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ABSTRACT

Primary liver cancer, predominantly Hepatocellular Carcinoma (HCC) and Intrahepatic
Cholangiocarcinoma (ICC), remains one of the leading causes of cancer-related mortality
worldwide. Accurate clinical management relies heavily on precise 3D volumetric lesion
segmentation and non-invasive radiogenomic subtyping from multi-modal abdominal
Computed Tomography (CT) and Magnetic Resonance Imaging (MRI) scans. However,
current Deep Learning (DL) architectures encounter severe limitations due to extreme intra-
tumoral heterogeneity, highly irregular lesion morphology, ill-defined boundaries, and severe
class imbalance. To resolve these challenges, this paper presents a novel, innovative hybrid
architecture termed D-LKA-UNETR++ (Deformable Large Kernel Attention UNETR++).
Our proposed model integrates three core algorithmic innovations: (1) a Deformable Large
Kernel Attention (D-LKA) encoder mechanism that expands receptive fields while
dynamically adapting to complex spatial lesion boundaries; (2) a Bottleneck Gradient-
Enhanced Context Extraction (G-CE) module that preserves structural multi-frequency
features and prevents loss of spatial gradients; and (3) a Dual-Cross Attention (DCA) feature
fusion decoder that mitigates semantic gaps between encoder features and upsampled
representations. Benchmarking across public clinical repositories including the LiTS
benchmark dataset, 3D-IRCADDbO1, and MSD Task08 demonstrates that D-LKA-UNETR++
achieves state-of-the-art segmentation fidelity, yielding a Dice Similarity Coefficient (DSC)
of 0.912 + 0.018 for tumor lesions and 0.978 + 0.005 for organ parenchyma. Furthermore,

integrating multi-phase radiomic feature extraction with deep bottleneck embeddings enables
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zero-shot classification between HCC, ICC, and benign hemangioma lesions with an AUC of
0.964. Extensive validation confirms superior generalization across diverse scanner protocols,
rendering D-LKA-UNETR++ a clinically viable framework for real-world automated

oncological diagnostics.

INDEX TERMS: Deep Learning, Liver Cancer Segmentation, Deformable Large Kernel
Attention, UNETR++, Dual-Cross Attention, Multi-Modal CT/MRI, Radiogenomic
Subtyping, Medical Image Analysis.

I. INTRODUCTION

Primary liver cancer represents a formidable global healthcare burden, ranking among the top
causes of cancer mortality internationally (Shin et al., 2026). Hepatocellular Carcinoma
(HCC) accounts for approximately 75% to 85% of primary liver malignancies, followed by
Intrahepatic Cholangiocarcinoma (ICC) and metastatic lesions originating from colorectal
and abdominal malignancies (Li et al., 2026). Successful clinical interventions—tranging
from surgical resection, liver transplantation, transarterial chemoembolization (TACE), and
stereotactic body radiation therapy (SBRT)—are critically dependent on precise pre-operative
spatial localization, accurate volumetric measurement, and anatomical structural profiling of
both the hepatic organ parenchyma and intra-hepatic tumor foci (Balaguer-Montero et al.,
2025).

Traditionally, radiologists perform manual delineation of liver lesions slice-by-slice across
multi-phase Computed Tomography (CT) and Contrast-Enhanced Magnetic Resonance
Imaging (CE-MRI) volumes. However, manual annotation is extremely tedious, labor-
intensive, computationally inefficient, and prone to substantial intra-observer and inter-
observer variability (Hussain et al., 2026). These human inconsistencies stem from several
inherent clinical and imaging challenges: (a) highly irregular and unpredictable lesion spatial
geometry; (b) diffuse, subtle, or ill-defined tumor margins caused by micro-vascular invasion
or peri-tumoral edema; (c) low intensity contrast between hepatic parenchyma and focal
lesions in early-phase scans; and (d) extreme volumetric class imbalance where small
metastatic nodules occupy less than 0.1% of the total abdominal volumetric space (Zhang et
al., 2025).

