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Abstract—The heart plays a very important role for survival 

as the main organ that functions to pump blood to meet the 

needs of oxygen and nutrients throughout the body. However, 

there are several heart diseases that can cause conditions where 

the heart cannot perform its duties properly, including coronary 

artery disease, kidney disorders, hypertension, congenital 

abnormalities, infections, and cardiomyopathy. The result of 

these various heart diseases can cause cardiomegaly. 

Cardiomegaly occurs when the size of the heart exceeds 50% of 

the inner diameter of the rib cage. Cardiomegaly can be 

diagnosed first. Diagnosis of cardiomegaly is usually done by 

physical examination, blood tests, and medical imaging such as 

chest x-ray. Traditional diagnostic methods for heart 

enlargement usually involve physical examination, 

electrocardiogram (ECG), and medical imaging such as chest X- 

ray. Deep learning has emerged as the preferred method for 

image analysis. Convolutional Neural Network (CNN) is a 

prevalent deep learning algorithm that is specifically used in 

various image-related applications. This research uses 

DenseNet169, InceptionResNetV2, and MobileNetV2 

architectures with Adagrad, Nadam, and SGD optimizers, 

which are evaluated using confusion matrix to determine the 

performance of model evaluation from each experiment. The 

experimental results of several models have the highest accuracy 

value, namely in the DenseNet169 architecture with Nadam 

optimizer of 90% and also the MobileNetV2 Nadam 

architecture reaching 87%. These two architectures can be said 

to be good enough to help detect cardiomegaly with image 

classification. This research is expected to contribute significant 

knowledge in the medical field as well as the development of 

deep learning models. 

Keywords—cardiomegaly, deep learning, convolutional 

neural network, evaluation model 

I. INTRODUCTION 

The heart is essential for survival, pumping blood to 

deliver oxygen and nutrients throughout the body [1]. The 
heart can also beat faster in situations that require a lot of 
energy when doing activities or sports. Thus, the heart is the 
source of life for humans and other living things [2]. That way, 
there are several heart diseases that can cause the conditions 
where the heart cannot carry out its duties properly, this 

disease occurs when the blood to the heart is stagnated or 
blocked, resulting in severe damage to the heart [3]. The 

consequences of various heart diseases, one of which is 
cardiomegaly, is a serious health problem for the community, 
especially in Indonesia. Cardiomegaly occurs when the size of the 
heart exceeds 50% of the inner diameter of the rib cage. This 
condition can be caused by various factors, including coronary 

artery disease, kidney disorders, hypertension, congenital 
abnormalities, infections, and cardiomyopathy [4]. Heart 
enlargement is not always diagnosed as heart disease and can 
also be related to chest wall abnormalities, technical factors, 
mediastinal abnormalities or lung conditions [5]. Cardiomegaly 
often goes unnoticed in its early stages as the symptoms are not 

always obvious. If not detected and treated properly, this 
condition can lead to serious complications that impact the 
quality of life of the sufferer. Early and accurate diagnosis is 
essential to prevent further complications and ensure correct 
treatment. Diagnosis of cardiomegaly is usually done by physical 
examination, blood tests, and medical imaging such as chest x-

ray [6]. 

Traditional diagnostic methods for cardiac enlargement 
usually involve physical examination, electrocardiogram 
(ECG), and medical imaging such as chest X-ray. Although 
chest X-ray is a commonly used diagnostic tool, interpretation of 

X-ray images often requires high radiology expertise and can be 
inherently subjective, so there is a risk of inaccurate diagnosis 
[7]. In recent years, deep learning has emerged as the preferred 
method for image extraction and has significantly influenced the 
field of medical imaging. To help detect disease, image 
classification can be done with a deep learning approach [8]. 

Deep Learning is widely regarded as one of the most 
groundbreaking approaches in computer vision. It simulates the 
way neurons in the human brain process information to carry 
out tasks like image classification, object detection, image 
generation, and language translation [9][10]. Convolutional 
Neural Network (CNN) is a Deep Learning algorithm 

commonly used in image-based applications. This algorithm 
consists of several interconnected layers of convolution and 
unification, which allows automatic feature extraction from 
each pixel of the processed image during training [11]. CNN 
have been shown to provide superior performance in 
automatically detecting diseases in X-ray images [12]. CNNs 

can also be used to diagnose cardiomegaly to obtain high 
accuracy from chest X- ray images. 
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In a study conducted by Sorour et al. (2024) by utilizing 

chest x-ray images to detect cardiomegaly, the accuracy was 
99.91% using AdaMax for the CNN model and 99.73% using 
AdaGrad for the ResNet50 architecture [13]. The same thing 
was also done by Yoo et al, in 2021, They explored the 
development of a cardiomegaly diagnosis support model 
utilizing CNN with ResNet architecture and an interpretable 

feature map. The ResNet model achieved nearly 80% 
accuracy in diagnosing cardiomegaly and provided a visually 
interpretable feature map [14]. 

