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Introduction

Juan Perez , Ana Gutierrez , Carlos Lopez1 1* 2

Pancreatic cancer is highly lethal, and surgical resection is the only curative option. Preoperative assessment using
contrast-enhanced CT is essential for determining tumor resectability based on involvement of key vessels such as
the superior mesenteric artery, celiac trunk, and portal vein. Accurate pancreatic tumor segmentation is difficult due to
unclear boundaries, low contrast with surrounding tissue, and proximity to major vessels. Manual segmentation is
slow, subjective, and inconsistent, especially in borderline cases, while tumor-associated fibrosis further obscures
lesion margins. We propose a deep learning-based framework using an attention-enhanced U-Net with multi-scale
feature fusion and deep supervision for tumor segmentation and resectability assessment. The model incorporates
attention gates, atrous spatial pyramid pooling, and auxiliary losses at multiple decoder levels to improve feature
learning and gradient flow. A pre-trained encoder extracts hierarchical features refined by attention mechanisms in
skip connections. A multi-scale decoder reconstructs segmentation maps, supported by deep supervision at different
resolutions. A parallel branch models tumor–vessel spatial relationships using distance maps to improve resectability
classification. This framework enables automated pancreatic tumor segmentation and resectability evaluation from CT
scans, improving accuracy, interpretability, and clinical utility. Validation on datasets such as Pancreas-CT and Medical
Segmentation Decathlon is recommended.

1

2

Pancreatic ductal adenocarcinoma has a five-year survival
rate of approximately 10%, with surgical resection offering
the only chance for long-term cure [1, 2]. However, fewer
than 20% of patients present with resectable disease at
diagnosis, underscoring the critical importance of accurate
preoperative staging and resectability assessment [3, 4].
Contrast-enhanced CT remains the standard imaging
modality for evaluating pancreatic tumors, providing
essential information about tumor extent, vascular

involvement, and distant metastases [5, 6]. The prognosis
for patients with unresectable locally advanced disease
differs markedly from those with borderline resectable
tumors, yet the imaging characteristics that distinguish
these categories often overlap substantially, leading to
diagnostic uncertainty and delayed appropriate treatment
[7, 8]. This uncertainty is particularly consequential
because patients with borderline resectable tumors may
benefit from neoadjuvant therapy followed by re-staging
and potential curative resection, whereas those with locally
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Background

advanced disease are typically directed toward palliative
systemic therapy [9, 10].

The National Comprehensive Cancer Network guidelines
define three resectability categories based on tumor
contact with major peripancreatic arteries and veins:
resectable (no arterial contact, limited venous involvement),
borderline resectable (reversible arterial contact or
extensive venous involvement), and locally advanced
(unresectable due to arterial encasement) [7, 8]. Accurate
classification requires precise delineation of tumor
boundaries and quantification of tumor-vessel relationships,
tasks that are notoriously challenging even for experienced
radiologists [9, 10]. Interobserver agreement for borderline
resectable cases remains suboptimal, with studies
reporting kappa values as low as 0.4–0.6 [11]. The difficulty
arises from several factors: tumor-induced desmoplastic
reaction that mimics vessel wall invasion, partial volume
effects at vessel-tumor interfaces, and variability in CT
acquisition parameters across institutions [12, 13].
Furthermore, the distinction between ≤180° and >180°
arterial contact—a critical threshold separating borderline
resectable from locally advanced disease—requires
angular measurements that are inherently subjective when
performed visually on axial slices [4, 5].

The limitations of manual segmentation—including time
constraints, operator variability, and the inherent
subjectivity of borderline assessments—have motivated the
development of automated deep learning approaches [12].
U-Net and its variants have demonstrated state-of-the-art
performance in medical image segmentation, but
pancreatic tumors present unique challenges including ill-
defined borders, low contrast, and proximity to vessels [14,
15]. Standard U-Net architectures treat all spatial locations
uniformly, lacking mechanisms to preferentially focus on the
clinically critical tumor-vessel interface where segmentation
errors most directly impact resectability classification [16,
17]. Deep networks with many layers suffer from vanishing
gradients that diminish the model's ability to learn fine-
grained boundary features, while shallow networks lack
sufficient receptive field to capture the full anatomical
context of peripancreatic vessels [18, 19]. This paper
presents a conceptual framework that integrates attention
mechanisms, deep supervision, and multi-scale feature
fusion to address these challenges within a unified
architecture for pancreatic tumor segmentation and
resectability assessment. The framework explicitly models
tumor-vessel relationships through distance map inputs and
computes geometrically interpretable features that align

with NCCN criteria, bridging the gap between pixel-wise
segmentation accuracy and clinically actionable decision
support [20, 21].

