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Abstract— Fetal brain abnormalities represent a critical concern in prenatal diagnostics due to their 

significant impact on neonatal survival and neurological development. Conventional ultrasound (USG) 

screening relies heavily on expert interpretation, which can be time-consuming and prone to subjectivity. To 

overcome this constraint, this research develops an automated classification approach employing deep 

learning techniques to recognize fetal head abnormalities captured through ultrasound scans. The dataset, 

obtained from a publicly available Kaggle repository, comprises fourteen diagnostic categories, including 

Arnold Chiari Malformation, Arachnoid Cyst, Cerebellar Hypoplasia, Holoprosencephaly, and 

Ventriculomegaly variations, among others. Each ultrasound image was subjected to a series of preprocessing 

operations, such as resizing to 224×224 pixels, applying normalization, and performing data augmentation, to 

enrich feature variability and strengthen the model’s generalization capability. A pretrained EfficientNet-B3 

architecture was fine-tuned for multi-class classification, with the fully connected layer adapted to predict 

fourteen distinct abnormality classes. Model training was conducted for ten epochs using the Adam optimizer 

and cross-entropy loss function, with performance evaluated via training loss and validation accuracy metrics. 

The results demonstrate rapid convergence, with training loss decreasing from 1.7055 in the first epoch to 

0.0387 in the final epoch. Concurrently, validation accuracy improved from 79.60% to a peak of 91.37%, 

indicating strong generalization capability. The consistent upward trend in accuracy and the downward trend 

in loss confirm the model’s stability and effective learning behavior. Overall, the proposed EfficientNet-B3–

based approach achieves high accuracy and robustness, highlighting its potential as an assistive tool for 

automated prenatal diagnosis of fetal brain abnormalities 
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I. INTRODUCTION 
The fetal stage represents a critical window of organ formation that lays the 

foundation for long-term health outcomes. At this stage, the growth of the head and brain 

is a critical determinant in the development of neural systems that govern lifelong 

neurological performance [1]. Disruptions in head growth and neurological development 

are linked to lasting health challenges, increased risk of morbidity, and potential negative 

effects on the overall quality of life in infants [2].  In recent decades, abnormalities of the 

fetal central nervous system have emerged as a major concern in both obstetrics and 

radiology. This is largely attributed to their notable prevalence, estimated at 

approximately 0.1–0.2% among live births and as high as 3–6% in cases of intrauterine 

death. Such figures underscore the critical importance of early detection of conditions like 

holoprosencephaly, ventriculomegaly, and various other complex malformations [3]. 

Fetal brain abnormalities, including holoprosencephaly, ventriculomegaly, posterior fossa 

malformations, and agenesis of the corpus callosum, represent serious conditions that 

may significantly affect both neurological development and postnatal survival. Clinical 
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reports indicate that posterior fossa malformations account for approximately 19% of 

cases, agenesis or dysgenesis of the corpus callosum for 15%, aqueductal stenosis for 

14%, ventriculomegaly for 11%, and lissencephaly for about 8.5% of the fetal population 

[4]. Given these circumstances, the detection of abnormalities during the fetal stage plays 

a critically important role. Early identification not only enables timely medical 

interventions during the prenatal period but also allows healthcare professionals and 

families to plan more effective postnatal management strategies. Such proactive measures 

are believed to reduce the risk of long-term complications, improve neurological 

developmental outcomes, and lower mortality rates associated with fetal brain 

abnormalities. 

Fetal ultrasound has long been recognized as a non-invasive diagnostic modality 

capable of visualizing brain structures with satisfactory spatial resolution while avoiding 

exposure to ionizing radiation. Over time, ultrasonography has established itself as the 

preferred imaging modality for routine prenatal assessments because it is safe, widely 

accessible, and capable of providing real-time visualization [5], [6]. Clinically, however, 

analyzing fetal ultrasound images remains challenging, as they are often affected by 

artifacts such as acoustic shadowing, speckle noise, motion-induced blur, and poorly 

defined anatomical boundaries resulting from the complex propagation of sound waves 

through maternal and fetal tissues [7]. 

