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Article History:  Abstract. Precise segmentation of the pancreas from computed tomography (CT) scans is 
critical for diagnosis and surgical planning but remains challenging due to the organ’s small 
volume (<0.5% of the abdomen), high anatomical variability, and low contrast with surround-
ing tissues. Conventional deep learning methods typically downsample inputs to fit GPU 
memory, destroying fine-grained boundary information essential for small-organ delinea-
tion. This study proposes a high-resolution patch-based framework that preserves native CT 
resolution (512 × 512) through 256 × 256 patch extraction with domain-specific Hounsfield 
unit (HU) windowing. A lightweight 2D U-Net (7.8M parameters) achieves 0.809±0.015 Dice 
(peak 0.849) on the Medical Segmentation Decathlon (MSD) Task07 Pancreas dataset, com-
petitive with nnU-Net (0.823 Dice, 88M parameters) and far above SAM (0.705) and Med-
SAM (0.439). Five-fold cross-validation across all 281 volumes yields a population-level Dice of 
0.630±0.025. Integrating uncertainty-aware mean teacher (UA-MT) semi-supervised learning 
recovers 99.3% of supervised performance using only 50% of labelled data, with reproducible 
results across three seeds (σ = 0.012). On 80 external TCIA volumes, UA-MT (0.603 Dice) out-
performs the supervised model (0.544), demonstrating superior cross-domain generalisation.
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Notations

Variables and functions

λ – consistency weight of the semi-supervised loss;
α – exponential moving average decay of the teacher network;
T – number of Monte Carlo dropout forward passes;
τ – confidence threshold for FixMatch pseudo-labelling.

Flowchart symbols (Figure 1)

The pipeline in Figure 1 is drawn in the standard flowchart notation of ISO 5807 (equivalently, 
the ANSI flowchart symbol set): a rounded rectangle marks the start and the end of the pro-
cedure; a parallelogram marks input or output data; a plain rectangle marks a processing step; 
a rectangle with double vertical bars marks a predefined process, that is, a self-contained 
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sub-procedure specified elsewhere in the text; a diamond marks a decision, with its outgoing 
branches labelled Yes and No; and a directed arrow marks the direction of control flow.

Abbreviations

ASD – average symmetric surface distance; 
BCE – binary cross-entropy; 
CNN – convolutional neural network; 
CPS – cross-pseudo supervision; 
CT – computed tomography; 
DSC – Dice similarity coefficient; 
EMA – exponential moving average; 
HD95 – 95th-percentile Hausdorff distance; 
HU – Hounsfield unit; 
IoU – intersection over union; 
MC – Monte Carlo; 
MSD – Medical Segmentation Decathlon; 
MT – mean teacher; 
SAM – Segment Anything Model; 
SSL – semi-supervised learning; 
TCIA – The Cancer Imaging Archive; 
UA-MT – uncertainty-aware mean teacher; 
ViT – vision transformer.

1.	Introduction

Pancreatic cancer is the third leading cause of cancer-related mortality in the United States, 
with a five-year survival rate of approximately 12% (Siegel et al., 2025). This dismal prognosis 
is largely attributable to late-stage diagnosis, as early pancreatic lesions are often clinically 
silent. Automated segmentation of the pancreas from abdominal CT scans is therefore a 
necessary step towards computer-aided diagnosis, surgical planning, and longitudinal dis-
ease monitoring. However, the pancreas is difficult to segment, it occupies a minute frac-
tion (<0.5%) of the total abdominal volume, exhibits high inter-patient shape variability, and 
shares similar Hounsfield unit (HU) intensities with neighbouring organs such as the stomach, 
duodenum, and surrounding adipose tissue.

To address these challenges, deep learning approaches have been extensively deployed. 
The U-Net architecture (Ronneberger et al., 2015) and its volumetric extensions, V-Net (Mille-
tari et al., 2016) and 3D U-Net (Çiçek et al., 2016), established the encoder-decoder paradigm 
with skip connections as the de facto standard for medical image segmentation. Subsequent 
work introduced attention mechanisms (Oktay et al., 2018) and recurrent saliency transfor-
mations (Q. Yu et al., 2018) to guide the network towards the small pancreatic region. More 
recently, vision transformers (Dosovitskiy et al., 2021), adapted for medical imaging through 
architectures such as TransUNet (J. Chen et  al., 2024) and Swin-UNet (Cao et  al., 2023), 
have demonstrated strong performance on large-organ segmentation tasks by capturing 
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long-range global dependencies. However, these architectures impose severe GPU memory 
demands, and a common practice is to aggressively downsample input volumes to fit entire 
3D volumes or complex multi-layer transformer blocks into memory (Luo, Wang, et al., 2022).