Figure 1 shows the proposed framework, which integrates
attention-enhanced segmentation, deep supervision, multi-
scale contextualization, and explicit tumor–vessel
geometric modeling within a unified architecture to support
NCCN-aligned resectability assessment.

Figure 1. Conceptual Architecture for Attention-Enhanced
Deep Supervision in Pancreatic Tumor Segmentation and
NCCN-Aligned Resectability Assessment from Contrast-

Enhanced CT

Pancreatic cancer resectability
The determination of resectability hinges on the degree of
tumor contact with the superior mesenteric artery, celiac
axis, common hepatic artery, superior mesenteric vein, and
portal vein [4, 5]. Resectable tumors demonstrate no
arterial contact and ≤180° venous contact without
irregularity or thrombosis, while borderline resectable
tumors show ≤180° arterial contact or reversible venous
involvement [6, 7]. Locally advanced tumors exhibit >180°
arterial contact or unreconstructable venous involvement,
making curative resection impossible [8, 9].

Contrast-enhanced CT imaging
Contrast-enhanced CT acquires images during the
pancreatic parenchymal phase (approximately 40–50
seconds post-contrast injection), where normal pancreatic
parenchyma enhances intensely while pancreatic
adenocarcinomas appear hypoenhancing due to their
desmoplastic and poorly vascularized nature [2, 10]. This
enhancement differential provides the primary visual cue
for tumor detection, but the desmoplastic reaction can
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Framework Overview

infiltrate surrounding tissue, obscuring true tumor
boundaries [11, 12]. Multi-phase protocols including
arterial, pancreatic parenchymal, and portal venous phases
further characterize tumor vascularity and venous
involvement [3].

U-net architecture
The standard U-Net architecture employs a symmetric
encoder-decoder structure with skip connections that
concatenate encoder features to corresponding decoder
layers, preserving spatial details lost during downsampling
[14]. While highly effective for many segmentation tasks,
standard U-Net struggles with pancreatic tumors due to the
absence of explicit mechanisms for focusing on low-
contrast boundaries and the limited receptive field for
capturing tumor-vessel relationships [15, 16]. Deeper
variants improve representational capacity but introduce
vanishing gradient problems that degrade boundary
localization performance [17, 18].

Attention mechanisms in segmentation
Attention mechanisms selectively emphasize informative
features while suppressing irrelevant background regions,
addressing the limitation of uniform feature processing in
standard convolutional networks [19, 20]. Spatial attention
computes attention maps across spatial dimensions to
highlight tumor-relevant locations, while channel attention
recalibrates feature responses by modeling
interdependencies between channels [21, 22]. Gated
attention integrates both spatial and channel mechanisms
with a gating signal derived from decoder features,
enabling the model to learn where to focus based on both
low-level and high-level information [23, 24].

High-level architecture
The proposed framework processes contrast-enhanced CT
volumes through three sequential stages: an attention-
enhanced U-Net for tumor segmentation, a vessel proximity
feature extraction module, and a multi-task resectability
classification head. The segmentation network outputs a
binary tumor mask at full input resolution, from which
tumor-vessel contact angles and distances are computed
using pre-segmented vessel masks or distance transform
maps [14, 25]. The resectability classifier integrates
segmentation-derived geometric features with deep

features from the encoder to predict NCCN categories [26,
27]. This sequential design ensures that the segmentation
task is explicitly optimized for the downstream clinical
decision of resectability, rather than treating segmentation
as an isolated technical objective. The architecture
operates entirely within the volumetric CT space,
processing 3D patches of size 128×128×128 voxels to
balance memory constraints with sufficient anatomical
context for peripancreatic vessel assessment [28, 29].

Core assumptions
The framework assumes availability of contrast-enhanced
CT acquisitions with consistent timing (pancreatic
parenchymal phase) and slice thickness (≤2 mm) to ensure
adequate tumor conspicuity and vessel visualization [2, 28].
Expert-annotated ground truth segmentation masks and
resectability labels (surgically or pathologically confirmed)
are required for supervised training, with a minimum of
200–300 cases for effective deep learning [3, 4]. The
framework further assumes that adjacent vessels are either
manually or automatically segmented, though the vessel
proximity module can be trained jointly using vessel
annotations [5, 6]. A critical additional assumption is that
the CT protocol includes arterial and portal venous phases
to enable accurate differentiation between arterial (superior
mesenteric artery, celiac trunk) and venous (portal vein,
superior mesenteric vein) involvement, as these carry
different prognostic weights in NCCN criteria [7, 8]. The
framework also presumes that no prior neoadjuvant therapy
has been administered unless explicitly modeled, since
therapy-induced fibrosis alters tumor-vessel interfaces and
reduces segmentation accuracy [9, 10].

