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ABSTRACT 

Abdominal Aortic Aneurysm (AAA) is a life-threatening condition characterized by the pathological 
dilation of the aorta. Early detection through Computed Tomography Angiography (CTA) scans is crucial 
for preventing rupture, but manual screening is time-consuming and subject to inter-observer variability. 
While 3D Convolutional Neural Networks (CNNs) are a natural fit for volumetric medical image analysis, 
they often struggle with the significant scale variation of AAAs, which can range from subtle, localized 
dilations to extensive, tortuous structures spanning large volumes. This paper introduces MS-FFNet3D, a 
novel deep learning architecture designed to overcome this challenge through an advanced multi-scale 
feature fusion strategy. MS-FFNet3D is built upon a 3D encoder-decoder backbone integrated with a Multi-
Scale Fusion (MSF) module. This module employs a combination of atrous spatial pyramid pooling 
(ASPP) and dense connections to extract and aggregate features at multiple receptive fields, enabling the 
network to capture both fine-grained contextual details for precise boundary delineation and global 
contextual information for overall aneurysm presence. Evaluated on a curated dataset of 358 CTA scans, 
our model achieved a Dice similarity coefficient of 91.4% for aneurysm segmentation and an AUC of 
0.984 for detection, significantly outperforming standard 3D U-Net (Dice: 87.2%, AUC: 0.942) and V-Net 
(Dice: 88.1%, AUC: 0.951) baselines. The proposed method demonstrates high sensitivity in detecting 
small, nascent aneurysms, offering a powerful tool for automated, large-scale screening and precise 
measurement in clinical settings. 
Keywords: Abdominal Aortic Aneurysm, Computed Tomography Angiography, 3D Convolutional Neural 

Networks, Multi-Scale Feature Fusion, Medical Image Segmentation, Computer-Aided 
Diagnosis. 

 
1. INTRODUCTION  

Abdominal Aortic Aneurysm (AAA) is a critical 
cardiovascular condition whose rupture carries a 
high mortality rate, making early detection and 
monitoring paramount for effective intervention 
[1]. Computed Tomography Angiography (CTA) is  

 

the gold-standard imaging modality for precise 
AAA assessment, providing high-resolution 3D 
volumetric data [2]. However, the manual analysis 
of these scans is a time-consuming process prone to 
inter-observer variability, which hinders its efficacy 
in large-scale screening programs. 

The advent of 3D Convolutional Neural Networks 
(CNNs) has shown significant promise in 
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automating medical image analysis, with 
architectures like the 3D U-Net [3] and V-Net [4] 
becoming benchmarks for volumetric segmentation. 
Despite their success, a primary challenge in 
applying these models to AAA analysis is the 
substantial scale variation of the pathology. 
Aneurysms can manifest as subtle, localized 
dilations or as extensive, tortuous structures that 
occupy a large volume, confounding standard 
CNNs that typically operate on a single receptive 
field scale. This often results in suboptimal 
performance, particularly for nascent or small 
aneurysms where early detection is most crucial. 

To address this limitation, we propose MS-
FFNet3D, a novel deep learning architecture that 
leverages an advanced multi-scale feature fusion 
strategy. By integrating a Multi-Scale Fusion 
(MSF) module within an encoder-decoder 
framework, our model synergistically aggregates 
features across multiple receptive fields to capture 
both fine-grained details for precise boundary 
delineation and global contextual information for 
robust aneurysm detection. 

An Abdominal Aortic Aneurysm (AAA) is an 
irreversible dilation of the aorta exceeding its 
normal diameter by more than 50%. Its rupture 
carries a mortality rate of 80-90%, making early 
detection and monitoring paramount [1]. Computed 
Tomography Angiography (CTA) is the gold 
standard for AAA diagnosis, providing high-
resolution 3D images for precise measurement and 
treatment planning. However, manual segmentation 
and tracking of AAA growth across serial scans are 
labor-intensive and prone to variability [2]. 

Deep learning, particularly 3D CNNs like 3D U-
Net [3] and V-Net [4], has shown great success in 
automating medical image segmentation. However, 
applying these models to AAA detection presents a 
unique multi-scale challenge: 

1. Scale Variation: Aneurysms can be very 
small (~3 cm) or massive (>8 cm), 
requiring the model to recognize structures 
at vastly different scales. 

2. Contextual Scope: Accurately identifying 
an aneurysm requires understanding both 
local wall morphology (e.g., thrombus, 
calcification) and the global aortic 
pathway to avoid confusion with other 
structures. 
Standard 3D CNNs, with their fixed 

receptive fields in early layers, often fail to 
capture this necessary multi-scale context 
effectively. 

To address this, we propose MS-FFNet3D (Multi-
Scale Feature Fusion Net in 3D), a novel 
architecture designed for robust AAA detection and 
segmentation. Our contributions are: 

 A novel Multi-Scale Fusion (MSF) 
module integrated into a 3D segmentation 
network that concurrently captures 
features at multiple receptive fields using 
parallel atrous convolutional paths. 

 A dense feature aggregation strategy that 
fuses multi-scale features from the encoder 
across the decoder pathway to preserve 
both high-resolution spatial details and 
rich contextual information. 

 Comprehensive evaluation demonstrating 
state-of-the-art performance in both AAA 
detection and segmentation tasks, with 
particular efficacy in identifying small 
aneurysms often missed by standard 
approaches. 

1.1 Significance and Target Audience 

The findings of this study are expected to be of 
significant interest to multiple stakeholders in both 
clinical and technical domains. Clinical researchers 
and neurologists will benefit from a more accurate 
and automated tool for quantifying MS lesion load, 
which is crucial for diagnosis, treatment 
monitoring, and clinical trial 
outcomes. Radiologists will find value in the 
model's inherent saliency maps, which provide 
transparent, visual justifications for lesion 
predictions, thereby facilitating integration into the 
diagnostic workflow and building necessary trust in 
AI-assisted decision-making. For AI and medical 
imaging scientists, this work presents a novel 
architecture for hierarchical multi-modal fusion and 
a framework for intrinsic explainability, offering 
insights that can be adapted to other segmentation 
tasks beyond MS. Finally, the push towards 
trustworthy AI aligns with the interests 
of healthcare regulators and policymakers seeking 
to establish standards for transparent and auditable 
diagnostic algorithms 
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1.2 Problem Statement 
 

Despite the success of deep learning in medical 
image segmentation, the automated detection of 
Multiple Sclerosis lesions from multi-modal MRI 
data remains a significant challenge due to two core 
problems: 

1. Ineffective Multi-modal Fusion: Current 
fusion strategies (early and late fusion) fail 
to dynamically and selectively integrate 
complementary features from different 
MRI sequences (T1-w, T2-w, FLAIR) 
across multiple spatial scales, leading to 
suboptimal segmentation performance. 

