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Abstract

Precise voxel-level annotation of head and neck tumours is crucial for radiotherapy plan-
ning but remains challenging due to the small size and irregular shape of tumours and
low tumour-tissue contrast in the head and neck region. This study proposes HN-UISeg,
an uncertainty-aware automatic segmentation and interactive refinement framework for
head and neck squamous cell carcinoma and pathological lymph nodes. The framework
was developed using the public HECKTOR and H&N1 datasets and evaluated on a lo-
cal radiotherapy cohort with paired pre-treatment whole-body PET/CT and planning CT
scans. HN-UISeg supports both PET/CT and CT-only input volumes, enabling tumour
segmentation even when PET is unavailable. A clinically-oriented pre-processing strat-
egy was adopted, which achieved comparable segmentation performance while maintaining
explainability and plug-and-play capability. Uncertainty estimates derived from a combina-
tion of Monte Carlo dropout and test-time augmentation were used to generate voxel-wise
uncertainty and probability maps, which guide an interactive refinement stage driven by
simulated user clicks. Across primary tumours and nodal metastases, HN-UISeg delivers
competitive automatic performance and further gains under interactive refinement, sup-
porting more reliable and efficient contouring in head and neck radiotherapy planning.
Code will be released on completion of this project.

Keywords: Head and Neck tumour segmentation, Human-in-the-loop medical image seg-
mentation, head and neck squamous cell carcinoma, uncertainty-aware segmentation
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1. Introduction

Accurate segmentation of head and neck squamous cell carcinoma and pathological lymph
nodes is critical for radiotherapy planning but remains challenging. Difficulties arise from
small and irregular primary lesions, numerous pathological lymph nodes, potentially occult
primary sites, and the low contrast between tumour voxels and surrounding tissues on CT
and PET imaging. These factors complicate both manual annotation and fully automatic
contouring, particularly in cases of unknown primary site.

Despite these challenges, recent advances in deep learning (DL)-based medical image
segmentation provide robust automated baseline solutions for tumour delineation. The
encoder—decoder architecture, introduced by U-Net (Ronneberger et al., 2015), has be-
come the backbone of modern medical image segmentation methods. U-Net and its 3D
variants (Cigek et al., 2016; Milletari et al., 2016) employ a symmetric encoder—decoder ar-
chitecture with skip connections that combine high-resolution local information with deep
contextual features, and have become standard baselines for organ and tumour segmenta-
tion. Transformer-based (Dosovitskiy, 2020; Vaswani et al., 2017; Liu et al., 2021) variants
such as TransBTS (Wang et al., 2021) and SwinUNETR (Hatamizadeh et al., 2021) fur-
ther incorporate the self-attention mechanism to capture long-range dependencies, while
nnU-Net (Isensee et al., 2021, 2023, 2024) provides a self-adapting framework that is able
to adjust the training strategy to any given dataset. These approaches have established
robust automatic segmentation baselines. However, due to the lack of uncertainty quantifi-
cation and limited support for interactive optimisation within clinical workflows, additional
dataset-specific optimisation is typically required.

Recent work has shifted towards promptable foundation models and interactive segmen-
tation frameworks. Foundation models refer to large-scale networks pre-trained on diverse
data and adaptable to unseen tasks, while promptable indicates that the outputs can be
guided during inference through user inputs such as points and boxes. Early Convolutional
Neural Network (CNN)-based interactive methods such as DeepGrow (Sakinis et al., 2019)
and DeepEdit (Diaz-Pinto et al., 2022; Cardoso et al., 2022) encode user clicks and scribbles
as additional input channels, enabling iterative correction of 3D segmentation masks. The
Segment Anything Model (SAM) (Kirillov et al., 2023) and its medical variants such as
MedSAM (Ma et al., 2024a) and SAM-Med3D (Wang et al., 2025), enable flexible point
and box based user interactions and produce probability maps (Wei et al., 2024) across a
wide range of image modalities. Language-guided segmentation models (Zhao et al., 2023)
have further explored text-driven segmentation, although current language-conditioned ap-
proaches remain sub-optimal for small targets compared to task-specific networks. Among
these, nnInteractive (Isensee et al., 2025) and LesionLocator (Rokuss et al., 2025) have
demonstrated powerful 3D promptable segmentation and longitudinal lesion tracking, high-
lighting the potential of prompt-based, human-in-the-loop workflows for clinically focused
segmentation frameworks.