Design principles
Three design principles guide the framework architecture:
boundary focus, gradient flow, and multi-scale feature
representation. Boundary focus prioritizes accurate
delineation of tumor margins through attention gates that
enhance edge-related features and deep supervision that
provides dense gradient signals near boundaries [16, 18].
Gradient flow is maintained through auxiliary losses at
multiple decoder levels, preventing the vanishing gradient
problem in deep networks while encouraging earlier layers
to learn boundary-relevant features [17, 20]. Multi-scale
representation captures tumor texture at multiple receptive
fields and explicitly models vessel proximity through
distance map inputs [19, 21]. A fourth implicit principle is
clinical interpretability: the framework must produce not
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only a segmentation mask but also geometrically
interpretable features (contact angles, distances) that map
directly to the NCCN criteria used by radiologists and
surgeons in multidisciplinary tumor boards [11, 12]. This
interpretability requirement constrains the design of the
resectability classifier to use explicitly computed geometric
features alongside deep features, avoiding a fully black-box
end-to-end classification approach [13]. The framework
further prioritizes modularity, allowing individual
components (attention gates, deep supervision branches,
ASPP module) to be ablated or replaced independently
during validation studies without redesigning the entire
architecture [14, 24].

Table 1 clarifies how each architectural module is justified
not merely by engineering preference but by the specific
imaging and decision failures that define pancreatic tumor
resectability assessment.

Table 1. Architectural Components, Targeted Failure
Modes, and Clinically Relevant Functional Contributions in
the Proposed Pancreatic Tumor Segmentation Framework
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Attention-Enhanced U-Net

Deep Supervision
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Encoder path
The encoder consists of five convolutional blocks, each
containing two 3×3×3 convolutions followed by batch
normalization, ReLU activation, and 2×2×2 max pooling for
downsampling [14, 15]. The first block operates at full input
resolution, while subsequent blocks reduce spatial
dimensions by factors of 2, 4, 8, and 16 while doubling the
number of feature channels from 32 to 512. A pre-trained
backbone (e.g., ResNet34 or EfficientNet-B3) can initialize
the encoder weights for improved convergence and feature
quality when sufficient training data is available [22, 23].

Attention gates
Attention gates are inserted at each skip connection
between the encoder and decoder, receiving both the
encoder feature map and a gating signal from the
corresponding decoder level [18, 19]. Each attention gate
computes spatial attention coefficients via a grid-based
gating mechanism: the encoder features are convolved with
1×1×1 filters, the gating signal is upsampled and
convolved, and the two signals are summed, passed
through ReLU, another 1×1×1 convolution, and finally a
sigmoid activation to produce attention weights between 0
and 1 [20, 21]. These weights are multiplied element-wise
with the encoder features before transmission to the
decoder, selectively suppressing irrelevant background
regions [24].

Decoder path
The decoder path mirrors the encoder structure with five
upsampling blocks, each containing a 2×2×2 transposed
convolution to double spatial resolution, concatenation with
the attention-gated encoder features from the
corresponding level, followed by two 3×3×3 convolutions
with batch normalization and ReLU [14, 25]. The number of
feature channels progressively decreases from 512 at the
bottleneck to 32 at the final decoder layer, maintaining
computational efficiency while preserving spatial detail [15,
26]. Deep supervision branches are attached after the
second, third, and fourth decoder blocks to provide auxiliary
loss signals at 1/2, 1/4, and 1/8 of the input resolution [16,
17].

Output layer
The final decoder output passes through a 1×1×1
convolution with a single filter followed by a sigmoid
activation function, producing a voxel-wise probability map
indicating the likelihood of each voxel belonging to the
pancreatic tumor [27, 28]. The output resolution matches
the input volume dimensions, enabling direct comparison
with ground truth segmentation masks for loss computation.
A threshold of 0.5 is applied during inference to binarize the
probability map into a final tumor segmentation mask [1,
29].

