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Abstract. Segmentation of thin, branching structures in volumetric imaging is a challenging
computer vision task due to low contrast, strong class imbalance, and large variability in
scale and topology. This work investigates a cross-domain deep transfer learning strategy that
exploits morphological similarity between vascular-like branching patterns in different imaging
modalities. Models are first pre-trained on the data-rich FIVES retinal vessel dataset and then
fine-tuned on a subset of the NSCLC-Radiogenomics chest CT dataset containing annotations
of branching structures. We evaluate four U-Net-based architectures — U-Net, Attention U-Net,
R2 U-Net and Dense U-Net — and compare them with DeepLabV3 models using ResNet50
and ResNet101 backbones. A unified training pipeline with multi-stage intensity and contrast
normalization is employed, along with a 10-fold stratified cross-validation protocol. Performance
is assessed using accuracy, precision, Dice (F1 score), and area under the ROC curve (AUC).
Cross-domain transfer learning leads to a substantial improvement over training from scratch:
Dice scores increase from near-zero values to above 0.48 for the best-performing models.
Attention U-Net achieves the highest Dice score of 0.4814, while DeepLabV3 (ResNet50)
attains the highest AUC of 0.9621. Dense U-Net also provides competitive results, whereas R2
U-Net benefits less from the proposed transfer scheme. The results demonstrate that leveraging
cross-domain morphological priors is an effective way to enhance segmentation of branching
structures in data-scarce CT scenarios. The proposed framework provides a strong, reproducible
baseline for future research on transfer learning and fine-structure segmentation in volumetric
images.
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AnHotammsi. CerMeHTaIMsI TOHKUX Pa3BETBJIECHHBIX CTPYKTYP B OOBEMHON BU3yaM3alluu
SIBJISIETCSI HETPUBHAJIBLHON 3amadeil KOMITBIOTEPHOTO 3pEeHMST M3-3a HU3KOT0 KOHTpAcTa, BhIpa-
JKeHHOTO aucOajaHca KJIacCOB M OOJIBIION BapMaTUBHOCTU B MaclTabe M TOIojJoruu. B maH-
HOI paboTe Hucciemyercsl MOAXOA MEXIOMEHHOTO TIIyOOKOTO TpaHC(hepHOro OOy4YeHMS, MC-
MOJB3YIOUINI MOPGhOIOTHUYECKOE CXONCTBO COCYIMCTOINOAOOHBIX Pa3BETBIEHHBIX CTPYKTYD B
pPa3HBIX MOIATBHOCTSIX BU3yaau3aiuu. Moenu TpenBapuTeIbHO 00yJaloTcsl Ha OoTraToM JTaH-
HbiMu Habope FIVES mis cermeHTaluuu cocyaoB ceTYaTKM, MOC/e Yyero J0o0yJaroTcsl Ha ToJI-
MHOXecTBe Habopa maHHBIX NSCLC-Radiogenomics ¢ KT-m300paxXeHUSIMM TPYTHOW KIIETKU
U aHHOTAIIMSIMU Pa3BETBICHHBIX CTPYKTYp. OIeHUBAIOTCS YEeTHIpe apXUTEKTyphl HA OCHOBE
U-Net (ctanpaptHasg U-Net, Attention U-Net, R2 U-Net u Dense U-Net), a Takxke Monenu
DeepLabV3 ¢ 6azoBbimu cetssmMu ResNet50 u ResNetl101. [IpumeHsieTcst equHbIii KOHBEep
00y4YeHMSI, BKJIIOYAIOIINI MHOTOATAITHYI0 HOpMaJM3allii0 MHTEHCUBHOCTEH M KOHTpacTa, a
takke 10-KpaTHYIO CTpaTM(UIIMPOBAHHYIO TTEPEKPECTHYIO MPOBepKy. KayecTBo cerMeHTalnm
nsMepsiercst metpukamu Accuracy, Precision, Dice (F1-mepa) u mnomaabsio nmog ROC-kpuBoit
(AUC). MexnomeHHOe TpaHC(epHOe 00ydyeHNE MPUBOINT K CYIICCTBEHHOMY YIYUYIICHUIO IT0
CpaBHEHUIO ¢ OOYYEeHUEM «C HYJIs»: 3HaueHus Dice yBelIMYMBaIoTCs ¢ MOYTH HyneBbIX 10 0,48
u O6ojee maas aydiux moneneii. Mogenb Attention U-Net mocTuraeT MakCMMajJbHOTO 3Haue-
Hust Dice 0,4814, Torma kak DeepLabV3 (ResNet50) neMoHcTpupyeT HauBbICIIee 3HAUYEHUE
AUC — 0,9621. Dense U-Net moka3plBaeT COMOCTaABUMBIE Pe3yJBTaThl, B TO BpeMsl Kak R2
U-Net B MeHBIIIeH CTEIICHN BHIUTPHIBACT OT MPEIT0KEHHOM cXeMbl TpaHcdepa. [ToayueHHEBIE
pe3yIbTaThl TTOKA3bIBAIOT, YTO MCITOJIBb30BAHUE MEXIOMEHHBIX MOP(OIOTUIYECKUX allPHUOPHBIX
3HaHUI IBsIeTCS 3(PDEKTUBHBIM CITOCOOOM IMOBBIIIEHNSI Ka4eCcTBa CETMEHTAIIUM Pa3BETBIICH-
HBIX CTPYKTYP B yclioBUsIX aeduunta pazmedyeHHbIx KT-ganHbix. [TpeanoxeHHas MeTOI0JOTHS
(bopmupyer Bocripon3BoauMyto 0a3y /Ul JadbHEHIINX MCCIeI0BaHUI B 00acTu TpaHchep-
HOTO OOYYEeHMST U CETMEHTAIIMM TOHKUX JPEBOBUIHBIX CTPYKTYP B OOBbEMHOI BU3YyaIU3aInH.