Head and neck tumour segmentation remains an active area of research due to its com-
plexity and critical importance in radiotherapy planning. Pathological lymph nodes in this
region are often small and numerous, may arise from an occult or unknown primary, are
distributed across multiple cervical sub-sites and appear as low-contrast lesions on CT and
PET imaging, all of which make this segmentation task extremely challenging.
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Interactive and uncertainty-aware approaches have recently been proposed to better
align automation with clinical practice. The 2S-ICR framework (Saukkoriipi et al., 2025)
proposes a two-stage click-based refinement strategy for primary gross tumour volume seg-
mentation in oropharyngeal cancer, achieving improvements in segmentation performance
with minimal user interaction. De Biase et al. (De Biase et al., 2024) introduced probabil-
ity maps generated by deep learning for head and neck tumour segmentation on PET/CT
scans, with a graphical interface that allows radiation oncologists to threshold and edit
these maps. This approach provides a more explainable representation of model prediction
than a single hard segmentation mask. However, prior studies focused solely on primary
tumours and have not achieved joint segmentation and refinement of lymph nodes within a
unified framework incorporating uncertainty quantification.

This study introduces HN-UISeg, an uncertainty-aware automatic segmentation and in-
teractive refinement framework for head and neck squamous cell carcinoma and pathological
lymph nodes. The framework was developed using two public datasets and validated on
a local radiotherapy cohort with paired pre-treatment whole-body PET/CT and chest-up
planning CT scans for each patient. The proposed HN-UISeg supports both PET/CT and
CT-only inputs, ensuring automatic tumour segmentation and interactive refinement even
when PET is unavailable. HN-UISeg utilises a clinically oriented pre-processing strategy and
generates voxel-level probability and uncertainty maps to guide the interactive refinement
stage for both primary tumours and nodal metastases. On the local South Western Sydney
Local Health District (SWSLHD) cohort, HN-UISeg achieved competitive automatic seg-
mentation performance compared to strong baselines such as nnU-Net and SwinUNETR,
and further improved segmentation accuracy under interactive refinement.

2. Methods
2.1. Network Architecture

An overview of the proposed HN-UISeg framework is shown in Figure 1. Although Transformer-
based models have achieved strong performance on general computer vision tasks, U-Net
variants (Roy et al., 2023; Chu et al., 2023) still dominate 3D medical image segmenta-
tion because of limited data and the high GPU memory cost of 3D inputs in this field.
Consequently, a 3D Residual Encoder U-Net backbone (Isensee et al., 2024) was used for
both automatic segmentation and interactive refinement of head and neck primary tumour
(GTVp) and pathological lymph nodes (GTVn). The network takes either CT-only volumes

or paired PET/CT volumes as input, and produces three output channels corresponding to
background, GTVp and GTVn.

The backbone follows the standard Encoder-Decoder design with residual connections (He
et al., 2016). The encoder comprises a series of 3D residual blocks that use convolutional op-
erations with a stride of 2 for downsampling, progressively increasing the number of feature
channels from 32 to 256. The decoder upsamples features at each resolution and fuses high-
level semantic information with spatial detail via skip connections from the corresponding
encoder stages. The model accepts four input channels: CT, PET and two prompt chan-
nels aligned with the image grid, corresponding to primary tumour and nodal metastasis
prompts respectively. All channels are concatenated along the channel dimension at the
input stage, enabling early fusion of CT and PET imaging with prompt information. For
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Figure 1: Overview of the proposed HN-UISeg workflow for automatic and interactive seg-
mentation of head and neck squamous cell carcinoma and pathological lymph
nodes from PET/CT or CT-only imaging.

cases without PET data, the PET channel is zero-filled. The output layer maps decoder
features into voxel-wise logits using a 1 x 1 x 1 convolution, followed by a Softmax to ob-
tain the final class probability maps. Hard segmentation maps are obtained by voxel-wise
Argmax, while uncertainty estimates are derived using Monte Carlo dropout and test-time
augmentation.

2.2. Training Pipeline

The proposed framework was trained in three stages to alleviate the complications between
the automatic and interactive branches within a single network. Circles with a radius of
three voxels were used to simulate clicks, as individual voxel clicks did not provide sufficient
spatial context. Unless otherwise stated, training used the AdamW (Loshchilov and Hutter,
2017) optimiser with a cosine learning rate schedule including 10 warm-up epochs, and
executed for 300 epochs without early stopping. Input volumes and corresponding ground-
truth annotations were used to optimise the segmentation backbone with a combined cross-
entropy and Dice loss.