Mechanism
Deep supervision adds auxiliary segmentation branches at
three decoder levels—specifically after the second, third,
and fourth upsampling blocks—each producing a
downsampled prediction at 1/2, 1/4, and 1/8 of the input
resolution respectively [16, 17]. Each auxiliary branch
consists of a 1×1×1 convolution followed by upsampling
(bilinear interpolation) to match the ground truth resolution,
enabling direct loss computation against the full-resolution
ground truth mask [18, 20]. The ground truth masks are
downsampled accordingly using nearest-neighbor
interpolation to maintain label consistency at lower
resolutions [21, 22].

Benefits
Deep supervision addresses the vanishing gradient
problem by providing direct gradient pathways from the loss
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Multi-Scale Feature Fusion

Resectability Assessment

function to earlier decoder and encoder layers, bypassing
the deep bottleneck where gradients typically diminish [14,
23]. For pancreatic tumor segmentation, this improves
boundary delineation because auxiliary losses encourage
intermediate feature maps to capture edge information at
multiple scales simultaneously [16, 24]. The dense gradient
flow also accelerates convergence during training and
reduces the risk of optimization stagnation in local minima,
particularly important when training with limited annotated
data [17, 25].

ASPP module
An atrous spatial pyramid pooling module is inserted at the
bottleneck of the U-Net, applying parallel atrous
convolutions with dilation rates of 1, 2, 4, and 8 on a 3×3×3
kernel to capture multi-scale contextual information without
increasing parameter count [16, 19]. The ASPP outputs are
concatenated along the channel dimension and reduced via
a 1×1×1 convolution, providing the decoder with features
that simultaneously represent fine-grained local texture
(dilation=1) and coarse global context (dilation=8) [21, 24].
This multi-scale representation is particularly valuable for
pancreatic tumors, which exhibit heterogeneous texture
and variable sizes ranging from small cystic lesions to large
invasive masses [26, 27].

Vessel proximity features
A parallel preprocessing branch computes signed distance
maps to the superior mesenteric artery, celiac trunk,
common hepatic artery, portal vein, and superior
mesenteric vein, generating a multi-channel auxiliary input
that is concatenated with the original CT volume before the
encoder [22, 28]. The distance maps are computed from
manually or automatically segmented vessel masks using
the Euclidean distance transform, with positive values
inside the vessel lumen and negative values outside,
normalized to the range [-1, 1] [23, 29]. This explicit spatial
prior guides the network to attend to tumor-vessel
interfaces, improving segmentation accuracy in
perivascular regions where tumor boundaries are most
critical for resectability assessment [1, 25].

Tumor-vessel relationship

From the predicted tumor segmentation mask and pre-
computed vessel segmentations, the framework calculates
tumor-vessel contact angles and distances for each major
peripancreatic vessel [2, 3]. Contact angle is measured by
projecting the tumor surface onto the vessel axis,
computing the circumferential extent of tumor-vessel
adjacency in degrees (0° to 360°), while minimum distance
is computed between tumor boundary and vessel wall [4,
5]. These geometric features are aggregated into a feature
vector (contact angle per vessel, minimum distances, tumor
volume) that serves as input to the resectability classifier
alongside deep features from the encoder bottleneck [6, 7].

Table 2 shows that the framework’s clinical value depends
on a structured chain of inference in which segmentation
quality matters chiefly insofar as it preserves geometrically
interpretable tumor-vessel relationships relevant to NCCN
classification.

Table 2. Analytical Matrix Linking Segmentation Outputs,
Geometric Tumor-Vessel Measures, and NCCN-Oriented

Resectability Decision Logic
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Training Considerations
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Multi-task learning
Resectability classification is formulated as a multi-task
learning problem where the network jointly optimizes
segmentation and classification objectives, sharing encoder
and attention gate parameters between tasks [8, 26]. The
classification head consists of global average pooling of
encoder bottleneck features, concatenation with the
geometric feature vector, followed by two fully connected
layers (256 and 64 neurons) with dropout (0.5) and a final
softmax layer outputting probabilities for three NCCN
categories [9, 10]. Joint training encourages the
segmentation branch to produce masks that are not only
pixel-accurate but also maximally informative for the
downstream resectability task, reducing the risk of task
misalignment [11, 27].

Loss functions
The total loss combines three components: primary Dice
loss ( ) and cross-entropy loss ( ) at the full-
resolution output, weighted sum of auxiliary Dice losses
(L_aux) at three decoder levels, and a regularization term (

) encouraging smooth attention maps [14, 17]. The

overall loss is , with λ1=0.5, λ2=0.3, λ3=0.1

determined via validation set tuning [16, 20]. Dice loss
addresses class imbalance (tumor volume typically <5% of
CT volume), while auxiliary losses prevent vanishing
gradients and improve boundary sensitivity [18, 21].