Nevertheless, manual interpretation of fetal imaging remains highly dependent on the 

radiologist’s expertise, making it prone to subjectivity and often time-consuming. As a 

result, the incorporation of artificial intelligence—especially deep learning methods—has 

gained significant attention as an effective strategy to improve the precision and 

efficiency of diagnostic processes. In this context, deep learning methods possess the 

ability to automatically extract complex patterns from ultrasound images, enabling more 

precise differentiation of various fetal head abnormalities compared to conventional 

techniques. Among these, convolutional neural networks (CNNs) have demonstrated 

exceptional capability in identifying subtle visual features that are difficult for human 

observers to discern, while also minimizing interpretive subjectivity. 

One architecture that has recently gained increasing attention in medical image 

classification is EfficientNet. This model is designed using the principle of compound 

scaling, which optimally balances network depth, width, and resolution to achieve more 

efficient feature representation. EfficientNet-B3 has demonstrated remarkable 

effectiveness in brain tumor classification using MRI images. For instance, studies on 

multi-class tumor classification—encompassing glioma, meningioma, pituitary, and non-

tumor categories—have achieved accuracies exceeding 98% [8]. The success of 

EfficientNet-B3 in brain tumor classification opens promising opportunities for its 

application in fetal imaging, where anatomical structures are considerably smaller, more 

heterogeneous, and more susceptible to motion-induced noise. The rapid evolution of AI 

and deep learning methods has markedly enhanced fetal imaging analysis and prenatal 

diagnostic accuracy across different imaging modalities [9]. pioneered a memory-based 

unsupervised framework for video quality assessment in fetal ultrasound, significantly 

reducing dependence on manual labeling and subjective interpretation. Their method 

achieved high diagnostic precision for head circumference and cerebellar diameter 

estimation, outperforming existing spatio-temporal models such as STAE and MNAD. 

Complementing this, [10] reviewed over 1,800 studies on fetal brain MRI segmentation, 

identifying deep learning—particularly U-Net and transformer-based architectures—as 

the benchmark approach for accurate, efficient, and generalizable brain tissue delineation. 

Building on data-driven advancements, [11] contributed a large-scale, expertly annotated 

dataset for fetal head biometry, formatted in 11 deep learning–compatible structures, 

ensuring high reliability and inter-observer agreement. Similarly,  [12] developed a 

hybrid convolutional–transformer model, BabyNet, to estimate fetal weight directly from 

ultrasound videos, achieving expert-level accuracy with a mean absolute percentage error 
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below 4%. Moreover, recent narrative reviews have highlighted that several CNN- and U-

Net–based models applied to fetal MRI data have achieved accuracy levels exceeding 

95%, underscoring the substantial potential of automated image interpretation in 

enhancing clinical workflows. In parallel, the FOAC-Net architecture has been reported 

to attain an accuracy of approximately 85% in detecting abnormalities not only within the 

fetal brain but also across other organs, demonstrating its adaptability to diverse 

diagnostic contexts [13]. 

Progress in diagnostic intelligence has also expanded toward the detection of fetal 

abnormalities. [14] proposed a deep learning system combining biometric parameters 

such as nuchal translucency, nasal bone, and abdominal circumference to improve Down 

Syndrome detection, achieving over 92% accuracy with CNN and ResNet architectures. 

Likewise, [15] presented a deep learning framework for congenital heart defect (CHD) 

detection using three-vessel view ultrasound videos, reaching a Dice coefficient of 0.95 

and near-perfect sensitivity and specificity. [16] The Fetal Cardiac Ultrasound Standard 

Section Detection Model (FCUM) further advanced fetal cardiac assessment by 

combining multitask learning with a hybrid attention mechanism, attaining a mean 

average precision of 93.1% and supporting real-time diagnostic capability. These 

innovations collectively demonstrate AI’s growing potential to reduce operator 

dependency and support precision screening in complex prenatal cases. 

In fetal head analysis, [17] developed a multi-CNN architecture to classify fetal head 

positions during labor using transperineal ultrasound images, achieving 94.5% accuracy 

and strong inter-rater reliability. In a related study, [18] proposed a dual-task, two-stage 

framework for fetal brain MRI that simultaneously conducted brain extraction and image 

quality evaluation, achieving a Dice similarity coefficient above 92%. This approach 

enhanced segmentation precision while effectively minimizing the clinical annotation 

burden. [19] expanded upon these findings by reviewing AI-based fetal brain imaging in 

ultrasound and MRI, emphasizing how convolutional and attention-driven networks have 

achieved segmentation accuracies beyond 97%, leading to improved diagnostic 

reproducibility. 