Stage 1: Pre-training on public datasets. The first stage utilised the HECKTOR
2022 and H&N1 datasets for pre-training. To familiarise the network with prompt informa-
tion, the prompt channels had a 50% probability of being activated to simulate user clicks
on primary tumours and nodal metastases. When the prompt channels were activated, one
simulated positive click was generated for each connected component of the GTVp and
GTVn masks by placing a circular mask with a radius of three voxels within the lesion in
the corresponding prompt channel. For each tumour type, an equal number of simulated
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negative clicks were generated by placing circles at random locations outside its ground-
truth region in the corresponding prompt channel. This stage produced an initial set of
weights that was used to initialise the network for local fine-tuning.

Stage 2: Automatic fine-tuning on private dataset. In the second stage, the au-
tomatic segmentation branch was fine-tuned on 80% of the private dataset using standard
supervised learning without prompts, ensuring that images from different stages for the
same patient only appeared in either the training or the validation set, but not both. Only
the imaging volumes and ground-truth labels were provided as input to and supervision
of the automatic segmentation branch, while both prompt channels were set to zero. This
stage aimed to adapt the model to the imaging characteristics and contouring protocol of
the private dataset, ensuring that the model was aligned with the cohort prior to interactive
fine-tuning.

Stage 3: Interactive fine-tuning on private dataset. In the final stage, the model
was fine-tuned using the same subset as in the second stage under an interactive setting.
For each training volume, an initial segmentation mask was first obtained from the au-
tomatic segmentation branch. Subsequently, the differences between the automatic pre-
diction and the ground-truth annotation were analysed at the connected component level,
with negative clicks placed in false-positive regions and positive clicks in false-negative re-
gions. These clicks were encoded as circular masks in the corresponding prompt channels
and concatenated with the imaging inputs to form the input to the interactive fine-tuning
branch. This stage aimed to train the model to integrate user prompts to correct errors
from automated segmentation, thereby enabling precise annotation of primary tumour and
pathological lymph node contours.

2.3. Loss Function

The proposed network was trained using a combination of cross-entropy loss and soft Dice
loss to mitigate the strong class imbalance between tumour and background voxels. For
a training patch, let G € {0,1}/*¢ denote the one-hot encoded ground-truth labels and
P <o, 1]I *C the corresponding class probability predictions, where I denotes the number
of voxels and C' the number of classes. G; . and FP; . are the ground-truth label and predicted
probability for voxel ¢ and class ¢ respectively.

The multi-class cross-entropy loss could be defined as

I C
Z > Giclog P (1)
i=1 c=1

Lcr(G,P) =
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The soft Dice loss is defined as

1
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ﬁche(G P —1—— E Z’L 1Glc i,c (2)
C_l i= 1 Zz 1 'Lc

The final training loss combines these two terms as

L(G,P) = Lcr(G, P)+ Lpice(G, P) (3)
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The combined loss penalises voxel-wise mis-classification through the cross-entropy term,
while the Dice term directly optimises volumetric overlap between the predicted masks and
the ground truth, particularly for the tumour class.

2.4. Evaluation Metrics

Following the recommendations of Metrics Reloaded (Maier-Hein et al., 2024), tumour seg-
mentation performance was evaluated using three complementary metrics: Dice similarity
coefficient (DSC), Hausdorff distance (HD) and normalised surface distance (NSD). Full
discussion and mathematical definitions can be found in Appendix A.

2.5. Uncertainty Quantification

From a probabilistic perspective, segmentation uncertainty is typically attributed to two
main sources: aleatoric uncertainty, arising from inherent imaging noise or ambiguity in
the imaging data (such as low contrast or artefacts), and epistemic uncertainty, arising
from limitations in the available data and model capacity. This study employs a combi-
nation of Monte Carlo dropout (Gal and Ghahramani, 2016) and test-time augmentation
(TTA) (Wang et al., 2019) to obtain voxel-level probability maps and uncertainty maps.