In this paper, we question this common practice. We hypothesise that for small, low-con-
trast anatomical structures like the pancreas, the loss of fine-grained local texture and bound-
ary sharpness caused by downsampling outweighs the benefits of advanced architectural 
complexity or global context. Despite the growing reliance on resolution-reducing pipelines, 
few studies have systematically isolated the effect of spatial resolution from architectural 
complexity for small-organ segmentation. Furthermore, consistency-based semi-supervised 
methods have shown promise in mitigating annotation scarcity (Yu et  al., 2019), yet their 
performance remains tethered to the underlying spatial resolution of the feature maps.

The main objective of this study is therefore to quantify, through controlled experiments, 
the relative contribution of spatial-resolution preservation versus architectural complexity in 
pancreas segmentation from CT, and to determine whether a resolution-preserving patch-
based pipeline can simultaneously match the accuracy of much larger models and reduce the 
annotation burden when combined with semi-supervised learning. The findings are intended 
to inform the design of practical clinical decision-support tools: hospitals operating on com-
modity GPUs benefit from a lightweight model that runs on standard hardware, radiology 
departments with limited annotation budgets benefit from the semi-supervised configuration 
that recovers 99.3% of fully supervised performance from only half the labels, and screening 
programmes that must generalise across scanner protocols benefit from the cross-domain 
robustness we observe on the external TCIA cohort.

This work makes five principal contributions. First, we provide a controlled resolution 
ablation study demonstrating that downsampling CT slices causes a severe collapse in seg-
mentation performance for the pancreas, showing that spatial resolution is the primary per-
formance driver. Second, we quantify the impact of domain-specific HU windowing ([–125, 
275]), showing a +5.0% absolute Dice gain over standard abdominal windowing. Third, we 
demonstrate that a simple patch-based CNN operating at native resolution achieves com-
petitive performance with nnU-Net (Isensee et al., 2021) and substantially outperforms vi-
sion transformers and the foundation model SAM (Kirillov et al., 2023). Fourth, we integrate 
the resolution-preserving framework with UA-MT semi-supervised learning and show that 
it recovers 99.3% of fully supervised performance using only 50% labelled data, with re-
producible results across three independent seeds. Fifth, we validate the framework using 
5-fold cross-validation across all 281 MSD volumes and on 80 external TCIA volumes without 
retraining, demonstrating consistent cross-dataset generalisation.

The remainder of this paper is organised as follows. Section 2 reviews related work on 
pancreas segmentation, the resolution–complexity trade-off, vision transformers and founda-
tion models, and semi-supervised learning. Section 3 describes the proposed high-resolution 
patch-based framework and its experimental setup. Section 4 reports the empirical results, 
covering preprocessing and resolution, comparison with established methods, annotation 
efficiency, and cross-dataset generalisation. Section 5 discusses the findings and their clinical 
implications, and the final section concludes the paper.
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2.	Related work

2.1. Pancreas segmentation from CT

The automated segmentation of the pancreas has evolved through several paradigms. Roth 
et  al. (2015) pioneered CNN-based pancreas segmentation with DeepOrgan, employing 
holistically-nested convolutional networks to localise the organ. This was subsequent-
ly extended through spatial aggregation of hierarchical feature maps (Roth et al., 2018), 
achieving Dice scores of approximately 0.78 on the NIH-82 dataset. The recurrent saliency 
transformation network (Q. Yu et al., 2018) introduced multi-stage refinement with iterative 
attention, reaching approximately 0.84 Dice on the same benchmark. Oktay et al. (2018) 
proposed Attention U-Net, which learns spatial attention gates that suppress irrelevant 
regions while emphasising relevant features for the pancreas. More recently, large-scale 
multi-organ segmentation systems such as TotalSegmentator (Wasserthal et al., 2023) have 
demonstrated broad anatomical coverage but are not specialised for the unique challeng-
es of small, low-contrast organs. Zheng and Luo (2023) proposed extension-contraction 
transformations to improve pancreas boundary delineation. A common thread across suc-
cessful pancreas-specific methods is the implicit preservation of spatial resolution through 
coarse-to-fine strategies; however, no prior work has explicitly studied the resolution-ver-
sus-complexity trade-off.

2.2. Resolution and complexity in medical image segmentation

The tension between spatial resolution and model complexity has been a recurring theme in 
medical image segmentation. The fully convolutional network (Long et al., 2015) established 
the encoder-decoder paradigm, and U-Net (Ronneberger et al., 2015) refined it with skip con-
nections for fine-grained localisation. V-Net (Milletari et al., 2016) and 3D U-Net (Çiçek et al., 
2016) extended this to volumetric data, but the cubic growth of 3D convolutions necessitates 
aggressive input downsampling. For a typical abdominal CT volume of 512 × 512 × D voxels, 
processing the full resolution in 3D requires memory that scales as O(L³), making it impractical 
on standard clinical GPUs without resolution reduction.