KiroueBbie clioBa: cerMeHTalUsI Pa3BETBICHHBIX CTPYKTYP, MEXKIOMEHHOE TpaHchepHoe 00yyde-
Hue, riyookoe ooyueHue, U-Net, DeepLabV3
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Introduction

Segmentation of thin, branching vascular structures in chest computed tomography (CT) images is
a challenging problem in image analysis and computer vision. These structures exhibit large variation
in scale, complex topology and often low contrast with respect to surrounding tissue, which makes
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robust extraction difficult [1—5]. In addition, the foreground (vessels) typically occupies only a small
fraction of the image volume, leading to strong class imbalance and making learning-based methods
sensitive to overfitting [6].

Classical image processing techniques, such as thresholding, region growing and edge-based meth-
ods, have been widely used for vessel extraction [7, 8]. Although these approaches are conceptually sim-
ple and computationally efficient, their performance is highly dependent on hand-crafted parameters
and they struggle with noise, partial volume effects and the wide range of vessel calibers present in CT
images. The emergence of deep learning, and in particular convolutional neural networks (CNNs),
has significantly advanced the state of the art in segmentation of complex anatomical and vascular
structures [9, 10]. Encoder—decoder architectures with skip connections, such as U-Net, have be-
come a de facto standard due to their ability to combine high-level semantic information with fine-
grained spatial detail.

A key limitation in many volumetric segmentation tasks, however, is the scarcity of large, pix-
el-level annotated datasets, especially for small or hard-to-label structures. Training deep architec-
tures from scratch on such limited data often results in poor generalization. Transfer learning provides
an effective strategy to alleviate this problem by reusing features learned in a data-rich source domain
to initialize models in a data-scarce target domain [11]. When there is morphological similarity be-
tween structures in the source and target domains — such as tree-like vascular networks — transfer
learning can be particularly beneficial, since the learned feature hierarchies capture reusable patterns
of branching geometry and local appearance.

In this work, we investigate a cross-domain transfer learning strategy for segmentation of branch-
ing vascular structures in chest CT images. Our hypothesis is that the intricate, tree-like morphology
of retinal vessels, for which large annotated datasets are available, can serve as a suitable source do-
main for learning generic vessel features. These features are then transferred and fine-tuned for seg-
menting morphologically similar, but anatomically different, vascular structures in CT volumes. To
evaluate this idea, we consider several U-Net-based architectures: standard U-Net, Attention U-Net
[12], R2 U-Net [13] and Dense U-Net [14], and compare them with DeepLabV3 models equipped
with ResNet backbones [15].