Test-time augmentation was used as a mechanism to assess prediction stability under
reasonable input transformations. For each test volume, a set of spatial and intensity aug-
mentations, such as added Gaussian noise, flips or small rotations, was applied. The model
was evaluated on each augmented volume and the resulting probability maps were mapped
back to the original image space. The variability among these augmented predictions re-
flected the model’s sensitivity to input perturbations and was summarised into voxel-level
uncertainty maps. Monte Carlo Dropout (MC Dropout) was additionally used as an ap-
proximate Bayesian treatment of the network parameters. During inference, dropout layers
remained active, with the network evaluating the same input volume multiple times using
a different random dropout mask. The voxel-wise means of these random probability maps
serve as the final prediction, whilst their dispersion metrics (such as variance or entropy) are
aggregated into an uncertainty map. Within this framework, MC Dropout primarily cap-
tured epistemic uncertainty related to the model parameters, while test-time augmentation
detected aleatoric uncertainty by perturbing the input images.

In the uncertainty estimation configuration, dropout layers remained active during in-
ference with a rate of 0.05, and one test-time augmentation (addition of Gaussian noise,
flipping along one spatial axis or a small rotation of up to 5°) was randomly selected and
applied at each forward pass. The network performed N predictions on augmented input
volumes to obtain the probability and uncertainty maps. For a given voxel x and category c,
let pj; . denote the predicted Softmax probability at the ny, forward pass, withn =1,..., N.
The prediction distribution can be approximated as:

1 N
Pa},c - N le;7c
n=

and the corresponding voxel-wise class label obtained by choosing the class with maxi-
mum probability. Voxel-wise uncertainty H, was derived from this approximate predictive
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distribution using the predictive entropy:

Hx = _pr,clogpx,c
c

where higher entropy values corresponded to more uncertain predictions. As this config-
uration relies on repeated evaluations of a single model trained on a specific dataset, the
uncertainty estimates provide only approximate and potentially an underestimated charac-
terisation of predictive uncertainty compared to deep ensemble approaches.

3. Datasets and Experimental Setup

The proposed framework was developed using three datasets: the public HECKTOR?2022
PET/CT dataset (Andrearczyk et al., 2022), the public Head and Neck Radiomics-HN1
(H&NT1) cohort (Wee and Dekker, 2019) from The Cancer Imaging Archive (TCIA), and
a private dataset collected from the Liverpool-Macarthur Cancer Therapy Centre, South
Western Sydney Local Health District (SWSLHD). The HECKTOR and H&N1 datasets
were used exclusively for network training to enhance anatomical diversity. Retrospective
use of the private dataset was approved by the South Western Sydney Local Health Dis-
trict Human Research Ethics Committee as part of the Radiation Oncology Virtual Clinical
Quality Registry (ethics ref: 2019/ETH04391). All quantitative comparisons and visualisa-
tion results reported in this manuscript were based on the SWSLHD dataset.

3.1. Datasets

The MICCAI HECKTOR2022 (Oreiller et al., 2022; Andrearczyk et al., 2022) dataset is a
multi-centre collection of 524 pre-treatment FDG-PET/CT scans of patients with oropha-
ryngeal squamous cell carcinoma. Each training case comprises co-registered PET and CT
volume data with a ground-truth mask, where labels 1 and 2 correspond to primary tumour
(GTVp) and pathological lymph nodes (GTVn) respectively.

The Head and Neck Radiomics-HN1 (H&N1) dataset on TCIA (Wee and Dekker, 2019)
contains clinical data and CT scans from 137 patients with head and neck squamous cell
carcinoma at multiple anatomical sites, treated with radiotherapy at Maastro Clinic in the
Netherlands. The inclusion of the H&N1 dataset enriched the representation of different
head and neck anatomical sites within the training data. Target volumes for primary
tumours and nodal metastasis were extracted from radiotherapy structure sets and mapped
to the GTVp and GTVn label space for this study. Although PET images were available
for 75 patients, the absence of body weight data precluded the calculation of Standardised
Uptake Value normalised by body weight (SUVbw). Consequently, the PET scans for these
patients were excluded from this study.

The private dataset was collected from the Liverpool-Macarthur Cancer Therapy Cen-
tre, South Western Sydney Local Health District (SWSLHD). A pre-treatment diagnos-
tic whole-body FDG-PET/CT scan (SWSLHD_PRI) and a chest-up planning CT scan
(SWSLHD_PLAN) for radiotherapy planning were available for each patient. Gross tu-
mour volumes for the primary tumour (GTVp) and pathological lymph nodes (GTVn)
were manually delineated by a radiologist according to departmental practice. All images
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were de-identified prior to analysis and data collection was conducted under local ethics
approval. In this study, the private cohort served as the evaluation data.

