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ABSTRACT 

Congenital Heart Disease (CHDs), particularly Cardiac Septal Defects (CSDs), 

remains a major cause of morbidity in children. This study proposes a deep learning–

based approach using Vision Transformer (ViT) to automatically classify view 

echocardiographic images as a fundamental step toward improving diagnostic 

accuracy in pediatric CSDs. A total of 158 videos for the four-chamber view (4CV), 

five-chamber view (5CV), and subcostal (SC) views; 161 videos for the parasternal 

long-axis (PLAX) view; and 165 videos for the parasternal short-axis (PSAX) view 

were used in this study and converted into 48,000 image frames. Four ViT variants 

(ViT-B/16, ViT-B/32, ViT-L/16, and ViT-L/32) were evaluated under identical 

experimental settings using 100 training epochs, the AdamW optimizer, and 

consistent input configurations. Model performance was assessed using accuracy, 

precision, and recall metrics. Experimental results showed that ViT-L/32 achieved the 

best performance with an accuracy of 92.20%, accompanied by superior precision and 

recall compared to other models. The proposed ViT-based framework provided an 

effective and reliable solution for automatic echocardiographic view classification, 

supporting early and accurate diagnosis of CSD.  
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1. INTRODUCTION 

 

Congenital heart disease (CHDs) is the most common congenital anomaly, 

affecting 0.8% of the general population and ranking among the leading causes of 

morbidity and mortality [1][2][3].  These anomalies involve structural abnormalities 

of the heart, one of which is a cardiac septal defect (CSDs). CSDs occur when there 

is a hole in the septum separating the heart chambers [4][5][6]. Clinically, the most 

common CSDs can occur in three main locations: Atrial Septal Defect (ASD); 

Ventricular Septal Defect (VSD); and Atrioventricular Septal Defect (AVSD) [6]–[9]. 

CSDs significantly cause abnormal blood flow, such as to the wrong chamber or 

increased blood flow to the lungs [10][11][12]. Consequently, early detection and 

continuous monitoring are essential to reduce morbidity rates [13][14][15]. 
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Echocardiography has become the most widely used noninvasive imaging 

technique for early detection and ongoing monitoring of cardiac structure and function 

in patients ranging from infants to adults [5][6]. Echocardiography provides 

visualization through various standard views on CSDs. However, echocardiographic 

interpretation remains highly operator-dependent and requires substantial expertise 

[16][17]. The acquisition and interpretation of standard views are often influenced by 

factors such as patient movement, probe position, image quality, and unstable cardiac 

motion [18]. Clinically, image quality variability can lead to inconsistencies in 

identifying standard views, particularly in pediatric cases where anatomical structures 

are smaller [19][20]. These challenges can result in longer diagnostic times, reduced 

reproducibility, and an increased risk of misdiagnosis of cardiac abnormalities [20]–

[25]. 

To address these challenges, recent advancements in artificial intelligence (AI), 

particularly deep learning (DL), have been utilized. DL approaches have been widely 

applied in cardiac image analysis research, specifically for detecting CSDs. Various 

architectures have been developed; for instance, the study in [26] used a Temporal–

Spatial Decoupled Network (TSDNet), and the study in [27] used VGG16, 

demonstrating that VSD classification accuracy is stable. However, these approaches 

focus only on localization in a single CSD condition, using only Computed 

Tomography (CT) image data. Furthermore, [26] has a high noise level, which has the 

potential to cause overfitting and reduce generalization ability on new data, and does 

not yet consider multi-view echocardiography images.  

In addition, recent studies in [28][29], using transformer-based approaches such as 

the Vision Transformer (ViT), have demonstrated stable and promising capabilities in 

integrating information. Through the self-attention mechanism, the model is capable 

of capturing information from complex global spatial data. However, studies [28][29] 

still focus on direct diagnosis without considering initial stages such as view 

classification in echocardiography, which plays a crucial role in ensuring the quality 

of subsequent analysis [30]. Furthermore, accurate multi-view identification is a 

crucial first step in ensuring that further analysis is performed on the correct and 

clinically relevant views; however, the application of ViT remains relatively limited 

and has not been extensively explored [31][32].  