DeepLab (L.-C. Chen et al., 2018) introduced atrous (dilated) convolutions to maintain 
spatial resolution without pooling, though its adoption in 3D medical imaging remains limit-
ed due to the computational overhead of dilated 3D convolutions. The nnU-Net framework 
(Isensee et al., 2021) demonstrated that self-configuring pipelines with careful preprocessing 
and training strategies consistently outperform hand-tuned architectures, achieving near-
state-of-the-art results across diverse medical segmentation tasks. However, even nnU-Net’s 
self-configuration often selects reduced input resolutions when GPU memory is constrained. 
Despite these advances, the fundamental trade-off between input resolution and model 
capacity remains underexplored for small-organ applications, where the loss of boundary 
information from downsampling may be severe.
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2.3. Vision transformers and foundation models

The vision transformer (Dosovitskiy et  al., 2021) demonstrated that pure self-attention 
mechanisms can rival CNNs on natural image recognition, but typically require massive 
pre-training datasets. TransUNet (J. Chen et al., 2024) hybridised a CNN encoder with trans-
former layers for medical images, while Swin-UNet (Cao et  al., 2023) proposed a pure 
transformer U-shaped architecture with shifted-window attention. UNETR (Hatamizadeh 
et al., 2022) applied vision transformers directly to 3D medical image segmentation. Most 
recently, foundation models such as the Segment Anything Model (SAM) (Kirillov et al., 
2023) and its medical adaptation MedSAM (Ma et  al., 2024) have demonstrated broad 
segmentation capabilities, though their effectiveness on small, low-contrast anatomical 
structures remains underexplored. Despite their massive scale, these models operate at 
fixed internal resolutions and their aggressive patch embeddings (typically 16 × 16) discard 
fine-grained spatial information.

2.4. Semi-supervised learning for medical image segmentation

The scarcity of voxel-level annotations is a known bottleneck in medical imaging (Yang et al., 
2023; Jiao et al., 2024). Consistency regularisation has emerged as a dominant paradigm: the 
mean teacher framework (Tarvainen & Valpola, 2017) enforces prediction consistency be-
tween a student and its exponential moving average (the teacher) under input perturbations. 
L. Yu et al. (2019) introduced uncertainty-aware self-ensembling (UA-MT), filtering unreliable 
teacher predictions via Monte Carlo dropout uncertainty estimates. On the pseudo-labelling 
front, FixMatch (Sohn et al., 2020) combined consistency regularisation with confidence-based 
thresholding, while cross-pseudo supervision (CPS) (X. Chen et al., 2021) employs dual net-
works that generate pseudo-labels to supervise each other. Luo, Hu, et al. (2022) proposed 
cross-teaching between CNN and transformer networks for semi-supervised medical segmen-
tation. However, no prior work has combined resolution-preserving input strategies with SSL 
for small-organ segmentation, which we address in this study.

3.	Methodology

The proposed framework, summarised in Figure 1, comprises five stages: domain-specific HU 
windowing of native 512 × 512 CT slices, 256 × 256 patch extraction that preserves the orig-
inal voxel spacing, training of a lightweight 2D U-Net (with optional UA-MT semi-supervised 
consistency loss on unlabelled patches), sliding-window inference with Gaussian blending, 
and 3D volume reconstruction.

Each stage is designed to preserve native spatial detail until the final reconstruction, 
so that boundary information is never discarded through early downsampling. The remain-
ing subsections describe the dataset, the resolution-preservation strategy, the network, the 
semi-supervised extension, the training protocol, and the evaluation metrics in turn.
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3.1. Data and preprocessing

We used the public Medical Segmentation Decathlon (MSD) Task07 Pancreas dataset (An-
tonelli et al., 2022), consisting of 281 contrast-enhanced portal venous phase abdominal CT 
volumes with voxel-level annotations for both pancreatic parenchyma and tumour. Following 
standard practice for pancreas segmentation benchmarks, we merged the parenchyma and 
tumour labels into a single binary foreground class (pancreas vs. background). The native axial 
resolution is 512 × 512 pixels with variable slice thickness ranging from 1.0 to 2.5 mm. We 
partitioned the dataset into 271 volumes for training, 10 for validation, and 4 held-out test 

Figure 1. Flowchart of the proposed high-resolution patch-based pancreas 
segmentation pipeline, drawn in standard flowchart notation (ISO 5807 / ANSI); symbol 
definitions are provided in the Notations section
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volumes for final 3D volumetric evaluation. After extracting 2D axial slices containing pan-
creatic tissue, the training set yielded 9,798 image-mask pairs. For cross-dataset evaluation, 
we additionally acquired the external TCIA Pancreas-CT dataset (N = 80) (Clark et al., 2013), 
collected at a different clinical site using different scanner protocols.