Data diversity and efficiency have also been key focuses of recent research. [20] 

compared segmentation and regression models for fetal head circumference estimation, 

finding that regression-based deep networks such as InceptionV3 achieved superior 

accuracy (87.04%) over segmentation approaches while maintaining computational 

efficiency. In assessing fetal lung maturity, [21] designed a lightweight segmentation 

model using MobileNetV2 and refined attention mechanisms, achieving high Dice, mIoU, 

and precision scores while significantly reducing computational cost, making it suitable 

for real-time clinical deployment. Extending the scope of multimodal fetal health 

analysis, [22] integrated cardiotocography (CTG) signals and ultrasound imaging within a 

machine learning framework to classify fetal states and morphological patterns. The 

hybrid use of the Flower Pollination Algorithm (FPA) and Random Forest yielded a 

classification accuracy of 93.66% for fetal state recognition and 87.56% for morphology 

patterns, outperforming conventional models such as KNN, ANN, and SVM. 

Therefore, the present research aims to bridge this gap by developing an automated 

classification system based on EfficientNet-B3 for identifying fetal head abnormalities in 

ultrasound images. This approach is expected to improve diagnostic accuracy and 

efficiency, reduce the workload of radiologists, and support the implementation of 

Computer-Aided Diagnosis (CAD) systems in obstetric clinical practice. 

 

 

II. METHOD 
This section presents the methodological framework adopted to detect and classify 

fetal head abnormalities from ultrasound (USG) images.  
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A. Dataset Description 

The dataset used in this study consists of fetal brain ultrasound (USG) images 

categorized into fourteen distinct classes of abnormalities, including Arnold Chiari 

Malformation, Arachnoid Cyst, Cerebellar Hypoplasia, Cisterna Magna, Colpocephaly, 

Encephalocele, Holoprosencephaly, Hydranencephaly, Intracranial Hemorrhage, 

Intracranial Tumor, Mild Ventriculomegaly, Moderate Ventriculomegaly, Polencephaly, 

and Severe Ventriculomegaly. The dataset utilized in this study was sourced from open-

access medical imaging repositories available on Kaggle, where all images were 

subsequently reviewed and validated by expert radiologists with specialization in fetal 

neurosonography to guarantee annotation consistency and diagnostic integrity. Each 

image represents an axial or sagittal view of the fetal head, captured in grayscale mode 

using standard obstetric ultrasound systems. To ensure ethical compliance, all data were 

anonymized and stripped of any identifiable patient information prior to analysis. 

In total, the dataset comprises 1,391 ultrasound images (distributed approximately 

evenly across the fourteen categories), which were randomly divided into training (974 

image), validation (278 images), and testing (139 images) subsets. The images exhibit 

substantial intra-class variability due to differences in gestational age, fetal movement, 

and acquisition parameters, resulting in natural variations in contrast, resolution, and 

anatomical visibility. Such heterogeneity poses a significant challenge for manual 

diagnosis and highlights the need for automated classification approaches. To enhance 

model generalization, data augmentation techniques including rotation, zooming, and 

horizontal flipping were applied to the training set. Representative ultrasound images 

used in this study are shown in Figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Representative ultrasound images of fetal head abnormalities from the 

Kaggle dataset. The figure illustrates samples from fourteen diagnostic categories: (a) 

Arnold Chiari Malformation, (b) Arachnoid Cyst, (c) Cerebellar Hypoplasia, (d) Cisterna 

Magna, (e) Colpocephaly, (f) Encephalocele, (g) Holoprosencephaly, (h) 

Hydranencephaly, (i) Intracranial Hemorrhage, (j) Intracranial Tumor, (k) Mild 

Ventriculomegaly, (l) Moderate Ventriculomegaly, (m) Polencephaly, and (n) Severe 
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Ventriculomegaly. Each image reflects distinct morphological and echogenic 

characteristics of fetal brain structures captured through prenatal ultrasonography. 

