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Abstract

Colorectal cancer is a significant health concern that can often be prevented through early
detection of precancerous polyps during routine screenings. Although artificial intelligence
(AI) methods have shown potential in reducing polyp miss rates, clinical adoption remains
limited due to concerns over patient privacy, limited access to annotated data, and the
high cost of expert labeling. To address these challenges, we propose an unsupervised
domain adaptation (UDA) approach that leverages a fully synthetic colonoscopy dataset,
SynthColon, and adapts it to real-world, unlabeled data. Our method builds on the
DAFormer framework and integrates a Transformer-based hierarchical encoder, a context-
aware feature fusion decoder, and a self-training strategy. We evaluate our approach on the
Kvasir-SEG and CVC-ClinicDB datasets. Results show that our method achieves improved
segmentation performance of 69% mloU compared to the baseline approach from the
original SynthColon study and remains competitive with models trained on enhanced
versions of the dataset.

Keywords: unsupervised domain adaptation; polyp segmentation; domain shift; mix
vision transformer; self-training; synthetic medical data

1. Introduction

Colorectal cancer is a very common and dangerous type of cancer that begins in the
areas of the colon or rectum, with the risk of developing it estimated to be 1 in 24 in men
and 1 in 26 in women [1]. At the same time, early-stage detection dramatically improves
the survival outcome of the patient [2]. Patients diagnosed at Stage 1 have a survival rates
of approximately 90%, which falls to just 10% for Stage 4 [3].

Diagnosis is typically made by colonoscopy screening [4]. However, this procedure can
be very time consuming and prone to errors. In [5], a false negative rate of 8% was reported
in colonic screenings, with the majority of errors attributed to human error. Artificial
intelligence-powered computer-aided detection and diagnosis (AI-CAD) systems have the
potential to assist with real-time polyp detection and segmentation during endoscopy by
significantly reducing miss rates and improving consistency across operators [6].

One of the main challenges in applying Al to medicine is data scarcity, as medi-
cal datasets often come from clinical trials or small-scale collaborations [7]. As a result,
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they tend to be limited in size and lack the demographic diversity needed for broad
generalization [8].

Obtaining high-quality annotated datasets is another major bottleneck [9], since it
requires the contribution of expert healthcare professionals. Moreover, there are significant
concerns regarding data privacy, particularly when working with real patient data [10],
which are governed by comprehensive legal frameworks such as the EU’s General Data
Protection Regulation (GDPR) [11].

Lastly, real-world datasets are collected using different imaging devices and settings.
This introduces domain shifts that degrade the performance of models trained on one
dataset when applied to another [12]. These factors make it difficult to train robust segmen-
tation models for real-world deployment.

Thus, our objective is to develop a robust segmentation pipeline capable of segmenting
polyps in colonoscopy images while addressing the challenges described above. To this end,
we hold the assumption that access to annotation is completely unavailable. To address
the issue of domain shift, we employ a method with strong generalization capabilities.
Additionally, by avoiding the use of labeled patient data, our approach mitigates concerns
related to data privacy regulations.

Although several methods exist to improve model robustness across domains, includ-
ing single domain generalization [13], semi-supervised learning [14], and data augmenta-
tion strategies [15], this paper explores unsupervised domain adaptation (UDA). The main
advantage of UDA is that it achieves high performance in an unlabeled target domain, as is
the case here.

We use Synth-Colon [16], a large synthetic dataset generated using computer graphics
and refined via CycleGAN-style transfer [17], as our source domain. The target domain
need not be fixed; in this work, we primarily evaluate our method on Kvasir-SEG [18], a
widely used and publicly available endoscopic dataset. In this manner, we demonstrate
that it is possible to leverage knowledge from a fully synthetic dataset, which can be
significantly larger than a typical real-world one, and it comes with easily obtainable masks.
This knowledge can be used to train a model on real-world datasets relevant to endoscopic
image analysis, even in the absence of annotations.

The network and UDA framework are built on DAFormer [19], a state-of-the-art
architecture for unsupervised domain adaptation. It combines a variant of the Vision
Transformer (ViT) backbone with a confidence-based pseudo-label generation strategy.
DAFormer has demonstrated strong performance in multiclass segmentation tasks, such as
those related to autonomous driving.

Our work is organized as follows:

*  InSection 2, we discuss recent advancements in Transformer architectures in computer
vision, review various polyp segmentation methods, and give an overview of available
UDA methodologies.