3.2. Resolution preservation strategy

Standard abdominal windowing clips HU values to [–100, 240]. We empirically identified and 
applied an optimised window of [–125, 275], which better captures the low-contrast pan-
creatic boundaries, yielding a +5.0% absolute Dice improvement. Instead of downsampling 
the native 512 × 512 axial slices, we employed a patch-based extraction strategy. During 
training, 256 × 256 patches were randomly cropped from the native-resolution slices, serving 
simultaneously as a data augmentation mechanism through spatial jittering. This approach 
preserves the original voxel spacing (≈0.7 mm × 0.7 mm) and allows the network to learn 
from uncompromised pixel data while maintaining manageable GPU memory footprints. Dur-
ing inference, a sliding-window approach with a stride of 128 pixels was used to reconstruct 
the full 512 × 512 probability map, with Gaussian weighting applied to smooth overlapping 
predictions at patch boundaries.

3.3. Network architecture

The framework employs a standard 2D U-Net (Ronneberger et al., 2015) adapted for high-res-
olution patch-based segmentation. The encoder consists of four downsampling levels, each 
featuring two consecutive 3 × 3 convolutional layers with ReLU activation, followed by 2 × 2 
max-pooling. Feature channels progress from 32 to 64, 128, 256, and 512 at the bottleneck. 
The decoder mirrors the encoder, using 2 × 2 transposed convolutions for upsampling. Skip 
connections concatenate corresponding encoder features with decoder maps to recover fine 
spatial details. The final layer is a 1 × 1 convolution with sigmoid activation, producing a 
pixel-wise probability map. The total network comprises approximately 7.8M trainable pa-
rameters, deliberately lightweight to isolate the effect of input resolution from architectural 
complexity. The choice of a standard U-Net is intentional: more complex architectures would 
confound the analysis of whether performance gains arise from resolution preservation or 
architectural innovation. The moderate model capacity is well-matched to the 256 × 256 input 
patches, avoiding both underfitting and the overfitting risks associated with overparameter-
ised models on limited medical datasets.

3.4. Semi-supervised learning framework

To address the clinical bottleneck of voxel-level annotation, we investigated the annota-
tion efficiency of three SSL paradigms. The mean teacher (MT) (Tarvainen & Valpola, 2017) 
enforces MSE consistency between a student model and the exponential moving average 
(EMA) of its own weights on unlabelled data. The uncertainty-aware mean teacher (UA-MT) 
(L. Yu et al., 2019) extends MT by using Monte Carlo dropout (T = 8 stochastic passes) to 
estimate the teacher’s epistemic uncertainty, with the student learning only from regions 
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where the teacher is highly confident. Cross-pseudo supervision (CPS) (X. Chen et al., 2021) 
trains two independently initialised networks that generate pseudo-labels to supervise each 
other. We additionally evaluated FixMatch (Sohn et al., 2020), which combines weak-strong 
augmentation consistency with hard pseudo-labelling at a confidence threshold of τ = 0.95, 
to compare consistency-based and pseudo-labelling paradigms. For semi-supervised exper-
iments, we fixed the validation and test sets and partitioned the 271-volume training pool 
into labelled and unlabelled subsets at 10%, 25%, and 50% ratios, with nested splits ensuring 
fair comparison.

3.5. Training details

All experiments were conducted on an NVIDIA Tesla V100 GPU (32 GB) on a university HPC 
cluster, using TensorFlow 2.x. Models were optimised with Adam (learning rate = 10⁻⁴) for 
100 epochs with batch size 32. The training set of 9,798 patch-mask pairs was shuffled at 
each epoch. Binary cross-entropy (BCE) served as the primary supervised loss function. We 
additionally evaluated a combined Dice+BCE loss to assess whether directly optimising for 
volumetric overlap provides benefits for the extreme class imbalance inherent to pancreas 
segmentation (<0.5% foreground). The nnU-Net baseline used its self-configured settings 
(SGD optimiser, polynomial learning rate schedule, Dice+cross-entropy loss) for 1,000 epochs 
in its 3d_fullres configuration. For semi-supervised experiments, the EMA decay coefficient 
was set to α = 0.999; UA-MT employed dropout rate 0.1 in all convolutional blocks for Monte 
Carlo uncertainty estimation with T = 8 stochastic forward passes. The consistency weight λ 
was ramped sigmoidally to a maximum of 10.0 over the first 40 epochs, allowing the student 
to first learn basic representations from labelled data before incorporating the teacher’s 
consistency signal. No additional data augmentation beyond random patch cropping was 
applied, isolating the effect of resolution preservation from augmentation strategies.

3.6. Evaluation metrics

We report the Dice similarity coefficient (DSC) for volumetric overlap, intersection over union 
(IoU) for training monitoring, the 95th-percentile Hausdorff distance (HD95) for boundary 
delineation quality, and the average symmetric surface distance (ASD). HD95 measures the 
95th percentile of symmetric surface distances between predicted and ground-truth bound-
aries, providing a reliable estimate of worst-case boundary error while being less sensitive to 
outlier voxels than the standard Hausdorff distance.

