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Abstract: Fetal brain abnormality detection is a vital task in prenatal care,
requiring the precise and efficient analysis of medical imaging data to ensure
early diagnosis and intervention. The study introduces an advanced classification
framework that synergizes Convolutional Neural Network (CNN), extraction of
texture-based features, and attention mechanisms to achieve superior diagnostic
accuracy. This novel approach leverages the pre-trained EfficientNetBO, a state-
of-the-art CNN architecture known for its efficient scaling and superior feature
extraction capabilities. EfficientNetB0 extracts hierarchical spatial features from
fetal brain images, capturing complex patterns and structural information
essential for anomaly detection. To complement the spatial features, the Gray-
Level Co-occurrence Matrix (GLCM) is employed to extract statistical texture
features, including contrast, correlation, energy, and homogeneity. These
characteristics offer important new information about the textural patterns in the
pictures, enabling the detection of subtle abnormalities that may not be captured
by spatial features alone. The integration of spatial and texture-based features
enhances the model’s ability to recognize diverse abnormalities in fetal brain
structures. An attention mechanism are incorporated into the framework to
prioritize the most relevant features from both spatial and texture domains. This
mechanism ensures optimal feature fusion by focusing on critical regions and
attributes, improving the interpretability and performance of the model. The
combined features are processed through fully connected layers, making it
possible to distinguish between regular and abnormal fetal brain pictures
categories with high precision. The proposed model is trained and evaluated on
a diverse dataset of fetal brain ultrasound images, encompassing various
gestational stages and conditions. Rigorous testing demonstrates the model's
ability to achieve high classification accuracy, robustness, and generalizability
across different imaging scenarios. This approach highlights the potential of
integrating advanced CNN architectures, texture analysis techniques, and
attention-based feature fusion to create reliable and automated diagnostic systems
for prenatal care. The integration of these advanced techniques addresses
common challenges in fetal brain abnormality detection, such as noisy data, class
imbalance, and variability in imaging protocols. By combining spatial and
textural information, the proposed framework achieves a more comprehensive
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representation of the fetal brain, improving the sensitivity and specificity of
anomaly detection. This study underscores the transformative potential of deep
learning in prenatal diagnostics, paving the way for early and accurate detection
of fetal brain abnormalities and improved neonatal outcomes.

Keywords: Fetal Brain Abnormalities, Prenatal Diagnostics, Convolutional
Neural Networks (CNNs), Efficient -Net, Texture Analysis, Gray-Level Co-
occurrence Matrix (GLCM).

1 Introduction
Fetal brain abnormalities are a critical concern in prenatal care, as early diagnosis and
intervention can significantly improve neonatal outcomes and reduce long-term
developmental challenges. Traditional diagnostic methods, such as ultrasound and
Magnetic Resonance Imaging(MRI), heavily rely on the expertise of radiologists,
which can lead to variability in interpretations. New developments in deep neural
networks have revolutionized medical imaging analysis, offering automated and
precise diagnostic tools that address these limitations [1, 2]. Convolutional neural
networks (CNNs) have been particularly effective in analyzing medical images due to
their ability to learn complex hierarchical patterns. State-of-the-art CNN architectures,
such as ResNet-50 and EfficientNet, have demonstrated remarkable performance in
medical imaging tasks by leveraging efficient scaling and feature extraction capabilities
[3.4]. These models excel at capturing spatial and structural information, enabling the
classification of fetal brain anomalies with high accuracy. However, CNNs often
overlook texture-based information, which is crucial for identifying subtle
abnormalities in fetal brain images [5].
To address this limitation, researchers have explored combining CNNs with texture
analysis techniques, such as the Gray-Level Co-Occurrence Matrix (GLCM). GLCM
gains statistical features that includes contrast, correlation, energy, and homogeneity,
can offer insightful information on the image's texture and patterns [6]. Furthermore,
attention mechanisms have emerged as a powerful tool to enhance feature fusion by
prioritizing relevant features from multiple modalities, thereby improving model
interpretability and accuracy [7, 8].
In addition to texture analysis, the integration of multimodal data—such as combining
ultrasound images with clinical information—has shown promise in enhancing
diagnostic accuracy. Deep learning models that fuse multiple data types can capture a
more comprehensive representation of fetal health, leading to improved detection of
brain and heart abnormalities [9]. Moreover, the application of attention mechanisms
within CNN frameworks has been explored to prioritize critical regions of interest,
further refining the model's performance in detecting subtle anomalies in fetal brain
structures [10].
Building upon these advancements, this study proposes an advanced deep learning
framework that integrates EfficientNet with texture-based feature extraction and
attention mechanisms. The goal is to improve the early detection and classification of
fetal brain abnormalities by leveraging both spatial and textural information from
medical imaging data. The suggested approach is implemented on a comprehensive
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dataset of fetal brain images, demonstrating its potential for accurate and reliable
prenatal diagnostics [11].
The following are the primary findings of this work:

e Combines spatial and texture features for a comprehensive image
representation.

e The attention mechanism enhances feature fusion and model
interpretability.

e Pre-trained EfficientNet ensures efficient and accurate spatial feature
extraction.

e GLCM captures subtle textural patterns crucial for detecting
abnormalities.

This methodology demonstrates the potential of hybrid deep learning frameworks to
improve the early and accurate detection of fetal brain abnormalities, contributing to
better neonatal outcomes.

2 Literature Review
The detection of fetal brain abnormalities is a critical area in prenatal care, where early
diagnosis can significantly improve neonatal outcomes. With advancements in medical
imaging and deep learning technologies, automated diagnostic systems have become a
focus of research. This section reviews the literature relevant to the proposed study on
using hybrid deep learning approaches and EfficientNet integrated with Gray-Level
Co-Occurrence Matrix (GLCM) features for fetal brain abnormality detection.
2.1 Traditional Methods in Fetal Brain Diagnosis:
Traditional diagnostic methods, such as ultrasound and Magnetic Resonance Imaging
(MRI), rely heavily on radiologists’ expertise for interpretation. While these techniques
provide valuable insights, their effectiveness is limited by subjectivity and variability
in diagnosis. Initiatives to improve diagnostic precision have prompted the
investigation of automated systems utilizing machine learning and deep learning
methodologies [1, 2].
2.2 Deep Learning Imaging for Medicine:
Convolutional Neural Networks (CNNs) have been the cornerstone of deep learning
applications in medical imaging due to their ability to learn hierarchical features from
complex data. Architectures such as ResNet, VGG, and EfficientNet have demonstrated
exceptional performance in various medical imaging tasks, including brain anomaly
detection [3, 4]. EfficientNet, in particular, stands out for its efficiency in scaling model
size and improving accuracy while maintaining computational efficiency.
2.3 Texture-Based Features for Fetal Brain Abnormalities:
Texture features, such as those derived from the Gray-Level Co-occurrence Matrix
(GLCM), play a crucial role in identifying subtle abnormalities that might not be
captured by spatial features alone. GLCM extracts statistical measures, including
contrast, correlation, energy, and homogeneity, offering a deeper understanding of the
patterns and textures in medical images [6].Research has shown that combining spatial
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features from CNNs with texture-based features like GLCM can significantly enhance
classification performance, especially in tasks where textural information is critical

[12].

2.4 Hybrid Approaches for Feature Fusion:

The integration of CNN architectures with texture analysis techniques represents a
promising hybrid approach for medical imaging diagnostics. Attention mechanisms
have been widely adopted to enhance feature fusion by prioritizing critical features
from different modalities, further improving model interpretability and accuracy [13].
Studies integrating EfficientNet with texture-based features have reported improved
detection rates for brain anomalies, particularly when combined with attention-based
mechanisms [14, 15]. Table 1 shows some of the comprehensive review on fetal brain
diagnosis.

Table 1. Comprehensive Review of Key Techniques and Studies in Fetal Brain
Diagnosis and Medical Imaging