Figure 1 presents representative ultrasound images of the fourteen fetal head 

abnormality classes included in the dataset. Each category exhibits unique sonographic 

patterns and structural anomalies that distinguish it from others, despite the high degree 

of morphological overlap inherent to fetal neurosonography. For instance, Arnold Chiari 

Malformation and Cerebellar Hypoplasia both involve posterior fossa alterations but 

differ in cerebellar contour and ventricular dilation, while Ventriculomegaly subtypes 

(mild, moderate, and severe) primarily vary in lateral ventricle diameter and the degree of 

fluid accumulation. 

These examples highlight the inherent visual complexity and diagnostic challenge of 

interpreting fetal head ultrasound scans, particularly under conditions of acoustic 

shadowing, speckle noise, and variable fetal orientation. The dataset thus provides a 

robust and diverse foundation for training deep learning models capable of learning subtle 

spatial and textural cues associated with each abnormality.  

 

B. Data Preprocessing 

Before training the model, all ultrasound images were subjected to a uniform 

preprocessing workflow to maintain consistency in scale, brightness, and feature 

distribution. Each image was resized to 224 × 224 pixels, formatted into three color 

channels, and normalized using the standard ImageNet mean and standard deviation 

values ([0.485, 0.456, 0.406] and [0.229, 0.224, 0.225], respectively). This normalization 

ensured compatibility with the pretrained parameters of the EfficientNet-B3 architecture. 

To enhance the model’s resilience to image noise and variations in fetal head positioning, 

several augmentation strategies—such as random rotation, zoom, horizontal flip, and 

brightness modification—were incorporated during preprocessing. The augmented 

dataset significantly increased the diversity of training samples and reduced the risk of 

overfitting, which is crucial given the high intra-class similarity across abnormality types. 

The classification model was developed using the EfficientNet-B3 backbone, a 

convolutional neural network designed with a compound scaling strategy that 

proportionally adjusts depth, width, and input resolution. This architecture was selected 

due to its proven effectiveness in medical image analysis, offering high accuracy while 

maintaining computational efficiency. The pretrained weights from ImageNet were 

utilized as a feature extractor to leverage rich spatial representations learned from large-

scale visual data. The top classification layer was replaced with a custom fully connected 

layer corresponding to the fourteen abnormality classes, followed by a softmax activation 

to produce probabilistic outputs. Model optimization was performed using the Adam 

optimizer with an initial learning rate of 0.001 and a batch size of 32. The Cross-Entropy 

Loss function was employed to handle multi-class classification effectively. 

During training, early stopping and learning rate scheduling strategies were applied to 

prevent overfitting and ensure stable convergence. Model performance was continuously 

evaluated on the validation set after each epoch, and the model achieving the highest 

validation accuracy was preserved for final testing. 

C. Feature Extraction using EfficientNet-B3 

Deep feature extraction was carried out using the EfficientNet-B3 model, a 

convolutional neural network designed with a balanced scaling strategy across depth, 

width, and resolution to deliver enhanced accuracy while maintaining computational 

efficiency. The pretrained weights from ImageNet were utilized to leverage the network’s 

prior knowledge of visual patterns. The final fully connected layer was removed, and the 

penultimate layer’s output served as a high-level feature representation of the input 

ultrasound images. These features capture intricate spatial and structural information 

critical for distinguishing among the fourteen abnormality classes. 
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D. Classification Layer 

After feature extraction, the resulting feature vectors were fed into a fully connected 

classifier composed of a dense layer followed by a Softmax activation function to 

produce probabilistic predictions across the fourteen categories. The model was trained 

using the Cross-Entropy Loss function, while the Adam optimizer was used for parameter 

optimization with an adaptive learning rate strategy. The batch size and learning rate were 

empirically determined to achieve optimal convergence during the training phase. 

 

E. Evaluation Metrics 

Model performance in this study was monitored using both loss-based and 

classification metrics to provide a balanced assessment of learning dynamics and 

predictive quality. During training, the network optimization objective was tracked via 

the average training loss per epoch (computed from the loss function returned by the 

criterion). This scalar (plotted as the training loss curve) served as the primary indicator 

of optimization progress and model convergence. 