Therefore, this study proposes a ViT-based approach for performing view 

classification on pediatric CSDs. This study evaluates several variants of the ViT 

architecture to identify the model with the best performance in distinguishing standard 

views. By conducting a systematic evaluation within a single experimental 

framework, this study aims to provide a comprehensive analysis of the models’ ability 

to understand the spatial representation of echocardiographic images. The main 

contributions of this study are as follows: 

• Proposing a Vision Transformer-based echocardiographic view classification 

approach as a fundamental step in the cardiac image analysis pipeline, and 

• Conducting a comparative evaluation of several ViT architecture variants to 

determine the best model for supporting further analysis 
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2. MATERIAL AND METHODS 

 

In this study, four stages were conducted, namely: (i) data preparation; (ii) data 

preprocessing; (iii) model training for view classification; and (iv) model evaluation 

to identify the best model. Each stage was designed systematically to ensure optimal 

data quality and improve the performance of the classification model. Figure 1 shows 

the workflow used for view classification for CSDs using the ViT. 

 

 
FIGURE 1. View classification pipeline of CSDs using ViT 

 

 

2.1 DATA PREPARATION 

 

In this stage, the data used in the study was prepared. The data consisted of 

echocardiography recordings in video format (.AVI) with a native resolution of 800 x 

600 pixels and a duration of 1–5 seconds per video (30–60 MB). Echocardiography 

videos were collected from the Pediatric Cardiology Department of Dr. Mohammad 

Hoesin General Hospital, Palembang, Indonesia, using a Philips ultrasound machine. 

In total, the dataset consisted of 800 echocardiography videos, representing various 

conditions and anatomical views of the heart. The standard views used were 158 

videos for the four-chamber view (4CV), five-chamber view (5CV), and subcostal 

(SC) views; 161 videos for the parasternal long-axis (PLAX) view; and 165 videos 

for the parasternal short-axis (PSAX) view. The visual characteristics of each view 
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are shown in Figure 2, which was used as the feature set for view classification 

purposes. 

 

   

4CV 5CV PLAX 

  

PSAX SC 

FIGURE 2. Sample image of CSDs per view 

 

2.2 DATA PRE-PROCESSING 

 

Before model training, several pre-processing steps were performed to ensure that 

the data was clean, uniform, and conforms to the input format required by the model. 

This stage included converting video data into images, filtering data quality, 

annotating objects for segmentation, labeling images for classification, transforming 

annotation formats, resizing images, and splitting the dataset.  

First, echocardiography data in video format was converted into frame-by-frame 

images for image-based processing. Each video consisted of 150–251 frames, and data 

filtering was performed to remove non-representative frames, such as those with low 

quality or containing artifacts. Overall, 60 images were extracted per video. Second, 

labeling was performed by grouping images based on view type. This process yielded 

a total of approximately 48,000 images with a relatively balanced distribution across 

classes, thereby supporting more stable and unbiased model performance. 

To meet the model training input requirements, all images were resized from 

800x600 to 224x224 pixels. Additionally, a cropping process was performed to adjust 

the aspect ratio to 1:1 without removing important parts of the heart structure. This 

process was crucial for preserving diagnostic information while ensuring 

compatibility with the pre-trained model used (as depicted in Figure 3). 
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(a) (b) 

 

FIGURE 3. Cropping image: (a) before cropping; (b) after cropping 

 

To ensure a reliable and unbiased evaluation, the dataset was divided into three 

subsets at the video level, such as training,  validation, and testing data. The splitting 

was performed separately for each echocardiographic view while maintaining a 

balanced distribution of the view classes across the three subsets. Following the video-

level splitting, 60 representative frames were extracted from each video according to 

the data filtering procedure described previously. All frames originating from the 

same video were therefore assigned exclusively to the subset to which that video 

belonged. Consequently, no frames from the same video were shared between the 

training, validation, and testing sets. This process was carried out for each view of 

every model, with the data distribution shown in Table 1. 

 

TABLE 1.  

Data Distribution for Classification After Splitting 

View Video Frame 

 Train Validation Test Train Validation Test 

4CV 128 15 15 7680 900 900 

5CV 128 15 15 7680 900 900 

PLAX 129 16 16 7740 960 960 

PSAX 133 16 16 7980 960 960 

SC 128 15 15 7680 900 900 

Total 38760 4620 4620 

 
 

2.3  VIEW CLASSIFICATION MODEL TRAINING  

 

During the model training phase, four pre-trained model architectures from the 

Vision Transformer (ViT) family were used: ViT-Base with a patch size of 16 (ViT-
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B/16), ViT-Base with a patch size of 32 (ViT-B/32), ViT -Large with a patch size of 

16 (ViT-L/16), and ViT-Large with a patch size of 32 (ViT-L/32). In this study, ViT 

was a deep learning (DL) architecture designed to perform classification tasks on 

image data. ViT adapted the Transformer Encoder concept from natural language 

processing (NLP) to computer vision. The Transformer Encoder featured a Multi-

Head Self-Attention mechanism that enabled the model to learn relationships between 

different patches in an image. As shown in Figure 4, ViT operated by patching the 

input into N patches, as described in Equation (1). 