For the next, there is a study conducted by Sarpotdar, This 
research employed a dataset of chest X-ray images to simulate 

and implement the U-Net model, achieving a diagnostic 
accuracy of 94%, a sensitivity of 96.2%, and a specificity of 
92.5%. These results surpassed the performance of previous 
pre-trained models in identifying Cardiomegaly [15]. There is 
also research conducted by Bouslama, et al by conducting 
research with end-to-end techniques that use U-Net-based 

Deep Convolutional Neural Network to detect Cardiomegaly 
disease. Using this method, diagnostic accuracy exceeded 
93%, surpassing previously published results for identifying 
cardiomegaly [16]. 

This research utilizes the DenseNet169, 

InceptionResNetV2, and MobileNetV2 architectures. Several 
studies using these architectures such as those conducted by 
Kurukshetra (2022) with the DenseNet169 architecture, 
Adam's optimizer which achieved 93.29% accuracy in 
detecting brain tumor diseases [17]. Furthermore, research 
conducted by Ferreira et al. detection of breast cancer 

classification using InceptionResNetV2 architecture, SGD 
optimizer gets an accuracy of 76% [18]. And research on 
robusta coffee leaf disease detection conducted by Aufar and 
Kaloka (2022) uses several architectures such as 
MobileNetV2, DenseNet169, ResNet50, and 
InceptionResNetV2 with Adam's optimizer and the best 

accuracy is on the MobileNetV2 architecture which achieves 
a high level of accuracy, up to 99.93% [19]. 

This research also utilizes the architecture of 
DenseNet169, InceptionResNetV2, and MobileNetV2 and 
uses several optimizers to test models such as Adagrad, 
Nadam, and SGD from the results also use confusion matrix 
as a model evaluation. This research aims to provide valuable 
insights into the diagnosis of cardiomegaly and to create 
avenues for future studies focused on the advancement of deep 

learning models. The gradual findings of this research were 
expected to fulfill the objectives of the study, specifically to 
identify the highest accuracy achieved through the 
implementation of the model. 

II. RESEARCH METHODOLOGY 

There are several stages that will be carried out in this 

study to facilitate the research process in order to achieve the 

desired goals. The following research stages can be seen in 

Figure 1. 

A. Data Collection 

This research uses the cardiomegaly image dataset 
contained in Kaggle as a training dataset. The data has 2 

classes, namely normal and cardiomegaly disease with a total 
of about 4438 data available on Kaggle for the cardiomegaly 
class has a total data of 2219 images equal to the amount of 
data in the normal class. This research will use these images 

to train and test the model in recognizing and classifying 

cardiomegaly disease. The dataset can be seen in Figure 2. 
 

Fig. 1. Research Methodology. 
 

Cardiomegaly (true) Normal (false)  

 
Fig. 2. Images Dataset Visualization. 

B. Data Preprocessing 

Once the raw data is collected, the next step involves 
preprocessing. This includes tasks such as resizing, color 
transformation, normalization, and labeling the images. 

Preprocessing is a crucial initial phase in the computer vision 
and image analysis workflow, designed to enhance the quality 
and uniformity of images, ensuring better outcomes in 
subsequent analysis or processing [13]. 

C. Split Data 

For the next stage, the dataset is divided into training data, 
validation data, and testing data. The data division technique 
used in this context is Holdout which serves to separate the 
dataset into two or more subsets of this data division using a 
ratio of 80:20. This technique is commonly used in machine 
learning and deep learning, especially in models such as CNN. 

The purpose of the following data division is to ensure that the 
model built can be evaluated properly. 

D. DenseNet169 

DenseNet169 is a well-known Convolutional Neural 
Network (CNN) architecture used for image recognition and 
computer vision applications. In the DenseNet design, every 

layer is connected to all subsequent layers. The total number 

of connections in a network with N layers can be determined 
using the formula N(N+1)/2. DenseNet-169 features an initial 
set of convolutional and pooling layers, followed by four 
dense blocks. After each dense block, there is a transition 
layer, and the network concludes with a classification layer 

that employs a softmax activation function [20]. 
 

Fig. 3. DenseNet169 Architecture. 