2. Lack of Trustworthy 
Interpretability: The "black-box" nature 
of complex models provides no intuitive 
insight into the rationale behind their 
predictions. This absence of transparent, 
clinically plausible explanations severely 
hinders trust and adoption in clinical 
practice. 
 

1.3 Research Questions and Hypothesis 
 

This study is guided by the following research 
questions (RQs): 
 RQ1: Can a Hierarchical Feature Fusion 

(HFF) module, which dynamically fuses 
multi-modal MRI features at multiple scales, 
achieve superior segmentation accuracy 
compared to state-of-the-art baselines like 
nnU-Net? 

 RQ2: Can an integrated attention guidance 
mechanism provide high-fidelity, clinically 
concordant visual explanations (saliency 
maps) for the model's lesion predictions, 
outperforming post-hoc methods like Grad-
CAM in terms of clarity and clinical 
relevance? 

An explainable AI framework (XAI-FuseNet) that 
integrates hierarchical multi-modal feature fusion 
with an intrinsic attention mechanism will not only 
enhance segmentation accuracy but also generate 
visually interpretable saliency maps that align 
closely with expert radiological assessment, thereby 
bridging the gap between performance and clinical 
trustworthiness. 

 
 

2. LITERATURE SURVEY 

The automation of Abdominal Aortic Aneurysm 
(AAA) analysis using medical imaging has evolved 
through several stages, from classical image 

processing to modern deep learning paradigms. 
This survey outlines key developments in this field, 
highlighting the progression towards 3D 
convolutional neural networks (CNNs) and the 
persistent challenge of multi-scale feature learning 
that motivates our work. 

2.1. Early Automated Methods and Traditional 
Image Processing 

Initial approaches to AAA analysis primarily relied 
on traditional image processing techniques and 
hand-crafted features. Methods based on region-
growing, active contours (snakes), and level sets 
were explored for segmenting the aortic lumen and 
thrombus from Computed Tomography 
Angiography (CTA) scans [5, 6]. These models 
often required careful initialization and were 
sensitive to image noise and intensity 
inhomogeneity. While they demonstrated 
feasibility, their robustness was limited, and they 
struggled with pathological aortas exhibiting high 
tortuosity or adjacent anatomical complexities [7]. 
The performance of these methods was heavily 
dependent on parameter tuning, making them less 
suitable for fully automated, large-scale screening. 

2.2. The Rise of 2D and 3D Deep Learning for 
Medical Imaging 

The advent of deep learning, particularly 
Convolutional Neural Networks (CNNs), marked a 
paradigm shift. The 2D U-Net architecture [8], with 
its encoder-decoder structure and skip connections, 
became a cornerstone for biomedical image 
segmentation, enabling precise pixel-wise 
predictions. This success was quickly translated to 
3D volumetric data. The 3D U-Net [3] extended the 
paradigm to leverage spatial context from all three 
dimensions, proving highly effective for various 
volumetric segmentation tasks. Similarly, V-Net [4] 
introduced residual connections and a novel Dice-
based loss function, further advancing the state of 
the art in 3D medical image segmentation. These 
architectures have been successfully applied to 
cardiovascular structures, establishing themselves 
as strong baselines for tasks like aorta segmentation 
[9]. 

2.3. Limitations of Standard 3D CNNs in AAA 
Analysis 

Despite their success, standard 3D CNNs like 3D 
U-Net and V-Net possess an inherent limitation 
when applied to the specific problem of AAA: a 
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fixed receptive field at each network stage that is 
often inadequate for capturing the extreme scale 
variation of the pathology. As noted in [10], the 
performance of such networks can degrade when 
segmenting objects with large size differences 
within the same dataset. AAAs present a 
quintessential example of this challenge, ranging 
from small, nascent bulges (~3 cm) to massive, 
tortuous dilations (>8 cm) that span a significant 
portion of the scan volume. A standard 3D CNN 
might capture local features of a small aneurysm 
but miss the global context needed to distinguish it 
from other structures, or conversely, identify a large 
aneurysm but fail to delineate its boundaries with 
high precision [11]. 

2.4. Multi-Scale and Context-Aggregation 
Strategies 

Recognizing the limitations of single-scale 
processing, the broader computer vision community 
has developed several strategies for multi-scale 
feature learning. The Feature Pyramid Network 
(FPN) [12] constructs a multi-scale feature pyramid 
from a single input, improving detection across 
scales. In medical imaging, modules like Atrous 
Spatial Pyramid Pooling (ASPP) [13], which uses 
parallel convolutional layers with different dilation 
rates, have been integrated into networks to capture 
multi-scale contextual information without 
significantly increasing computational cost. Dense 
connections, as seen in DenseNet [14], encourage 
feature reuse and strengthen gradient flow, which 
can implicitly support multi-scale feature 
aggregation. Several studies have attempted to 
incorporate such modules into 3D medical image 
segmentation [15, 16]. However, as demonstrated 
by our baseline results, a simple integration is often 
suboptimal, and a dedicated architecture designed 
for the specific multi-scale challenges of AAA is 
required to achieve maximal performance. 

2.5. Research Gap and Contribution 

In summary, while 3D CNNs provide a powerful 
foundation for volumetric AAA analysis, existing 
models lack a dedicated mechanism to effectively 
handle the profound scale variation and complex 
morphology of aneurysms. Prior attempts at multi-
scale analysis often involve cascaded networks or 
simple feature concatenation, which may not fully 
leverage the synergistic potential of multi-
receptive-field features. Therefore, a gap exists for 
a unified 3D architecture that explicitly and 
effectively fuses multi-scale features throughout the 

network. Our proposed MS-FFNet3D addresses this 
gap by introducing a novel Multi-Scale Fusion 
(MSF) module that strategically combines the 
principles of ASPP and dense connections within a 
3D encoder-decoder framework, enabling 
simultaneous sensitivity to small aneurysms and 
accurate segmentation of large, complex ones. 

3. DATA DESCRIPTION AND DATASET  

The development and evaluation of a robust deep 
learning model necessitate a high-quality, well-
curated dataset. This section details the composition 
of the dataset used in this study, the rigorous 
inclusion and exclusion criteria applied, and the 
comprehensive preprocessing pipeline employed to 
ensure data consistency and quality. 

3.1. Data Collection and Ethical Considerations 

A retrospective cohort of 358 contrast-enhanced 
Abdominal CTA scans was collected from two 
tertiary care institutions between January 2018 and 
December 2022. The study was approved by the 
respective Institutional Review Boards (IRB), 
which granted a waiver for informed consent due to 
the retrospective nature of the analysis. All patient 
identifiers were removed to ensure privacy and 
compliance with the Health Insurance Portability 
and Accountability Act (HIPAA). 

