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Abstract

Medical image segmentation often relies on large volumes of annotated data,
which are frequently unavailable in clinical practice. This limitation is partic-
ularly evident in liver tumor segmentation from computed tomography (CT),
where task-aligned pretrained models are scarce. This study investigates cross-
organ and cross-modality transfer learning by adapting representations learned
from brain tumor segmentation in magnetic resonance imaging (MRI) to liver
tumor segmentation in CT under data-scarce conditions.

We propose the Adapted Dual-Encoder Shared-Tail U-Net (ADEST-U-Net), a
segmentation architecture that integrates an MRI-pretrained encoder with a
CT-specific encoder trained from scratch. Feature representations from both
encoders are fused through a shared refinement module before decoding, enabling
controlled interaction between transferable and domain-specific features.
Experiments were conducted on the publicly available 3D-TIRCADb-01 dataset.
Compared with supervised UNet++ trained from scratch and naive transfer
configurations, the proposed model achieved a Dice coefficient of 0.7189 and
a precision of 0.7727. Notably, false positives were reduced by 67.6% relative
to training from scratch and by 40.4% compared with frozen-weight transfer.
Qualitative evaluation further demonstrated improved spatial coherence, with
predictions largely confined to liver parenchyma and fewer extrahepatic false
detections.
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1 Introduction

Medical image segmentation plays a critical role in computer-assisted clinical work-
flows, supporting diagnosis, treatment planning, and longitudinal disease monitoring.
In liver oncology, accurate tumor delineation from computed tomography (CT) scans
is essential for surgical planning, therapy assessment, and outcome evaluation [1].
Despite substantial progress in convolutional neural network (CNN)-based segmenta-
tion, robust performance remains heavily dependent on large volumes of annotated
training data.

Encoder—decoder architectures such as U-Net [2] and UNet++ [3] have become
standard baselines for biomedical segmentation. However, these models typically
assume access to sufficiently large, task-specific datasets. In clinical practice, the acqui-
sition of expert-annotated medical images is costly and time-consuming, particularly
for tumor segmentation tasks requiring precise boundary delineation [4]. This data
scarcity motivates the exploration of transfer learning strategies aimed at reusing
knowledge from related domains.

Transfer learning has been widely adopted in medical imaging, primarily focusing
on same-organ or same-modality adaptation [5, 6]. Cross-modality adaptation (e.g.,
CT to MRI) has shown moderate success when anatomical structures are preserved
across domains [7, 8]. More recently, cross-organ and cross-modality adaptation has
begun to attract attention as a strategy for improving generalization across hetero-
geneous medical imaging domains [9]. However, systematic investigations of transfer
under simultaneous anatomical and modality shifts remain limited.

Prior investigations suggest that naive fine-tuning under severe anatomical and
modality shifts yields limited improvements [10]. These observations raise a funda-
mental methodological question: under extreme domain mismatch, does single-encoder
transfer effectively reuse high-level representations, or does domain-specific interfer-
ence degrade performance? Addressing this question requires architectural mechanisms
that explicitly distinguish transferable features from domain-specific information,
rather than relying solely on conventional fine-tuning.

In this study, we propose the Adapted Dual-Encoder Shared-Tail U-Net (ADEST-
U-Net), a transfer learning architecture designed to mitigate cross-organ and cross-
modality representation mismatch under data-scarce conditions. The model integrates
an encoder pretrained on brain tumor MRI with a CT-specific encoder trained from
scratch. By fusing features through a shared refinement module prior to decoding,
the architecture aims to balance transferable representations with modality-specific
adaptations.

The primary contribution of this work is an architectural and empirical inves-
tigation of cross-organ and cross-modality transfer learning for medical image seg-
mentation. We systematically analyze the limitations of single-encoder transfer and



demonstrate how dual-encoder feature integration can improve segmentation stability
and reduce false detections in liver CT tumor segmentation.

2 Literature Review

Recent years have seen substantial progress in liver and tumor segmentation, primarily
benchmarked on publicly available datasets such as the Liver Tumor Segmentation
Challenge (LiTS-2017) and the 3DIRCADD-01 dataset. These datasets have become
widely adopted reference standards for evaluating segmentation performance, typically
reported using the Dice Similarity Coefficient (DSC) for liver and tumor regions.

A wide range of deep learning architectures have been proposed to improve seg-
mentation accuracy on these benchmarks. HANS-Net [11] integrates hybrid attention
mechanisms, hierarchical uncertainty estimation, and anatomical priors to enhance
segmentation precision and anatomical plausibility. Similarly, CAFCT-Net [12] com-
bines convolutional and transformer blocks within a cascaded framework, while Jiang
et al. [13] incorporate lightweight context-aware modules into a SwinUNet backbone
to strengthen global context modeling. Yashaswini et al. [14] explored modified UNet
and ResUNet architectures on 3DIRCADD, demonstrating the continued relevance of
encoder—decoder designs.

Additional architectural refinements include spatial-wise transformer integration
(SWTR-UNet) [15], dual-path contextual encoding (DPC-Net) [16], and multi-scale
channel attention with deep residual learning (ELANRes-MSCA-UNet) [17]. Earlier
foundational work by Chlebus et al. [18] established early deep learning baselines for
LiTS using a two-stage fully convolutional framework.

Across these studies, a consistent observation emerges: liver segmentation typically
achieves high accuracy due to the organ’s relatively consistent structure, whereas
liver tumor segmentation remains significantly more challenging. Tumor variability
in size, morphology, and contrast continues to limit performance despite increasingly
sophisticated architectural components such as attention mechanisms, transformers,
and multi-scale fusion strategies.

While architectural innovation has steadily improved benchmark performance, a
more fundamental challenge persists: the limited availability of high-quality annotated
medical datasets. Manual tumor delineation requires expert radiological interpreta-
tion and remains labor-intensive and time-consuming. To address annotation scarcity,
complementary strategies have been explored, including synthetic data generation,
unsupervised domain adaptation, and transfer learning.

