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Abstract 

Accurate identification of fetal abnormalities during pregnancy is essential for reducing neonatal complications and 

supporting timely medical intervention. Ultrasound imaging remains the most widely used prenatal diagnostic technique; 

however, interpretation often depends on the experience of clinicians and may be affected by image quality variations. This 

study introduces an automated deep learning framework for detecting and categorizing fetal abnormalities from ultrasound 

scans. The proposed approach combines U-Net-based segmentation for extracting relevant anatomical structures, 

EfficientNet-B0 for abnormality classification, and Gradient-weighted Class Activation Mapping (Grad-CAM) to provide 

visual explanations of model decisions. The system is designed to recognize multiple categories of fetal anomalies, including 

neural tube disorders, cardiac defects, abdominal wall abnormalities, skeletal disorders, facial clefts, and chromosomal 

indicators. EfficientNet-B0 was selected because of its lightweight architecture and strong feature-learning capability, 

enabling high classification performance with relatively few parameters. To improve transparency and clinician trust, Grad-

CAM highlights image regions that contribute most to the final prediction. Experimental evaluation on a large collection of 

annotated fetal ultrasound images demonstrated strong classification performance across all categories. In addition, the 

segmentation component achieved accurate localization of anatomical structures, supporting the classification process. 

Comparative analysis against conventional convolutional neural network architectures showed that the proposed framework 

provides improved predictive accuracy while maintaining computational efficiency. The results indicate that the integration 

of segmentation, classification, and explainable artificial intelligence can serve as a valuable decision-support tool for 

prenatal screening and fetal health assessment. 

Keywords— Prenatal Ultrasound, Fetal Anomaly Detection, EfficientNet-B0, Grad-CAM, U-Net, Deep Learning, Explainable 

Artificial Intelligence, Medical Image Analysis, Image Segmentation, Multi-Class Classification.

I.. INTRODUCTION 

Birth defects and developmental abnormalities remain a 

major global health concern, affecting a significant 

proportion of newborns and contributing substantially to 

infant illness and mortality. Identifying these abnormalities 

during pregnancy is essential for improving clinical 

decision-making, facilitating appropriate prenatal care, and 

enabling timely medical intervention. Among the available 

prenatal imaging techniques, ultrasound is the most 

commonly used non-invasive method for evaluating fetal 

growth and detecting structural abnormalities. Routine 

anomaly scans are generally performed during the second 

trimester of pregnancy, allowing clinicians to assess fetal 

anatomy and identify potential developmental disorders at 

an early stage. Early recognition of abnormalities supports 

informed parental counseling, treatment planning, and 

improved management of pregnancy and delivery. 

Although ultrasound imaging is widely adopted in obstetric 

practice, its diagnostic accuracy often depends on the 

experience and expertise of the sonographer. Interpretation 

of fetal ultrasound images can vary among clinicians due to 

differences in training, image quality, and subjective 

assessment. Furthermore, ultrasound images are frequently 

affected by challenges such as speckle noise, acoustic 

artifacts, low contrast, and fetal movement, which can  

 

complicate the identification of abnormal structures. These 

limitations are particularly evident in healthcare 

environments where access to highly trained specialists is 

limited, increasing the possibility of delayed or missed 

diagnoses. As a result, there is a growing need for 

automated and reliable computer-assisted systems that can 

support clinicians in fetal abnormality assessment. 

Recent developments in artificial intelligence, especially 

deep learning techniques based on Convolutional Neural 

Networks (CNNs), have significantly advanced the field of 

medical image analysis. These methods have demonstrated 

remarkable success in tasks such as disease detection, organ 

segmentation, image classification, and diagnostic support. 

In fetal ultrasound imaging, deep learning models have been 

increasingly explored for applications including standard 

plane recognition, biometric measurements, and abnormality 

identification. Despite these achievements, many existing 

approaches face challenges related to limited robustness 

across diverse clinical datasets, insufficient model 

transparency, and reduced trustworthiness in real-world 

healthcare environments. The absence of interpretable 

decision-making mechanisms further restricts the adoption 

of such systems in routine clinical practice. 
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To overcome these challenges, this study proposes an 

integrated deep learning framework that combines 

EfficientNet-B0, U-Net segmentation, and Gradient-

weighted Class Activation Mapping (Grad-CAM) for 

automated fetal abnormality detection and classification. 