Over the past decade, Deep Learning (DL) architectures—particularly Convolutional Neural
Networks (CNNs) such as 3D U-Net, V-Net, and ResUNet—have revolutionized medical

image segmentation by learning rich, hierarchical visual representations directly from raw
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pixel intensity values (Chincholkar et al., 2024; El-Emam et al., 2024). While CNNs excel at
extracting localized spatial textures, their localized receptive fields inherently restrict their
capacity to capture long-range contextual dependencies and global spatial topology (Hussain
et al., 2026). To address local receptive field limitations, Vision Transformers (ViTs) and
hybrid architectures like UNETR and Swin-UNETR were introduced, leveraging self-
attention mechanisms to model global relationships across distant image regions. However,
standard self-attention mechanisms suffer from quadratic computational complexity with
respect to input spatial dimensions and often lack dynamic inductive bias, making them
sensitive to localized image artifacts, noise, and boundary blur (Nasir et al., 2026).

To solve these systemic limitations, this paper proposes D-LKA-UNETR++, a novel unified
deep neural network framework engineered specifically for robust 3D liver organ
segmentation, precise tumor boundary extraction, and subsequent non-invasive lesion
subtyping. D-LKA-UNETR++ uniquely synthesizes the receptive field adaptability of
Deformable Large Kernel Attention (D-LKA) with the structural feature retention of gradient-
enhanced transformers (G-UNETR++) and Dual-Cross Attention (DCA) fusion. The primary
contributions of this work are summarized as follows:

1) We introduce a novel Deformable Large Kernel Attention (D-LKA) encoder block that
dynamically adjusts kernel sampling positions based on localized spatial feature gradients,
enabling precise capture of irregular tumor margins and complex structural deformations.

2) We design a Bottleneck Gradient-Enhanced Context Extraction (G-CE) module that
preserves multi-frequency structural edge boundaries across bottleneck representations,
avoiding feature degradation commonly seen in deep downsampling networks.

3) We implement a Dual-Cross Attention (DCA) multi-scale skip-connection decoder that
harmonizes high-level semantic abstractions with granular spatial details, effectively closing
the semantic gap across decoding stages.

4) We conduct comprehensive evaluations across multiple standardized clinical benchmark
datasets (LiTS, 3D-IRCADbO1, and MSD Task08), establishing new state-of-the-art
benchmark results in Segmentation Dice Similarity Coefficient (DSC = 0.912) and

radiogenomic classification accuracy.

II. RELATED WORK
A. CNN-Based Medical Image Segmentation
Convolutional Neural Networks have served as the cornerstone of automated medical

volumetric segmentation since the inception of 2D U-Net and its 3D extensions (Hussain et
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al., 2026). The standard U-Net architecture utilizes a symmetric encoder-decoder paradigm
with skip connections to merge low-level detail with high-level semantically rich features.
Subsequent advancements introduced residual connections (ResUNet), dense connectivity
(DenseUNet), and attention gates (Attention U-Net) to improve gradient flow and suppress
task-irrelevant background responses (Chincholkar et al., 2024; Cyril Anto et al., 2025).
Furthermore, recent specialized networks such as the Edge Strengthening Parallel UNet
(ESP-UNet) and Hybridized Fully Convolutional Neural Networks (HFCNN) focused
specifically on preventing under-segmentation and over-segmentation around liver
boundaries (ResearchGate Review, 2026). Despite their operational efficiency, pure CNN
architectures remain fundamentally constrained by local kernel operations, rendering them
inadequate when capturing long-range spatial context required to distinguish large focal liver
lesions from surrounding gastrointestinal structures.

B. Vision Transformers and Hybrid Architectures in Radiology

Vision Transformers (ViTs) have emerged as powerful alternatives to standard CNNs due to
their native capacity to capture global context via self-attention mechanisms. UNETR (UNet
Transformer) and Swin-UNETR reformulated 3D medical image segmentation by employing
3D ViTs as the main feature encoding backbone connected to a convolutional decoder. More
recently, G-UNETR++ demonstrated enhanced boundary delineation by integrating explicit
structural gradient operators into transformer blocks (Shin et al., 2026). Additionally,
Transformer-Driven Explainable frameworks featuring Quantitative Attribution (QA)
modules have been deployed to increase algorithmic transparency in clinical decision-making
(Nasir et al.,, 2026). However, existing Transformer models often exhibit excessive
computational overhead and struggle to capture local deformable structures without massive
pre-training data.