 

 

 𝑁 =
𝐻𝑊

𝑃2
                               (1) 

 

where, 𝐻 is the image height, 𝑊 is the image width, dan 𝑃2 is the patch size. Next, 

the model flattened the 𝐻 ×𝑊 patch into a vector, performed embedding using a fully 

connected layer, added a positional encoder to capture information within each patch, 

encoded the data, and performed classification [33] 

 

FIGURE 4. ViT Architecture for View Classification of CSDs Dataset 

 

To maintain consistency in the evaluation process across models, each tested ViT 

architecture was given a hyperparameter configuration. Some of the hyperparameters 

used included a batch size of 4, a learning rate of 3×10⁻⁴, and the use of the Adam 

with Weight Decay (AdamW) optimizer. Training was conducted over 100 epochs, 

with the expectation that the model would achieve convergence and learn deep data 

representations within that range. 

The input provided to the model was also adjusted to be compatible with the ViT 

architecture, specifically with an image resolution of 224×224 pixels and 3 color 

channels (RGB), resulting in an input dimension of 224×224×3. This was conducted 

because ViT processed inputs in the form of small patches divided from the original 

image, so that an appropriate input size ensured that the number of patches and their 

representations remained consistent across models 
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2.4 MODEL EVALUATION 

 

To measure performance, this study used three metrics. Details regarding the 

definitions, formulas, and calculation methods for these metrics were provided in 

Equations (2)–(5), as follow 
 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (2) 

   

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
   (3) 

 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (4) 

 

where, 𝑇𝑃 is the number of true positive predictions, 𝑇𝑁 is the number of true negative 

predictions, 𝐹𝑃 is the number of false positive predictions, and 𝐹𝑁 is the number of 

false negative predictions 

 

 

2.5 PLATFORM 

 

All experiments were conducted using an NVIDIA GeForce RTX 2080 GPU (32 

GB of shared memory and 8 GB of dedicated memory), running Windows 11 Pro 64-

bit and Python 3.9.18. The model implementation utilized PyTorch with support from 

the NumPy, Pandas, Scikit-learn, Matplotlib, Seaborn, and Roboflow libraries. 

 

 

3. RESULTS AND DISCUSSIONS 

 

This section presented the results of view classification experiments on pediatric 

echocardiography data using four variants of the ViT model: ViT-B/16, ViT-B/32, 

ViT-L/16, and ViT-L/32. Performance was evaluated based on the metrics of 

accuracy, precision, and recall. The classification performance results for the CSDs 

dataset were presented in Table 2. Based on the experiments conducted in this study, 

the ViT-L/32 model demonstrated the best performance compared to the ViT-B/16, 

ViT-B/32, and ViT-L/16 models, with an accuracy of 92.20%.  Meanwhile, the ViT-

B/16 model also demonstrated performance with an accuracy of 89.61%, indicating 

stable generalization capabilities despite its smaller architecture. However, the ViT-

B/32 and ViT-L/16 models showed relatively lower performance, particularly in terms 

of recall, suggesting limitations in capturing discriminative features among specific 

classes.  
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Overall, these results demonstrated that the ViT-L model combined with a patch 

size of 32x32 enhanced the model’s ability to capture global spatial features and was 

not only accurate in predicting the correct class but also consistent in minimizing both 

false positives and false negatives. Figure 5 presents a visual  representation of 

the results shown in Table 2.  

 

TABLE 2.  