S.NO | Title Methodology Advantages Limitations
Yin XX et al Designed for Require a large
@ 02’2)' U'zNe ‘- ’ semantic dataset for training.
Based Me dical U-Net segments segmentation Prone to
[1] Image and captures the tasks. Commonly | overfitting. Need
S rgn ntation spatial features. used in medical architectural
[1e]g entatio image modifications for
) segmentation. 3D data.
Tan, M., & Le, H:tg}? railcureagy Performance
Q. V. (2019). Developed W m jtaltliconal depends on dataset
2] EfficientNet: EfficientNet, an :0 uliorements size and quality,
Rethinking optimized CNN eef?ec tive scalyin may require
Model Scaling architecture. for di & transfer learning for
or different _
[3]. . medical images.
model sizes.
Vaswani, A., et Introduced Enhances chus High computational
1. (2017) transformer on relevant image cost. requires laree
[3] al. ( e models with self- | regions - 1eq &
Attention Is All ttention m rovi’n datasets for
You Need [2]. attention {mp g effective training.
mechanisms. interpretability.
Self-attention May require a large
He, K., Gan, et al mechanism amount of training
(2023). Comprehensive captures context. | data.
4 Transformers in review of Can process Computationall
p p y
medical image Transformers variable-length intensive, needs
analysis [6]. sequences. GPUs.
Litjens, G., et al. . .
(2017). A Survey | Surveyed deep Comprehenswe G.enerahzed. .
on Deep learning overview of discussion, limited
[5] . .o . CNNs, RNNs, examples of
Learning in applications in . . brai
Medical Imaging | medical imaging and attention- 3P emﬁ c fetal brain
[16] based models imaging use cases
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Long, J., et al. Proposed fully
(2015). Fully convolutional Effective for Ma i ¢
Convolutional networks (FCNs) identifying y require post-

[6] . . . processing for fine-
Networks for for semantic regions of interest ained results
Segmentation segmentation in medical images &

[17]. tasks

Ronneberger, O.,

et al. (2015). U-

Net: Introduced U-Net | High performance

Convolutional architecture for for segmentation | Limited feature

[7] Networks for image of small datasets, | extraction beyond
Biomedical segmentation in widely used in segmentation tasks
Image medical imaging medical imaging
Segmentation
[18].

Isensee, F., et al.
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. segmentation .
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Framework for adaptation to rs)tzr:te-o f—ythe-ar : limited use for
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[19].
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[9] Visual ’ Class Activation interpretability by | effectively with all
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frofn Deep CAM) for model critical regions architectures
Networks [20]. explainability
Cigek, O. et al.

(2()?6)' 3D. U- Adaptation of U- Effective for MRI | Higher
Net: Learning Net for 3D . .
. and volumetric computational

[10] Dense volumetric Lo "
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Volumetric segmentation analvsis 3D data
Segmentation tasks ¥
[21].
Hwang, E. J., et
al. (2019). Deep Aoplied dee Automates Performance
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[11] Automated S . ultrasound ultrasound image
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3 Data Collection and Pre-processing
3.1. Dataset Acquisition
A dataset of fetal brain ultrasound images is curated from publicly available platforms
(e.g., Kaggle) and clinical repositories. The dataset contains both normal and abnormal
cases, covering various gestational ages and imaging conditions. Images are labelled
by clinical experts to ensure reliable ground truth.
3.2 Challenges in Dataset Usage

Noise: Ultrasound images are often noisy, which can obscure subtle structural
details. Pre-processing techniques like denoising and normalization are
essential.

Imbalanced Data: Normal cases usually outnumber abnormal ones, leading
to class imbalance. This requires techniques like oversampling, under
sampling, or weighted loss functions to address the imbalance.

Variability: Differences in imaging protocols, gestational age, and ultrasound
equipment can introduce variability, affecting model generalizability.

3.3. Pre-processing

1.

Normalization: Image intensity values are normalized to a standard range
[0,1][0, 1][0,1], ensuring consistent brightness and contrast. That can be
shown in Eq(1).

I — Ly
Lnormatization (%, ¥) = I(X}I)Tmm €Y
max min

where [,y is the pixel intensity, and I, and Iy, are the minimum and
maximum intensity values, respectively.

Denoising: Noise removal is achieved using Non-Local Means (NLM)
filtering to reduce speckle noise while preserving structural details. That can
be shown in Eq(2).

NL(0) = Zw(x, DI @)

ieQ

Here, w(x, i)represents the similarity weight between pixel x and pixel i, and
() is the intensity of pixel i within the neighborhood Q.

Resizing:

Images are resized to 224x224 pixels to meet the input requirements of
EfficientNet.

Augmentation:

Data augmentation techniques, such as rotation, flipping, and scaling, are
applied to improve dataset diversity and reduce overfitting.