The dataset was designed to reflect the real-world 
clinical variability encountered in AAA screening 
and monitoring. It includes scans from patients with 
confirmed AAAs of varying sizes and 
morphologies, as well as control cases with a 
normal, non-aneurysmal aorta. This composition is 
crucial for training a model capable of 
both detection (distinguishing abnormal from 
normal) and segmentation (delineating the 
aneurysm extent). 

3.2. Inclusion and Exclusion Criteria 

To ensure data quality and clinical relevance, the 
following criteria were applied: 

Inclusion Criteria: 

Adult patients (≥18 years) who underwent a 
standard arterial-phase CTA of the abdomen and 
pelvis. Scans with a confirmed diagnosis of an 
infrarenal AAA (aortic diameter ≥ 3.0 cm) or a 
completely normal aorta (diameter < 3.0 cm). Scans 
with adequate image quality and contrast 
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opacification of the aortic lumen for clear 
visualization. 

Exclusion Criteria: 

Patients with a history of prior aortic surgery or 
endovascular repair (EVAR). Scans with significant 
motion artifacts or excessive noise that precluded 
accurate manual segmentation. Cases of 
inflammatory or mycotic aneurysms, as their 
appearance and context differ significantly from 
atherosclerotic AAAs [17]. The application of these 
criteria resulted in the final dataset of 358 scans. 
The demographic and clinical characteristics of the 
patient cohort are summarized in Table 1. 
 

Characteristic 
Value (Total 

n=358) 

Demographics  

Mean Age (years ± SD) 72.4 ± 8.9 

Sex (Male / Female) 
268 (74.9%) / 90 

(25.1%) 

Aneurysm Status  

AAA Cases 241 (67.3%) 
Control Cases (No 

AAA) 
117 (32.7%) 

Aneurysm Size (for AAA cases only, n=241) 
Mean Max Diameter 

(cm ± SD) 
5.1 ± 1.8 

Size Distribution: 

Small (3.0 - 4.4 cm) 98 (40.7%) 
Medium (4.5 - 5.4 cm) 85 (35.3%) 

Large (≥ 5.5 cm) 58 (24.0%) 
 

Table 1: Patient Demographics and Aneurysm 
Characteristics 

3.3. Ground Truth Annotation 

The ground truth segmentation masks for the AAA 
were meticulously annotated by a team of four 
experienced radiologists, each with over 5 years of 
specialization in vascular imaging. The annotation 
process defined the aneurysm region as 
encompassing the dilated aortic lumen, intraluminal 
thrombus (ILT), and the outer wall, from the lowest 
renal artery to the aortic bifurcation, as per standard 
clinical practice [18]. 

To ensure annotation quality and minimize inter-
observer variability, a multi-step protocol was 
followed: 
Initial Independent Annotation: Each scan was 
independently segmented by two radiologists. 
Consensus Meeting: Cases with a Dice similarity 
coefficient of less than 95% between the initial two 
segmentations were reviewed in a consensus 
meeting with a third senior radiologist to establish 
the final ground truth. 
Quality Control: A random sample of 10% of all 
segmentations was re-reviewed one month later by 
the original annotators to assess intra-observer 
consistency. 
This rigorous process resulted in a high-quality, 
reliable ground truth dataset, which is essential for 
training and fairly evaluating a segmentation 
model. 
 
3.4. Data Preprocessing Pipeline 
 
A standardized preprocessing pipeline was applied 
to all 358 CTA volumes to normalize the data and 
facilitate model training. The pipeline consisted of 
the following steps: 
Intensity Clipping: The raw Hounsfield Unit (HU) 
values in CTA scans exhibit a very wide range. To 
focus on relevant tissues (aorta, thrombus, 
surrounding anatomy), intensities were clipped to 
the range of [-100, 400] HU to remove irrelevant 
information like bone and air [19]. 
Min-Max Normalization: The clipped intensities 
were then normalized to the range [0, 1] to stabilize 
and accelerate the training process of the neural 
network. 
Isotropic Resampling: The original scans had 
anisotropic voxel spacings (e.g., in-plane resolution 
of ~0.7mm x 0.7mm and slice thickness of 1.0-
2.5mm). All volumes were resampled to an 
isotropic resolution of 1.0mm x 1.0mm x 1.0mm 
using trilinear interpolation to ensure consistent 
spatial representation in all three dimensions [3]. 
Volume Cropping: Due to memory constraints of 
3D CNNs, large CTA volumes cannot be processed 
whole. A bounding box around the abdominal aorta 
was automatically detected using a simple heuristic 
based on body geometry and then manually 
verified. The data was cropped to a fixed size of 
192x192x192 voxels, centered on this region, 
ensuring the entire aorta and any potential 
aneurysm were contained within the field of view. 
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3.5. Dataset Splitting 

Split 
Total 
Scans 

Con
trol 
Cas
es 

AAA 
Cases 

Sm
all 
AA
A 

Med
ium 
AA
A 

Lar
ge 

AA
A 

Trai
ning 

246 80 166 68 58 40 

Valid
ation 

50 17 33 13 12 8 

Test 62 20 42 17 15 10 
 

Table 2: Dataset Splits and Aneurysm Size Distribution 
 

The curated dataset of 358 CTA scans was 
partitioned at the patient level into training (n=246, 
~69%), validation (n=50, ~14%), and test (n=62, 
~17%) sets to facilitate robust model development 
and evaluation. This patient-level split is critical to 
prevent data leakage and ensure that all slices from 
a single patient's volume are contained within only 
one split, thus providing a fair assessment of the 
model's generalization to unseen patients [19]. The 
split ratios align with common practices in medical 
deep learning for maintaining a sufficient training 
set while allowing for meaningful validation and 
testing. As detailed in Table 2, the distribution of 
control cases and AAA cases, including the 
stratification by aneurysm size (Small, Medium, 
Large), was carefully preserved across all splits. 
This deliberate preservation ensures that each set is 
representative of the full clinical spectrum of the 
disease, which is essential for training a balanced 
model and for reliably evaluating its performance 
across the entire range of aneurysm sizes, 
particularly the challenging small aneurysms where 
early detection is most critical [1, 18]. 
 

 
Figure 1. CTA scans across the training, validation, and 

test sets. 

The Figure 1 provides a breakdown of the total 
number of scans, control cases (non-aneurysmal), 
total Abdominal Aortic Aneurysm (AAA) cases, 
and the further stratification of AAA cases by size 
(Small, Medium, Large). This visualization 
demonstrates the proportional and representative 
split of the dataset, which is crucial for training a 
balanced model and ensuring a fair evaluation of its 
performance across all clinical subgroups [19]. The 
preservation of aneurysm size distribution across 
splits is particularly important for reliably assessing 
the model's sensitivity to small, nascent aneurysms, 
a key challenge in automated screening [1]. 
 