3.2. Pre-processing

The original voxel spacing in the CT images was maintained to avoid additional interpolation-
related uncertainty. For each patient, the corresponding PET volume was resampled to the
same voxel grid and size as the paired CT volume. This ensured voxel-wise alignment
between modalities, which is consistent with the clinical practice of interpreting PET in-
formation within the anatomical context provided by CT. CT intensity values were clipped
to the range of [—1024, 3071] Hounsfield Units to remove extreme outliers while preserving
the full range of clinically relevant tissue contrast. PET intensities were expressed as body-
weight—normalised standardised uptake values (SUVbw) and clipped to [0,50] SUVbw to
remove extreme out-of-field values while retaining explainability in standard quantitative
PET units. These settings allowed the network outputs to be applied directly to the clini-
cal images without further resampling, thereby achieving end-to-end implementation within
the radiotherapy workflow and enhancing the explainability of the model outputs.

Following previously reported patching methodology (Chu et al., 2024), 3D training
patches were extracted by combining random cropping with tumour-contained cropping
around regions containing GTVp and/or GTVn to balance background contextual informa-
tion with sufficient exposure to tumour voxels. Standard 3D data augmentation techniques
were applied during training, including random intensity scaling, intensity shifting, addition
of Gaussian noise, random rotations and random flips. These data augmentation techniques
enhanced the model’s robustness to anatomical variations and differences in imaging proto-
cols across these datasets. All training data were processed using consistent pre-processing
and data augmentation protocols which simplified the workflow and facilitated more trans-
parent comparisons between experiments.

3.3. Experimental Setup

All models were trained and evaluated using PyTorch 2.8.0 and CUDA 12.8 on two NVIDIA
V100 GPUs with 32 GB of VRAM. A mini-batch size of 1 three-dimensional patch per GPU
was used during training.

A 3D sliding-window strategy was employed at inference time. For each test volume,
overlapping patches were processed with a 50% overlap in each spatial dimension. The
final voxel label was obtained by combining voxel probabilities from overlapping windows
through a Gaussian weighting scheme. This approach supported evaluation of volumetric
data exceeding the input patch size, alleviating GPU memory constraints and ensuring
consistency between the inference process and patch extraction during training. A patch
size of 224 x 224 x 160 was used throughout, with the same patch extraction strategy and
sliding-window inference configuration applied in all experiments unless otherwise stated.

4. Results

In Table 1, segmentation performance on the SWSLHD staging PET/CT and radiother-
apy planning (CT-only) cohorts is reported. All automatic segmentation baselines were
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+1 positive click +2 positive click

Figure 2: Refinement of automatic segmentation using positive simulated clicks on CT-only
volume, with updated model uncertainty map displayed alongside.

trained and evaluated within a common pipeline, using identical training-validation splits,
loss functions and training schedule, with nnU-Net run using the official implementation
and all other architectures re-implemented under the same protocols. SAM-Med3D and
LesionLocator, with and without local supervised fine-tuning, were evaluated on CT-only
scans alongside the interactive branch of HN-UISeg. To ensure fair comparison with Le-
sionLocator, only one click was provided for each lesion to refine the results of HN-UISeg.
An extensive quantitative comparison with additional network architectures and HN-UISeg
with multiple simulated clicks is provided in Appendix B.

Based on the results in Table 1, nnU-Net demonstrated the best segmentation perfor-
mance across both cohorts among the automatic approaches, while the automatic branch
of HN-UISeg achieved comparable results, particularly for nodal metastasis segmentation.
Among the interactive approaches, SAM-Med3D underperformed, while LesionLocator and
HN-UISeg demonstrated significant improvements over purely automated methods. Under
identical simulated user interaction conditions, HN-UISeg demonstrated the best perfor-
mance in the PET/CT primary-scan cohort, while LesionLocator with supervised fine-
tuning performed better in the CT-only planning cohort, particularly for nodal metastasis
segmentation.