GAN-based synthesis methods attempt to reduce annotation dependence by gen-
erating realistic artificial images for data augmentation. Rafiq et al. [19] proposed an
enhanced CycleGAN framework to synthesize MRI from CT while preserving anatom-
ical consistency, reporting modest segmentation gains when combining synthetic and
real data. Although promising, such approaches are often evaluated within constrained
institutional settings and may introduce modality translation artifacts.

Unsupervised domain adaptation (UDA) methods aim to transfer knowledge across
modalities without requiring paired data or labeled target images. Yang et al. [20]



proposed a feature alignment framework with cross-pseudo supervision for whole-
heart MRI segmentation, while Chen et al. [21] introduced ARL-GAN to embed
anatomy-regularized representation learning into CT-MRI translation. Although
effective within specific domains, UDA approaches are frequently computationally
demanding, sensitive to optimization instability, and typically tailored to particular
organ—modality pairs.

Transfer learning has been investigated as a more direct strategy for improv-
ing data efficiency. Kieselmann et al. [7] demonstrated cross-modality training using
CT-derived labels and synthetic MRI data, while Li et al. [8] proposed a two-
stream mutual knowledge distillation framework for cross-modality segmentation.
These approaches reported measurable improvements but were generally limited to
same-organ adaptation or closely related anatomical structures.

Cross-organ and cross-modality transfer learning remains comparatively under-
explored. Lee and Nishikawa [10] introduced a cross-organ, cross-modality transfer
learning (XTL) pipeline leveraging intermediate fine-tuning before adapting pretrained
models to new anatomical targets. While improvements were observed, the approach
highlighted the difficulty of transferring representations across large anatomical and
modality discrepancies.

Taken together, existing research demonstrates substantial architectural advances
in segmentation performance and several promising strategies for mitigating anno-
tation scarcity. However, most transfer learning approaches rely on single-encoder
fine-tuning or indirect multi-stage adaptation, which may be insufficient when source
and target domains differ simultaneously in both anatomy and imaging modality.
The challenge of effectively reusing pretrained representations under such conditions
remains open. Motivated by this gap, the present study investigates an architectural
framework that explicitly separates and fuses transferable and domain-specific features
for cross-organ and cross-modality liver tumor segmentation.

3 Materials and Method

This section describes the experimental design and methodology used to study cross-
organ and cross-modality transfer learning for liver tumor segmentation. The goal of
this work is not to present a state-of-the-art liver tumor segmentation benchmark, but
rather to analyze the limits of transferring pretrained representations from a brain
tumor MRI segmentation model to a liver tumor CT task, and to evaluate an archi-
tectural mitigation strategy (ADEST-U-Net) designed to improve feature reuse under
a large organ and modality shift.

Importantly, the source domain model (brain MRI) was not trained from scratch
in this study. Instead, publicly available pretrained UNet+-+ weights were used as the
only source of transferable knowledge. This setup reflects a realistic scenario in which
pretrained models may exist for unrelated organs/modalities, while no pretrained
model is available for the target setting.



3.1 Dataset Description

All experiments were conducted using the publicly available 3D-IRCADDb-01 dataset,
which is a benchmark for liver and tumor segmentation from contrast-enhanced
abdominal CT scans. It contains 20 patients (10 male and 10 female), with hep-
atic tumors present in approximately 75% of cases. The dataset provides DICOM
CT volumes and expert annotations in mask and mesh formats. Tumor annotations
follow Couinaud’s liver segmentation system, where tumors may appear in multiple
anatomical segments.

3.1.1 3D-IRCADDb-01 Processing and Slice Extraction

Each 3D CT volume was decomposed into axial 2D slices to enable controlled exper-
iments using 2D convolutional segmentation models and to increase the effective
number of supervised samples. Patients without tumor annotations were excluded.
Let the CT volume and tumor mask for patient &k be:

x (k) € RO12X512xD. y®) ¢ {071}512><512><D_

A patient was retained only if:

D 512 512

Tk)y=> > YWl jd >o0.

d=1i=1 j=1
Each retained volume was decomposed into paired slices:
k k
acgl ) = XW L d), yé ) = Y ® d].

Mask aggregation across liver segments.

Since tumor masks may be provided per Couinaud segment, all region-specific tumor
masks were merged into a single binary tumor mask per slice using a pixel-wise logical

OR:

Sa
y i) =\ v 4.
s=1

Tumor-slice filtering (training only).

The 3D-IRCADD-01 dataset comprised a total of 2,063 axial image—mask pairs, of
which 1,495 slices contained no visible tumor regions (i.e., entirely black masks) and
only 568 slices included annotated tumor areas. This strong imbalance reflects the
inherent sparsity of tumor appearances in volumetric liver CT scans.

To mitigate class imbalance during optimization, model training was performed
using tumor-containing slices only, consistent with prior observations that dominant
non-tumor slices can bias learning toward background prediction and degrade tumor



sensitivity [4]. The tumor-slice training set is defined as:

512 512
Dircap = (xfik),yék)> Zzyc(zk) [, ] >0
i=1 j=1

To assess false-positive behavior under more realistic conditions, 10 non-tumor
slices were added to both the validation and test sets (Section 3.4).

3.2 Preprocessing and Data Augmentation

All CT slices were used at a fixed input resolution of 512 x 512 pixels and formatted
as single-channel inputs (512,512, 1).

3.2.1 Intensity Normalization and Mask Binarization

CT intensities were normalized using min—max scaling:

2 — min(x)

T= max(z) — min(z)’

Tumor masks were binarized:

gl = b vlbal>0,
’ 0, otherwise.

3.3 Data Augmentation
3.3.1 Data Augmentation (Training Only)

Given the limited number of tumor-containing slices in the 3D-IRCADD-01 dataset and
the inherent sparsity of tumor regions in volumetric liver CT scans, data augmentation
was applied exclusively to the training split to expand the effective dataset size and
improve robustness under limited labeled data.