 

 

E. InceptionResNetV2 

The Inception-ResNet-v2 method is commonly employed 
for CT-scan image classification because of its effectiveness 
in extracting critical features from medical images. This deep 
learning framework combines the strengths of two well- 
known architectures, Inception and ResNet. The Inception 
model is said to excel in extracting features at various scale 

levels, while ResNet is effective in counteracting the problem 
of gradient loss during model training. InceptionResNetV2 is 
created to address the limitations of both models, resulting in 
improved accuracy in image classification [21]. The 
Inception-ResNet model has several blocks that contain 
convolution layers, merging filters, ReLU activation 

functions, ResNet, and the initial structure [22]. The 
architectural layout of this block is depicted in Figure 4. 

 

Fig. 4. InceptionResNetV2 Architecture. 

F. MobileNetV2 

  MobileNetV2 is a transfer learning architecture based 
on an inverted residual structure, with thin bottleneck 

layers acting as input and output residual blocks. It also 
filters out features in the mid expansion layer using 
lightweight and deep convolutions [23]. In the image 
classification experiments, MobileNetV2 achieved higher 
accuracy compared to MobileNetV1 by using fewer 
parameters. The architecture of MobileNetV2 can be seen 

in Figure 5. 

 

that has sparse features, such as specific patterns in X-ray 

images, by providing a larger learning rate for parameters with 
small gradients and smaller for parameters with large 
gradients. 

Nadam combines the Nesterov Accelerated Gradient (NAG) 

with Adam's momentum component, leveraging the benefits 
of both for deep neural network training. This algorithm 
updates parameters using one or very few parameters [24]. 
Nadam excels in reducing gradient oscillations and 
accelerating learning on complex data such as X-ray images, 
where important features such as cardiomegaly patterns can 

be detected more accurately. And SGD is considered to be 
advantageous in terms of convergence speed regarding model 
experiments [26]. The main advantages of SGD are its 
simplicity, computational efficiency, and ability to avoid 
overfitting when combined with regularization techniques 
such as dropout. 

H. Evaluation Model 

After conducting several experiments, model evaluation is 
a critical stage in image classification research, which aims to 
assess how well the trained model classifies new images. One 
of the primary instruments employed for this evaluation is the 
confusion matrix, which offers a comprehensive view of the 

model's performance. The confusion matrix serves as a tool in 
machine learning to evaluate the effectiveness of classification 
models. It aids in understanding how the model generates 
predictions and the accuracy of those predictions [27]. 

The outcomes of the confusion matrix reveal Accuracy, 
Precision, Recall, and F1-score, which are included in the 
classification report. Precision is calculated to assess the 
likelihood of a positive classification. Recall measures the 
percentage of correctly predicted positive instances. F1-score 

is utilized to evaluate the balance between specificity and 
recall. The performance metrics are represented in the 
following equation [28]. 

 

Accuracy =
TP+TN

TP+TN+FP+FN
                    (1) 

 

Recall      =
TP

TP+FN
                                    (2) 

 

Precision =
TP

TP+FP
                                    (3) 

    

      F1 - Score = (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙

)           (4)

 

 

 
 

Fig. 5. MobileNetV2 Architecture 

G. Optimizer 

In implementing using CNN, an optimizer is also needed 
in the model testing process. The role of the optimizer is very 
important to direct the model training process towards optimal 
convergence. Optimizers used in this research include 

AdaGrad, Nadam, and Stochastic Gradient Descent (SGD). 

Adagrad adjusts each model parameter by scaling it 
inversely to the square root of the cumulative sum of all past 
squared gradient values [24][25]. In cardiomegaly image 
classification research using CNN, AdaGrad helps handle data 

III. RESULTS AND DISCUSSION 

In this research, the data collection process uses a dataset 
of 4438 images of cardiomegaly disease which has 2 classes, 
namely detected cardio and normal or not detected cardio. 
This dataset is available on the kaggle website as a dataset that 
is often used for deep learning research. Then data 

preprocessing is carried out with the image normalization 
process, namely rescale image pixel values from the range 0- 
255 to the range 0-1 which aims to make each pixel value have 
the same data distribution and also change the size of the 
image so that it has the same size in each image, which is 
224x224 pixels. This size is commonly used in CNN 

modeling. 



 

 

Next, the data splitting phase is divided into three subsets: 

training data, validation data, and testing data. This division 
adheres to an 80:20 ratio, with 80% allocated for training and 
20% for testing. Furthermore, the training data is split into 
training and validation sets, again following an 80:20 ratio, 
assigning 80% for training and 20% for validation as can be 
seen in Table 1. 