In Figure 2, an example of refining the automatic segmentation from the planning
(CT-only) cohort is shown. With two positive clicks placed in an uncertain region of nodal
metastasis, the missing nodal volume was incorporated into the segmentation mask and
the corresponding uncertainty map was updated accordingly. Another example of refining
automatic segmentation from the primary cohort is provided in Appendix C.
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Table 1: Quantitative comparison of segmentation performance on two SWSLHD cohorts.
All automatic segmentation models were pre-trained on HECKTOR and H&N1
datasets and results are reported using a five-fold cross-validation on private co-
horts. Dice and NSD are reported as percentage scores. HD metric values are in
the Appendix B, due to space limitations here. Best results in each column are

bolded.
Primary Scan Plan Scan (CT-only)
Methods Primary Nodes Primary Nodes
Dice ‘ NSD Dice ‘ NSD Dice ‘ NSD Dice ‘ NSD
Automatic approaches
nnU-Net 63.17 | 61.64 | 62.23 | 59.15 | 58.36 | 58.39 | 56.93 | 55.10
TCTNet 55.52 | 54.25 | 50.73 | 59.25 | 53.23 | 54.93 | 52.26 | 50.62
SwinUNETR 56.59 | 57.55 | 52.73 | 54.55 | 53.87 | 53.73 | 52.73 | 58.36

HN-UISeg(Auto) 62.37 | 58.36 | 62.50 | 58.97 | 57.73 | 57.76 | 55.17 | 58.90
Interactive approaches

SAM-Med3D 33.86 | 22.37 | 29.28 | 53.37 | 35.19 | 19.69 | 32.86 | 37.95
LesionLocator 49.51 | 47.66 | 64.72 | 69.76 | 51.33 | 53.92 | 67.64 | 77.01
LesionLocator + sft | 65.45 | 61.37 | 68.17 | 70.85 | 63.82 | 60.14 | 71.69 | 83.96
HN-UlISeg 67.06 | 64.72 | 69.83 | 75.97 | 60.74 | 65.92 | 70.48 | 72.84

5. Discussion and Conclusion

HN-UISeg demonstrates the potential of uncertainty-guided interactive refinement of head
and neck tumour segmentation. However, several limitations remain. In the local SWSLHD
cohorts, the automatic segmentation accuracy achieved was below that required for routine
clinical application. As pre-training relied mainly on the HECKTOR dataset, which focuses
on oropharyngeal squamous cell carcinoma, the model may exhibit bias and perform sub-
optimally on other head and neck cancer types and sub-sites. The Monte Carlo dropout and
test-time augmentation configuration produced overconfident probability and uncertainty
maps in some cases. Because the interactive branch was trained on a relatively small dataset
compared to foundation models, the model did not fully learn the semantics of user clicks.
As a result, click operations were not consistently interpreted as strictly local corrections
and could sometimes induce unintended changes in distant regions. Finally, the evaluation
was limited to retrospective and single-centre data with simulated interactions rather than
multi-centre cohorts with clinician input.

Despite these limitations, HN-UISeg demonstrates that combining uncertainty-aware au-
tomatic segmentation with an interactive refinement branch provides a unified framework
for the segmentation of head and neck squamous cell carcinoma and pathological lymph
nodes on both PET/CT and CT-only imaging. Future work will include multi-centre vali-
dation, more detailed anatomical subregion analysis, improved calibration of probability and
uncertainty maps, and refined interaction mechanisms that restrict edits to user-selected
regions.
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Appendix A. Evaluation Metrics

Following the metrics literature (Maier-Hein et al., 2024), tumour segmentation perfor-
mance was assessed using the Dice similarity coefficient (DSC), Hausdorff distance (HD)
and normalised surface distance (NSD). DSC measures the overlap between prediction and
ground truth, with higher values indicating better volumetric agreement. Let G1" and PD
denote the sets of foreground voxels in the ground-truth and predicted segmentation masks
respectively. Then DSC may be defined as

2|GT N PD|
DSC= ———+— 4
|GT| + |PD| )
where | - | denotes the number of voxels within the set.

Normalised surface distance was used to quantify surface agreement within a fixed tol-
erance value, with higher values indicating a larger fraction of the contour surfaces lying
within the specified tolerance. Let Sgr and Spp denote the sets of surface voxels of the
ground truth (GT) and predicted segmentation masks (PD) respectively, and let d(x,S)
denote the minimum Euclidean distance from a point = to the set S. For a given tolerance
7, the border regions around the two surfaces are defined as

BY) = {x:d(x,Spp) <7}, BU)={z:dx, Ser) <7} (5)
The NSD at tolerance 7 is then defined as

T 1Sar N B+ 1Spp N S
NSDI/(PD, GT) = |SZ];)| + |Sppl - ©
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In this study, the tolerance was set to 7 = 2 mm, reflecting a typical clinically acceptable
contour deviation in radiotherapy.