The framework is designed to analyze fetal ultrasound 

images and categorize abnormalities across multiple 

clinically important classes while simultaneously providing 

visual explanations of model predictions. U-Net is 

employed to accurately isolate relevant anatomical regions, 

thereby improving feature extraction and reducing the 

influence of background noise. EfficientNet-B0 serves as 

the primary classification network, offering a balance 

between computational efficiency and predictive 

performance through its compound scaling strategy. In 

addition, Grad-CAM generates attention maps that highlight 

diagnostically significant image regions, allowing clinicians 

to better understand and verify the model's decisions. 

The proposed system was developed to provide a complete 

end-to-end solution for fetal anomaly analysis across 

different gestational stages. Experimental evaluation on a 

large dataset of 18,500 annotated fetal ultrasound images 

demonstrated strong classification and segmentation 

performance, achieving an overall classification accuracy of 

96.4% and a mean Intersection-over-Union (mIoU) of 

0.887. Comparative analysis against established 

convolutional neural network architectures further 

confirmed the effectiveness of the proposed approach in 

terms of predictive accuracy, discriminative capability, and 

computational efficiency. The integration of explainable 

artificial intelligence with automated segmentation and 

classification enhances the clinical applicability of the 

framework and supports its potential use as a decision-

support tool in prenatal healthcare. 

The remainder of this paper is structured as follows. Section 

II presents the fundamental concepts of fetal ultrasound 

imaging and deep learning methodologies. Section III 

reviews related research in fetal anomaly detection and 

medical image analysis. Section IV describes the proposed 

framework and system architecture. Section V discusses the 

dataset, experimental setup, and performance evaluation 

results. Section VI examines the findings, limitations, and 

future research opportunities, while Section VII summarizes 

the conclusions of this study. 

II.. BACKGROUND 

A. Fetal Ultrasound Imaging 

Fetal ultrasound utilizes high-frequency sound waves (3.5–
10 MHz) to generate real-time cross-sectional images of 

fetal anatomy [17], [18]. Standard examination protocols 

include the nuchal translucency scan (11–14 weeks) and the 

anomaly scan (18–22 weeks), systematically evaluating 

cranial, cardiac, abdominal, and musculoskeletal structures 

[19]. Image quality varies significantly with maternal body 

habitus, fetal position, gestational age, and equipment 

quality [20]. Key imaging challenges include speckle noise 

(signal-to-noise ratio 15–25 dB), acoustic shadows, and low 

contrast between adjacent soft tissues [21]. 

Ultrasound images are characterized by inherent stochastic 

noise patterns, non-uniform illumination, and complex 

boundary ambiguities that challenge both human 

interpreters and automated algorithms [22]. Preprocessing 

steps including speckle reduction, contrast enhancement, 

and standardized plane alignment are critical precursors to 

accurate deep learning analysis [23]. 

B. EfficientNet Architecture 

EfficientNet [15] introduces a principled compound scaling 

strategy that uniformly scales network depth, width, and 

input resolution using a compound coefficient φ. Rather 
than arbitrary scaling of individual dimensions, compound 

scaling ensures balanced feature representation across all 

convolutional layers. EfficientNet-B0, the baseline model, is 

derived using neural architecture search (NAS) to optimize 

both accuracy and FLOPS simultaneously [24]. 

The EfficientNet-B0 architecture employs Mobile Inverted 

Bottleneck Convolution (MBConv) blocks with squeeze-

and-excitation optimization as its fundamental building unit. 

The model achieves 77.1% top-1 accuracy on ImageNet 

with only 5.3M parameters and 0.39B FLOPS, representing 

a 8.4× parameter reduction versus ResNet-50 with 

comparable accuracy [15]. For medical imaging, this 

compact architecture reduces overfitting risk on limited 

training datasets while maintaining strong feature extraction 

capabilities [25]. 

The compound scaling equation is expressed as: depth d = 

α^φ, width w = β^φ, resolution r = γ^φ, where α × β² × γ² ≈ 
2 and α ≥ 1, β ≥ 1, γ ≥ 1. The constraint ensures FLOPS 
approximately double with each increment of φ [15]. 
C. Gradient-weighted Class Activation Mapping 

GradCAM [16] produces class-discriminative localization 
maps by computing the gradient of class scores with respect 
to final convolutional feature maps. For a class c, the 
importance weight α_k^c for feature map k is computed as 
the global average pooling of gradients: α_k^c = (1/Z) Σᵢ Σⱼ 
(∂y^c / ∂A_k^{ij}), where Z is the number of pixels, y^c is 
the pre-softmax score, and A_k^{ij} is the activation at 

position (i,j) of feature map k [16]. The GradCAM heatmap 

is then: L^c_{GradCAM} = ReLU(Σ_k α_k^c · A^k), 
where the ReLU ensures only positive influences on the 

class score are captured [26]. 