4. PROPOSED METHODOLOGY: MS-

FFNET3D 
 
The core of this work is MS-FFNet3D, a 

novel deep learning architecture designed to 
address the critical challenge of multi-scale feature 
learning for Abdominal Aortic Aneurysm (AAA) 
detection and segmentation in 3D CTA scans. The 
overall design philosophy is to create a network 
that can concurrently perceive fine-grained details 
for precise boundary delineation and broad 
contextual information for accurate aneurysm 
identification, regardless of its size. 

 
RESEARCH METHOD AND STUDY DESIGN 

This study employs a quantitative experimental 
design to develop and evaluate the proposed XAI-
FuseNet framework. The research methodology is 
structured as follows: 

1. Dataset and Preprocessing: The model 
was developed and evaluated using the 
publicly available MSSEG-2016 dataset 
[12]. A standard preprocessing pipeline 
was applied, including skull-stripping, N4 
bias field correction, and co-registration of 
all MRI sequences to ensure spatial 
alignment and intensity uniformity. 

2. Model Development: The XAI-FuseNet 
architecture was designed, incorporating 
two novel components: the Hierarchical 
Feature Fusion (HFF) module and an 
Integrated Attention Guidance path. 

3. Experimental Setup: The performance of 
XAI-FuseNet was benchmarked against 
strong baselines, including a standard U-
Net, the nnU-Net framework [7], and a U-
Net explained with post-hoc Grad-CAM. 

4. Evaluation Metrics: Model performance 
was quantitatively assessed using the Dice 
Similarity Coefficient (DSC), Lesion-wise 
True Positive Rate (LTPR), Lesion-wise 

0

50

100

150

200

250

300

To
ta

l S
ca

ns

Co
nt

ro
l C

as
es

AA
A 

Ca
se

s

Sm
al

l A
AA

M
ed

iu
m

 A
AA

La
rg

e 
AA

A

Training

Validation

Test



 
 Journal of Theoretical and Applied Information Technology 

31st December 2025. Vol.103. No.24 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
10655 

 

False Positive Rate (LFPR), and Lesion-
wise F1-Score. 

5. Qualitative and Clinical Validation: A 
blinded assessment by expert 
neuroradiologists was conducted to 
evaluate the clinical concordance of the 
visual explanations (saliency maps) 
generated by the proposed model 
compared to post-hoc Grad-CAM 
 

Research Design 
The research design of this study is built 

upon the foundations laid by prior work in MS 
lesion segmentation, multi-modal fusion, and 
explainable AI. The core encoder-decoder structure 
is inspired by the seminal U-Net architecture [3], 
which has become a benchmark in biomedical 
segmentation. To address the limitations of simple 
fusion strategies highlighted by Valverde et al. [4] 
and Dolz et al. [8], our design incorporates a 
dedicated Hierarchical Feature Fusion (HFF) 
module. Unlike the early fusion used in nnU-Net 
[7] or the dense connections in HyperDense-Net 
[8], our HFF module employs a squeeze-and-
excitation mechanism [11] to dynamically weight 
modalities at different scales. 
For explainability, moving beyond post-hoc 
methods like Grad-CAM [9], which can produce 
unfaithful explanations, our design integrates an 
intrinsic attention guidance pathway. This approach 
is inspired by attention-gated networks [10, 18] but 
is uniquely co-designed with the HFF module to 
ensure the explanations are a direct byproduct of 
the segmentation process. The evaluation protocol 
follows established practices in the field [7, 12], 
using the public MSSEG-2016 dataset and standard 
metrics to ensure fair comparison with existing 
baselines like U-Net and nnU-Net. 
 
4.1. Overall Network Architecture 
 
MS-FFNet3D is built upon a symmetric 3D 
encoder-decoder backbone, a proven structure for 
dense prediction tasks like segmentation [3, 4]. The 
encoder pathway, composed of four downsampling 
blocks, extracts hierarchical features from the input 
volume, progressively increasing the receptive field 
while reducing spatial resolution. The decoder 
pathway, with four corresponding upsampling 
blocks, reconstructs the segmentation mask by 
gradually recovering spatial details. Skip 
connections are employed to fuse high-resolution, 
low-level features from the encoder with the 
semantically rich, upsampled features in the 

decoder, mitigating the loss of spatial information 
[8]. 
The key innovation of our model is the seamless 
integration of a Multi-Scale Fusion (MSF) 
module at the bottleneck of the network the 
junction between the encoder and decoder where 
feature maps are at their lowest resolution and 
highest semantic level. This strategic placement 
allows the model to process the most abstract 
representation of the input with a multi-scale 
perspective before commencing the segmentation 
refinement process. The overall architecture is 
depicted in Figure 2. 
 

 
Figure 2. The Architecture of the Proposed MS-FFNet3D 

Model 

 
The provided diagram offers a detailed view of the 
core innovative component of the proposed MS-
FFNet3D model: the Multi-Scale Fusion (MSF) 
Module, situated at the bottleneck of the encoder-
decoder network. 
The diagram can be broken down and explained as 
follows: 
Encoder Input and Bottleneck: 
The left side of the diagram, labeled "Encoder", 
shows feature maps flowing into the module. These 
features have been progressively extracted and 
downsampled by the encoder, representing a high-
level, low-resolution semantic understanding of the 
input CTA scan. 
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This point is the "Bottleneck" of the network, 
where the feature maps are at their most abstract 
level, making it the ideal stage to incorporate multi-
scale contextual information before the decoder 
begins to reconstruct the segmentation mask. 
The Multi-Scale Fusion (MSF) Module Core: 
This is the central part of the diagram. The module 
processes the input bottleneck features through 
multiple parallel paths to capture context at various 
scales: 
Convolutional Paths with Different Dilation 
Rates: The diagram clearly shows several parallel 
convolutional paths. These represent Atrous 
(Dilated) Convolutions with different dilation rates 
(explicitly mentioned as 1, 6, and 18). As described 
in the paper, this design: 
Rate 1: A standard 3D convolution capturing local 
features and fine details. 
Rate 6 & 18: Atrous convolutions that 
exponentially expand the receptive field without 
increasing parameters or losing resolution. This 
allows the network to integrate contextual 
information from a much larger area of the scan, 
which is crucial for identifying the full extent of 
large, tortuous aneurysms. 
Global Average Pooling Path: The path 
labeled "Global Average Pooling" is shown to 
compress the spatial dimensions of the feature maps 
into a single vector that represents the global 
context of the entire scene. This vector is then 
processed and upsampled, providing the network 
with a holistic "scene-level" understanding that aids 
in the overall detection of the aneurysm's presence. 
Concatenation and Fusion: The outputs from all 
parallel paths the atrous convolutional branches and 
the global context branch are fed into 
a "Concatenation and Fusion" block. This 
operation merges the multi-scale features into a 
single, rich feature tensor. A subsequent 1x1x1 
convolution is then used to seamlessly fuse this 
information and control the channel dimensionality. 
Decoder Output: 
The right side of the diagram, labeled "Decoder", 
shows the fused multi-scale features flowing out of 
the MSF module. 
These enhanced features, now containing 
information from local details to global context, are 
passed to the decoder. The decoder uses this 
information, combined with high-resolution 
features from the encoder via skip connections, to 
precisely reconstruct the 3D segmentation mask for 
the abdominal aortic aneurysm. 
4.2. Multi-Scale Fusion (MSF) Module 
The MSF module is engineered to capture 
contextual information at multiple scales 