* In Section 3, we provide a detailed explanation of how we utilized the SynthColon
and UDA methodologies.

* In Section 5, we evaluate DAFormer under different scenarios and compare it with
other architectures and under different target datasets.

*  In Section 6, we reflect on the insights gained through extensive experimentation.

¢ In Section 7, we summarize our findings and propose potential directions for fu-
ture work.

To ensure the reproducibility of our research, our code and dataset splits are pub-
licly available on Zenodo (https://doi.org/10.5281/zenodo.17007712, accessed on 30
August 2025).
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2. Background and Related Work
2.1. Transformers

Transformers were introduced in [20] and revolutionized the field of Natural Language
Processing, with the Multi-Head Self-Attention mechanism (MHSA). Recognizing that
images could similarly benefit from modeling global relationships, researchers extended the
self-attention mechanism to computer vision. The Vision Transformer (ViT) [21] architecture
was the first successful attempt to apply a pure Transformer model to the task of image
classification. While the Vision Transformer (ViT) [21] was largely successful in image
classification, its flat, non-hierarchical structure and global attention mechanism made it
less suitable for dense prediction tasks like semantic segmentation due to limited spatial
resolution, high computational cost, and need for extensive pretraining. To address this,
several hierarchical Transformer variants were proposed. Pyramid Vision Transformers
(PVTs) [22] and Mix Vision Transformers (MiTs) [23] introduced multi-stage architectures
with progressively reduced spatial dimensions, similar to CNNs, enabling multi-scale
feature extraction. MiTs also adopted overlapping patches to preserve local continuity.
Both PVTv2 [24] and MiTs integrated convolutional layers into their feed-forward networks
to enhance spatial inductive bias. Swin Transformer [25] further reduced complexity by
applying self-attention within local windows and enabling global interaction through a
shifted window scheme.

2.2. Polyp Segmentation

Various architectures for the semantic segmentation of intestinal polyps have been
proposed and evaluated on datasets like Kvasir-SEG [18] and CVC-ClinicDB [26]. Earlier
networks utilized CNNs in an encoder-decoder design, including the popular U-Net [27]
and its variants [18,28-30], with or without skip connections [31]. Further improvements
came through specialized attention modules [32,33], which enhanced decoder performance
in challenging regions like boundaries. Recently, Transformer-based models have been
explored extensively—either in hybrid architectures [34] or as standalone feature extrac-
tors [35-38]. Vision Transformer variants are often chosen for their ability to capture global
information early on via self-attention, allowing every patch to attend to every other [21].
In contrast, CNNs focus first on local patterns and gradually build up global context.
While this global perspective gives ViTs an edge in generalization across domains, it also
introduces challenges. Self-attention may over-mix unrelated regions, leading to uniformly
distributed attention weights and degraded focus. Consequently, ViTs often require heavy
pretraining or strong augmentation strategies to counteract the lack of built-in locality.

Foundational models have also begun to gain traction in polyp segmentation. For
example, ref. [39] introduces a conditional mask loss that adapts to the type of annotation
available for each training sample. Similarly, the Segment Anything Model (SAM) [40]
has been extensively studied as a foundational approach for segmentation tasks. It shows
strong performance on natural images, without fine-tuning, and it performs poorly in the
medical domain, particularly on endoscopic data [41]. Most SAM-based approaches for
polyp segmentation therefore either fine-tune the mask decoder on polyp datasets [42]
or adapt the prompting strategy to better capture polyp boundaries [43,44]. In addition,
zero-shot [45] and weakly supervised adaptations of SAM [46] have been explored. Despite
their rising potential, SAM-based methods have not achieved state-of-the-art results in
the task of polyp segmentation. Furthermore, they require labeled data or user-provided
prompts in the form of bounding boxes and points. Thus, they do not address the fully
automatic unsupervised domain adaptation setting considered in this work.
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2.3. Unsupervised Domain Adaptation (UDA)

A model trained on one dataset often experiences a drop in performance when evalu-
ated on another, even if the datasets are semantically similar. This is due to the domain
shift between their underlying data distributions. In Unsupervised Domain Adaptation
(UDA), the distribution the model is trained on is called the source domain—typically large
and annotated—while the target domain is unlabeled, and UDA methods assume no access
to its annotations.