Three transformation strategies were implemented:

Elastic deformation.

To simulate non-rigid anatomical variability commonly observed in abdominal
imaging, elastic deformation was applied following the formulation introduced by
Ronneberger et al. [2]. Random displacement fields were generated using Gaussian-
smoothed noise with fixed parameters a = 50 and o = 6:

0z =a-Gs xRy, dy=a- -G, xRy,
where R, and R, denote random fields sampled from a uniform distribution and
G, represents a Gaussian kernel with standard deviation o.



Affine translation.

To model minor patient positioning variations and scanner-induced shifts, random
affine translations were applied along both spatial axes. Each image—mask pair was
translated according to:

(@',7") = (i +Ai, j+Aj), Ai,Aje[-10,10],
while preserving image scale and orientation, consistent with prior medical imaging
augmentation strategies [10].

Horizontal flipping.
Horizontal flipping was applied to both images and corresponding masks to increase
spatial diversity. Although abdominal anatomy is not perfectly symmetric, left-right
mirroring preserves tumor morphology and relative intrahepatic positioning while
expanding spatial variability, as commonly adopted in segmentation studies [22].

All augmentation operations were applied identically to the image and mask to
maintain spatial correspondence.

3.4 Dataset Split

Tumor-containing slices were split into training/validation/test using an
80%/10%/10% ratio. For evaluation of false-positive behavior, 10 non-tumor slices
were added to both validation and test sets.

3.5 Evaluation Metrics

Performance was evaluated using Dice Similarity Coefficient (DSC), Intersection over
Union (IoU), precision, and recall.

3.5.1 Dice Similarity Coefficient (DSC)

2|PNG]

DSC = —— ..
1P| + 1G]

3.5.2 Intersection over Union (IoU)

PAG
IoU = .
U T IPUq
3.5.3 Precision and Recall
. TP TP
Precision = m, Recall = m

3.6 Statistical Analysis

To ensure a comprehensive evaluation of segmentation performance, we employed
a multi-metric assessment strategy combining overlap-based, detection-based, and
boundary-based metrics.



Dice Similarity Coefficient (DSC).

Per-slice Dice was computed to quantify volumetric overlap between predicted masks
and ground truth annotations. Given the known instability of Dice in small-lesion
scenarios, we report the mean + standard deviation, median, and interquartile range
(IQR).

To compare the two models, we performed a paired bootstrap analysis (10,000
resamples) on the per-slice Dice differences (ADEST — Baseline). The bootstrap pro-
vided 95% confidence intervals and two-sided empirical p-values. This non-parametric
approach was selected to avoid normality assumptions and to better reflect the skewed
Dice distribution observed in small lesion segmentation.

Slice-wise Detection Sensitivity.

Because Dice collapses to zero when lesions are completely missed, we additionally
evaluated slice-level detection performance. A slice was considered correctly detected
if the predicted mask contained at least one positive pixel on a tumor-positive ground-
truth slice. Detection rate was computed as:

N .
Detection Rate = dotected slices 10

Ntumor—positive slices

This metric complements Dice by evaluating sensitivity independent of segmentation
overlap quality.

Boundary-based Metrics.

To assess contour agreement and mask smoothness, we computed the 95th percentile
Hausdorff Distance (HD95) and the Average Symmetric Surface Distance (ASSD).
Both metrics were calculated per slice using symmetric boundary distances derived
from Euclidean distance transforms. Boundary metrics are particularly important in
medical image segmentation as they reflect contour smoothness, fragmentation, and
the presence of spurious small components.

3.7 Model Selection and Baseline Architecture

Several widely used segmentation models were considered, including U-Net [2], 3D U-
Net [23], V-Net [24], UNet++ [3], DeepLab [25], HRNet [26], Mask R-CNN [27], and
nnU-Net [28]. UNet++ [3] was selected as the baseline because its nested skip connec-
tions reduce the semantic gap between encoder and decoder features while remaining
computationally practical for controlled ablation studies in data-scarce settings.

3.8 Method Overview and Experimental Tracks

The study is organized into three experimental tracks: (1) supervised training from
scratch (baseline), (2) transfer learning using an MRI-pretrained UNet++ with pro-
gressive fine-tuning (with/without input modality adaptation), and (3) the proposed
ADEST-U-Net dual-encoder architecture.



Table 1: Progressive freezing strategies applied to the UNet++ architecture. Block
indices follow the UNet++ hierarchical notation.

Model Frozen Blocks

Model 1 Encoder block [00]

Model 2 Encoder blocks [00], [10]

Model 3 Encoder blocks [00], [10], [20]

Model 4 Encoder blocks [00], [10], [20], [30]

Model 5 Encoder blocks [00], [10], [20], [30] and bottleneck [40]

Model 6 Encoder blocks [00], [10], [20], [30], bottleneck [40], and nested decoder blocks [01],
[11], [21], [31]

Model 7 Encoder blocks [00], [10], [20], [30], bottleneck [40], and nested decoder blocks [01],
[11], [21], [31], [02], [12), [22)

Model 8 Encoder blocks [00], [10], [20], [30], bottleneck [40], and nested decoder blocks [01],
(1], [21], [31], [02], [12], [22], 03], [13]

Model 9 Encoder blocks [00], [10] and dense block [01]

Model 10 Encoder blocks [00], [10], dense blocks [01], [11], [02]

Model 11 Encoder blocks [00], [10], [20], [30], bottleneck [40], and dense blocks [01], [11], [21],
[02], [12], [03]

3.8.1 Track 1: Baseline Supervised Learning from Scratch

A UNet++ model was trained from scratch on 3D-TIRCADD-01 tumor-containing slices
using batch size 4, Adam optimizer, and learning rate 1 x10~%. Training was performed
for up to 50 epochs with early stopping (patience = 20).