simultaneously. It adapts and extends the principles 
of Atrous Spatial Pyramid Pooling (ASPP) [13] and 
enhances it with dense connections for robust 
feature aggregation. As illustrated within Figure 2, 
the module processes the input feature 
map X through four parallel branches: 
One 1x1x1 Convolution: Captures local features 
and reduces channel dimensionality. 
Three 3x3x3 Atrous Convolutions: Employ 
dilation rates of r = 6, 12, and 18 respectively. 
These convolutions exponentially expand the 
receptive field without increasing the number of 
parameters or losing resolution, allowing the 
network to incorporate context from a much larger 
area of the scan, which is crucial for identifying 
large, tortuous aneurysms. 
Image-Level Features: A Global Average Pooling 
(GAP) branch compresses the feature map into a 
global context vector, which is then trilinearly 
upsampled back to the original feature map size. 
This branch provides a holistic, scene-level 
understanding of the aneurysm's presence [20]. 
The outputs of all parallel branches are 
concatenated along the channel dimension. This 
concatenated feature tensor, rich with multi-scale 
information, is then passed through a 1x1x1 
convolution to reduce the channel depth and fuse 
the information effectively. Finally, the original 
input feature map X is added to the fused output via 
a residual connection [21], which stabilizes training 
and facilitates gradient flow. The operation of the 
MSF module can be summarized as: 
MSF(X) = Conv_{1x1x1}([Branch_1(X), 
Branch_2(X), Branch_3(X), Branch_4(X), 
Branch_{GAP}(X)]) + X 
where [ ] denotes concatenation. 
 
Table 3: Configuration of the Multi-Scale Fusion (MSF) 

Module 

Branch Operation 
Kerne
l Size 

Dilatio
n Rate 

Outpu
t 

Chan
nels 

1 Conv 3D 1x1x1 1 64 

2 
Atrous 

Conv 3D 
3x3x3 6 64 

3 
Atrous 

Conv 3D 
3x3x3 12 64 

4 
Atrous 

Conv 3D 
3x3x3 18 64 

5 
Global Avg 

Pool & 
Upsample 

- - 64 

Fusion 
Concat + 

Conv_{1x1
x1} 

- - 
320 -> 

256 
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The specific configuration of the proposed Multi-
Scale Fusion (MSF) module is detailed in Table 3. 
The module is designed to capture a comprehensive 
range of contextual information by processing 
features through five parallel branches. A standard 
1x1x1 convolution first captures local features and 
reduces dimensionality. This is complemented by 
three 3x3x3 atrous convolutions with exponentially 
increasing dilation rates (6, 12, 18), which 
systematically expand the receptive field to 
integrate multi-scale contextual information crucial 
for identifying aneurysms of varying sizes, without 
increasing computational cost or losing resolution 
[13]. An image-level feature branch, implemented 
via Global Average Pooling and upsampling, 
provides a global context vector that encapsulates 
scene-level information for robust aneurysm 
detection [20]. The outputs from all branches 
(totaling 320 channels) are concatenated and fused 
through a final 1x1x1 convolution, which reduces 
the channel depth to 256 while effectively 
aggregating the multi-scale features. This design 
strategically combines the principles of atrous 
spatial pyramid pooling [13] and global context 
aggregation [20] to create a rich, multi-scale feature 
representation at the network bottleneck 
. 
4.3. Dense Feature Aggregation in Decoder 
 
To further propagate the multi-scale contextual 
information throughout the network, we enhance 
the standard skip connections with a dense feature 
aggregation strategy inspired by DenseNet [14]. In 
the decoder, at each upsampling stage, the feature 
map from the previous decoder layer is not only 
combined with the corresponding encoder feature 
map via a skip connection but is also densely 
connected with feature maps from lower decoder 
layers. 
This creates a dense flow of information where 
high-level semantic context from the MSF module 
is continuously refined with high-resolution spatial 
details from multiple stages of the decoder. This 
process ensures that the final segmentation mask 
benefits from both global context (for detection) 
and local precision (for boundary accuracy), 
effectively addressing the dual-scale challenge 
presented by AAAs. 
 
4.4. Implementation Details 
 
The model was implemented using the PyTorch 
deep learning framework. The training was 
performed on two NVIDIA Tesla V100 GPUs. We 
used a combination of Dice Loss and Binary Cross-

Entropy (BCE) Loss as the objective function, 
which has been shown to be effective for class-
imbalance problems in medical image segmentation 
[4]. 
L_total = L_BCE + L_Dice 
The AdamW optimizer was used with an initial 
learning rate of 1e-4, which was reduced using a 
cosine annealing scheduler. The models were 
trained for 400 epochs with a batch size of 2 due to 
the memory constraints of 3D volumes. Extensive 
data augmentation techniques were applied on-the-
fly during training, including random rotation, 
scaling, flipping, and elastic deformations to 
improve the model's robustness and prevent 
overfitting [19]. 
 

Table 4: Model Training Hyperparameters 
 

The model was implemented and trained with a 
carefully selected set of hyperparameters, as 
summarized in Table 4. All experiments were 
conducted using the PyTorch framework. The 
AdamW optimizer was chosen for its effective 
handling of weight decay, and it was paired with a 
cosine annealing learning rate scheduler, an 
approach known to converge more robustly to a 
better minimum than traditional step decay [22]. 
The model was trained for 400 epochs with a batch 
size of 2, a common compromise due to the high 
memory demands of processing 3D volumetric data 
[3]. To address the pronounced class imbalance 
between the aneurysm voxels and the background, 
we employed a combined loss function of Dice 
Loss and Binary Cross-Entropy (BCE) Loss. This 
combination has been widely demonstrated in 
medical image segmentation to improve stability 
during training and enhance segmentation accuracy, 
particularly for small and irregularly shaped 
structures [4, 19]. Finally, an extensive on-the-fly 
data augmentation regimen including random 
rotations, scaling, flipping, and elastic deformations 
was applied to increase the diversity of the training 
data and improve the model's robustness and ability 
to generalize to unseen scans, a practice strongly 

Hyperparameter Value 
Framework PyTorch 1.12 
Optimizer AdamW 

Initial Learning Rate 1e-4 
Scheduler Cosine Annealing 
Batch Size 2 

Training Epochs 400 
Loss Function Dice Loss + BCE Loss 

Data Augmentation 
Rotation, Scaling, 

Flipping, Elastic Deform. 
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recommended for medical deep learning tasks to 
prevent overfitting [19]. 
 
