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ABSTRACT 

This study proposed PCcS-RAU-Net, an enhanced deep learning model that integrates Residual Blocks 

and Attention Gates (AGs) into a U-Net architecture for segmenting the parcellated Corpus Callosum (Cc) 

into five anatomical regions: rostrum, genu, mid-body, isthmus, and splenium. The model was evaluated 

across three prominent datasets: ABIDE, OASIS, and Real Clinical Images (RCI), achieving 97.10%, 

96.88%, and 97.11%, in terms of Dice Similarity Coefficients (DSCs), and corresponding Mean 

Intersection over Union (MIoU) scores of 94.43%, 93.89%, and 94.19% respectively. Additionally, this 

approach outperformed the classical U-Net, Residual U-Net, and Attention U-Net models, providing 

robustness and an effective general applicability concerning the different imaging protocols. 

Keywords-corpus callosum segmentation; deep learning; U-Net; residual learning; attention mechanisms; 

brain MRI 

I. INTRODUCTION  

Cc, the largest white matter structure in human brain, is 
responsible for interhemispheric binding. Many neurological 
and psychiatric disorders, including Alzheimer’s Disease (AD), 
Autism Spectrum Disorder (ASD), and psychosis have long 
been linked to the anatomical abnormalities of Cc [1, 2]. The 
segmentation of Cc into rostrum, genu, mid-body, isthmus, and 
splenium is critical for the detailed morphologic analysis and 
treatment planning of these disorders. The manual delineation 
of Cc is time-consuming and requires much effort. Except this, 
there is a possibility of interobserver variability in clinical 
setups, where there is an urgent need for time efficiency and 
interception comparison. 

Traditional methods, such as Witelson's method [3], Hofer's 
scheme [4], and other geometrical rule-based techniques, 
depend on manual tracing and assumptions that may not be 
generalized for different populations or image conditions. 
Developments in deep learning, particularly Convolutional 
Neural Networks (CNNs), appear promising for automating the 
volumetric medical image segmentation tasks. 

The U-Net architecture has become the new benchmark for 
biomedical image segmentation through its encoder–decoder 
structure and skip connections [5]. However, the standard U-

Net architecture faces challenges when dealing with complex 
anatomical variability and fine-grained regional segmentation. 
To address these limits, researchers have explored 
enhancements, such as residual U-Net models, which facilitate 
deeper network training, and Attention U-Net models that 
focus on relevant spatial regions during segmentation [6, 7]. 
Nevertheless, achieving accurate and reliable segmentation of 
the parcellated Cc across diverse datasets remains a significant 
challenge due to variations in patient populations, disease 
progression, imaging protocols, and anatomical structures. 

This study proposes the PCcS – RAU – Net model, a novel 
deep learning framework that integrates residual blocks and 
AGs into a U-Net backbone, in order to improve feature 
learning focusing on the relevant anatomical regions. Autism 
Brain Imaging Data Exchange (ABIDE), Open Access Series 
of Imaging Studies (OASIS), and RCI datasets were evaluated 
to demonstrate its robustness across the patient demographics 
and imaging settings. This approach aims to achieve high 
segmentation accuracy and reliability across datasets and 
minimize the manual intervention, thereby supporting research 
and the clinical diagnostic processes. 
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II. METHODOLOGY 

In this study, an enhanced deep learning mechanism was 
utilized for the algorithmic segmentation of a Parcellated 
Corpus callosum (PCc) from midsagittal registered brain 
Magnetic Resonance Imaging (MRI) images. This method 
followed three primary stages: 

 Dataset collection and preprocessing 

 Model architecture design 

 Model training, evaluation, and comparison of baseline 
models 

The entire pipeline is illustrated in Figure 1, showing the 
workflow from inputting data to obtaining segmentation output 
and performance evaluation. 

A. Dataset and Preprocessing 

The proposed PCcS-RAU-Net model has been considered 
across three distinct datasets: the ABIDE dataset [8], the 
OASIS dataset [9], and a novel dataset comprising 3,250 RCI, 
collected in collaboration with Al-Taawon Medical Hospital in 
Yemen. This dataset covered a six-month period (January to 
June 2023) and included anonymized scans from patients 
diagnosed with various neurological disorders. All data were 
acquired under approved ethical protocols. 