3.8.2 Track 2: Cross-Organ and Cross-Modality Transfer Learning

A UNet++ model pretrained on brain tumor MRI segmentation was adapted to liver
CT under two strategies.

Track 2.1: Progressive fine-tuning.

Eleven freezing configurations were evaluated, ranging from freezing early encoder
blocks only to freezing the full encoder, bottleneck, and nested decoder blocks
(Table 1). All configurations used the same training schedule as Track 1 to ensure
comparability.

Track 2.2: Progressive fine-tuning with input modality adaptation.
To reduce MRI-CT mismatch, an Input Modality Adapter (IMA) was introduced:

Z = ReLU (BN(Wix1 *zcT)) -

The same 11 freezing configurations were reused to isolate the effect of input-level
adaptation.

3.8.3 Track 3: Proposed ADEST-U-Net Architecture

ADEST-U-Net is designed to mitigate the limitations observed in Track 2 by explicitly
separating and fusing pretrained MRI-derived features and CT-specific features, as
illustrated in Figure 1. The architecture consists of: (i) Encoder A initialized from the
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Fig. 1: Proposed architecture of ADEST-U-Net. The model employs two parallel
encoders: an MRI-pretrained encoder with modality adaptation and a CT-specific

encoder trained from scratch. Bottleneck features from both encoders are concatenated
and refined through a shared-tail module before U-Net—style decoding.

MRI-pretrained UNet++ encoder (with input modality adaptation), (ii) Encoder B
trained from scratch on CT data, and (iii) a shared-tail refinement module applied to
the concatenated bottleneck features prior to decoding.

Importantly, only the weights of the hierarchical encoder blocks were transferred
from the MRI-pretrained UNet++ model. The nested dense skip pathways character-
istic of UNet++ were not reused. This design choice was motivated by architectural
constraints: as shown in Figure 1, directly transferring nested decoder connections
would introduce structural incompatibilities in the dual-encoder configuration, par-
ticularly during feature fusion at the bottleneck. Restricting transfer to encoder
blocks preserves hierarchical feature representations while allowing flexible fusion and
refinement in the shared-tail and decoding stages.
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Table 2: Architectural specifications of the proposed ADEST-U-Net model.

Component Specification

Convolution kernel 3 X 3, stride = 1, padding = 1

Activation ReLU + Batch Normalization

Downsampling 2 X 2 max pooling (stride = 2)

Upsampling Transposed convolution (stride = 2)

Feature maps per stage 32 — 64 — 128 — 256 — 512

Bottleneck fusion Channel-wise concatenation (5124512 = 1024 channels)

Shared-tail refinement 1024 — 512 channels (Conv + BN + ReLU + Dropout
p=0.3)

Dropout p=0.3

Output layer 1 x 1 convolution 4 sigmoid activation

At the bottleneck, feature maps from both encoders are concatenated channel-wise
(Figure 1). Given bottleneck feature tensors Fa € RFTXWx512 and fp ¢ REXWX512)
the fused representation is:

Fiysion = Concat(Fa, Fg) € RHXxWx1024

This fused representation is then refined through a shared-tail module (see
Figure 1) that reduces the channel dimensionality from 1024 to 512 using convolution,
batch normalization, ReLU activation, and dropout (p = 0.3), before being passed to
the decoder.

Warm-up phase.

For 5 epochs, Encoder A was frozen while Encoder B, the shared-tail module, and the
decoder were trained using Dice loss only. The learning rate was set to 1 x 1072

Fine-tuning phase.

All layers were unfrozen and trained end-to-end for up to 80 epochs using a learn-
ing rate of 1 x 107°, it is adjusted using a ReduceLROnPlateau scheduler, dropout
probability p = 0.3, and early stopping with patience set to 15 epochs.

The detailed architectural configuration of ADEST-U-Net is summarized in
Table 2.

3.9 Loss Function

All models were trained using a composite loss combining Dice loss and shape prior
loss [29].

Dice loss.
HW .
2,21 il

Edice =1- HW HW .
Zi:l Yi + Zizl Yi
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Shape prior construction.

The shape prior was computed once from the training masks only:

Ntrain
>y ™l gl

n=1

1
Ntrain

prior[i, j] =

Shape prior visualization.

Figure 2 shows the resulting prior heatmap computed from the aggregated training
masks of the 3D-IRCADD-01 dataset. The mild extension toward the right side of the
heatmap reflects an artifact introduced by horizontal flipping during augmentation.
This behavior was examined in an ablation variant that excluded horizontal flipping
to assess its impact on anatomical fidelity and segmentation performance.

Shape Prior Heatmap
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i} 100 200 i) 400 500

Fig. 2: Shape prior heatmap constructed from the training masks of the 3D-IRCADb-
01 dataset. Pixel intensities represent the empirical probability of tumor occurrence
across spatial locations, with warmer colors indicating higher likelihood.
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Shape prior loss.

w
1
Lorior = Fr77 2 E:j (i, 3] — priorfi, j1)*

Combined loss with fized weights.

For Track 1 and Track 2:
Ltotal = Edicc +0.1 £prior~
For Track 3 (ADEST-U-Net):

Etotal = Edice +0.05 Eprior-

3.10 Hyperparameter Optimization

Hyperparameters were optimized on 3D-IRCADDb-01 using Particle Swarm Opti-
mization (PSO) [30]. PSO used a swarm size of 8 particles for 8 iterations (64
evaluations). The search space included input resolution {128,256,512}, optimizer
{Adam, RMSProp, SGD}, loss function variants, and learning rate in [107°,1072].
The selected configuration was: resolution 512 x 512, Dice loss, Adam optimizer, and
learning rate 1 x 1074

3.11 Implementation Environment

All experiments were conducted on a workstation equipped with an NVIDIA RTX 6000
Ada GPU (48GB VRAM), 16 vCPUs, and 188GB RAM, using TensorFlow 1.0.3 with
mixed precision enabled. Batch size was fixed to 4. Track 1 and Track 2 trained for up
to 50 epochs; ADEST-U-Net trained for up to 80 epochs due to staged optimization.