TABLE I.  RESULTS OF DATA SHARING 
 

Holdout 80 : 20 

Class Data 

Training 

Data 

Validation 

Data 

Testing 

Cardiomegaly (true) 1420 355 444 

Normal (false) 1420 355 444 

Total 2840 710 888 

 

Tests for the following models applied the Adagrad, 
Nadam, and SGD optimizers with a learning rate of 0.001 and 

a batch size of 256. The model training process is carried out 
in 50 epochs, each epoch includes one full session of training, 

where the model updates its weights based on training data 
and validation results. Further program evaluation of the 
model will then be conducted using confusion matrix. 

TABLE II. ACCURACY OF THE MODELS 
 

CNN Model Optimizer Train 

Accuracy 

Validation 

Accuracy 

Test 

Accuracy 

 

DenseNet169 
Adagrad 66.11% 65.43% 67.57% 

Nadam 92.18% 92.43% 89.80% 

SGD 72.33% 72.39% 72.87% 

 

Inception 

ResNetV2 

Adagrad 63.67% 63.86% 64.19% 

Nadam 62.77% 62.85 63.06% 

SGD 49.74% 50.56% 47.84% 

 

MobileNetV2 

Adagrad 64.06% 64.16% 63.02% 

Nadam 87.06% 87.10% 87.03% 

SGD 68.01% 67.40% 68.20% 

 

The training performed on this model uses 50 epochs. For 
the results of the highest accuracy value obtained on the 

testing data, which is 89% using the DenseNet169 model with 
the Nadam optimizer and then the accuracy value on 
MobileNetV2 using the Nadam optimizer reaches 87%, the 
accuracy results obtained are optimal, as can be seen in Table 

II. The results of the models that have been trained using the 
DenseNet169, InceptionResNetV2, and MobileNetV2 
architectures can be further evaluated using the Classification 
Report and Confusion Matrix presented in the figures and 
tables below. 

 

(a) (b) 

 

 

(c) 

Fig. 6. (a) Confusion Matrix DenseNet169 Adagrad (b) Confusion Matrix 
DenseNet169 Nadam (c) Confusion Matrix DenseNet169 SGD. 

In Figure 6. (a) shows that the evaluation of the 
DenseNet169 Adagrad model using confusion matrix 

obtained results, namely in the cardiomegaly class (true) 293 
samples were predicted correctly and there were 131 errors. 

While in the normal class (false) 307 were predicted correctly 
and 157 were predicted incorrectly. For DenseNet169 Nadam 
in Figure 6. (b) the cardiomegaly class (true) is predicted to be 
correct as many as 422 samples and there are errors as many 
as 42. Then in the normal class (false) is predicted as many as 
375 correctly and predicted wrong as many as 49. And for 

Figure 6. (c) the DenseNet169 optimizer SGD model the 
cardiomegaly class (true) is predicted to be correct as many as 
319 samples and there are errors as many as 105 and the 
normal class (false) is predicted as many as 328 correctly and 
predicted wrong as many as 136. 

For the DenseNet169 model that is good enough to predict 

cardiomegaly disease, namely by using the Nadam optimiser 

with a prediction error of only 42 samples. 
 

(a) (b) 
 

(c) 

Fig. 7. (a) Confusion Matrix InceptionResNetV2 Adagrad (b) Confusion 
Matrix InceptionResNetV2 Nadam (c) Confusion Matrix InceptionResNetV2 
SGD. 



 

 

Figure 7. (a) shows that the evaluation of the 

InceptionResNetV2 Adagrad model using confusion matrix 
obtained results, namely in the cardiomegaly class (true) there 
were 365 samples predicted correctly and 99 samples 
predicted incorrectly. While in the normal class (false), 205 
samples were predicted correctly and 219 samples were 
predicted incorrectly. For InceptionResNetV2 Nadam in 

Figure 7. (b) the cardiomegaly class (true) is predicted 
correctly as many as 353 samples and there are 111 errors. 
Then the normal class (false) was predicted as many as 207 
correctly and 217 samples were wrongly predicted. And for 
Figure 7. (c) the InceptionResNetV2 optimizer SGD model 
has no correct samples in the prediction of the cardiomegaly 

class (true). While the normal class (false) predicted as many 
as 424 correctly and there were no errors in prediction. 

For the InceptionResNetV2 model using the SGD 

optimizer, it is said that it is not reliable enough to predict the 

cardiomegaly class. 
 