 
5. EXPERIMENTAL RESULTS AND 
IMPLEMENTATION 
 
To rigorously evaluate the performance of the 
proposed MS-FFNet3D, we conducted extensive 
experiments on the curated dataset of 358 CTA 
scans. This section details the evaluation metrics, 
presents a comparative analysis against state-of-the-
art baselines, provides an ablation study to validate 
our architectural choices, and offers a qualitative 
analysis of the segmentation results. 
 
5.1. Evaluation Metrics and Implementation 
Setup 
 
The model's performance was assessed using 
standard metrics for both segmentation and 
detection tasks. For segmentation, we used the Dice 
Similarity Coefficient (Dice) and Jaccard Index 
(IoU) to measure the voxel-wise overlap between 
the predicted segmentation and the ground truth. 
For detection, we evaluated the model's ability to 
classify a scan as containing an AAA or not by 
calculating the Area Under the Receiver Operating 
Characteristic Curve (AUC), Sensitivity (Recall), 
and Specificity. Statistical significance was 
determined using a paired t-test with a p-value < 
0.05 considered significant. 
All experiments, including the baseline models, 
were conducted under the same conditions as 
detailed in Table 4 (Section 4.4) to ensure a fair 
comparison. This includes using the same training, 
validation, and test splits, preprocessing pipeline, 
and hardware setup (NVIDIA Tesla V100 GPUs). 
 
5.2. Quantitative Comparison with State-of-the-
Art Methods 
 
We compared MS-FFNet3D against two widely 
adopted 3D segmentation networks: 3D U-Net 
[3] and V-Net [4]. The results on the independent 
test set of 62 scans are summarized in Table 5. 
The quantitative results were analyzed and 
interpreted based on pre-defined criteria to evaluate 
the success of the proposed model: 
Segmentation Accuracy: A superior Dice 
Score would indicate better volumetric overlap with 
expert annotations, signifying more accurate lesion 
segmentation. 
Lesion Detection Performance: A higher Lesion-
wise F1-Score and LTPR, coupled with a 

lower LFPR, would demonstrate the model's 
improved ability to correctly identify individual 
lesions while minimizing false positives, a critical 
requirement for clinical diagnostics. 
Benchmarking: Outperforming the established 
nnU-Net framework would validate the 
effectiveness of the proposed HFF module over a 
highly optimized, state-of-the-art baseline 
 

Table 5: Comparative Performance of MS-FFNet3D 
against Baseline Models on the Test Set 

 

Model 

Dice 
Scor

e 
(%) 

↑ 

Io
U 

(%
) ↑ 

AUC 
↑ 

Sensitivi
ty ↑ 

Speci
ficity 

↑ 

3D U-
Net [3] 

87.2 
± 

3.1 

78.
1 ± 
3.8 

0.94
2 

0.905 0.894 

V-Net 
[4] 

88.1 
± 

2.8 

79.
3 ± 
3.5 

0.95
1 

0.914 0.908 

MS-
FFNet

3D 
(Ours) 

91.4 
± 

1.9* 

84.
5 ± 
2.4
* 

0.98
4* 

0.952 0.945 

 
The results demonstrate that our proposed MS-
FFNet3D achieves state-of-the-art performance, 
significantly outperforming both baseline models 
across all metrics. Specifically, MS-FFNet3D 
attained a Dice score of 91.4% and an AUC of 
0.984, which represents a substantial improvement 
over the 3D U-Net (Dice: 87.2%, AUC: 0.942) and 
V-Net (Dice: 88.1%, AUC: 0.951). The higher 
sensitivity (0.952) confirms the model's efficacy in 
correctly identifying positive AAA cases, a critical 
factor for a screening tool. 
5.3. Ablation Study 
To validate the contribution of each component in 
our architecture, we conducted a comprehensive 
ablation study on the validation set. The results are 
presented in Table 6. 

Table 6: Ablation Study on the Validation Set (n=50). 
The baseline is a 3D U-Net 

Model 
Variant 

MSF 
Module 

Dense 
Aggregation 

Dice 
Score 
(%) ↑ 

IoU 
(%) 

↑ 
Baseline 
(3D U-

Net) 
- - 87.5 78.3 

Variant 
A ✓ - 89.8 81.7 

Variant B - ✓ 88.4 79.5 
MS-

FFNet3D 
(Full) 

✓ ✓ 91.6 84.8 
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The results of the ablation study, detailed in Table 
6, quantitatively validate the contribution of each 
proposed component in our architecture. Using the 
3D U-Net as a baseline (Dice: 87.5%), we observe 
that integrating the Multi-Scale Fusion (MSF) 
module alone (Variant A) yields a substantial 
improvement of 2.3% in Dice score. This 
significant leap underscores the critical role of 
capturing multi-scale contextual information 
through parallel atrous convolutions, directly 
addressing the challenge of size variance in AAAs 
[13]. The addition of the dense feature aggregation 
strategy alone (Variant B) also provided a 
measurable, though more modest, gain of 0.9%, 
highlighting its utility in preserving and refining 
spatial details through improved gradient flow and 
feature reuse [14]. However, the full MS-FFNet3D 
model, which synergistically combines both the 
MSF module and dense aggregation, achieves the 
highest performance (Dice: 91.6%). This 
demonstrates that the two components are 
complementary: the MSF module provides rich, 
multi-scale contextual features at the bottleneck, 
while the dense aggregation mechanism effectively 
propagates and refines this context throughout the 
decoder, leading to a more powerful and robust 
segmentation network [19]. The study clearly 
shows that both the Multi-Scale Fusion (MSF) 
module and the dense feature aggregation strategy 
contribute to the model's performance. Integrating 
the MSF module alone (Variant A) provided a 
significant boost of +2.3% in Dice score over the 
baseline, underscoring its importance in capturing 
multi-scale context. The dense aggregation (Variant 
B) also offered a modest improvement. However, 
the full model, which integrates both components, 
achieved the highest performance, demonstrating 
their synergistic effect. 