>

Materials and methods

This study applies a cross-domain transfer learning methodology using two distinct datasets. For
pre-training, the Fundus Image Dataset for Al-based Vessel Segmentation (FIVES) [16] dataset was
used. This dataset contains 800 high-resolution (2048%2048) fundus images with pixel-wise vessel
annotations designed for data-driven vessel segmentation. For fine-tuning, we used the NSCLC-Ra-
diogenomics collection from The Cancer Imaging Archive (TCIA) [17], which provides 286754 chest
CT slices from 211 volumes. A subset of this collection with annotations of branching vascular struc-
tures was employed as the target domain.

A multi-stage image preprocessing pipeline was implemented to enhance vessel-like feature extrac-
tion and standardize input data. All images were converted to grayscale, followed by Z-normalization
(x—W)/c and Min—Max normalization (scaled to [0, 255]). Contrast Limited Adaptive Histogram
Equalization (CLAHE, clip limit 2.0) was then applied to improve local contrast, followed by gamma
correction (y = 1.2) to emphasize darker structures.

The transfer learning procedure consisted of two phases:

1) pre-training on FIVES using binary cross-entropy loss and the Adam optimizer to learn general
vessel-like features;

2) fine-tuning on the NSCLC-Radiogenomics subset with encoder weights initialized from the
pre-trained models, a reduced learning rate and a cosine annealing schedule to adapt the representa-
tions to CT-domain branching structures.
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Both datasets were evaluated using 10-fold stratified cross-validation for robust assessment of gen-
eralization. Model performance was measured using accuracy, precision, Dice (F1 score) and Area
Under the Receiver Operating Characteristic Curve (AUC). Statistical comparisons included p-val-
ues and 95% confidence intervals (CI). Hyperparameters included a batch size of 16, an initial learn-
ing rate of 10~* (decayed via cosine annealing) and training for 100 epochs on an NVIDIA RTX 2080
Ti GPU.

Results and discussion

Both the FIVES retinal vessel dataset and the NSCLC-Radiogenomics CT dataset were systemat-
ically divided into 10 folds for stratified cross-validation. For the FIVES dataset (800 images), each
fold contained a proportional split for training, validation and testing. Similarly, the CT branch-
ing-structure dataset (100 images) was divided into 10 folds, ensuring a representative distribution
across training, validation and testing sets within each fold. For each fold, models were trained on the
training subset and evaluated on the held-out test subset, and the reported metrics are averages over
all CT test folds.

The performance of the models on the retinal vessel segmentation task (pre-training phase, trained
and tested on the FIVES dataset) is summarized in Table 1.

Table 1
Performance comparison of deep learning models for retinal vessel segmentation
Model Accuracy Precision Dice (F1-Score) AUC
U-Net 0.9867 0.9386 0.8974 0.9843
Attention U-Net 0.9872 0.9142 0.9038 0.9871
Dense U-Net 0.9865 0.9269 0.8969 0.9834
R2 U-Net 0.9232 0.4058 0.3453 0.8300
DeepLabV3 (ResNet50) 0.9640 0.7503 0.7234 0.9772
DeepLabV3 (ResNet101) 0.9628 0.7405 0.7138 0.9763

As shown in Table 1, the U-Net variants generally achieve high performance on the retinal ves-
sel segmentation task. Attention U-Net demonstrates the highest Dice (F1 score) of 0.9038 and the
best AUC of 0.9871, closely followed by U-Net and Dense U-Net. This indicates that the attention
mechanism effectively enhances the model’s ability to focus on relevant features for segmenting thin
vessel structures. R2 U-Net performs noticeably worse across all metrics (Dice 0.3453, AUC 0.8300),
suggesting that its recurrent residual structure may be suboptimal for this setting or require different
hyperparameter tuning. DeepLabV3 models also show strong performance, particularly in AUC, but
remain slightly behind the best U-Net variants in terms of Dice. The ROC curves for these models are
presented in Fig. 1, visually confirming the superior classification performance of Attention U-Net
and Dense U-Net on the FIVES dataset.