4.	Results

4.1. Preprocessing and resolution

Our initial experiments isolated the effect of HU windowing on segmentation accuracy. The 
standard abdominal window [–100, 240] achieved an average Dice of 0.765, while the opti-
mised pancreas-specific window [–125, 275] improved the average to 0.815, an absolute gain 
of +5.0%. The improvement was most pronounced on the challenging Pancreas 005 case 
(+15.46% Dice), where the pancreas boundary is particularly ambiguous due to low contrast 
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with surrounding fat and vascular structures. This confirms the sensitivity of CNNs to input 
intensity distributions and supports the value of domain-specific preprocessing as a first-or-
der optimisation, before any architectural modifications.

To isolate the impact of input resolution from architectural complexity, we conducted an 
ablation study using the identical 7.8M U-Net architecture across three input configurations. 
The 128 × 128 full-slice model converged rapidly but stagnated at a validation IoU of 0.304. 
The 256 × 256 full-slice model showed only marginal improvement, reaching 0.311 IoU. Both 
substantially underperformed the patch-based model (≈0.69 IoU), a 55% relative degradation. 
This indicates that the pancreas is effectively “lost” to the network when native resolution is 
compromised. The global context provided by seeing the entire abdomen in the downsampled 
slices could not compensate for the loss of local boundary texture at the sub-millimetre level.

To provide theoretical grounding for this empirical result, we analysed the spatial frequen-
cy content of CT slices using 2D Fourier transform analysis. Downsampling acts as a low-pass 
filter that irreversibly destroys high-frequency components encoding fine structural details 
such as organ boundaries and tissue texture. The mean boundary edge strength (measured 
via Sobel analysis at the pancreas boundary) decreases from 0.436 at native resolution to 
0.345 at 256 × 256 (–21%) and 0.269 at 128 × 128 (–38%). This progressive degradation 
of boundary contrast directly explains the IoU collapse: the pancreas boundary becomes 
indistinguishable from surrounding tissue at reduced resolutions. Figure 2 shows the corre-
sponding validation IoU curves.

Taken together, the ablation and the frequency-domain analysis indicate that resolution 
loss, rather than limited model capacity, is the dominant cause of the performance gap. This 
motivates the patch-based design that we next compare against established segmentation 
methods.

Figure 2. Validation IoU curves for the resolution ablation study
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4.2. Comparison with established methods and computational cost

Table 1 and Figure 3 summarise the comparison across all evaluated methods. The patch-based 
CNN achieved 0.809±0.015 Dice across four independent runs (peak 0.849), competitive with 
nnU-Net (0.823 Dice, 88M parameters, 1,000 epochs) while using 11× fewer parameters and 
10× fewer training epochs. The vision transformer baseline (4.7M parameters) trained from 
scratch on identical patches achieved only 0.390 IoU; this comparison primarily demonstrates 
that transformers require large-scale pretraining to be effective on small medical datasets 
(N < 300), rather than an inherent architectural inferiority. SAM ViT-B achieved 0.705 Dice with 
ground-truth bounding-box prompts (best-case scenario), and MedSAM scored only 0.439 de-
spite being fine-tuned on 1.5M medical image-mask pairs. Without prompts, SAM collapsed to 
0.097. These results indicate that foundation models, despite their massive scale (91M parame-
ters), do not overcome the resolution limitation for small-organ segmentation.

Table 1. Quantitative comparison on MSD Task07 Pancreas (*patches from native 512 × 512 slices; 
†IoU metric)

Method Input res. Labelled Params (M) Dice ↑ Dataset

nnU-Net Auto 100% 88.0 0.823 MSD
SAM ViT-B (bbox) Fixed 100% 91.0 0.705 MSD
MedSAM (bbox) Fixed 100% 91.0 0.439 MSD
ViT baseline 256²* 100% 4.7 0.390† MSD
Ablation 256² 256² 100% 7.8 0.311† MSD
Ablation 128² 128² 100% 7.8 0.304† MSD
Ours (multi-seed) 256²* 100% 7.8 0.809±0.015 MSD
Ours (best run) 256²* 100% 7.8 0.849 MSD
UA-MT 50% 256²* 50% 7.8 0.803 MSD

Note: SAM/MedSAM use ground-truth bounding-box prompts (best-case). Resolution-ablation rows use the same 7.8M 
U-Net on downsampled full slices, isolating the effect of resolution from architecture.

Figure 3. Model comparison on MSD Task07 Pancreas (error bars: standard deviation across four runs)
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Beyond accuracy, the practical cost of each model determines its clinical applicability. 
Table 2 reports the parameter count, training budget, and inference time per volume.

Table 2. Computational efficiency (parameters, training epochs, inference time per volume)

Method Params (M) Epochs Inf. time / vol.

nnU-Net 88.0 1,000 N/A
SAM ViT-B 91.0 Pre-trained ≈15 s
Ours (patch U-Net) 7.8 100 ≈7 s

The lightweight footprint enables practical deployment: the model fits comfortably with-
in the memory of a single commodity GPU and completes a full volume in roughly seven 
seconds, roughly twice as fast as the foundation-model baseline. Competitive accuracy is 
therefore obtained without the hardware burden typically associated with high-performing 
pancreas segmentation.