For validation, the code computes a validation accuracy at the end of every epoch. 

Predictions are obtained by applying a sigmoid activation to the raw model outputs and 

thresholding probabilities at 0.5; the resulting binary matrix is compared element-wise to 

the ground-truth multi-hot label matrix. Validation accuracy is therefore calculated as the 

percentage of correctly predicted label elements across the entire validation set [23]: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 100 ×  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑎𝑡𝑐ℎ𝑖𝑛𝑔 𝑙𝑎𝑏𝑒𝑙 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑎𝑏𝑒𝑙 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠
=  100 .

∑ 1 {ŷ𝑖, 𝑐 = 𝑦𝑖, 𝑐}𝐶
𝑐=1

𝑁 × 𝐶
 

where N is the number of samples, C the number of classes, 𝑦𝑖, 𝑐  ∈ {0, 1} the 

ground- truth label and ŷ𝑖, 𝑐 ∈ {0, 1} the thresholded prediction for sample 𝑖 and class 

𝑐. Training loss and validation accuracy curves were plotted per epoch to visualize 

learning behavior and to detect overfitting or instability. 

 

 

III. RESULT AND DISCUSSION 
This section provides an in-depth examination of the experimental findings derived 

from the training and evaluation stages of the proposed model. The results are discussed 

in detail to highlight the model’s learning behavior, convergence characteristics, and 

generalization performance across the training and validation processes. By examining 

both the quantitative metrics and the visual representations of loss and accuracy, this 

section aims to provide deeper insights into how the proposed architecture learns to 

optimize its parameters and adapt to the underlying data distribution. Furthermore, the 

discussion emphasizes the correlation between the training dynamics and the final model 

performance, enabling a better understanding of its strengths, limitations, and potential 

implications for real-world applications. 

The effectiveness of the proposed model was evaluated across ten training epochs, 

using training loss and validation accuracy as the principal performance indicators, as 

depicted in Figure 2. A comprehensive summary of the model’s performance across all 

epochs is provided in Table 1, which presents the corresponding training loss and 

validation accuracy recorded at each iteration. 
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Table 1. Training loss and validation accuracy of the proposed model across ten epochs. 

Epoch Loss Validation Accuracy 

1 1.7055 79.60% 

2 0.5424 85.38% 

3 0.3556 84.97% 

4 0.3010 88.80% 

5 0.2550 89.23% 

6 0.1382 89.54% 

7 0.0947 89.62% 

8 0.0987 89.67% 

9 0.0684 91.37% 

10 0.0387 91.06% 

 

 

 

 

 

 

 

 

 

Figure 2. Training and validation performance of the proposed model 

The training loss displayed a steep downward trajectory, indicating rapid convergence 

and effective learning. At the beginning of the training process, the loss was relatively 

high at 1.7055, suggesting that the model initially struggled to generalize well. However, 

by the second epoch, the loss dramatically decreased to 0.5424, and it continued to 

decline steadily throughout the training process. By the final epoch, the loss reached a 

minimum of 0.0387, signifying that the model successfully minimized prediction errors 

and achieved a strong fit to the data. 

Meanwhile, the validation accuracy exhibited a consistent upward trend, confirming 

that the model generalized effectively to unseen data. The initial accuracy of 79.60% in 

the first epoch improved significantly, surpassing 85% by the second epoch and reaching 

88.80% by the fourth. The performance continued to rise gradually, achieving a peak 

validation accuracy of 91.37% at the ninth epoch, followed by a slight decrease to 

91.06% in the tenth. This minor decline indicates a marginal overfitting effect at the final 

stage of training; however, the performance remained stable overall. The results 

demonstrate that the model converged effectively without severe fluctuations or 

instability, suggesting an optimal balance between bias and variance. 