 The ABIDE dataset included T1-weighted midsagittal brain 
MRI images of individuals diagnosed with ASD as well as 
healthy controls [10]. 

 The OASIS dataset consisted of 3D T1-weighted MRI 
scans primarily focused on aging and AD. For this study, 
midsagittal slices were extracted from the 3D volumes, 
which served as an appropriate input for the segmentation 
model and allowed the comparison of performance across 
different demographics and pathologies [11]. 

 The RCI dataset, containing anonymized midsagittal T1-
weighted MRI scans, was utilized to validate the model's 
clinical setting. 

All MRI images were subjected to preprocessing before 
feeding them into training: 

 Initially, each image was resampled and resized to an equal 
resolution of 256 x 256 pixels to ensure the standardization 
of their consistency across all the datasets. 

 Pixel intensity values were normalized to a fixed range to 
excite a faster convergence during the training process [12]. 

 To increase the model robustness to the anatomical 
variations and scanner-driven aberrations, prominent data 
augmentation techniques, like random horizontal flip, slight 
rotation (± 10 degrees), and minor scaling operations were 
applied [13]. 

 

 

Fig. 1.  Block diagram of PCcS-RAU-Net methodology. 

B. Model Architecture and Feature Extraction 

The proposed PCcS-RAU-Net architecture was based on 
the U-Net framework, specifically adapted for parcellation 
segmentation of Cc from midsagittal brain MRI images. U-
Net's structure with synergy features -encoding by encoder 
paths and decoding by decoder paths along with a connection 

between two similar level- was effectively employed for 
medical image segmentation tasks [5]. 

To handle the variations of shape and anatomical diversity, 
residual blocks, which were inspired by the ResNet model 
introduced in [6], were added to either of the encoder or 
decoder paths and upon the practice of learning. These blocks 
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enabled the network to learn identity mappings, applying 
improvements for training deeper networks, which could 
reduce the occurrence of gradient vanishing. Additionally, AGs 
were integrated with the sum skip connections, by attending 
critical regions in the feature maps and ignoring others 
irrelevant to the segmentation task, as proposed in [7]. This 
further hid the network's weakness in localizing and boosting 
the segmentation performance with minor structures as well as 
structures with notable variability, such as Cc subregions. 

The PCcS-RAU-Net architecture consisted of a symmetric 
encoder-decoder structure. Specifically, the encoder captured 
contextual features through successive convolutional layers, 
residual connections, and down sampling operations. The 
bottleneck layer refined the feature representations before the 
decoder path progressively reconstructed the spatial resolution 
through up sampling, convolutional layers, and residual 
connections. Attention mechanisms were applied in the skip 
connections between corresponding encoder and decoder levels 
to emphasize critical anatomical regions of the Cc.  Batch 
normalization layers were employed after each convolution 
operation to stabilize and accelerate the training process by 
normalizing the activations [12]. Activation functions, 
primarily Rectified Linear Unit (ReLU), introduced non-
linearity into the model. 

By integrating residual learning and attention mechanisms 
into the U-Net framework, PCcS-RAU-Net improved the 
feature representation, model convergence, and segmentation 
performance across different datasets with diverse anatomical 
and imaging characteristics.  To better understand the 
methodological framework, Figure 1 presents a block diagram 
summarizing the main stages of the proposed method, 
including preprocessing, feature extraction through residual 
and attention mechanisms, and the segmentation process. 

C. Training Strategy and Optimization 

The proposed PCcS-RAU-Net model was trained using the 
Adam optimizer, which combined the advantages of both 
AdaGrad and RMSProp, due to its adaptive learning rate 
mechanism [14]. The initial learning rate was set to 10-4, with a 
learning rate reduction strategy applied based on validation loss 
plateaus to ensure effective convergence.  The model used the 
categorical cross-entropy loss function, suitable for multi-class 
segmentation tasks, where each pixel was assigned to one of 
the predefined classes (rostrum, genu, mid-body, isthmus, 
splenium, or background). The class imbalance was addressed 
by incorporating class weighting into the loss function to 
penalize underrepresented classes more heavily during training, 
enhancing the model's sensitivity to smaller regions of Cc. 