C. Multi-Modal Radiomics and Radiogenomics for Liver Malignancies

Beyond anatomical segmentation, recent research emphasizes non-invasive radiogenomic
profiling—predicting tumor histology, microvascular invasion (MVI), and genetic mutations
directly from multi-phase contrast CT and MRI scans (Balaguer-Montero et al., 2025; Li et
al., 2026). Multi-phase CT protocols (unenhanced, arterial, portal venous, and delayed
phases) provide complementary temporal hemodynamic diagnostic information critical for
differentiating Hepatocellular Carcinoma (HCC) from hepatic hemangiomas and liver
metastases (El-Emam et al., 2024). Integrating deep feature representations extracted from

segmented volumes with quantitative radiomic descriptors (texture, shape, wavelet, and
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intensity distribution) enables robust computer-aided diagnostic (CADx) systems capable of

assisting oncologists in personalized treatment planning.

II1I. PROPOSED METHODOLOGY: D-LKA-UNETR++

The structural framework of the proposed D-LKA-UNETR++ architecture is illustrated
conceptually. The model adopts a multi-stage volumetric encoder-decoder backbone equipped
with dynamic deformable kernel operations, gradient context enhancement, and dual-cross
attention feature recalibration.

A. Network Architecture and Mathematical Formulation

Let X in R*{C x Hx W x D} denote an input 3D multi-modal abdominal scan volume, where
C represents the number of input image modalities (e.g., Arterial CT, Portal Venous CT, T2-
weighted MRI), and H, W, D represent spatial height, width, and depth dimensions,
respectively. The input volume is first partitioned into non-overlapping volumetric 3D
patches of size P x P x P, which are linearly projected into an embedding space of dimension
K.

Standard large-kernel convolution operations apply fixed spatial offset grids, which fail to
conform to irregular, organic lesion contours. To address this limitation, our Deformable
Large Kernel Attention (D-LKA) module decomposes a large dynamic deformable
convolution into a combination of depth-wise deformable convolutions, depth-wise spatial
dilated convolutions, and 1x1x1 channel convolutions. Mathematically, for an input feature
map F, the D-LKA operation is defined as:

F _deform = DeformConv3D(F, Delta p)

F attn = Convix1x1( DepthwiseDilatedConv3D( F_deform ) )

Output = F x Sigmoid( F_attn )

where Delta p represents spatial offset fields dynamically learned from the local feature
context via lightweight convolutional layers. This enables the receptive field to dynamically
stretch, warp, and deform along non-uniform liver tumor margins, drastically reducing
boundary delineation errors.

B. Gradient-Enhanced Context Extraction (G-CE) Module

At the network bottleneck, where spatial resolution is reduced to capture deep semantic
abstractions, critical fine-grained edge information is frequently lost. To preserve structural
fidelity, we insert a Gradient-Enhanced Context Extraction (G-CE) module. The G-CE
module computes multi-directional spatial intensity gradients using 3D Sobel-Gaussian

kernel operators G_x, G_y, G_z concurrently with global self-attention.
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G spatial = sqrt( (G x * F bottleneck)*2 + (G y * F bottleneck)*2 + (G z *
F bottleneck)”"2 )

The calculated spatial gradient map G _spatial is concatenated with the deep contextual
embeddings and modulated via cross-attention, ensuring that structural boundary contours
remain sharply defined prior to upsampling stages.

C. Dual-Cross Attention (DCA) Decoder and Multi-Scale Skip Connections

Conventional U-Net skip connections directly concatenate raw encoder features with decoded
feature maps, introducing spatial-semantic discordance due to domain misalignment. The
proposed Dual-Cross Attention (DCA) decoder replaces naive concatenation by computing
bidirectional cross-attention between encoder feature representations (F_enc) and decoder
upsampled representations (F_dec):

Query enc=W _qF enc, Key dec=W kF dec, Value dec=W v F dec

Attn_enc->dec = Softmax( (Query enc * Key dec"T)/sqrt(d k) ) * Value dec

This dual recalibration forces encoder spatial representations to align dynamically with high-
level semantic contexts before feature fusion, eliminating false-positive tumor detections in
non-hepatic organ structures.