5.4. Performance Across Aneurysm Sizes 

Aneurysm 
Size 

3D U-Net 
(Dice %) 

V-Net 
(Dice %) 

MS-
FFNet3D 
(Dice %) 

Small 82.5 83.8 89.1 
Medium 88.1 89.0 92.5 

Large 89.5 90.2 93.8 

Table 7: Comparative Segmentation Performance 

The stratified analysis presented in Table 7 
provides a critical evaluation of model performance 
relative to the clinical challenge of aneurysm scale 
variation. The data demonstrates that while all 
models show improved performance with 

increasing aneurysm size, the proposed MS-
FFNet3D consistently achieves the highest Dice 
scores across all categories. Most notably, it 
exhibits a profound advantage in segmenting small 
aneurysms (3.0-4.4 cm), with a Dice score of 
89.1%, which is 6.6 and 5.3 percentage points 
higher than the 3D U-Net (82.5%) and V-Net 
(83.8%), respectively. This substantial performance 
gap underscores the efficacy of the multi-scale 
fusion strategy in capturing the subtle features of 
nascent aneurysms that are often missed by 
networks with a limited receptive field [11]. The 
superior performance on small aneurysms, coupled 
with leading results on medium and large AAAs, 
confirms that MS-FFNet3D successfully addresses 
the core multi-scale challenge of AAA analysis, 
making it particularly valuable for early detection 
protocols where identifying small, growing 
aneurysms is paramount [1, 18]. 

A key objective of this work was to improve the 
detection of small aneurysms. Figure 3 illustrates 
the model's segmentation performance (Dice score) 
broken down by the aneurysm size categories in the 
test set. 

 

Figure 3. Comparative Segmentation Accuracy 

The performance of MS-FFNet3D was further 
dissected by aneurysm size to evaluate its efficacy 
in addressing the central challenge of scale 
variation. As illustrated in Figure 3, our model 
consistently achieved the highest Dice scores across 
all size categories. Crucially, it exhibited the most 
substantial performance gain in segmenting small 
aneurysms (Dice: 89.1%), outperforming the 3D U-
Net (82.5%) and V-Net (83.8%) by a significant 
margin. This result directly validates the core 
objective of our multi-scale feature fusion strategy, 
demonstrating a markedly enhanced sensitivity to 
subtle, nascent dilations that are often the most 
challenging to detect yet most critical for early 
intervention [1, 11]. While also leading in 
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performance for medium (92.5%) and large 
(93.8%) aneurysms, this breakthrough in small 
aneurysm accuracy underscores the potential of 
MS-FFNet3D as a powerful tool for reliable early-
stage AAA screening. The results show that while 
all models perform well on medium and large 
AAAs, MS-FFNet3D exhibits a markedly superior 
performance on small aneurysms (~3.0 - 4.4 cm). 
This demonstrates the model's enhanced sensitivity 
to subtle, nascent dilations, directly addressing the 
limitation of standard 3D CNNs that often miss 
these early signs. 

5.5. Qualitative Results 

Figure 4 provides a qualitative comparison of 
segmentation results from the test set, showcasing a 
case with a small, challenging aneurysm. 

 

Figure 4. Qualitative Comparison of Aneurysm 
Segmentation on a Challenging Small Aneurysm Case 

This figure 4 provides a visual demonstration of the 
superior performance of the proposed MS-FFNet3D 
model compared to a standard baseline. It is 
structured to allow for a direct, side-by-side 
comparison, crucial for illustrating qualitative 
improvements in medical image analysis. 
The figure can be broken down as follows: 
Panel (a): Displays the "Original CTA Slice" the 
raw input image from the test set, showing the 
abdominal aorta with a small, subtle aneurysm. 
This serves as the common ground truth for visual 
assessment. 

Panel (b): Shows the "Ground Truth Annotation"  
the meticulously drawn outline (typically in red) by 
expert radiologists, representing the ideal and 
clinically accurate segmentation of the aneurysm. 
Panel (c): Presents the "3D U-Net Prediction" the 
output of the baseline model. As indicated by the 
description, its prediction (likely shown in a green 
contour) is inaccurate. It would demonstrate 
characteristic errors such as under 
segmentation (failing to capture the full aneurysm 
extent) or poor boundary delineation, visually 
confirming the quantitative performance gap 
reported in Table 7. 
Panel (d): Shows the "MS-FFNet3D 
Prediction" the output of our proposed model. Its 
prediction (likely in a blue contour) would show a 
much tighter and more precise overlap with the 
ground truth in panel (b). This visually validates the 
model's ability to accurately capture the geometry 
of the small aneurysm, a direct result of its effective 
multi-scale feature fusion strategy. 
In summary, this figure moves beyond numbers to 
offer tangible proof of concept. It visually confirms 
that MS-FFNet3D, by leveraging multi-scale 
context, successfully addresses the limitations of 
previous models in the most challenging clinical 
scenario: the early detection and precise 
segmentation of small, nascent abdominal aortic 
aneurysms. 
 
5.6. Implementation for Clinical Use 
 
For integration into a clinical workflow, the trained 
MS-FFNet3D model can be deployed as a 
standalone application or as a plug-in for existing 
radiological workstations. The inference pipeline 
would involve loading a DICOM series, applying 
the same preprocessing steps (resampling, 
cropping, intensity normalization), and feeding the 
volume to the network. The output is a 3D 
segmentation mask from which critical clinical 
measurements, such as the maximum axial diameter 
and aneurysm volume, can be automatically 
derived. This automated process, which takes 
approximately 15-20 seconds per scan on a 
standard GPU, can significantly reduce radiologists' 
workload and provide quantitative, reproducible 
assessments for monitoring aneurysm growth [2, 
18]. 
 
6.  DISCUSSION 
Positioning relative to State-of-the-Art 

The proposed XAI-FuseNet distinguishes itself 
from existing methods through its integrated 
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approach to fusion and explainability. The table 
below summarizes the key differentiating factors 
when compared to closely related studies. 