III.. RELATED WORK 

A. Traditional Methods for Prenatal Anomaly Detection 

Traditional automated approaches to fetal anomaly detection 

relied on hand-crafted feature extraction, including active 

contour models, Gabor filter banks, and support vector 

machines (SVMs) for classification [27], [28]. These 

methods demonstrated 78–84% accuracy on controlled 

datasets but exhibited poor generalization to real clinical 

ultrasound data due to high sensitivity to image quality 

variations [29]. Template matching techniques for standard 

plane detection achieved adequate performance for simple 
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biometric measurements but failed for complex structural 

classification tasks [30]. 

B. CNN-Based Fetal Ultrasound Analysis 

Deep learning for fetal ultrasound analysis gained traction 

with applications of VGG-16 and ResNet-50 to standard 

plane classification [31], [32]. Baumgartner et al. 

demonstrated SonoNet achieving 90.9% accuracy for 13-

class standard plane detection [33]. Chen et al. applied 

multi-task learning for simultaneous biometry and anomaly 

detection using ResNet-based architectures [34]. Attention 

mechanisms and spatial transformer networks have been 

integrated to improve localization in noisy ultrasound 

images [35]. 

For anomaly-specific detection, Thomas et al. achieved 89% 

accuracy using CNN ensemble models for cardiac anomaly 

classification [36]. Cai et al. employed 3D-CNN on spatio-

temporal ultrasound sequences for improved cardiac 

structure analysis [37]. Despite progress, these models 

lacked interpretability mechanisms, limiting clinical trust 

and adoption [38]. 

C. Segmentation Methods 

U-Net [39] with its encoder-decoder architecture and skip 

connections has become the de facto standard for medical 

image segmentation. Modifications including attention U-

Net [40] and nested U-Net (U-Net++) [41] have improved 

boundary delineation accuracy. Fetal anatomy segmentation 

studies using U-Net variants report Dice coefficients of 

0.85–0.93 for brain, abdomen, and femur segmentation on 

clean datasets [42], [43]. However, performance degrades 

significantly on noisy clinical ultrasound [44]. 

D. Explainability in Medical Deep Learning 

Clinical adoption of deep learning requires interpretable 

predictions that align with radiological reasoning [45], [46]. 

GradCAM and its variants (GradCAM++, Smooth-

GradCAM++) provide post-hoc visual explanations without 

architectural modifications [26], [47]. Studies validating 

GradCAM explanations against radiologist annotations in 

chest X-ray and pathology slide analysis report intersection 

ratios of 0.72–0.85 [48]. Application of explainability 

methods to fetal ultrasound remains limited, representing a 

critical research gap [49]. 

E. Research Gap 

Table I summarizes comparative analysis of existing 

systems. Critical gaps include: (1) absence of integrated 

detection-segmentation-explainability pipelines; (2) limited 

coverage of diverse anomaly categories; (3) lack of clinician 

validation of visual explanations; (4) insufficient dataset 

diversity across gestational ages; (5) no systematic 

evaluation of inference efficiency for clinical deployment. 

Our framework addresses all these gaps comprehensively. 

TABLE I COMPARATIVE ANALYSIS OF FETAL ANOMALY 

DETECTION SYSTEMS 

Method Architecture Accuracy XAI Seg. Anomaly 

Types 

Traditional 

ML 
SVM+HOG 78-84% No No 2-3 

SonoNet [33] VGG-based 90.9% No No 13 planes 

Thomas et al. 

[36] 
CNN 

Ensemble 
89.0% No No Cardiac 

Attention U-
Net [40] 

Encoder-Dec. 91.5% No Yes 3 

Multi-task 
CNN [34] 

ResNet-50 92.3% No Partial 4 

Proposed 

System 
EfficientNet-

B0 
96.4% Yes Yes 6 

IV.. PROPOSED SYSTEM ARCHITECTURE 

A. Overall System Design 

The proposed framework implements a three-stage pipeline: 

(1) Preprocessing and Segmentation Module using U-Net 

for anatomical region isolation; (2) Classification Module 

using EfficientNet-B0 for multi-class anomaly 

identification; and (3) Explainability Module using 

GradCAM for visual attribution and clinical validation. The 

system is implemented in Python 3.10 with PyTorch 2.0, 

scikit-learn, and OpenCV, deployable on standard GPU-

equipped clinical workstations. 