4 Results and Discussion

All models in this section were trained on the 3D-IRCADb-01 training split and eval-
uated on the 3D-IRCADD-01 validation and test splits using Dice and IoU. The goal
is to analyze cross-organ, cross-modality transfer behavior and evaluate architectural
mitigation strategies under controlled settings.

4.1 Track 1: Baseline — Supervised Learning with UNet++
Trained from Scratch

This track establishes a supervised reference by training UNet++ from scratch using
only labeled liver CT slices from 3D-IRCADb-01. No pretrained weights were used.

The baseline UNet—++ achieved a Dice score of 0.5879 and an IoU of 0.4163 on the
validation set, and a Dice score of 0.7020 with an IoU of 0.5408 on the test set.

Figure 3 demonstrates that the baseline model detects a substantial portion
of tumor regions, but boundary delineation is often coarse and over-segmentation
occurs in non-tumor areas. These characteristics provide a quantitative and qualita-
tive reference point for evaluating the impact of transfer learning and architectural
modifications.

13



4.2 Track 2: Cross-Organ Transfer Learning (Brain MRI —
Liver CT) Using UNet++

This track investigates whether features learned from brain tumor MRI segmentation
can be transferred to liver tumor CT segmentation. A UNet++ model initialized
from MRI-pretrained weights was fine-tuned on 3D-IRCADb-01 using (i) progressive
fine-tuning and (ii) progressive fine-tuning with an Input Modality Adapter (IMA).

4.2.1 Progressive Fine-Tuning without Modality Adaptation

Table 3 reports performance across the eleven freezing configurations. Model 1
achieved the highest test performance (Dice = 0.3407, IoU = 0.2053), while deeper
freezing strategies led to markedly lower Dice scores, indicating limited transferability
under strong organ-+modality shift.

Table 3: Progressive fine-tuning UNet++ results on
3D-IRCADb-01.

Model Test Dice Test IoU Val Dice Val IoU
Model 1 0.3407 0.2053 0.2512 0.1437

Model 2 0.1706 0.0932 0.1512 0.0818
Model 3 0.1142 0.0606 0.0987 0.0519
Model 4 0.1055 0.1055 0.0926 0.0485
Model 5 0.0071 0.0035 0.0078 0.0039
Model 6 0.0062 0.0031 0.0067 0.0034
Model 7 0.0039 0.0020 0.0052 0.0026
Model 8 0.0025 0.0013 0.0028 0.0014
Model 9 0.0108 0.0054 0.0156 0.0078
Model 10 0.0139 0.0070 0.0203 0.0103
Model 11 0.0083 0.0042 0.0123 0.0062

4.2.2 Progressive Fine-Tuning with Input Modality Adaptation
(IMA)

Adding the IMA module improved transfer results. As shown in Table 4, Model 1
achieved the best performance (test Dice = 0.5383, ToU = 0.3683; validation Dice =
0.4794, IoU = 0.3153). Performance again dropped with heavier freezing, indicating
that input alignment helps but does not eliminate the need for sufficient trainable
capacity.

14



Table 4: Progressive fine-tuning with IMA results on
3D-IRCADb-01.

Model Test Dice Test IoU Val Dice Val IoU
Model 1 0.5383 0.3683 0.4794 0.3153

Model 2 0.2509 0.1435 0.2231 0.1256
Model 3 0.2182 0.1225 0.1880 0.1037
Model 4 0.1882 0.1039 0.2157 0.1209
Model 5 0.1309 0.0700 0.1093 0.0578
Model 6 0.1119 0.0592 0.1034 0.0545
Model 7 0.1203 0.0640 0.1085 0.0573
Model 8 0.2134 0.1195 0.1525 0.0825
Model 9 0.2266 0.1278 0.1959 0.1086
Model 10 0.1858 0.1024 0.1610 0.0876
Model 11 0.1223 0.0651 0.1311 0.0702

Dice Score Comparison: Direct Transfer vs. Transfer Learning with Input Adapter

arming + Adapter
Transfer Leaning + Adapter

Dice Score

Fig. 4: Comparison of Dice scores for direct transfer versus progressive fine-tuning
with the Input Modality Adapter across freezing strategies (Models 1-11) on validation
and test sets.

4.3 Track 3: ADEST-U-Net — Dual-Encoder Architecture for
Modality-Aware Transfer

This track evaluates the proposed ADEST-U-Net dual-encoder design, which separates
CT-specific representation learning from MRI-pretrained feature reuse and fuses both
streams at the bottleneck through a shared-tail refinement module.

4.3.1 Evaluation (3D-IRCADbD-01)

ADEST-U-Net achieved a Dice score of 0.7189 with an IoU of 0.5611 on the 3D-
TRCADD-01 test set. These results indicate that architectural mitigation enables
effective reuse of pretrained MRI representations without harming CT-specific learn-
ing.

Figure 5 highlights improved boundary continuity and reduced fragmentation rel-
ative to direct cross-modality transfer (Track 2). In addition, predicted tumor masks
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Table 5: In-domain segmentation results on 3D-IRCADb-01.

Model Val IoU Val Dice Test IoU Test Dice
Baseline UNet++  0.4163 0.5879 0.5408 0.7020
UNet++ + IMA 0.3153 0.4794 0.3683 0.5383

ADEST-U-Net 0.5451 0.7056 0.5611 0.7189

remain confined within liver boundaries, with no spurious activations observed outside
the organ region. This behavior is consistent with the intended role of the dual-encoder
fusion mechanism in promoting anatomically coherent and modality-aware feature
integration.

4.4 Overall Comparison on 3D-IRCADb-01 (In-Domain)

Table 5 summarizes performance for the baseline UNet++ (Track 1), the best-
performing fine-tuned UNet++ with Input Modality Adaptation (Track 2, Model 1),
and the proposed ADEST-U-Net (Track 3). All models were trained and evaluated on
the same validation and test splits of 3D-IRCADb-01.