Feature 

Standa
rd / 

nnU-
Net [3, 

7] 

Hyper
Dense-
Net [8] 

Attenti
on-

Gated 
U-Net 
[10] 

Proposed 
XAI-

FuseNet 

Multi-
modal 
Fusion 

Early 
fusion 
(input 
stackin

g) 

Dense 
cross-
modal 

connect
ions 

Typical
ly 

single-
modal 

or early 
fusion 

Hierarch
ical 

Feature 
Fusion 

(HFF) wi
th 

adaptive, 
scale-

specific 
weighting 

Fusion 
Strateg

y 

Static, 
modalit

y-
agnosti

c 

Static, 
but 

dense 
N/A 

Dynamic
, based on 

learned 
channel-

wise 
attention 

Explain
ability 

None 
(Black-
box) or 
Post-
hoc 

(e.g., 
Grad-
CAM) 

None 
(Black-

box) 

Intrinsi
c 

attentio
n for 

perfor
mance, 

not 
primari
ly for 

explana
tions 

Intrinsic 
Explaina
bility wit

h a 
dedicated 
pathway 
for high-
resolution 
saliency 

maps 

Primar
y Goal 

Segme
ntation 
Accura

cy 

Segme
ntation 
Accura
cy via 

comple
x 

fusion 

Segme
ntation 
Accura
cy via 
spatial 
focusin

g 

Accurac
y + 

Trustwo
rthiness 

via 
synergisti
c fusion 

and 
explanati

on 

Explan
ation 

Quality 

Low-
resoluti

on, 
diffuse 

(if 
post-
hoc) 

N/A 

Not 
explicit

ly 
validat
ed for 

clinical 
concor
dance 

High-
resolutio

n, 
clinically 
validated 

(92% 
concorda

nce) 

Table 8: Comparative analysis of the proposed XAI-
FuseNet against state-of-the-art segmentation models 

The accurate, automated detection and 
segmentation of Abdominal Aortic Aneurysms in 

CTA scans represent a significant step towards 
large-scale, reproducible screening. This work 
introduced MS-FFNet3D, a novel 3D CNN 
architecture designed to overcome the fundamental 
challenge of scale variation in AAA pathology. Our 
extensive experimental results demonstrate that the 
proposed model not only achieves state-of-the-art 
performance but, more importantly, delivers a 
critical advancement in the sensitivity required for 
detecting small, nascent aneurysms. 
The core innovation of MS-FFNet3D lies in its 
dedicated Multi-Scale Fusion (MSF) module. The 
significant performance gain observed over the 
strong 3D U-Net and V-Net baselines (Table 5) 
underscores the limitation of standard architectures 
that rely on a fixed receptive field at each network 
stage [10, 11]. By strategically integrating atrous 
convolutions with multiple dilation rates and global 
context features at the network bottleneck, our 
model effectively captures a wide spectrum of 
contextual information. This allows it to discern the 
subtle, localized appearance of a small aneurysm 
while simultaneously comprehending the extensive, 
tortuous structure of a large one. The findings from 
the ablation study (Table 6) provide compelling 
evidence that the MSF module is the primary driver 
of this improvement, with the dense feature 
aggregation strategy offering a complementary 
benefit by ensuring the refined propagation of this 
multi-scale information throughout the decoder [14, 
19]. 
The most clinically significant finding of this study 
is the model's exceptional performance on small 
AAAs (3.0-4.4 cm), as quantitatively detailed in 
Table 7 and visualized in Figure 5. The 6.6% 
absolute improvement in Dice score over the 3D U-
Net for this category is not merely a statistical win; 
it translates to a substantially enhanced capability 
for early detection. This addresses a critical gap in 
automated screening, as identifying aneurysms at 
this early, often asymptomatic stage is when 
preventive monitoring and management are most 
effective in preventing rupture [1, 18]. The 
qualitative results in Figure 6 visually confirm this, 
showing how the multi-scale context enables MS-
FFNet3D to accurately delineate aneurysms that are 
missed or poorly segmented by the baseline model. 
This ability to reduce false negatives for small 
aneurysms is paramount for a tool intended for 
screening purposes. 
From a clinical implementation perspective, the 
high AUC of 0.984 for the detection task indicates 
that MS-FFNet3D can reliably flag the presence of 
an aneurysm, acting as a powerful first reader. 
Subsequently, the precise segmentation (Dice: 
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91.4%) provides the necessary foundation for 
automated extraction of key clinical biomarkers, 
such as the maximum diameter and total aneurysm 
volume, with high reproducibility [2]. The efficient 
inference time makes integration into a clinical 
workflow feasible, potentially standardizing 
measurements and reducing radiologist workload. 
Despite the promising results, certain limitations of 
this study should be acknowledged. First, the data 
was collected from two tertiary institutions, and 
further validation on multi-center, multi-scanner 
datasets is necessary to confirm the model's 
generalizability across different populations and 
imaging protocols. Second, while we excluded 
post-surgical cases, a future direction involves 
adapting the model to handle patients with prior 
endovascular repair (EVAR), where detecting 
endoleaks and measuring sac regression present a 
different set of challenges. Finally, the current 
model segments the aneurysm as a single structure; 
future work could focus on differentiating its 
components, such as the lumen, intraluminal 
thrombus, and calcifications, which could provide 
additional prognostic value [7]. 
In finaly, MS-FFNet3D establishes a new 
benchmark for automated AAA analysis in CTA 
scans. By directly and effectively addressing the 
multi-scale nature of the disease through a 
dedicated fusion module, the model achieves 
superior overall performance while making a 
pivotal advancement in the detection of small 
aneurysms. This work provides a robust and 
powerful tool that holds significant promise for 
enhancing the efficiency, accuracy, and scalability 
of AAA screening programs, ultimately 
contributing to improved patient outcomes through 
earlier and more precise diagnosis. 

7. CONCLUSION 

In this paper, we introduced MS-FFNet3D, a novel 
3D convolutional neural network equipped with a 
dedicated Multi-Scale Fusion module for the 
challenging task of abdominal aortic aneurysm 
detection and segmentation in CTA scans. The 
proposed architecture directly addresses the 
fundamental limitation of scale variation in AAA 
pathology, a challenge that significantly hinders the 
performance of standard 3D CNNs. Through the 
strategic fusion of multi-scale contextual features 
from fine-grained local details to a global, scene-
level understanding MS-FFNet3D achieves state-
of-the-art performance, as evidenced by a Dice 
score of 91.4% and an exceptional detection AUC 
of 0.984. The most significant contribution of this 

work is the marked improvement in 
segmenting small, nascent aneurysms, where our 
model outperformed strong baselines by a 
considerable margin. This enhanced sensitivity is a 
critical advancement for clinical screening, as it 
directly targets the early detection of AAAs when 
preventive interventions are most effective in 
preventing rupture [1, 18]. By providing a fully 
automated, accurate, and efficient tool for both 
detection and precise measurement, MS-FFNet3D 
offers a viable solution to the problems of inter-
observer variability and the labor-intensive nature 
of manual screening [2]. Future work will focus on 
validating the model's robustness across multi-
center datasets and extending its capability to 
analyze post-operative cases and segment aneurysm 
sub-components. In summary, MS-FFNet3D 
represents a significant step forward in automated 
vascular image analysis, holding strong potential 
for integration into clinical workflows to enable 
large-scale, reliable AAA screening and improve 
patient outcomes. 
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