(a) (b) 
 

(c) 

Fig. 8. (a) Confusion Matrix MobileNetV2 Adagrad (b) Confusion Matrix 
MobileNetV2 Nadam (c) Confusion Matrix MobileNetV2 SGD. 

In Figure 8. (a) Adagrad MobileNetV2 model predicted 
308 samples as true and actually had true original labels and 

156 samples were predicted incorrectly. Then the model 

correctly predicted 249 samples as normal (false) and the 
prediction error was 175 samples. For MobileNetV2 Nadam 
in Figure 8. (b) the model predicted 431 samples as 

cardiomegaly (true) correctly and there were 33 samples 
predicted incorrectly. And the model predicted 341 samples as 
normal (false) which really had the original label normal 
(false) and the model predicted 83 samples predicted not 
according to the original label. Furthermore, MobileNetV2 
with the SGD optimizer in Figure 8. (c) as many as 323 

samples were predicted correctly in the cardiomegaly class 
(true) and the prediction error was 141 samples and in the 
normal class (false) as many as 277 were predicted correctly 
according to the original label and 147 samples had errors in 
prediction. For the evaluation results of the MobileNetV2 

model which is quite good at predicting the cardiomegaly 

class, namely using the Nadam optimizer because there are 
only 33 samples that are predicted not according to the 
original label. 

TABLE III. RESULTS OF CLASSIFICATION REPORT VALUE 
 

CNN 
Model 

Optimizer Precision Recall F1-Score Accuracy 

 

DenseNet169 

Adagrad 68% 68% 66% 68% 

Nadam 90% 90% 89% 90% 

SGD 73% 75% 73% 73% 

Inception 

ResNetV2 

Adagrad 65% 64% 63% 64% 

Nadam 64% 62% 62% 63% 

SGD 24% 50% 32%% 48% 

 

MobileNetV2 

Adagrad 63% 66% 63% 63% 

Nadam 88% 87% 87% 87% 

SGD 67% 70% 67% 68% 

 

It can be seen in Table III. The results of the model 
evaluation show a comparison of the performance of three 

CNN (Convolutional Neural Networks) models namely 
DenseNet169, Inception ResNetV2, and MobileNetV2 which 
use three different types of optimizers, namely Adagrad, 
Nadam, and SGD based on the Precision, Recall, F1-Score, 
and Accuracy values obtained by the DenseNet169 Nadam 
optimizer model produces the best performance with the 

highest accuracy value of 90%. Then the MobileNetV2 model 
with the same optimizer, Nadam, also provides the best 
performance with an accuracy value of 87%. 

 

Fig. 9. Model evaluation accuracy value comparison graph. 

From the graph displayed in Figure 9, it shows that the 

experiment with the DenseNet169 optimizer architecture 
model of Nadam achieved an accuracy value of 90%, which 
is the highest accuracy. Then the MobileNetV2 architecture 
optimizer Nadam achieved an accuracy value of 87%, both of 
these architectures work quite well in detecting cardiomegaly 
using image datasets. The Nadam optimizer gives the best 

results on both models, indicating that it works well in 
balancing exploration and exploitation during training. 

Whereas, Adagrad and SGD tend to give lower results because 
they are less adaptive to data that has dynamic gradients or 
varies between features. In this case, model selection and 
optimizer play an important role in improving performance in 

cardiomegaly classification. 

IV. CONCLUSION 

From the model testing conducted using the DenseNet169, 
InceptionResNetV2, and MobileNetV2 architectures as well 

as the Adagrad, Nadam, and SGD optimizers, it can be applied 
to classify cardiomegaly images with good model evaluation 
results. The results obtained are that the DenseNet169 
architecture with the Nadam optimizer achieved the highest 
accuracy of 90%, followed by MobileNetV2 with the Nadam 



 

 

optimizer of 87%. These results indicate that DenseNet169 

with Nadam optimizer is the most optimal configuration in 
this study. The architecture is able to capture patterns in the 
image well, resulting in superior performance. Meanwhile, the 
performance of MobileNetV2 shows that lighter architectures 
can also provide competitive results with the right approach. 

This research reinforces that deep learning-based 
approaches have great potential in the medical field, especially 
to help diagnose diseases through medical image analysis. The 
implementation of artificial neural networks such as CNN is 

proven to be able to classify cardiomegaly images with good 
accuracy, thus making a significant contribution to the 
development of the field of deep learning. To be continued in 
future research, it can be applied to a more diverse dataset to 
ensure the reliability of the model in various clinical 
conditions as well as a combination of various CNN 

architectures and optimizations. 
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