Fig. 1 shows a structured workflow for a machine learning pipeline that
integrates EfficientNet BO+GLCM for feature extraction and classification
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Fig. 1. Step-by-Step Workflow for EfficientNetBO+GLCM Based Feature Extraction
and Model Training.

4 Proposed Method
The proposed model illustrated in Fig. 2 and Table 2 delineates the learning parameters
for classification, comprising two primary elements: the features extracting
module utilizing EfficientNetBO plus the GLCM module. The EfficientNetBO
foundation is employed for extracting features at multiple dimensions, absorbing
significant data from various levels of complexity inside the system.

Fig. 2. Proposed flowchart
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Table 2. Training parameters

Configuration Parameters Dimensions
Optimization Algorithm Adam Optimizer
Epochs 30

Batch Size 32

Loss Function Binary Cross-Entropy
Activation Function(Hidden layers) Relu

Activation Function(Output layers) Sigmoid

4.1 Features Extraction

4.1.1 Synthesis of Spatial Features

EfficientNetB0 based model:
The input images are pre-processed to meet the EfficientNetBO architecture's input

parameters by achieving a consistent 224x224pixel size. EfficientNetB0 serves as the
model's backbone, and the default fully connected layers are excluded by setting the
include top option to False. This enables us to capture various levels of granularity by
extracting features from various network layers. Multi-Scale Feature Extraction: To
acquire various higher levels semantic characteristics and lower levels details, multiple-
scale features are derived from different phases of EfficientNetB0. Essential textural
information is derived with deriving early features from block2 activation. By
extracting intermediary characteristics from block 3 activation, more thorough
structural details can be obtained. The initial activation generates significant semantic
characteristics that are crucial higher-order qualities for precise classification. The
utilization of pre-trained weights lowered training duration and enhanced performance.
The Eq[3] signifies the deriving of initial characteristics, containing essential textural
qualities from the activation of layers of block2.

fg = feszcnet(xi) 3)

Eq [4] encapsulates the structural (geometrical) data derived from the block3 activation
layer:

fI = fe3ffcnet (Xi) (4)

Eq [5] denotes the extracting of profound semantic characteristics from the uppermost
layer:
__ ¢toplayer
fp = feffcnet ;) )
EfficientNetB0, a pre-trained Convolutional Neural Network (CNN), is used for
hierarchical spatial feature extraction. Its efficient scaling mechanism optimizes depth,
width, and resolution to capture fine structural details in fetal brain images. The
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extracted feature maps are passed through Global Average Pooling (GAP) to reduce
dimensionality. That can be shown in Eq(6).

1 H W
GAP(x) = 77— inj (6)
i=1 j=1

Where x;; represents feature map values, and H, W denote the height(H) and width(W)
of the feature map.

4.1.2 Extraction of Textural Features

GLCM: Gray-Level Co-occurrence Matrix (GLCM) is a quantitative method for
analysing textural details by computing relationships between pixel intensities at
specific distances and angles. To enhance the model capacity, the Gray-Level Co-
Occurrence Matrix (GLCM) extracts textural information while examining the relative
spatial relationships of grey levels in an image. It segments images into discrete regions
or frames, and every pixel within the frame, the level of gray intensity of every pixel is
determined to that of the nearby pixels according to a specified spatial connection. It
derives the work into four textural features from GLCM: Energy, Homogeneity,
Dissimilarity, and Contrast. Each of the four wavelet coefficients (LL, LH, HL, and
HH) shown in Fig. 3 is used to compute a unique GLCM matrix in our experiments.
Attributes of texture (energy, homogeneity, dissimilarity, and contrast) are computed
for every GLCM matrix using the graycoprops function

Fig. 3. 2D wavelet coefficients

GLCM is employed to extract statistical texture features, including:
Contrast: A higher contrasting level indicates a significant degree of local intensity

variation, quantifying the extent of localized strength fluctuations within an image.
Measures intensity variation between pixel pairs. That can be shown in Eq(7).

LPF A2l
LPF —— 2

. HPF ) ——1H;

Inputimagei [ y LPE £ 2 ——Hy
——»  HPF 2

4 HPF " 2)——HH,
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contrast. = ¥ (ic — j)*p(ic, jc) ™
i

e Correlation: Captures the linear dependency between pixel intensities. That
can be shown in Eq(8).

correlation
zic . (ic'jc) p(ic'jc) — Ux My,
=— (®)

O-xco-J’c

e Energy: The total of the squared elements of GLCM is used to determine
energy, which represents the overall image uniformity. Indicates uniformity
of pixel distribution. That can be shown in Eq(9).