Two observations are central to the study objective. First, naive cross-organ
transfer (even with input modality adaptation) underperforms supervised training
from scratch in this setting. Second, architectural mitigation through ADEST-U-
Net restores and slightly improves performance relative to the supervised baseline,
indicating controlled feature reuse without negative transfer.

4.5 Contextual Comparison with Prior 3D-IRCADb-01
Methods

To contextualize the reported results within the broader literature, Table 6 summarizes
representative liver and liver tumor segmentation Dice scores reported on the 3D-
TRCADbD-01 dataset.

Across studies, liver segmentation consistently achieves higher Dice scores than
tumor segmentation, with several recent architectures exceeding 0.94 for liver segmen-
tation and approaching 0.80 for tumor segmentation. In contrast, tumor Dice values
typically range between approximately 0.69 and 0.80, reflecting the greater complex-
ity and variability associated with delineating tumor regions compared to whole-liver
structures.

Most existing approaches evaluated on 3D-IRCADDb-01 focus primarily on improv-
ing segmentation performance through architectural enhancements, including atten-
tion mechanisms, hybrid CNN-Transformer designs, and multi-scale feature aggre-
gation strategies. These methods are generally optimized to maximize segmentation
accuracy within a single organ and imaging modality.

In contrast, the present study addresses a fundamentally different research
question: how pretrained representations behave under extreme cross-organ and cross-
modality transfer, and how architectural mitigation strategies can reduce negative
transfer. The proposed ADEST-U-Net achieves a tumor Dice score of 0.7189 on
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Table 6: Representative liver and liver tumor segmentation Dice scores reported on
the 3D-IRCADD-01 dataset.

Model Liver Dice Tumor Dice
HANS-Net (2025) 0.9482 0.8008
ResUNet (2025) 0.9144 0.7584
LCAB-SwinUNet (2025) — 0.7138
SWTR-UNet (2023) — 0.7900
DPC-Net (2022) — 0.7640
ELANRes-MSCA-UNet (2025) — 0.7290
Two-stage 2D FCN (2018) — 0.6900

3D-TRCADbD-01, which falls within the performance range reported by conventional
CNN-based architectures.

Accordingly, the purpose of this comparison is to contextualize performance within
the established range of the dataset rather than to claim state-of-the-art segmentation
accuracy.

4.6 Statistical Analysis
4.7 Quantitative Evaluation on the Test Set

A total of 57 tumor-positive slices were evaluated. Performance was assessed using
overlap-based, detection-based, and boundary-based metrics to provide a comprehen-
sive comparison between the baseline UNet++ and ADEST-U-Net models.

4.7.1 Overlap Performance (Dice)

The baseline UNet++ achieved a median Dice of 0.5666 (IQR 0.0000-0.7659) with
a mean of 0.4482 + 0.3444. ADEST-U-Net obtained a median Dice of 0.4610 (IQR
0.0000-0.7965) and a mean of 0.4201 £ 0.3854.

To assess statistical significance, a paired bootstrap analysis (10,000 resamples)
was conducted on the per-slice Dice differences (ADEST — Baseline). The observed
mean difference was —0.0280, with a 95% confidence interval of [—0.0825, 0.0210] and
a bootstrap p-value of 0.273. As the confidence interval includes zero, no statistically
significant difference in Dice was observed between the two models. The large variance
across slices reflects the instability of Dice in small-lesion scenarios and the impact of
complete misses.

4.7.2 Detection Sensitivity and Boundary Metrics

While Dice provides overlap information, additional metrics revealed distinct behav-
ioral differences between the two architectures. Slice-wise detection sensitivity showed
that the baseline model detected tumors in 49 out of 57 slices (85.96%), whereas
ADEST-U-Net detected tumors in 34 out of 57 slices (59.65%). The lower detec-
tion rate of ADEST indicates a higher frequency of complete misses, particularly in
small-lesion cases.
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Boundary-based metrics demonstrated an opposite trend. ADEST achieved sub-
stantially lower median boundary distances, indicating improved contour agreement
and reduced fragmentation. Specifically, the median HD95 decreased from 220.57 pix-
els (baseline) to 78.41 pixels (ADEST), while the median ASSD decreased from 60.56
pixels to 24.02 pixels.

Table 7 summarizes the quantitative comparison.

Table 7: Test set results on 57 tumor-positive slices.
Lower values indicate better performance for HD95

and ASSD.
Metric Baseline ADEST
Dice (mean =+ std) 0.4482+0.3444 0.4201 + 0.3854
Dice (median) 0.5666 0.4610
Detection (%) 85.96 59.65
HD95 (median) 220.57 78.41
ASSD (median) 60.56 24.02

4.8 Discussion
4.8.1 Interpretation of Cross-Organ, Cross-Modality Transfer

The statistical analysis presented in Section 4 confirms that direct transfer from brain
MRI to liver CT remains fundamentally constrained. Bootstrap analysis of per-slice
Dice differences revealed no statistically significant improvement between ADEST-U-
Net and the supervised baseline (95% CI: [—0.0825, 0.0210], p = 0.273). This indicates
that under cross-organ and cross-modality transfer, architectural mitigation alone does
not guarantee superiority over fully supervised training.

However, the multi-metric evaluation reveals that Dice alone does not fully cap-
ture segmentation behavior. While the baseline model achieved slightly higher mean
Dice and substantially higher slice-wise detection sensitivity (85.96% vs. 59.65%),
boundary-based metrics demonstrated markedly improved contour agreement for
ADEST-U-Net. The median HD95 and ASSD were significantly lower for ADEST,
indicating smoother and more spatially coherent predictions.

This divergence between overlap-based and boundary-based metrics suggests that
cross-organ transfer introduces a trade-off between detection sensitivity and structural
regularity.