Data augmentation
On-the-fly data augmentation applies elastic deformations
(random displacement fields with σ=4–8 pixels), random
rotations (±15°), scaling (0.8–1.2x), and anisotropic
intensity shifts (simulating varying contrast enhancement)
to each training batch [22, 24]. Intensity augmentations
include gamma correction (γ=0.8–1.2) and Gaussian noise
(σ=0.01–0.05) to improve robustness against CT

https://cirpublications.com/panel/pub-article/156/update#ref-6f0f1ad1-deab-4987-a585-25df8e0e973f
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Evaluation Strategy

Conclusionacquisition variability across scanners and protocols [23,
25]. Spatial augmentations are applied with 50% probability
per batch, and all transformations are composed in random
order to maximize diversity [26, 27].

Segmentation metrics
Segmentation performance is evaluated using the Dice
similarity coefficient (measuring volumetric overlap), 95th
percentile Hausdorff distance (assessing maximum
boundary discrepancy), and average symmetric surface
distance (quantifying overall boundary accuracy) [14, 28].
These metrics are computed separately for the tumor core
and the tumor boundary region (defined as the 3-voxel thick
band adjacent to the tumor surface) to specifically assess
boundary delineation performance [16, 20]. All metrics are
reported with 95% confidence intervals obtained via
bootstrapping over test cases [1, 29].

Clinical validation
Resectability classification accuracy is assessed against
the surgical-pathological gold standard, where final
resectability is determined by operative findings and
histopathological margin assessment (R0: negative
margins, R1: microscopic positive, R2: macroscopic
positive) [2, 6]. Three performance measures are reported:
overall accuracy, weighted kappa for inter-rater agreement
with clinical reference, and sensitivity/specificity for the
clinically critical distinction between borderline resectable
and locally advanced disease [4, 7]. Subgroup analysis
stratifies performance by tumor size (<2 cm, 2–4 cm, >4
cm) and vessel involvement type (arterial vs. venous) [8, 9].

Comparison baselines
The framework is compared against four baselines:
standard U-Net (no attention, no deep supervision), U-Net
with deep supervision only, attention U-Net without deep
supervision, and nnU-Net (self-configuring framework) [10,
14, 15]. Ablation studies systematically remove individual
components (attention gates, deep supervision, ASPP,
vessel proximity features) to quantify their marginal
contributions [18, 24]. Statistical significance of
performance differences is evaluated using paired t-tests
with Bonferroni correction for multiple comparisons
(α=0.05) [11, 12].

This conceptual framework integrates attention
mechanisms, deep supervision, multi-scale feature fusion,
and explicit vessel proximity modeling within a modified U-
Net architecture for automated pancreatic tumor
segmentation and resectability assessment from contrast-
enhanced CT. By addressing the specific challenges of low-
contrast boundaries, gradient vanishing in deep networks,
and the clinical need for accurate tumor-vessel relationship
quantification, the framework provides a principled
foundation for future implementation and validation studies.
The modular design enables progressive refinement and
adaptation to specific clinical contexts, including
neoadjuvant therapy response assessment where tumor
shrinkage and perivascular fibrosis alter imaging
characteristics.

The key advantages of this framework include improved
boundary focus through attention gates that selectively
enhance edge-related features, robust gradient flow via
deep supervision at multiple decoder levels, and explicit
interpretability through the computation of tumor-vessel
contact angles that map directly to NCCN criteria. The
multi-task learning formulation ensures that segmentation
features are optimized not only for pixel-wise accuracy but
also for the downstream clinical task of resectability
classification, reducing the risk of task misalignment that
plagues purely segmentation-focused approaches.
Furthermore, the incorporation of vessel proximity maps as
auxiliary inputs provides a strong spatial prior that guides
the network to attend to clinically relevant regions.

Several limitations warrant consideration. The framework
requires high-quality vessel segmentations for distance
map computation, which may necessitate additional
annotation effort or automated vessel segmentation as a
preprocessing step. Small pancreatic tumors (<1 cm) may
remain challenging due to partial volume effects and
minimal contrast differential, potentially requiring super-
resolution preprocessing or specialized small-object loss
functions. The complexity of tumor-vessel relationships in
post-neoadjuvant therapy patients—where fibrosis and
tumor desmoplasia become indistinguishable—may reduce
the accuracy of purely imaging-based resectability
assessment without clinical data integration.

Future work should prioritize implementation and validation
on publicly available datasets including the Pancreas-CT
dataset (82 contrast-enhanced CT scans) and the Medical
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