Energy = Z P(i, j)? €))
ij

o Homogeneity: the number of grayscale value changes is a good indicator.
Textures with homogeneity values near to "1" are more consistent with one
another, while textures with values closer to "0" are more diverse. Measures
the closeness of pixel intensity values. That can be shown in Eq(10).

(10)

P(i.j)
Homogeneity = Z—
= 1+ i —J|

Here, P(i, j) is the normalized GLCM value at position (i,j).

Hence, 16 features per image is the total number (4 x 4). This feature extraction method
makes the following categorization less computationally expensive by reducing the
high-dimensional input data from ultrasound images. GLCM features provide
complementary information to the spatial features extracted by Efficient Net.

4.2 Feature Fusion with Attention Mechanism
The spatial features from EfficientNet and texture features from GLCM are combined
using an attention mechanism. This mechanism prioritizes relevant features, refining
the focus on critical regions. The combined feature vector is then passed to a fully
connected layer for classification.

4.3 A Hybrid Approach:
To increase the reliability of fetal brain classification, a hybrid approach that combines
EfficientNetBO and GLCM was created in this research. The combined approach
utilizes the capabilities of EfficientNetB0 and GLCM to retrieve advanced features and
textural characteristics for fetal brain classification. The attributes from both models
are amalgamated and processed across dense layers for categorization. This
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amalgamation augments efficacy by the utilization of the advantages of both models.
The hybrid model was trained utilizing early halting and learning rate reduction
approaches to avert overfitting. Upon completion of training, the model was assessed
using a test set, demonstrating excellent accuracy and exceptional performance in
classification task.

Feature fusion combines complementary information from EfficientNetBO
(deep features) and GLCM (texture features) to improve classification accuracy in fetal
brain image analysis. This hybrid approach enhances both semantic understanding
(from CNNs) and fine-grained texture analysis (from statistical methods like
GLCM).The concatenation of several scale feature vectors results in an extensive
feature vector using the following Eq[11]:

ffvused = [fdeep (Xi)r ftexture (Xi)] (11)

Where fgeep, (x;) = features from efficientnetb0
frexture (X;) = features from GLCM

4.4 Classification
As seen in Eq[12], a combined feature vector was subjected to a dropout layer with a
dropout rate of 0.5 in order to reduce over-fitting and enhance generalization.
Classification at its finest, carried out with the help of a Dense layer and the softmax
activation function, produced the probability distribution for binary classification.
Dropout is implemented on the fused feature vector.

fd‘rop = dropout[ffvused (xi)'p = 0-5] (12)

The attrition rate, denoted by p, is set to 0.5 in order to prevent overfitting. The fully
connected layers with sigmoid activation is employed to conduct the final
classification, as illustrated by the following Eq[13]:

A
y= (ch-fdrop + bfc) (13)

Where wg, and by characteristics (weights) are and gradients (biases) of the fully
connected layer, y are is the outcome or final probabilistic distribution over the
abnormal and normal classes.

5 Results and Discussion
This Table 3 provides a comparative analysis of three techniques commonly used in
medical image analysis, focusing on their methodologies, datasets, performance, and
trade-offs. The first technique, Spatial Feature Extraction, employs pre-trained models
like ResNet-50 to extract spatial information from medical images, achieving an
accuracy of 92% when tested on fetal ultrasound images. Its key advantage lies in its
high accuracy and ease of implementation using pre-trained architectures. However, it
overlooks texture information, which may be crucial for certain medical imaging
applications.The second technique, Texture Analysis, utilizes methods such as the
Gray-Level Co-occurrence Matrix (GLCM) combined with Support Vector Machines
(SVM) to analyze texture features in images. When applied to simulated MRI data, this
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large datasets or real-time applications.