4.3. Annotation efficiency via semi-supervised learning

Table 3 and Figure 4 present the SSL annotation efficiency results. UA-MT consistently dom-
inates across all data regimes. At just 10% labelled data (27 volumes), UA-MT (0.397 IoU) 
approaches the performance of mean teacher at 25% (0.396 IoU), effectively halving the 
required annotation effort. At the 25% ratio, UA-MT (0.484 IoU) outperforms mean teacher 
at 50% (0.457 IoU). CPS requires a larger labelled set to stabilise; at 10% and 25%, mutual su-
pervision between two weakly-initialised networks leads to representation collapse, and only 
at 50% did CPS reach 0.400 IoU. For interpretability, Table 3 and Figure 4 report validation-set 
metrics (best IoU and the corresponding approximate Dice, respectively) used for model 
selection across label budgets; these differ from the held-out 3D volumetric test Dice of the 
champion models reported in Table 4 (for example, 0.803 for UA-MT at 50%).

To verify that UA-MT’s superior performance is not an artefact of a single favourable 
initialisation, we repeated the UA-MT 50% experiment across three independent seeds (42, 
123, 456). The resulting validation IoU values were 0.468, 0.469, and 0.447, yielding a mean 
of 0.462±0.012. The low variance confirms that UA-MT’s dominance is reproducible and not 
attributable to initialisation sensitivity.

Table  4 presents the per-case 3D Dice scores for the champion models, and Figure 5 
shows the corresponding qualitative segmentation overlays on the most challenging case 
(Pancreas 005). The supervised model achieved 0.809±0.015 across four independent runs. 
The UA-MT model trained on only 50% of labels reached 0.803±0.091, recovering 99.3% of 

Table 3. SSL annotation efficiency: best validation IoU at each label budget

Method 10% (27 vols) 25% (67 vols) 50% (135 vols)

Mean teacher 0.194 0.396 0.457
CPS 0.246 0.333 0.400
UA-MT 0.397 0.484 0.479
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the supervised mean with half the annotation effort. On the most challenging case (Pancreas 
005), UA-MT (0.716) actually outperforms the fully supervised model (0.662), suggesting that 
uncertainty filtering provides a stronger learning signal for ambiguous medical boundaries 
than labelled data alone. In contrast, the pseudo-labelling baseline FixMatch reached only 
0.687 Dice at the 50% budget, well below all three consistency-based methods; we examine 
this gap in Section 4.

To characterise boundary delineation quality beyond volumetric overlap, Table 5 reports 
the HD95  and ASD metrics. The supervised model with Dice+BCE loss achieved the best 
boundary accuracy (HD95: 7.40 mm, ASD: 2.51 mm). The UA-MT model maintained com-
petitive boundary quality (HD95: 9.54  mm), consistent with its strong Dice performance. 
The mean teacher exhibited a substantially elevated HD95 of 18.31 mm, driven by a large 
boundary error on Pancreas 006 (HD95: 45.40 mm).

Across all label budgets, UA-MT thus preserves both volumetric overlap and boundary 
fidelity, whereas the alternative semi-supervised schemes trade one for the other. These 
results establish UA-MT as the most reliable configuration before we examine its behaviour 
across the full population and on external data in the next subsection.

Figure 4. Annotation efficiency: approximate Dice as a function of labelled-data budget for the 
three SSL paradigms

Table 4. Volumetric 3D Dice scores per held-out test case (*mean across four runs). For the 
supervised configuration, Mean ± Std reports the mean and standard deviation across the 
four independent runs; for the semi-supervised configurations, it reports the mean and sample 
standard deviation across the four test cases

Configuration 001 004 005 006 Mean ± Std

Supervised* 0.907 0.829 0.662 0.836 0.809±0.015
UA-MT 50% 0.892 0.881 0.716 0.724 0.803±0.096
MT 50% 0.900 0.850 0.648 0.636 0.759±0.136
CPS 50% 0.899 0.791 0.596 0.582 0.717±0.154
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4.4. Cross-validation, generalisation, and robustness

To provide a statistically rigorous, population-level performance estimate, we conducted pa-
tient-level 5-fold cross-validation across all 281 MSD volumes. Each fold trained on approx-
imately 224 patients and evaluated on the remaining 56–57 using full 3D sliding-window 
inference. Table 6 presents the per-fold results.