Hausdorff distance was computed between the predicted surfaces and ground truth
masks to measure the worst-case boundary error. Using the same notation from NSD,
the Hausdorff distance is given by

HD(PD,GT) = max{ max d(x,Sqr), max d(y, SPD)} (7)
z€Spp yeSaT
and is reported in millimetres. Lower HD values correspond to smaller worst-case boundary
deviations between predicted and reference contours.
All metrics were computed separately for the primary tumour (GTVp) and pathological
lymph nodes (GTVn).

Appendix B. Complete Quantitative Results

In Table 2, detailed segmentation performance on the SWSLHD staging PET/CT and
radiotherapy planning (CT-only) cohorts is reported. Among automated methods, nnU-
Net and HN-UISeg(Auto) demonstrated comparable performance and outperformed the
other architectures. By comparison, U-Net variants based on Transformers and Mamba
(U-mamba (Ma et al., 2024b), TCTNet and SwinUNETR) underperformed compared to
the convolutional neural networks (CNN)-based models on this segmentation task. This
could result from the relatively limited dataset size under the current training conditions,
as well as the strong inductive bias inherent in convolutional architectures, which is better
suited to handling the local high-frequency anatomical detail characteristic of head and
neck tumours.

Among interactive methods, SAM-Med3D performed poorly, revealing notable domain
shift when handling small, low-contrast head and neck lesions. LesionLocator exhibited
robust overlap metrics under the zero-shot conditions and achieved the lowest Hausdorff
distance value for both primary lesions and nodal metastasis on both staging and planning
scans after supervised fine-tuning. HN-UISeg further improved segmentation performance
when user interaction was incorporated. Using up to five clicks for the primary tumour and
five for nodal metastases (10-clicks) further refined the segmentation masks and improved
the delineation of both primary and nodal disease.

The advantage of fine-tuned LesionLocator over HN-UlSeg in terms of Hausdorff dis-
tance revealed key design differences between the two branches. LesionLocator performs
segmentation directly from user inputs and therefore rarely produced abnormal segments
distant from lesions. In contrast, HN-UlSeg refined automatic segmentation results and
could inherit erroneous distant predictions, resulting in larger Hausdorff distances even
when DSC and NSD are similar.

Appendix C. Qualitative Results for Primary PET/CT Scan

In Figure 3, interactive refinement of the automatic segmentation for a staging (PET/CT)
scan is illustrated. The segmentation result was refined by placing a positive click in the
uncertain region of the nodal metastasis and a negative click in a non-primary tumour
region, with the uncertainty map adjusted accordingly.
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Table 2: Segmentation performance on the SWSLHD cohorts. All models were pre-trained on HECKTOR, and H&N1 datasets
and reported using five-fold cross-validation. Dice and NSD are reported as percentage scores and HD is reported in
millimetres. Best performance in each column is bolded.

Primary Scan

Plan Scan (CT-only)

Methods Primary Nodes Primary Nodes
Dice 7 NSD 7 HD Dice 7 NSD 7 HD Dice 7 NSD 7 HD Dice 7 NSD 7 HD
Automatic approaches
nnU-Net 63.17 | 61.64 | 54.82 | 62.23 | 59.15 | 71.05 | 58.36 | 58.39 | 58.89 | 56.93 | 55.10 | 67.80
TSDNet 59.70 | 58.61 | 64.47 | 54.99 | 53.51 | 76.63 | 53.76 | 54.36 | 57.75 | 55.52 | 48.17 | 76.55
U-mamba 55.98 | 56.36 | 65.45 | 51.34 | 52.37 | 105.79 | 52.57 | 50.85 | 63.22 | 50.61 | 63.36 | 93.68
TCTNet 55.52 | 54.25 | 59.21 | 50.73 | 59.25 | 111.07 | 53.23 | 54.93 | 62.15 | 52.26 | 50.62 | 107.5
SwinUNETR 56.59 | 57.55 | 62.72 | 52.73 | 54.55 | 91.23 | 53.87 | 53.73 | 65.32 | 52.73 | 58.36 | 101.62
HN-UISeg(Auto) 62.37 | 58.36 | 59.55 | 62.50 | 58.97 | 75.58 | 57.73 | 57.76 | 63.40 | 55.17 | 58.90 | 68.19
Interactive approaches
SAM-Med3D 33.86 | 22.37 | 26.03 | 29.28 | 53.37 | 23.87 | 35.19 | 19.69 | 58.26 | 32.86 | 37.95 | 22.83
LesionLocator (zero-shot) | 49.51 | 47.66 | 20.08 | 64.72 | 69.76 | 16.75 | 51.33 | 53.92 | 17.75 | 67.64 | 77.01 | 15.25
LesionLocator + sft 65.45 | 61.37 | 10.67 | 68.17 | 70.85 | 9.99 | 63.82 | 60.14 | 11.66 | 71.69 | 83.96 | 9.11
HN-UISeg (each-lesion) 67.06 | 64.72 | 58.82 | 69.83 | 75.97 | 66.75 | 60.74 | 65.92 | 47.79 | 70.48 | 72.84 | 51.56
HN-UISeg (10-clicks) 69.96 | 69.14 | 54.92 | 71.76 | 74.79 | 61.48 | 61.91 | 65.14 | 42.55 | 73.21 | 74.54 | 44.51
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Figure 3: Refinement of automatic segmentation using one positive and one negative simu-
lated clicks on PET/CT volume, with updated model uncertainty map displayed
alongside.