Table 3. Comparison of Techniques for Fetal Brain Abnormality Detection

'el“echnlqu Model Dataset ?ccurac ;&dvantage Challenges
Spatial Fetal US ilflﬁlrac Overlooks
Feature ResNet-50 92% 04 texture
. Images pre-trained | . .
Extraction information
models
Texture GLCM + ilmuﬁtgl 85 t(éciltjliies Computationall
. 0 . .
Analysis SVM Data details y intensive
EfficientN Combine Comblnes .
Feature ot + d 95% spatial and | Requires large
Fusion GLCM Modalitie ’ texture datasets
s features

The third technique, Feature Fusion, combines spatial and texture features using models
like EfficientNet alongside GLCM. This hybrid methodology capitalizes on the
advantages of both spatial and texture analysis, yielding optimal accuracy of 95% when
tested on datasets with combined imaging modalities. Although this technique delivers
superior performance, it requires large and diverse datasets, which can be a limitation
in certain scenarios. Overall, the table highlights the strengths and weaknesses of these
techniques, offering insights into their suitability for various medical imaging tasks.
While Spatial Feature Extraction and Texture Analysis excel in specific areas, Feature
Fusion stands out as the most comprehensive approach, providing high accuracy by
integrating complementary features.

Fig. 4 illustrates a horizontal bar graph that contrasts the precision of numerous
methodologies for fetal brain abnormality detection. Each bar represents a technique,
with percentage values annotated for clarity.
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Comparison of Techniques for Fetal Brain Abnormality Detection

Feature Fusion

Techniques

Texture Analysis

Spatial Feature Extraction

Fig. 4.
Abnormality Detection

20

40

60 80

Accuracy (%)

Accuracy Comparison of Techniques for Fetal Brain

The graph highlights the superior performance of "Feature Fusion," which achieves the
highest accuracy at 95%, compared to "Spatial Feature Extraction" with 92% and
"Texture Analysis" with 85%. This visualization underscores the effectiveness of
combining spatial and texture features for enhanced detection accuracy. This Table 4
provides a summary of various methodologies and models used for fetal brain image
analysis, highlighting their respective datasets, accuracy, advantages, and challenges.
Each row represents a unique approach to processing and analysing medical imaging
data, showcasing the advancements and limitations of current methodologies.

Table 4. Summary of Techniques and Models for Fetal Brain Image Analysis

Technique | Model Dataset 1c&yccura ?sdvantag Challenges
. Fetal High
Spatial Ultrasou accuracy, | Overlooks
Feature ResNet-50 nd 92% pre- texture
Extraction Imaces trained information
£ models

Texture GLCM + (Sllﬁlll{l[ate 85% ‘E:il: ltllrler:es Computation

. 0 . .
Analysis SVM Data details ally intensive
Feature EfficientNet | Combine 95% sC(;r‘S:ll nes Requires
Fusion + GLCM d ’ aﬁ d large datasets
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Modaliti texture
es features
Prioritizes Attention
Hybrid EfficientNet | Diverse critical mechanisms
Deep BO + Fetal US 96% features, require
Learning Attention Dataset Lri‘;erpreta careful tuning
Kaggle Easy to Limited
Transfer VGG-16 Fetal 89% adapt for | ability to
Learning Brain small learn texture
Dataset datasets information
Integrates
Multi- CNN + Clinical imaging f(‘)f;eﬁii .
Modal Clinical +Image | 94% | with o
Fusion Data Fusion | Data clinical pre
insights processing
Focuses Susceptible

Attention ResNet + Fetal o .
on critical | to overfitting

Mechanism | Attention MRI 93% .
s Module Dataset regions of | on small
interest datasets
Public High .
Feature DenseNet + | Ultrasou feature Computation
Enhanceme GLCM nd 90% extraction | ally
nt capabilitie | demanding
Dataset s
Useful for
Unlabele feature Limited by
Unsupervis | Autoencode | d 7% extraction | unsupervised
ed Learning | rs Ultrasou ° on learning
nd Data unlabeled | effectiveness
data
Fetal Precise Requires
Segmentati MRI + o region- high-quality
on-Based U-Net Ultrasou 1% based segmentation
nd analysis masks

Spatial Feature Extraction techniques, such as ResNet-50 applied to fetal ultrasound
images, achieve high accuracy (92%) by leveraging pre-trained convolutional neural
networks for structural detail extraction. However, these models often overlook textural
information, which can be crucial for nuanced image interpretation.