4.8.2 Architectural Behavior and Error Patterns

The quantitative error breakdown in Table 8 further clarifies this behavior. The scratch
baseline achieved the highest recall (0.8712 on the test set) but produced 119,632
false positives, reflecting substantial over-segmentation. In contrast, ADEST-U-Net
reduced false positives to 38,726, a 67.6% reduction relative to the baseline , while
maintaining a recall of 0.6720 and achieving the highest precision (0.7727).
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These findings align with the boundary metrics: the baseline prioritizes sensitivity,
often generating fragmented or scattered tumor predictions, which inflate HD95 and
ASSD values. ADEST-U-Net, by contrast, suppresses spurious activations and pro-
duces anatomically plausible segmentations confined within liver boundaries. Although
this conservative behavior reduces detection sensitivity for small lesions, it significantly
improves structural consistency and precision.

Thus, the proposed dual-encoder architecture does not merely aim to maximize
Dice, but rather to mitigate negative transfer by separating modality-specific repre-
sentation learning from pretrained feature reuse. The shared-tail fusion mechanism
provides controlled feature interaction, preventing incompatible MRI features from
dominating CT adaptation.

4.8.3 Implications for Cross-Domain Segmentation

The absence of statistical significance in Dice, combined with improved boundary
regularity and reduced false positives, highlights the limitations of relying solely
on overlap-based metrics in small-lesion segmentation tasks. Dice is highly sensitive
to complete misses and small object variability, leading to inflated variance across
slices. In contrast, boundary metrics and precision—recall analysis reveal meaningful
architectural differences that Dice alone obscures.

These results suggest that successful cross-organ transfer may not initially manifest
as large Dice improvements, but rather as improved structural plausibility and error
suppression. Such improvements may be particularly relevant in clinical settings where
false positives can increase radiologist burden and reduce trust in automated systems.

4.8.4 Limitations and Future Directions

Several limitations should be acknowledged.

First, evaluation was conducted on a single public dataset (3D-IRCADb-01), which
limits the assessment of robustness under broader acquisition variability. Although
the dataset provides well-annotated scans, it does not fully represent real-world het-
erogeneity in scanner characteristics, reconstruction parameters, contrast phases, and
institutional imaging protocols.

Second, performance analysis was primarily slice-based. While Dice, detection rate,
and boundary metrics provide complementary insights, lesion-level sensitivity and
volumetric consistency were not explicitly quantified. Given the clinical importance of
small and subtle tumors, a dedicated lesion-level evaluation framework would provide
deeper insight into detection reliability.

Third, although ADEST-U-Net mitigates negative transfer through dual-encoder
feature separation and shared-tail fusion, the current fusion strategy may introduce
an information bottleneck. Specifically, concatenation of both encoder outputs pro-
duces 1024 feature maps at the bottleneck level, which are subsequently reduced to 512
channels through shared convolutional layers. This dimensionality compression may
inadvertently discard complementary modality-specific information before full cross-
domain integration occurs. The observed reduction in small-lesion sensitivity suggests
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that preserving a larger portion of the combined feature space, or introducing adap-
tive feature weighting mechanisms, may further enhance representational richness and
tumor detectability.

Future research should therefore explore architectures that maintain higher bottle-
neck dimensionality, incorporate learnable feature selection or attention-based fusion
mechanisms, and dynamically weight modality-specific representations. In addition,
multi-center validation across heterogeneous CT datasets, lesion-level performance
analysis, and architectural refinements such as multi-scale attention modules or
boundary-aware loss functions may further improve robustness and small-tumor sen-
sitivity. Advanced domain adaptation strategies, including feature-level alignment
and large-scale self-supervised pretraining, may als o enhance generalization across
modality and anatomical variability.

5 Qualitative and Error Analysis

Beyond aggregate Dice and IoU metrics, we conducted a focused qualitative and
error-based analysis to better understand segmentation behavior across the three
experimental tracks. Representative models were selected from each track: (i) a base-
line UNet++ trained from scratch (Track 1), (ii) UNet++ with input modality
adaptation and first-layer freezing (Track 2), and (iii) the proposed ADEST-U-Net
(Track 3). All analyses were performed exclusively on held-out test samples from the
3D-IRCADDb-01 dataset.

5.1 Baseline UNet++ (Track 1)

The scratch baseline exhibited a recall-dominant behavior. Qualitative inspection
revealed frequent over-segmentation, with tumor predictions extending beyond liver
boundaries and activating in anatomically implausible regions. As illustrated in
Figure 6, false positive regions (red) frequently appear outside the liver area, indicating
poor spatial constraint learning. Although large tumor masses were generally cap-
tured, boundary leakage and extrahepatic false positives were common. This pattern
explains the combination of high recall and comparatively reduced precision observed
in the quantitative analysis.

5.2 UNet++ with Input Modality Adaptation (Track 2)

In contrast, the Track 2 configuration demonstrated a conservative but unstable seg-
mentation behavior. While spurious activations were reduced relative to the scratch
baseline, the model frequently under-segmented tumor regions. As shown in Figure 7,
small and low-contrast lesions were often missed, and tumor coverage was incomplete
in several cases. Freezing low-level MRI-pretrained filters likely constrained adapta-
tion to CT-specific intensity distributions and liver texture characteristics, resulting
in elevated false negatives and a marked reduction in recall.
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5.3 ADEST-U-Net (Track 3)

Qualitative inspection of ADEST-U-Net revealed a more balanced segmentation pro-
file. False positives were substantially reduced compared to the scratch baseline,
and predicted tumor masks were largely confined within liver boundaries, indicat-
ing improved anatomical plausibility. As shown in Figure 8, segmentation contours
appeared smoother and less fragmented, consistent with the improved boundary met-
rics reported earlier. Although small tumors remained challenging, the overall spatial
consistency and suppression of spurious activations were markedly improved relative
to Tracks 1 and 2.

5.3.1 Quantitative Error Interpretation

Table 8 provides a detailed breakdown of true positives (TP), false positives (FP),
false negatives (FN), precision, recall, and F1 score across validation and test sets.