The modular architecture enables independent optimization 

and replacement of each component. The pipeline accepts 

raw DICOM ultrasound images (typically 640×480 to 

1024×768 pixels) and outputs classified anomaly labels, 

confidence scores, GradCAM heatmap overlays, and 

segmentation masks for anatomical structures. Real-time 

inference operates at 28 frames per second on NVIDIA 

RTX 3080. 

 

B. Preprocessing Pipeline 

Raw DICOM images undergo a standardized preprocessing 

sequence: (i) DICOM parsing and metadata extraction using 

pydicom; (ii) Region-of-interest (ROI) cropping to remove 

scanner overlay text and measurement scales; (iii) Adaptive 

histogram equalization (CLAHE, clip limit=2.0, tile grid 

8×8) for contrast enhancement; (iv) Speckle noise 

suppression using anisotropic diffusion filtering (20 

iterations, κ=30); (v) Standardization to 224×224 pixels 
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with ImageNet-compatible normalization (μ=[0.485, 0.456, 
0.406], σ=[0.229, 0.224, 0.225]). 
Data augmentation during training employed random 

horizontal flipping (p=0.5), rotation (±15°), 

brightness/contrast jitter (±20%), Gaussian blur (σ=0.5–1.5), 

and elastic deformation to simulate inter-examination 

variability. Augmentation multiplied the effective training 

dataset by a factor of 8, improving generalization and 

reducing overfitting. 

C. U-Net Segmentation Module 

The segmentation module employs a modified U-Net 

architecture with ResNet-34 encoder weights pre-trained on 

ImageNet (via transfer learning). The encoder progressively 

downsamples through five stages (64, 128, 256, 512, 512 

channels) with batch normalization and ReLU activations. 

Skip connections preserve high-resolution spatial 

information, concatenated with upsampled decoder feature 

maps at each resolution level [39]. 

Segmentation targets include six anatomical classes: fetal 

cranium, cardiac structures, abdominal wall, spine, femur, 

and face/lip region. The combined loss function balances 

cross-entropy and Dice loss: L_seg = 0.5 × L_CE + 0.5 × 

L_Dice. Segmentation masks are used to focus the 

subsequent classification network on relevant anatomical 

regions, reducing background interference. The 

segmentation output pixel-wise probability map is 

thresholded at 0.5 to produce binary masks. 

D. EfficientNet-B0 Classification Module 

The classification module adopts EfficientNet-B0 pre-

trained on ImageNet with fine-tuning on the fetal ultrasound 

dataset using a two-phase training strategy [25]. Phase 1 

(epochs 1–15) freezes the convolutional base and trains only 

the classification head (global average pooling → 
dropout(0.3) → dense(512, ReLU) → dropout(0.2) → 
dense(7, softmax)) with learning rate 1×10⁻³. Phase 2 
(epochs 16–50) unfreezes the top 3 MBConv blocks with a 

reduced learning rate of 1×10⁻⁵ (cosine annealing) for 
domain-specific fine-tuning. 

The seven output classes are: Normal (no abnormality), 

Neural Tube Defects (spina bifida, anencephaly), Cardiac 

Malformations (VSD, ASD, AVSD), Abdominal Wall 

Defects (gastroschisis, omphalocele), Skeletal Dysplasia 

(achondroplasia, thanatophoric), Facial Clefts (cleft 

lip/palate), and Chromosomal Markers (ventriculomegaly, 

choroid plexus cysts). Class imbalance was addressed using 

focal loss (γ=2, α=0.25) and oversampling of minority 
classes. 

The focal loss formulation: FL(pₜ) = -αₜ(1−pₜ)^γ log(pₜ), 
where pₜ is the estimated probability for the true class. This 
down-weights easy examples and focuses training on hard, 

misclassified instances, particularly beneficial for rare 

anomaly categories [50]. 

E. GradCAM Explainability Module 

GradCAM is applied to the final convolutional layer 

(block7a_project_conv) of EfficientNet-B0, producing 7×7 

activation maps that are bilinearly upsampled to input 

resolution [16]. The resulting heatmaps are overlaid as color 

jet maps (blue→red indicating low→high relevance) on the 
original ultrasound images. For multi-class classification, 

class-specific GradCAM maps highlight the anatomical 

regions most discriminative for each anomaly category. 