The population-level mean Dice of 0.630±0.025 is lower than the 0.809±0.015 reported 
on the four held-out test cases. This gap is expected and warrants careful interpretation: 
the 5-fold evaluation encompasses the full spectrum of anatomical difficulty present in the 
MSD dataset, including extreme cases with atypical pancreatic morphology, very small organ 
volumes, or unusual positioning that yield per-volume Dice as low as 0.06. In contrast, the 
four held-out test cases represent moderate-to-easy anatomy. The low cross-fold standard 
deviation (0.027) confirms that the training procedure is stable and that performance variation 
is driven by patient difficulty rather than training stochasticity. This population-level estimate 
is more representative of expected real-world deployment performance and aligns with the 

Figure 5. Qualitative comparison on the challenging Pancreas 005 case. Columns (left to right): 
CT image, ground truth, ablation (256×256), supervised (SOTA, 100% labels), UA-MT (25%), 
mean teacher (50%), UA-MT (50%)

Table 5. Boundary delineation quality (HD95 and ASD) on the four test cases. The Supervised 
(BCE) row is the single checkpoint carried into this boundary analysis; its four-case mean Dice 
(0.815) therefore differs from the four-run mean of 0.809±0.015 reported in Tables 1 and 4.  
All ± values are SD across the four cases

Method Mean Dice HD95 (mm) ASD (mm)

Supervised (BCE) 0.815 9.35±2.21 2.97±0.73
Supervised (Dice+BCE) 0.824 7.40±3.65 2.51±1.35
UA-MT 50% 0.803 9.54±3.88 3.08±1.40
Mean teacher 50% 0.759 18.31±15.88 4.20±2.13
CPS 50% 0.717 11.29±3.78 3.39±1.21
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well-documented observation that pancreas segmentation remains inherently challenging 
across the full patient spectrum.

We additionally evaluated a combined Dice+BCE loss against the standard BCE-only for-
mulation. Contrary to expectations, the Dice+BCE model achieved an average 3D Dice of 
0.824, comparable to the BCE-only multi-seed mean (0.809±0.015) but lower than the best 
BCE-only run (0.849). The per-case analysis reveals that Dice+BCE degrades performance 
on the hardest case, Pancreas 005 (0.632 vs. 0.662 for BCE-only), while showing marginal 
improvements on easy cases. We attribute this to the interaction between the Dice loss gra-
dient and the extreme class imbalance: on slices where the pancreas is very small, the Dice 
loss exhibits high gradient variance, introducing instability. This result supports the broader 
thesis that for small-organ segmentation, standard losses with appropriate resolution and 
preprocessing are more effective than sophisticated loss engineering.

To evaluate domain robustness, we performed zero-shot inference on 80 external TCIA 
Pancreas-CT volumes (Clark et al., 2013) without any retraining or domain adaptation. The 
fully supervised model achieved 0.544±0.165 Dice, while UA-MT (50% labels) achieved 
0.603±0.167 Dice, outperforming the supervised model by +5.9% absolute. This counter-in-
tuitive result suggests that consistency regularisation on unlabelled data acts as an implicit 
domain regulariser, preventing overfitting to the source domain and learning more trans-
ferable anatomical representations. The single failure case (Dice = 0.000) was traced to an 
extreme anatomical variant with atypical pancreatic positioning.

Finally, a common failure mode for 2D medical imaging models is slice-wise instability, 
where the network produces inconsistent predictions on adjacent axial slices, leading to 
jagged 3D reconstructions. We quantified spatial stability by computing the 2D Dice score 
for every axial slice within representative test volumes. For the in-domain MSD Case 001, 
the model achieved a mean slice-wise Dice of 0.913 with a standard deviation of only 0.076, 
confirming highly stable predictions across the axial span. For the external TCIA Case 052, 
we observed a mean slice-wise Dice of 0.722 with a standard deviation of 0.246, reflecting 
the increased difficulty of cross-domain generalisation. The absence of complete failures 
(Dice  ≈ 0) in the middle of either organ volume indicates that the high-resolution patch 
approach effectively captures the local continuity of the pancreas across the Z-axis, despite 
processing each slice independently.

Table 6. Five-fold cross-validation results (3D volumetric Dice across all 281 MSD volumes). 
Overall is the population mean over all 281 out-of-fold predictions, with the sample SD across 
the five fold means; per-fold Std is the within-fold SD of per-volume Dice (population)

Fold N (validation) Mean Dice Std

Fold 0 57 0.633 0.150
Fold 1 56 0.590 0.175
Fold 2 56 0.660 0.150
Fold 3 56 0.637 0.163
Fold 4 56 0.628 0.173
Overall 281 0.630±0.025 –
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5.	Discussion

The results of this study provide consistent evidence that spatial resolution preservation is 
the single most impactful factor for pancreas segmentation from CT images. The IoU col-
lapse from 0.69 to approximately 0.31 when downsampling, despite the use of an identical 
network architecture, shows clearly that the information destroyed by resolution reduction is 
not recovered by architectural sophistication alone. The Fourier analysis provides a principled 
explanation: downsampling acts as a low-pass filter that disproportionately attenuates the 
high-frequency boundary signals (38% edge strength loss at 128 × 128) that are essential for 
delineating the pancreas from adjacent soft tissues of similar radiodensity.