Appendix D. Ablation Studies

D.1. Pre-processing Method

In Tables 3 and 4 the effect of CT and PET pre-processing schemes on segmentation per-
formance is summarised. All metrics were obtained using the automatic branch of HN-
UlSeg, pre-trained on the HECKTOR and H&N1 datasets and evaluated with five-fold
cross-validation on both SWSLHD cohorts.

For CT scans, using raw Hounsfield Unit (HU) values directly led to significantly worse
segmentation performance than both windowed schemes, due to the presence of extreme
outliers (such as a —16989 HU value). Both soft tissue window [—200,400] and the wide
window [—1024, 3071] achieved comparable Dice coefficients without significant difference.
As a result, the [—1024,3071] HU window was adopted as the default CT pre-processing
approach due to its clinical plug-and-play capability.

For PET, both radioactivity concentration (in Bq/mL) and un-windowed Standardised
Uptake Value normalised by body weight (SUVy,,) are not as standardised as CT HUs
and could be influenced by uptake time, reconstruction settings and patient physiology.
As shown in Table 4, raw Bq/mL and un-windowed SUVy,, obtained significantly worse
segmentation performance than SUVy, with simple intensity standardisation. SUVyy, win-
dowing to [0, 50] and per-scan z-score normalisation performed comparably. Although liver-
based normalisation is common in clinical practice, the liver lies outside the field-of-view
in many chest-up scans. Therefore, SUV},, windowing to [0, 50] was adopted as a simple,
plug-and-play setting.
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Table 3: Ablation study on CT pre-processing methods. Results were obtained through
five-fold cross-validation. Dice scores are reported as percentages. The Wilcoxon
signed-rank test was used to assess statistical significance across all patients be-
tween methods, * indicates a p-value < 0.05 compared with the proposed method.

Methods

Primary Scan

Plan Scan (CT-only)

Primary | Nodes | Primary Nodes
CT-HU (raw) 31.45* | 34.44* | 40.89* 40.29*
Soft Tissue Window [-200, 400] 61.76 63.23 57.07 55.93
Wide HU window [-1024, 3071] 62.37 62.50 57.73 55.15

Table 4: Ablation study on PET pre-processing methods on staging scans. Results were
obtained through five-fold cross-validation. Dice scores are reported as percent-
ages. The Wilcoxon signed-rank test was used to assess statistical significance
across all patients between methods, * indicates a p-value < 0.05 compared with

the proposed method.

Method

‘ Primary | Nodes

PET-Bq (raw)

PET-SUVbw (raw)

Z-score

PET-SUVbw window [0,50]

D.2. Number of Clicks

33.67*
34.42*
61.78
62.37

37.92*
42.04*
63.18
62.50

The relationship of the Dice scores for GTVp and GTVn with the number of user clicks
in the staging PET/CT and planning CT-only cohorts is illustrated in Figure 4. In both
cohorts, performance increased with the number of simulated clicks, particularly for patho-
logical lymph nodes in the planning cohort. However, the clear trends indicate that beyond
the average number of connected components, further increases in the number of clicks yield
only marginal performance gains. Even with up to five clicks per case, segmentation accu-
racy remained below typical requirements for routine clinical application. This diminishing
margin of benefit of additional clicks reflects the limitations of the current training strategy
and highlights the need for improved training schemes and detailed case studies.
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Figure 4: Dice score as a function of the number of user clicks for primary tumours and
nodal metastases on the staging PET/CT cohort (left) and the planning CT-only
cohort (right).
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