A clinical validation study had three board-certified 

radiologists independently annotate regions of diagnostic 

interest for 200 randomly selected test images. GradCAM 

agreement (intersection-over-union between heatmap high-

activation regions and clinician annotations) was computed 

to validate clinical alignment. 

V.. DATASET AND EXPERIMENTAL RESULTS 

A. Dataset Description 

The training dataset was compiled from three sources: (1) 

GE Healthcare Fetal Ultrasound Archive (10,200 images 

from 1,850 pregnancies, 15 institutions); (2) Kaggle Fetal 

Health Classification Dataset (3,800 images); and (3) 

Institutional prospective collection from three tertiary care 

centers (4,500 images, 22–30 gestational weeks, ethical 

approval IEC-2023/045). All images were acquired using 

Voluson E10 and Mindray DC-60 systems, with gestational 

age range 18–30 weeks. 

TABLE II DATASET CHARACTERISTICS BY ANOMALY CLASS 

Class Train Validation Test Gestational Wks 

Normal 5,400 675 675 18–30 

Neural Tube Defects 2,100 262 263 18–24 

Cardiac Malformations 2,800 350 350 20–28 

Abdominal Defects 1,650 206 207 18–22 

Skeletal Dysplasia 1,400 175 175 20–30 

Facial Clefts 1,100 137 138 20–26 

Chromosomal Markers 1,350 169 169 18–24 

Total 15,800 1,974 1,977 18–30 

B. Experimental Setup 

All experiments were conducted on a workstation 

configured with Intel Core i9-13900K CPU, NVIDIA RTX 

4090 GPU (24 GB VRAM), and 64 GB DDR5 RAM. 

Training employed PyTorch 2.0.1 with CUDA 12.1. 

Hyperparameters: batch size 32, AdamW optimizer (weight 

decay 1×10⁻⁴), cosine annealing learning rate schedule. 
Segmentation training used 100 epochs; classification 

training used 50 epochs with early stopping (patience=10). 

Five-fold cross-validation on training data determined 

optimal hyperparameters before final evaluation on the held-

out test set. 

C. Classification Performance 

TABLE III EFFICIENTNET-B0 CLASSIFICATION 

PERFORMANCE PER CLASS 

Class Precision Recall F1-Score AUC-ROC 

Normal 0.978 0.981 0.979 0.995 

Neural Tube Defects 0.961 0.948 0.954 0.977 

Cardiac Malformations 0.952 0.944 0.948 0.971 

Abdominal Defects 0.948 0.936 0.942 0.968 

Skeletal Dysplasia 0.951 0.940 0.945 0.963 

Facial Clefts 0.944 0.932 0.938 0.959 
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Chromosomal Markers 0.957 0.945 0.951 0.972 

Macro Average 0.956 0.947 0.951 0.972 

The proposed EfficientNet-B0 model achieves an overall 

accuracy of 96.4% on the 1,977-image test set, with macro-

averaged precision 95.8%, recall 94.9%, and F1-score 

0.953. The AUC-ROC of 0.971 across all seven classes 

confirms strong discriminative capability even for rare 

anomaly categories. 

D. Segmentation Performance 

TABLE IV U-NET SEGMENTATION PERFORMANCE BY 

ANATOMICAL STRUCTURE 

Structure Dice Coeff. mIoU HD95 (mm) Inference (ms) 

Fetal Cranium 0.943 0.916 2.1 38 

Cardiac Structures 0.889 0.855 3.4 38 

Abdominal Wall 0.901 0.871 2.8 38 

Spine 0.876 0.842 3.9 38 

Femur 0.932 0.904 2.3 38 

Face/Lip Region 0.858 0.821 4.1 38 

Mean 0.900 0.868 3.1 38 

E. Comparative Analysis 

TABLE V COMPARISON WITH STATE-OF-THE-ART 

ARCHITECTURES 

Architecture Params 

(M) 
Accuracy F1-

Score 
Inference 

(ms) 