The scratch baseline (Track 1) achieved the highest recall, reflecting strong tumor
sensitivity. However, this performance was accompanied by a large number of false pos-
itives, consistent with the qualitative observation of boundary leakage and extrahepatic
activations. The resulting precision-recall imbalance highlights an over-segmentation
bias.

The input-modality-adapted configuration (Track 2) demonstrated the opposite
failure mode. Although false positives were reduced, false negatives increased substan-
tially, leading to a pronounced drop in recall. This pattern suggests that partial reuse of
MRI-pretrained filters constrained effective adaptation to CT-specific characteristics,
reinforcing the risk of negative transfer in naive cross-organ fine-tuning.

In contrast, ADEST-U-Net (Track 3) achieved a more balanced error distribu-
tion. False positives were markedly reduced relative to the scratch baseline, while
recall remained substantially higher than in Track 2. The resulting precision-recall
trade-off produced the highest F1 score on the test set. Importantly, this quantita-
tive improvement aligns with qualitative observations of smoother contours, reduced
fragmentation, and anatomically plausible tumor localization.

Collectively, the qualitative and quantitative analyses demonstrate three distinct
behavioral regimes: recall-dominant over-segmentation (Track 1), conservative under-
segmentation (Track 2), and structurally balanced mitigation of negative transfer
(Track 3). These findings reinforce the central hypothesis that modality-aware archi-
tectural separation is critical when transferring pretrained representations across
anatomically and radiologically distinct domains.

6 Conclusion

This study investigated cross-organ, cross-modality transfer learning for liver tumor
segmentation in CT imaging through a structured three-track experimental frame-
work. By systematically comparing supervised training from scratch, naive cross-organ
transfer with input modality adaptation, and a dual-encoder mitigation strategy, we
provide an empirical analysis of how pretrained knowledge behaves when transferred
across anatomically and radiologically distinct domains.
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Table 8: Segmentation performance comparison on the 3D-IRCADD-01 dataset. Met-
rics include true positives (TP), false positives (FP), false negatives (FN), precision,
recall, and F1 score on validation and test sets.

Model Set TP FP FN Prec. Recall F1
Baseline UNet++ Val 124,034 147,882 26,017 0.4569 0.8266 0.5887
Test 170,674 119,632 25,269 0.5870 0.8712 0.7012
UNet++ + IMA  Val 64,432 54,307 85,619 0.5420 0.4292 0.4789
Test 96,084 64,931 99,859 0.5969 0.4911 0.5386
ADEST-U-Net Val 106,656 45,624 43,395 0.7005 0.7106 0.7047
Test 131,678 38,726 64,265 0.7727 0.6720 0.7189

The findings demonstrate that direct reuse of MRI-pretrained representations
within a single-encoder architecture may introduce negative transfer, particularly
when low-level features are not aligned with the target modality. Although input
modality adaptation partially alleviates this mismatch, freezing pretrained filters can
restrict adaptation and degrade lesion sensitivity.

In contrast, the proposed ADEST-U-Net architecture mitigates negative transfer
by explicitly separating MRI-derived and CT-specific representations through a dual-
encoder design with shared-tail refinement. This structural decoupling yields a more
balanced precision—recall trade-off and substantially reduces false positive activations,
resulting in improved anatomical plausibility and segmentation stability.

The contribution of this work lies not in achieving state-of-the-art Dice perfor-
mance, but in providing architectural insight into when and how cross-organ transfer
becomes usable. The results suggest that modality-aware architectural separation is a
necessary condition for stable knowledge reuse across heterogeneous medical imaging
domains.

Future work should extend this framework through multi-center validation,
lesion-level evaluation protocols, and architectural refinements targeting small tumor
detectability. Further exploration of adaptive fusion mechanisms and large-scale self-
supervised medical pretraining may clarify the upper bounds of cross-organ transfer
in clinical segmentation tasks.
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Data and Code Availability
Data Availability

To ensure transparency and reproducibility, the datasets used in this study are made
available where permissible.

The 3D-IRCADDb-01 liver CT dataset is publicly accessible through the
official TRCAD repository. The processed version used in this work, including
extracted 2D slices, predefined training, validation, and test splits, and augmenta-
tion outputs—is available via Google Drive: https://drive.google.com/drive/folders/
10keDJW1yJ3N22KUXTjkYhdpNmf-dp_ZA

Additional preprocessing steps (e.g., normalization, resizing, and channel format-
ting) were applied dynamically during data loading and were not stored as separate
files.

Code Availability

All source code for preprocessing, training, evaluation, and model development is
publicly available at: https://github.com/RihamJeeballah/thesis-segmentation
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Fig. 3: Examples of baseline UNet++ performance on the 3D-IRCADbD-01 test set,
showing CT input, expert annotation, and predicted segmentation masks.
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Fig. 5: Evaluation examples for ADEST-U-Net on the 3D-IRCADD-01 test set, show-
ing CT slice, ground-truth mask, and predicted segmentation.
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Fig. 6: Qualitative segmentation results for the baseline UNet++ on 3D-IRCADb-
01 test samples. True positives are shown in green, false positives in red, and false
negatives in blue. The model demonstrates over-segmentation and boundary leakage
beyond liver regions.
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Fig. 7: Qualitative segmentation results for Track 2 (UNet++ with input modality
adaptation and first encoder block frozen) on 3D-IRCADbD-01 test samples. True pos-
itives are shown in green, false positives in red, and false negatives in blue. The model
exhibits incomplete tumor coverage and frequent missed small lesions.
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Fig. 8: Qualitative segmentation results for Track 3 using the proposed ADEST-U-Net
on 3D-IRCADbD-01 test samples. True positives are shown in green, false positives in
red, and false negatives in blue. Compared to previous tracks, the model demonstrates
reduced false positives, improved anatomical plausibility, and more spatially consistent
tumor delineation.
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