best-performing 
model, such as Xception + RMSprop, off-diagonal 
values are very small, showing only a few 
misclassifications. In contrast, the worst-performing 
model, such as ResNet50V2 + RMSprop, shows more 
prominent off-diagonal values, indicating higher inter-
class errors. This analysis is important because overall 
accuracy can hide weaknesses in minority classes, 
such as Benign, where a small number of errors may 
significantly reduce recall. The error patterns observed 
in the confusion matrices can be further explained 
through the interaction between the optimizer and 
network architecture, particularly in the case of 
RMSprop. The pronounced performance disparity of 
RMSprop between ResNet50V2 and Xception can be 
hypothesized to stem from the interaction between 
RMSprop’s adaptive learning rate mechanism and the 
residual connection characteristics of the ResNet 
architecture. RMSprop adjusts the learning rate of each 
parameter based on the exponentially decaying moving 
average of squared gradients, causing parameters with 
high gradient variance to receive smaller update steps. 

In the ResNet50V2 architecture, which relies heavily 
on identity-based residual connections to preserve 
gradient flow in deep networks, this adaptive 
mechanism may inadvertently attenuate the 
contribution of gradients along the residual branches, 
especially during the fine-tuning stage with a relatively 
small learning rate. As a result, weight adaptation in 
deeper layers becomes less optimal, preventing feature 
representations from fully adapting to the 
characteristics of the new data, which in turn leads to 
higher loss values and reduced accuracy. In contrast, 
Xception does not rely on deep identity residual 
connections, but instead employs depthwise separable 
convolutions that explicitly decouple spatial and 
channel-wise modeling. This design tends to produce 
more stable and localized gradient distributions across 
blocks, making it more compatible with RMSprop’s 
parameter update strategy. Under these conditions, 
adaptive learning rate adjustment facilitates faster 
convergence and improved generalization 
performance, as reflected by higher accuracy and 
lower loss values. Therefore, the observed 
performance degradation of ResNet50V2 when using 
RMSprop is not merely empirical, but is likely 
influenced by a mismatch between RMSprop’s 
optimization dynamics and the residual-dominated 
structure of the ResNet architecture, particularly in 
transfer learning–based fine-tuning scenarios. 

4. Conclusions 

Analysis of the experimental outcomes demonstrates 
that the pairing between network architecture and 
optimization strategy plays a decisive role in 
determining classification effectiveness for ALL 
images. Among the evaluated configurations, the 
Xception network optimized with RMSprop achieved 
the most favorable outcomes, as reflected by superior 
predictive accuracy and minimal error values. 
Conversely, ResNet50V2 exhibited comparatively 
weaker behavior across multiple optimization settings, 
with the most pronounced performance decline 
observed when RMSprop was employed. These 
discrepancies across configurations indicate that a 
universally optimal optimizer does not exist; rather, 
optimization success is closely linked to the structural 
properties of the network and its learning dynamics. 
The objectives of this work are therefore fulfilled by 
clearly illustrating performance distinctions across 
architecture optimizer pairings and emphasizing the 
necessity of carefully selecting model configurations 
to achieve reliable classification results. The optimal 
configuration identified in this work, namely Xception 
combined with RMSprop, carries meaningful 
implications for the design of automated medical 
image analysis systems. Deploying this configuration 
may enhance the robustness and predictive reliability 
of computer-assisted frameworks for ALL detection, 
thereby strengthening their ability to support clinical 
decision-making processes. More broadly, these 
findings offer practical insights for both researchers 
and practitioners when choosing suitable CNN 
structures alongside effective optimization strategies 
for related image classification problems. Recognizing 
that predictive capability is sensitive to training design 
allows system developers to better align model choices 
with the intrinsic characteristics of medical image data, 
ultimately enabling the construction of efficient and 
dependable diagnostic support systems for clinical use. 

Despite these contributions, several constraints should 
be acknowledged. The experimental validation relied 
on a single publicly available dataset with restricted 
sample size and variability, which may limit the direct 
transferability of the results to real-world clinical 
settings. Furthermore, the investigation was confined 
to six network designs and four optimization 
algorithms, leaving open the possibility that alternative 
architectures or learning strategies could yield 
improved outcomes under different conditions. Future 
studies are therefore encouraged to examine the 
identified optimal configuration in practical 
deployment scenarios, such as integration into 
automated diagnostic pipelines and assessment using 
real patient data. Additional investigations may also 
consider alternative CNN families, expanded 
hyperparameter exploration, and diverse medical 
imaging modalities to reinforce and extend the present 
conclusions. Such efforts will contribute to the 
advancement of deep learning driven diagnostic 
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systems that are more accurate, resilient, and 
trustworthy in clinical environments. 
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