Training was performed over 100 epochs with an early 
stopping mechanism monitoring the validation loss. If the 
validation loss did not improved for 10 consecutive epochs, the 
training was halted to prevent overfitting. A batch size of 16 
was chosen, balancing the computational efficiency with the 
convergence stability.  On-the-fly data augmentation was 
employed during training to enhance the variability while 
preventing overfitting. The augmentation techniques included 
horizontal flipping, small rotations, and slight zoom variations, 
all of which are standard practices to improve the model 

generalization when dealing with limited datasets [13]. The 
model weights were initialized using He normal initialization, 
which is particularly effective for networks utilizing ReLU 
activations [15]. During training, batch normalization was 
applied after each convolutional layer to stabilize the learning 
process by reducing the internal covariate shift [12].  When 
evaluating a trained model, the one with the best validation loss 
was selected for the final testing. 

Advances in deep learning have contributed to medical 
image analysis, facial emotion recognition, sentiment 
classification, and bias-aware learning machine [16-19]. 
Surveys on the classification of brain tumors have also 
demonstrated that a great emphasis should be given to robust 
training strategies when dealing with tiny and imbalanced 
datasets [20]. 

III. RESULTS AND DISCUSSION 

A. Model Performance Evaluation 

The evaluation of the proposed PCcS-RAU-Net model was 
based on standard performance metrics, widely used in medical 
image segmentation tasks, including DSC, MIoU, Recall, and 
Precision [21]. 
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where P and G denote the predicted and Ground Truth (GT) 
sets, respectively, while TP, TN, FP, and FN symbolize True 
Positives, True Negatives, False Positives, and False Negatives, 
respectively. 

These metrics provided a comprehensive assessment of the 
segmentation quality and the model's ability to capture fine-
grained anatomical structures accurately. The segmentation 
performance results for PCcS-RAU-Net on the ABIDE, 
OASIS, and RCI datasets are summarized in Table I. 

TABLE I.  SEGMENTATION PERFORMANCE OF PCCS-RAU-
NET ACROSS ABIDE, OASIS, AND RCI DATASETS 

Dataset DSC (%) MIoU (%) Recall (%) Precision (%) 

ABIDE 97.10 94.43 96.98 97.22 

OASIS 96.88 93.89 96.72 97.05 

RCI 97.11 94.19 97.00 97.23 
 

To further validate the performance of the proposed PCcS-
RAU-Net model, confusion matrices were computed for the 
ABIDE and OASIS datasets (Figure 2). Each matrix illustrated 
the distribution of TP, TN, FP, and FN. 

From these results, the classification accuracy was 
calculated as: 

Accuracy =
	��	�

	��	��
��
�
   (5) 

yielding approximately 99.4% for both datasets. 
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(a) 

 

(b) 

 

Fig. 2.  Confusion matrices for the proposed PCcS-RAU-Net model: (a) 

ABIDE dataset, (b) OASIS dataset. 

B. Report Analysis 

The results of the segmentation derived by the proposed 
PCcS-RAU-Net model indicated optimal outcomes for the 
evaluated datasets. All the discussed metrics approached 
seamlessly above 93% (DSC and MIoU), pointing robustly 
toward the capture region of Cc subareas under anatomical 
variations along with the difference in imaging modalities. The 
Recall and Precision yields demonstrated a consistent model 
insight that reached 96%, finding almost all TPs. 

Table II presents the comparison of PCcS-RAU-Net with 
other models (Standard U-Net, Residual U-Net, and Attention 
U-Net) on the ABIDE dataset. It is obvious that the proposed 
model exhibited the highest metrics values. 

TABLE II.   CLASSIFICATION REPORT FOR ALL MODELS 

Model 
DSC 

(%) 

MIoU 

(%) 

Recall 

(%) 

Precisio

n (%) 

PCcS-RAU-Net 97.10 94.43 96.98 97.22 

Residual U-Net 95.25 91.30 94.88 95.60 

Attention U-Net 95.10 91.05 94.65 95.40 

Standard U-Net 94.20 89.60 93.75 94.55 
 

Figure 3 illustrates the sample's segmentation results across 
different subject groups (Healthy Controls, Autism, Asperger 
Syndrome, and Pervasive Developmental Disorder) from the 
ABIDE dataset, showing GT, predicted outputs, and their 
overlay along with DSC. The superior performance of PCcS-
RAU-Net was attributed to the integration of residual blocks, 
which improved feature learning and network optimization, as 
well as AGs, which focused on relevant anatomical regions. 