Performance Results of View Classification Using Testing Dataset of CSDs 

 
Model Class Performance (%) 

Precision Recall Accuracy 

ViT-B/16 4CV 80.00 80.00 

89,61 

5CV 87.50 93.33 

PLAX 94.11 100 

PSAX 100 93.75 

SC 85.71 80.00 

ViT-B/32 4CV 66.66 93.33 

85.71 

5CV 100 60.00 

PLAX 93.33 87.50 

PSAX 88.23 93.75 

SC 93.33 93.33 

ViT-L/16 4CV 85.71 80.00 

85.71 

5CV 82.35 93.33 

PLAX 100 68.75 

PSAX 76.19 100 

SC 92.85 86.66 

ViT-L/32 4CV 75.00 100 

92.20 

5CV 91.66 73.33 

PLAX 100 100 

PSAX 100 100 

SC 100 86.66 

 

 

 
(a)  
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(b)  

FIGURE 5. Visualization of (a) precision and (b) recall performance analysis results 

for view classification using the CSDs dataset 

  

The performance results presented in Table 2 were then summarized by calculating 

the average performance across all classes to provide a more robust evaluation of each 

model. Table 3 showed that the ViT-L/32 model achieved the best overall 

performance with the highest accuracy, precision, and recall, demonstrating its strong 

ability to generalize across various CSDs viewpoints. Meanwhile, ViT-B/32 showed 

the lowest average results, particularly in terms of recall, indicating limitations in view 

classification. These findings highlight that larger model capacity combined with 

larger patch sizes significantly contributed to improved view classification 

performance. 

 

TABLE 3  

The best model of ViT-B/16, ViT-B/32, ViT-L/16, and ViT-L/32 
Model Accuracy (%) Precision (%) Recall (%) 

ViT-B/16 89.61 89.46 89.41 

ViT-B/32 
85.71 88.31 85.58 

ViT-L/16 85.71 87.42 85.75 

ViT-L/32 92.20 93.33 91.99 

 

The confusion matrix (CM) heatmaps for four models were presented in Figure 6, 

illustrating both per-frame and per-video classification performance across 

performance acrossed the five standard views of CSDs (4CV, 5CV, PLAX, PSAX, 

and SC). Overall, the results showed a consistent pattern where LA and SA classes 

achieve the highest classification accuracy, as indicated by strong diagonal dominance 

in the confusion matrices across all models. In particular, the ViT-L/32 model 

demonstrated the most concentrated diagonal distribution, correctly classifying the 

majority of samples, such as 901 frames for LA and 908 frames for SA, with minimal 

classification errors. 

0
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However, significant confusion was observed between the 4CH and 5CH classes, 

particularly in per-frame evaluation, where a large number of samples were 

classification errors between these two categories (e.g., 259 5CH samples were 

predicted as 4CH on ViT-L/32). This behavior indicated a high degree of structural 

similarity between the two views, making them difficult to distinguish even by 

advanced models. Additionally, the SUB class exhibited moderate confusion, often 

being misclassified as 4CH or 5CH, indicating the presence of overlapping visual 

features. 

When comparing per-frame and per-video results, the per-video confusion matrix 

showed significantly better performance, with fewer classification errors. This 

indicated that temporal aggregation across frames enhances classification robustness. 

Overall, among all evaluated models, ViT-L/32 achieved the best performance, with 

the lowest inter-class confusion and the most stable predictions, confirming its 

superiority in capturing global contextual features for view classification of CSDs. 

 

Per-Frame Per-Video 

 
 

(a) ViT-B/16 

  
(b) ViT-B/32 
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(c) ViT-L/16 

 
 

(d) ViT-L/32 

 

FIGURE 6. The CM heatmap of ViT-B/16, ViT-B/32, ViT-L/16, and ViT-L/32 

model for CSDs view 

 

 

3. CONCLUSION 

 

This study developed and proposed a ViT-based approach for view classification 

of CSDs in children as a fundamental step in the CHD analysis pipeline. Using an 

echocardiography dataset, this study evaluated four ViT variants: ViT-B/16, ViT-

B/32, ViT-L/16, and ViT-L/32. Experimental results showed that the ViT-L/32 model 

in view classification (4CV, 5CV, PLAX, PSAX, SC) delivered the best performance 

with an accuracy of 92.20%, as well as the highest precision and recall values 

compared to other models. Furthermore, this contribution was also relevant to global 

efforts to improve child health, in line with Sustainable Development Goal (SDG) 3. 

Moving forward, research can focus on developing end-to-end systems that integrate 

view classification with the detection and segmentation of cardiac abnormalities, the 
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utilization of more advanced transformer architectures, and clinical validation on a 

larger scale to ensure readiness for implementation in the real medical world. 
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