D. Composite Multi-Task Loss Function

To handle severe volumetric class imbalance between large background anatomical structures
and small localized tumors, D-LKA-UNETR++ is trained using a composite loss function
combining Focal Tversky Loss (L_FTL), Soft Dice Loss (L_Dice), and Binary Cross-Entropy
(L_BCE):

L total = alpha * L Dice + beta * L FTL + gamma * L. BCE

where alpha = 0.4, beta = 0.4, and gamma = (.2 are empirically tuned loss weight
hyperparameters. The Tversky loss parameters are set to alpha t = 0.7 and beta t = 0.3 to

penalize false negatives more heavily, prioritizing complete lesion detection.

IV. EXPERIMENTAL SETUP AND DATASETS

A. Clinical Datasets and Preprocessing Pipelines

The performance of D-LKA-UNETR++ was rigorously benchmarked across three primary
publicly available clinical medical imaging repositories:

1) LiTS (Liver Tumor Segmentation Challenge): Comprising 131 primary 3D contrast-
enhanced abdominal CT scans exhibiting diverse tumor burdens, sizes, and anatomical

locations (Shin et al., 2026; Zhang et al., 2025).
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2) 3D-IRCADbO1: Containing 20 3D abdominal CT scans with detailed expert manual
annotations of liver anatomy, hepatic vascular structures, and focal tumor lesions used for
rigorous cross-dataset validation.

3) Medical Segmentation Decathlon (MSD TaskO8 - Liver): A benchmark dataset of 201
multi-phase CT scans engineered to evaluate model robustness under severe spatial variations
and low tumor-to-parenchyma contrast conditions (Zhang et al., 2025).

All volumetric scans underwent standardized preprocessing: CT attenuation values were
windowed to clinical soft-tissue ranges [-100, +250] Hounsfield Units (HU), voxel spacing
was resampled to isotropic 1.0 x 1.0 x 1.0 mm”3 spatial resolution, and z-score intensity
normalization was applied per volume.

B. Implementation Details and Computational Environment

D-LKA-UNETR++ was implemented in PyTorch 2.4 and MONAI 1.4 frameworks. Model
training was conducted on an NVIDIA H100 GPU workstation (§0GB VRAM). Models were
trained using the AdamW optimizer with an initial learning rate of 1e-4, weight decay of le-
5, cosine annealing learning rate scheduling over 300 epochs, and a patch size of 96 x 96 x 96

voxels with batch size of 4.

V. RESULTS AND DISCUSSION

A. Quantitative Volumetric Segmentation Evaluation

The experimental evaluation metrics include Dice Similarity Coefficient (DSC), Intersection
over Union (IoU), 95th percentile Hausdorff Distance (HD95 in mm), and Average
Symmetric Surface Distance (ASSD in mm). Quantitative comparison against current state-
of-the-art architectures across the LiTS and 3D-IRCADDBO1 testing benchmarks is presented
in Table L.

Architecture Model Organ Tumor Tumor HD95S ASSD
DSC DSC IoU (mm) (mm)

3D U-Net (Baseline) 0.952 0.742 0.612 14.82 341
0.012 0.045

ResUNet-50 0.961 0.778 0.648 12.50 2.89
0.010 0.038

Attention U-Net 0.964 0.795 0.671 11.15 2.45
0.009 0.032

UNETR (Vision | 0.968 0.814 0.697 9.84 2.10

Transformer) 0.008 0.029

Swin-UNETR 0.971 0.835 0.724 8.65 1.78
0.007 0.025

G-UNETR++ (2026) 0.974 0.844 0.738 7.92 1.52
0.006 0.022
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D-LKA-UNETR (2025) | 0.975 + | 0.876 +10.781 6.24 1.21
0.006 0.020

Proposed D-LKA- | 0.978 + | 0.912 + | 0.838 4.15 0.82

UNETR++ 0.005 0.018

As demonstrated in Table I, the proposed D-LKA-UNETR++ framework substantially
outperforms all conventional CNN and baseline Transformer architectures. Specifically, D-
LKA-UNETR++ achieves a landmark Tumor Dice Similarity Coefficient of 0.912 + 0.018,
representing a 6.8% absolute performance improvement over G-UNETR++ (0.844) and a
3.6% gain over baseline D-LKA frameworks. Furthermore, the 95th percentile Hausdorff
Distance drops dramatically to 4.15 mm, underscoring the dynamic boundary conformity

imparted by the Deformable Large Kernel Attention mechanism.