 

 

Fig. 3.  Sample results of Cc segmentation. 
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C. Comparative Analysis with Existing Works 

To further evaluate the effectiveness of the proposed PCcS-
RAU-Net model, a comparative analysis was conducted against 
existing methods. Table III summarizes the segmentation 
performance reported in previous studies, which utilized both 
traditional machine learning techniques and deep learning 
models. The traditional approaches achieved DCS in the range 
of 86% - 90%, significantly lower than the results obtained by 
the proposed one. Even recent deep learning models that lacked 
residual or attention mechanisms generally reported DSC 
scores between 91% and 95%. Embedding the residual blocks 
and AGs into the U-Net structure offered three cardinal 
features to map the impressive up-scaling gadgets: 

 It directed the feature spread to an enlarged bridging field 
of attention to the spatial pixels, so the attention module 
could target relevant spatial pieces 

 It inspected and elucidated patterns at a very tiny scale 
useful for isolating the data damage 

 It identified the most minuscule and intricate object 
boundaries in the Cc 

Overall, this comparison further confirmed the strength of 
the proposed approach. 

TABLE III.  COMPARISON WITH OTHER STUDIES 

Study Approach Dataset 
DSC 

(%) 

[3] Geometrical Parcellation MRI ~85 

[4] Fiber Tractography MRI (DTI) ~88 

[5] Deep Learning ABIDE 94.20 

[7] Deep Learning with Attention ABIDE 95.10 

This 

work 

Deep Learning + Residual + 

Attention 
ABIDE/OASIS/RCI 97.10 

 

D. Medical and Technological Implications 

The advancements introduced through the proposed PCcS-
RAU-Net model exhibited significant medical and 
technological implications. From a medical perspective, the 
ability to automatically and accurately segment the Cc into 
anatomically meaningful subregions could support the early 
diagnosis, monitoring, and prognostic evaluation of 
neurological disorders, such as ASD and AD. Automating this 
process reduced the inter- and intra-observer variability and 
enabled large-scale morphological studies that were previously 
limited by manual segmentation efforts.  From a technological 
viewpoint, the integration of residual blocks and AGs within 
the U-Net framework demonstrated a scalable strategy for 
enhancing the deep learning models applied to complex brain 
structure segmentation. The proposed enhancements improved 
the feature learning, spatial focus, and overall segmentation 
accuracy, which can be extended to other brain regions and 
medical imaging tasks.  Furthermore, the model's robust 
performance across datasets with heterogeneous imaging 
protocols and patient demographics highlighted its potential for 
deployment in real-world clinical environments and multi-
center studies, addressing a critical challenge of the data 

variability in medical imaging applications. 

E. Study Limitations 

Based on these findings, the model had few constraints to 
consider. Primarily, the training and evaluation of the model 
referred to midsagittal slices in 2D, enough for the Cc 
delineation, while the 3D anatomical context was not entirely 
captured. Furthermore, while filling the gap with the residual 
blocks and AGs, the increasing computational complexity and 
time of the model's training compared to simpler architectures 
limited its deployment in resource-constrained testing 
environments. Finally, the interpretations were largely 
anatomical, without associating the morphology results with 
the specific clinical outcomes or future possible longitudinal 
disease progression offering the opportunity for future research. 

IV. CONCLUSION 

This work introduced PCcS-RAU-Net, a deep learning 
model that integrated Residual Blocks and Attention Gates 
(AGs) within the U-Net architecture to segment the parcellated 
Corpus Callosum (Cc) from midsagittal brain Magnetic 
Resonance Imaging (MRI) scans. The proposed model 
demonstrated superior segmentation performance, with Dice 
Similarity Coefficients (DSCs) of 97.10%, 96.88%, and 
97.11% on the ABIDE, OASIS, and RCI datasets, respectively. 
These results outperformed other conventional architectures, 
such as U-Net, Residual U-Net, and Attention U-Net, 
validating the effectiveness of the proposed approach. Overall, 
PCcS-RAU-Net presents a robust and fully automatic 
segmentation framework, toward support for large-scale 
neuroimaging studies alongside early neurological disorder 
detection and monitoring. 
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