The 11.6% Dice gap between UA-MT (0.803) and FixMatch (0.687) illuminates a funda-
mental mismatch between hard pseudo-labelling and the nature of pancreatic boundaries. 
FixMatch’s confidence threshold (τ = 0.95) is designed for tasks with clear class boundaries, 
but pancreas-duodenum interfaces exhibit gradual intensity transitions where model confi-
dence rarely exceeds this threshold. Consequently, FixMatch discards most of the learning 
signal from unlabelled boundary regions. UA-MT addresses this through two complementary 
mechanisms: the EMA teacher provides temporally-smoothed predictions that are inherently 
more stable than single-pass outputs, and the uncertainty weighting (via T = 8 MC dropout 
passes) down-weights genuinely noisy voxels while still propagating gradients from uncertain 
but informative boundary regions.

The finding that UA-MT generalises better than full supervision on the external TCIA 
dataset (0.603 vs. 0.544 Dice) has important clinical implications. It suggests that hospitals 
deploying semi-supervised models trained with partial annotations can expect more reliable 
performance across different scanner protocols and patient populations than with fully super-
vised alternatives. The consistency regularisation effectively acts as a domain generaliser: by 
enforcing prediction stability under perturbations on unlabelled data from the source domain, 
the model learns to extract features that are invariant to intensity shifts, noise characteristics, 
and resolution differences that distinguish one scanner from another.

The 5-fold cross-validation results (0.630±0.025 population-level Dice) provide a more 
conservative assessment of expected real-world performance than the 0.809 reported on four 
held-out test cases. The population-level estimate includes the full difficulty spectrum of the 
MSD dataset, with per-volume Dice ranging from 0.06 to 0.89. The low cross-fold standard 
deviation confirms that the training procedure is stable, and the performance variance is 
inherent to the anatomical difficulty of individual cases rather than to training instability.

The HD95 analysis reveals complementary information to the Dice metric. While the Dice+BCE 
loss achieved the best boundary accuracy (HD95: 7.40 mm), the mean teacher exhibited a pro-
nounced boundary error on Pancreas 006 (HD95: 45.40 mm), producing a large false-positive 
island distant from the true organ. Multi-metric evaluation is therefore necessary in medical 
image segmentation: a model can achieve acceptable volumetric overlap while producing clini-
cally unacceptable boundary errors. For surgical planning applications, where precise boundary 
delineation determines resection margins, HD95 may be more clinically relevant than Dice.

From a practical standpoint, the framework offers several advantages for clinical deploy-
ment. The lightweight architecture (7.8M parameters) enables inference on modest GPU 
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hardware, the patch-based strategy naturally handles variable input sizes without resizing, 
and the semi-supervised capability addresses the fundamental scalability bottleneck of expert 
annotation. The finding that UA-MT generalises better than full supervision is particularly 
relevant for federated learning scenarios, where models must perform consistently across 
heterogeneous scanner configurations and patient populations.

6.	Conclusions

This study examined the common practice of employing increasingly complex, memory-in-
tensive architectures for medical image segmentation at the expense of native spatial reso-
lution. Through controlled ablation studies on pancreas segmentation from CT images, we 
demonstrated three key findings. First, downsampling CT volumes from native 512 × 512 
resolution to 256 × 256 or 128 × 128 causes a marked collapse in segmentation fidelity (IoU 
dropping from 0.69 to approximately 0.31), with Fourier analysis confirming 38% boundary 
edge strength loss. Second, a simple patch-based 2D CNN (0.809±0.015 Dice, 7.8M param-
eters) achieves competitive performance with nnU-Net (0.823 Dice, 88M parameters) while 
substantially outperforming vision transformers and foundation models, and 5-fold cross-val-
idation across all 281 volumes confirmed stable training with a population-level Dice of 
0.630±0.025. Third, combining resolution preservation with UA-MT semi-supervised learning 
recovers 99.3% of supervised performance using only 50% of labelled data (HD95: 9.54 vs. 
9.35 mm), with reproducible results across three seeds (σ = 0.012), while providing superior 
domain generalisation on 80 external TCIA volumes (0.603 vs. 0.544 Dice).

Several limitations should be acknowledged. The framework operates on 2D axial slices 
and ignores inter-slice continuity. Preliminary extension to multi-class segmentation (back-
ground, pancreas parenchyma, and tumour) revealed that while pancreas Dice remained 
comparable (0.673), the tumour class achieved a Dice of only 0.035, indicating that dedicated 
architectures with class-aware loss functions and volumetric context are needed for tumour 
detection. Future work should explore 2.5D approaches incorporating multi-slice context 
while maintaining native in-plane resolution.

These findings collectively advocate for a data-centric paradigm in small-organ segmenta-
tion, where spatial fidelity and domain-specific preprocessing take precedence over architec-
tural complexity. While the current study focuses on the pancreas, the resolution-preservation 
hypothesis is likely generalisable to other small, low-contrast anatomical structures such as 
the adrenal glands, gallbladder, and pancreatic duct. Combining the resolution-preserving 
framework with active learning, so that annotators are guided to the volumes most informa-
tive for the model under a fixed budget, is a natural next step for clinical deployment.
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