Texture Analysis, exemplified by the use of GLCM combined with SVM on simulated
MRI data, captures detailed statistical texture features. Despite an accuracy of 85%, the
computational intensity of this approach limits its scalability in real-world applications.
Feature Fusion techniques, such as combining EfficientNet and GLCM, utilize both
spatial and texture features for a comprehensive image representation. Achieving 95%
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accuracy on combined modalities, this method excels in improving diagnostic precision
but requires large datasets for effective training. Hybrid Deep Learning, integrating
EfficientNetB0 with attention mechanisms, achieves the highest reported accuracy of
96% on a diverse fetal ultrasound dataset. This approach effectively prioritizes critical
features and enhances interpretability but demands careful tuning of the attention
mechanisms for optimal performance.

Transfer Learning, demonstrated by the use of VGG-16 on the Kaggle fetal brain
dataset, achieves 89% accuracy and offers ease of adaptation for smaller datasets.
However, its limited ability to capture textural information can reduce diagnostic
sensitivity. Multi-Modal Fusion, which integrates CNNs with clinical data, delivers
94% accuracy by combining imaging insights with clinical parameters. This approach
enhances diagnostic decision-making but adds complexity to data preprocessing.
Attention Mechanisms, such as ResNet integrated with attention modules on fetal MRI
datasets, focus on critical regions of interest with 93% accuracy. While promising, these
methods are susceptible to overfitting when applied to small datasets. Feature
Enhancement techniques like DenseNet paired with GLCM achieve 90% accuracy on
public ultrasound datasets by extracting robust features. However, the computational
demands of these models may hinder their deployment in resource-limited settings.

Unsupervised Learning, utilizing auto encoders on unlabelled ultrasound data, achieves
87% accuracy by extracting features without labelled data. While useful for initial
feature exploration, its effectiveness is limited compared to supervised approaches.
Segmentation-Based models like U-Net, applied to fetal MRI and ultrasound data,
deliver 91% accuracy with precise region-based analysis. Despite their strength in
segmentation, these methods require high-quality masks, making them dependent on
meticulous preprocessing.

Overall, the table underscores the trade-offs between accuracy, interpretability, and
computational requirements across different methodologies. It highlights the
importance of hybrid and fusion-based approaches, particularly those leveraging
attention mechanisms and multi-modal data, for advancing the field of fetal brain
abnormality detection.

Fig. 5 presents a horizontal bar graph comparing the accuracy of various techniques for
fetal brain abnormality detection. The highest accuracy is achieved by "Hybrid Deep
Learning" (96%), followed by "Feature Fusion" (95%) and "Multi-Modal Fusion"
(94%). Each technique's accuracy is labelled for clarity, highlighting their respective
performance.
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Comparison of Accuracy for Various Techniques in Fetal Brain Abnormality Detection

Spatial Feature Extraction 92%

85%

Texture Analysis

Feature Fusion ‘95%

Hybrid Deep Learning ‘36%

Transfer Learning ‘89%

Multi-Modal Fusion

Technigues

Attention Mechanisms Isu%

Feature Enhancement

Unsupervised Learning

Segmentation-Based ‘91%

0 20 40 60 80 100
Accuracy (%)

Fig. 5. Performance Analysis of Techniques for Fetal Brain Abnormality
Detection.

6 Conclusion

This research presents a novel hybrid deep learning framework for fetal brain
abnormality detection, combining spatial and texture-based feature extraction with
attention mechanisms to enhance diagnostic precision. Leveraging the pre-trained
EfficientNetBO architecture for hierarchical spatial feature extraction and GLCM for
statistical texture analysis, the proposed model effectively captures the intricate
structural and textural patterns within fetal brain ultrasound images. The integration of
an attention mechanism further refines feature fusion by prioritizing critical features,
ensuring optimal decision-making during classification. The model achieves robust
performance, as demonstrated through extensive evaluation metrics, including
accuracy, precision, recall, F1-score, and ROC-AUC, validated via cross-validation and
independent testing. Attention maps provide insights into the model's decision-making
process, improving interpretability and fostering clinical trust. This framework
addresses key challenges in prenatal diagnostics by offering a reliable and automated
solution for early detection of fetal brain abnormalities, ultimately contributing to better
neonatal outcomes. Future directions include extending the framework to incorporate
multimodal data, such as clinical and genetic information, and testing on larger, diverse
datasets to enhance generalizability and clinical applicability. This study underscores
the transformative potential of hybrid deep learning approaches in advancing prenatal
diagnostic technology.
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