The downward trend in training loss coupled with the steady increase in validation 

accuracy indicates that the learning rate and optimization parameters were appropriately 

configured. These results also imply that the feature extraction layers effectively captured 

discriminative characteristics from the input data, leading to robust classification 

performance. The improvement from the early epochs to the later stages highlights the 

model’s ability to progressively refine its internal representations, improving both 

accuracy and generalization. 
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When compared with prior studies and baseline architectures, the proposed model 

demonstrates remarkable superiority in classification performance. Among the evaluated 

models, the fine-tuned EfficientNet-based architecture consistently achieved the highest 

accuracy, precision, recall, and F1-score, confirming its capability to extract 

discriminative and clinically relevant features from complex radiological data. This 

finding aligns with the observations of [24], who reported a 100% accuracy in COVID-19 

detection using the EfficientNetB4 framework, further validating the exceptional 

generalization ability of compound-scaled networks. Similarly, [25] demonstrated that 

their Lung-EffNet model, based on EfficientNetB1, achieved an impressive 99.10% 

accuracy in lung cancer classification, outperforming conventional CNN models such as 

ResNet, DenseNet, and GoogLeNet. These consistent outcomes across independent 

studies reinforce the argument that EfficientNet architectures are particularly effective for 

medical image analysis due to their balanced optimization of network depth, width, and 

resolution, which allows them to capture both fine-grained local patterns and broader 

global structures. In line with these findings, [26] also demonstrated that optimizing 

EfficientNet architectures through fine-tuned transfer learning can yield highly accurate, 

scalable, and interpretable diagnostic models for skin lesion classification. Collectively, 

these studies substantiate that EfficientNet variants, when fine-tuned and combined with 

robust preprocessing and transfer learning strategies, provide a powerful and 

generalizable foundation for a wide range of medical imaging applications, making them 

promising candidates for integration into next-generation computer-aided diagnostic 

systems. 

Overall, the training dynamics reveal a stable learning process with minimal 

overfitting, demonstrating that the proposed deep learning architecture is both efficient 

and generalizable. The experimental outcomes verify that the model exhibits strong 

predictive capability and stable generalization across both training and validation datasets 

an essential quality for trustworthy performance in clinical or operational settings. 

 

IV CONCLUSION 
This study successfully demonstrated the effectiveness of a deep learning-based 

approach, specifically utilizing the EfficientNet-B3 architecture, for classifying fetal head 

abnormalities from ultrasound images. The proposed model exhibited stable convergence, 

as reflected by the continuous decrease in training loss from 1.7055 to 0.0387 and the 

consistent improvement in validation accuracy, reaching a peak of 91.37%. These results 

indicate that the model efficiently captured the discriminative features of fetal brain 

structures and achieved robust generalization on unseen data. The combination of data 

augmentation, transfer learning, and optimized hyperparameter settings proved 

instrumental in enhancing classification accuracy while minimizing overfitting. When 

compared with previous studies, the proposed method showed competitive or superior 

performance, reinforcing the reliability of EfficientNet-based architectures for medical 

image analysis. The model’s capability to handle fourteen distinct categories of fetal head 

abnormalities highlights its potential to support clinical diagnosis and improve the 

workflow of obstetric imaging. By providing automated, consistent, and accurate 

classification, this system could assist radiologists in early detection, reduce diagnostic 

variability, and enhance prenatal decision-making. Despite its strong performance, this 

study acknowledges certain limitations, particularly the restricted dataset size and reliance 

on two-dimensional ultrasound images, which may not fully represent the three-

dimensional complexity of fetal anatomy. Future research should focus on expanding the 

dataset with diverse and multi-institutional samples to improve model robustness and 

external validity. Additionally, incorporating multimodal imaging data—such as MRI and 

Doppler ultrasound—along with advanced techniques like attention mechanisms, 

explainable AI (XAI), and hybrid CNN-transformer architectures could further improve 

https://doi.org/10.37396/jsc.v9i1.580


Galih et al. / Jurnal Sistem Cerdas (2026) Vol 09-No 01  eISSN : 2622-8254 Page : 14 - 23 
 

DOI: https://doi.org/10.37396/jsc.v9i1.580  

22 

 

interpretability and diagnostic precision. In conclusion, the proposed EfficientNet-B3 

framework represents a promising step toward the integration of artificial intelligence into 

prenatal diagnostic systems. With further refinement and validation, this approach could 

evolve into a reliable computer-aided diagnosis (CAD) tool that supports clinicians in 

detecting fetal head abnormalities with higher accuracy, consistency, and clinical 

confidence. 
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