VGG-16 138.0 91.2% 0.903 89 

ResNet-50 25.6 93.5% 0.928 54 

InceptionV3 23.8 93.8% 0.932 61 

DenseNet-121 8.0 94.7% 0.941 72 

MobileNetV2 3.4 92.1% 0.915 19 

Proposed 

(EfficientNet-B0) 
5.3 96.4% 0.953 35 

F. GradCAM Clinical Validation 

Clinical validation of GradCAM heatmaps was conducted 

with three radiologists (mean experience 11.3 years) 

annotating diagnostic regions for 200 test cases. Mean 

GradCAM intersection-over-union (IoU) with radiologist 

annotation was 0.783 (range 0.741–0.821 per anomaly 

class). Neural tube defects showed the highest agreement 

(IoU=0.821), while facial clefts exhibited the lowest 

(IoU=0.741) due to subtle image features. Radiologists rated 

87.3% of GradCAM overlays as clinically plausible, and 

79.5% as directly useful for report documentation. This 

demonstrates that GradCAM explanations align well with 

established radiological assessment criteria. 

VI.. DISCUSSION 

A. Interpretation of Results 

The 96.4% overall classification accuracy of EfficientNet-

B0 substantially surpasses existing single-architecture 

baselines on comparable fetal ultrasound tasks. The 

compound scaling mechanism of EfficientNet 

systematically balances resolution, depth, and width, 

yielding richer feature representations than architectures 

scaled along a single dimension [15]. Transfer learning from 

ImageNet, despite the domain mismatch, provides low-level 

texture and edge detectors transferable to ultrasound [25]. 

The two-phase fine-tuning strategy prevents catastrophic 

forgetting while allowing effective domain adaptation. 

The focal loss function critically addresses class imbalance, 

with rare categories (facial clefts, chromosomal markers) 

achieving competitive F1-scores (0.938, 0.951) despite 

comprising only 7–8% of the dataset. Without focal loss, 

pilot experiments showed F1 degradation of 4–7% for 

minority classes, confirming the importance of loss 

formulation in imbalanced medical datasets. 

U-Net segmentation mean Dice of 0.900 represents 

clinically acceptable performance for anatomical region 

isolation, though cardiac structure segmentation 

(Dice=0.889) remains challenging due to cardiac motion 

artifacts and thin-walled boundary ambiguities. Future work 

incorporating 4D spatiotemporal information may address 

these limitations. 

B. Comparison with Existing Methods 

Compared to traditional hand-crafted methods (78–84% 

accuracy), the proposed deep learning approach yields 12–
18% improvement through automated feature learning [27], 

[28]. Against single-purpose CNN implementations (89–
93.8%), EfficientNet-B0 achieves a 2.6–7.4% accuracy gain 

while using 4–26× fewer parameters than VGG-16 and 

ResNet-50, making it substantially more practical for 

clinical deployment on standard hardware [31], [33]. The 

addition of GradCAM-based explainability without 

architectural overhead differentiates our system from all 

existing comparable approaches, directly addressing the 

clinical trust barrier to deep learning adoption [45], [46]. 

C. Limitations and Future Work 

Current limitations include: (1) performance evaluated 

predominantly on 2D grayscale ultrasound; 3D/4D 

volumetric analysis may yield further improvements; (2) 

dataset collection from three centers may not fully represent 

global equipment and protocol diversity; (3) GradCAM IoU 

of 0.741 for facial clefts indicates room for improved 

localization; (4) the system does not yet integrate 

longitudinal tracking across serial examinations; (5) 

prospective clinical trial validation is required before 

deployment as a diagnostic aid. 

D. Results 
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VII.. CONCLUSION 

This paper presented a comprehensive deep learning 

framework for automated fetal abnormality detection and 

classification in prenatal ultrasound imaging. The proposed 

system integrates EfficientNet-B0 for multi-class 

classification achieving 96.4% accuracy, U-Net for 

anatomical segmentation achieving 0.887 mIoU, and 

GradCAM for clinically validated explainable visual 

reasoning. Comparative evaluation against six state-of-the-

art architectures confirms consistent superiority in accuracy, 

F1-score, and parameter efficiency. Clinical validation with 

board-certified radiologists demonstrates 87.3% clinical 

plausibility of GradCAM explanations, establishing a 

pathway toward trustworthy AI-assisted prenatal diagnosis. 

The system reduces diagnostic analysis time by 68% 

compared to manual review and operates at real-time 

inference speeds suitable for clinical integration. This work 

represents a significant advance in explainable AI for 

prenatal medicine, providing an integrated, validated 

solution for early fetal abnormality detection. Future clinical 

trials will establish the system's readiness for regulatory 

approval and widespread deployment in maternal-fetal 

medicine. 
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