After pre-training on FIVES, all models were fine-tuned on the CT branching-structure dataset.
Segmentation performance on CT images was computed on the CT test subsets of each fold, using
pixel-wise accuracy, precision, recall, Dice and AUC. The averaged results over 10 folds are presented
in Table 2.

The transfer learning approach reveals a dramatic improvement in performance across all models
on CT images, particularly in Dice (F1 score) and AUC. For example, the Dice score for U-Net
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Fig. 1. ROC curves for U-Net, Attention U-Net, R2 U-Net, Dense U-Net,
DeepLabV3 (ResNet50/ ResNet101) trained and tested on FIVES dataset
Table 2

Performance comparison of deep learning models for pulmonary vessel segmentation

Model Accuracy Precision Recall Dice
U-Net 0.9583 0.5377 0.4371 0.4822
Attention U-Net 0.9582 0.5356 0.4445 0.4858
Dense U-Net 0.9525 0.4654 0.4663 0.4608
R2 U-Net 0.9586 0.8648 0.08 0.1465
DeepLabV3 (ResNet50) 0.9584 0.5399 0.4294 0.4783

increases from 0.0028 (training from scratch on CT only) to 0.4802 with cross-domain pre-training,
while for Attention U-Net the Dice rises from 0.0088 to 0.4814. This large gain demonstrates the
effectiveness of the proposed cross-domain transfer learning strategy for branching structure segmenta-
tion in CT data.

Among the U-Net variants with transfer learning, Attention U-Net achieves the highest Dice (F1
score) of 0.4814, indicating superior foreground delineation on CT images. DeepLabV3 (ResNet50)
also performs very well, with a Dice of 0.4760 and the highest AUC of 0.9621, which reflects strong
discriminative power at the pixel level. Dense U-Net attains a competitive Dice of 0.4592. R2 U-Net,
while showing improvement compared to its non-transfer counterpart, still lags significantly behind
the other models with a Dice of 0.1465, reinforcing its observed limitations for this type of segmen-
tation task.

The ROC curves for the models after transfer learning are shown in Fig. 2 and illustrate the im-
proved classification performance in the CT domain. Qualitative analysis is provided in Fig. 3. Fig. 3, d
(Attention U-Net) demonstrates visibly more accurate and complete segmentation of fine branching
structures compared to other models and the original CT slice (Fig. 3, a). This visual evidence sup-
ports the quantitative results and confirms that Attention U-Net, leveraging its attention mechanisms,
is particularly effective for delineating complex and subtle branching patterns in chest CT images.
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Fig. 2. ROC curves for U-Net, Attention U-Net, R2 U-Net, and Dense U-Net,
DeepLabV3 (ResNet50) (pretrained on FIVES dataset) trained and tested on LUNG dataset

Fig. 3. Visual analysis of vessel segmentation in CT images. Original CT (a); Annotation (b);
DeepLabV3 (ResNet50) (c); Attention U-Net (d); R2 U-Net (e); Dense U-Net (f); U-Net (g)

Conclusion

This study investigated a cross-domain deep transfer learning strategy for segmentation of branch-
ing vascular structures in chest CT images. By exploiting morphological similarity between retinal
and CT vascular patterns, the proposed approach effectively mitigates the data-scarcity problem in
the target CT domain. Experimental results demonstrate a substantial improvement in segmentation
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performance for all evaluated architectures when pre-training on the FIVES retinal dataset is followed
by fine-tuning on the CT dataset.

Among the U-Net variants, Attention U-Net and Dense U-Net emerged as the most effective
models, with Attention U-Net achieving the highest Dice score of 0.4814, indicating superior deline-
ation of fine branching structures. DeepLabV3 (ResNet50) also showed strong performance, attaining
the highest AUC value of 0.9621 and thus providing excellent discriminative capability at the pixel
level. These findings confirm that cross-domain transfer from a data-rich vascular segmentation task
is a viable and powerful strategy for improving performance on data-limited CT segmentation tasks.

Overall, the proposed framework offers a robust, reproducible baseline for branching structure
segmentation in volumetric images and highlights the advantages of attention mechanisms and dense
connectivity in this context. It can be readily extended to other applications involving thin, tree-like
structures and limited annotated data.

>
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