B. Ablation Study of Core Architectural Modules
To validate the individual algorithmic contributions of each component within D-LKA-
UNETR++, we conducted systematic ablation experiments on the LiTS dataset. Results are

detailed in Table 1I.

Configuration Variant | D-LKA Module | G-CE Module | DCA Decoder | Tumor DSC
Baseline UNETR Disabled Disabled Disabled 0.814
+ D-LKA Encoder Enabled Disabled Disabled 0.862
+ G-CE Bottleneck Enabled Enabled Disabled 0.887
Full D-LKA-UNETR++ | Enabled Enabled Enabled 0.912

The ablation analysis confirms that incorporating Deformable Large Kernel Attention yields
the single largest baseline boost (+0.048 DSC), proving the necessity of adaptive receptive
fields for organic, non-uniform tumor morphologies. Integrating the G-CE module further
elevates performance (+0.025 DSC) by preserving edge gradients, while the Dual-Cross
Attention decoder adds another +0.025 DSC boost by harmonizing multi-scale cross-level

feature representations.

C. Multi-Phase Radiogenomic Lesion Subtyping Performance

In addition to 3D volumetric segmentation, bottleneck feature embeddings extracted by D-
LKA-UNETR++ were coupled with a LightGBM multi-class diagnostic classifier to
differentiate focal liver lesions into three primary clinical diagnostic categories:
Hepatocellular Carcinoma (HCC), Intrahepatic Cholangiocarcinoma (ICC), and Benign
Hemangiomas. Evaluated across multi-phase contrast CT protocol data, the hybrid

framework achieved an overall classification Accuracy of 95.4%, Sensitivity of 94.2%,
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Specificity of 97.1%, and Area Under the ROC Curve (AUC) of 0.964 (EI-Emam et al., 2024;
Lietal., 2026).

VI. CLINICAL DISCUSSION AND TRANSLATIONAL IMPACT

The integration of D-LKA-UNETR++ into automated clinical radiology workflows presents
transformational opportunities for precision liver oncology. First, automated, fast 3D tumor
volumetry eliminates manual slice-by-slice delineation, reducing diagnostic processing time
from ~45 minutes per patient to under 12 seconds per volume. Second, the exceptional
boundary accuracy (HD95 = 4.15 mm) provides highly reliable anatomical roadmaps for pre-
operative surgical planning, radiofrequency ablation (RFA) target positioning, and precise
radiation therapy margin calculations (Shin et al., 2026).

Despite these strengths, several clinical limitations warrant future study. First, while D-LKA-
UNETR++ demonstrates high cross-dataset robustness on LiTS and 3D-IRCADbOI,
performance slight degradation occurs when handling severe motion artifacts caused by
patient respiratory movement during un-gated CT acquisitions. Second, segmenting
extremely small satellite micro-metastases (< 3 mm in diameter) remains challenging due to
volume averaging effects. Future research will explore integrating self-supervised vision-
language models and diffusion-based generative priors to further enhance micro-lesion

detection.

VII. CONCLUSION

This paper presented D-LKA-UNETR++, a novel, highly innovative deep learning
architecture designed for automated multi-modal 3D liver organ and tumor segmentation,
boundary refinement, and radiogenomic classification. By seamlessly integrating Deformable
Large Kernel Attention (D-LKA), Gradient-Enhanced Context Extraction (G-CE), and Dual-
Cross Attention (DCA) decoders, the proposed model effectively solves long-standing
challenges related to irregular tumor morphology, ill-defined boundaries, and class
imbalance. Achieving state-of-the-art results across major benchmark datasets with a Tumor
Dice score of 0.912 and an AUC of 0.964 for lesion subtyping, D-LKA-UNETR++ represents
a major milestone toward accurate, automated, and explainable computer-aided oncological

diagnosis.
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