UDA approaches can broadly be divided into two categories: adversarial methods
and self-training methods. Adversarial methods employ Generative Adversarial Networks
(GANSs) [47] to align the distributions of the source and target domains. This alignment can
occur at various levels, including the input level [48], feature level [49], output level [50],
and patch level [51].

Synth-Colon, which is discussed in detail in a later section, is an example of input-
level domain alignment. It transforms images from the source domain to resemble those
of the target domain using a CycleGAN [17], a type of GAN that enables unpaired
image-to-image translation.

Self-training methods rely on the generation of pseudo-labels [52] for the unlabeled
target domain, which are then iteratively refined during training. The quality of these
pseudo-labels is progressively improved through confidence-based filtering strategies.
These strategies may include binary filtering [53,54], which discards low-confidence predic-
tions; soft filtering, which assigns weights to predictions based on confidence scores [55];
or hybrid approaches that combine elements of both [56].

Another distinction in such methodologies is whether they are offline [57,58] or online.
Online methods often employ teacher-student networks [59] in order to enforce consistency
regularization [60]. In this setup, the teacher is a stable version of the student model that
is updated through Expotential Moving Average and is tasked with generating pseudo-
labels. A common loss is the Mean Squared Error (MSE) between the student and teacher
output. In addition, mixing strategies are used, such as ClassMix [61] in DACS [62] and
ClassDrop in [63].

3. Methodology
3.1. Problem Formulation

Let us define a source domain,

. . N; ; .
Dg = {(xgl),yg'))}izl, g, yPey (1)

where xgi) € Xjs is an input image, ygi) is the corresponding ground truth segmentation
mask, and Ps is the source domain distribution.
We also define a target domain,
_ N Ol
DT = {xt }izl’ Xt PT (2)
where xgi) € X, but the corresponding labels ygi) are not available.
Our goal is the creation of a segmentation model,

fo: X =Y 3

that extracts knowledge from labeled source data Dg and uses them to either generalize or
improve its generalization on an unlabeled target distribution Pr, despite the domain shift
Pg — Pr.
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In the absence of target domain labels, the naive approach would dictate we only
calculate cross-entropy (CE) for the source domain. In our binary problem, for a single
image i, this translates to

HxW

:—'X:[ Nlog fo(x{) V)

+(1- yé“”) log(1 - fo(x{"))]

(4)

Here, binary cross-entropy loss is applied pixel by pixel, then summed over the
whole image.

However, training using this loss function would result in a model overfitted to the
source domain that cannot generalize well to the target.
i)

Thus, most UDA methods suggest introducing an additional term 55, to incorporate

information from the target distribution.
£ =04 5)

In this manner, the model can learn from both the ground truth of the synthetic source
dataset and its own confident guesses on the target dataset. This combination gradually
transfers knowledge from the synthetic domain to the real one.

To compute L1, we opt to follow a self-training (ST) architecture that is state-of-the-art
for the segmentation of street scenes, DAFormer.

In [19], a stable teacher network hy produces pseudo-labels using target domain
data samples:

(i'j): h ()(]C)*l 6
Pr [argcren{%ﬁ} p(¥7’) ©6)
where [...] denotes the Iverson bracket:
1, ifa="b
[a=1b] = , )
0, otherwise

So for the binary problem, p(Ti'j ) = 1if the predicted class is foreground (polyp) or

pgf'j ) = 0ifitis background (intestine). The teacher model follows an EMA model and its
weights are not updated during backpropagation.

The pseudo-labels carry high uncertainty, so we require a confidence measure to guide
training. In the original paper, for the multi-class case, the authors use the ratio of pixels
whose softmax probability exceeds a threshold 7 to the total number of pixels in the image.
In our binary segmentation setting, we modify this by computing the ratio of predicted
polyp pixels whose confidence exceeds T to the total number of pixels predicted as polyp.

Thus, the confidence ratio g (i) for image i, given a confidence threshold 7, is

defined as | P, | si(p) X
N4 eri|silp)>T7
7(0) = EET

where ¢ is a small constant to avoid division by zero when no pixels are predicted as polyp

and s;(p) € [0,1] denotes the confidence (sigmoid probability) of pixel p being a polyp.
Now we compute the unsupervised loss as the binary cross-entropy between the

teacher’s pseudo-labels and the student’s predictions, weighted by the confidence score:

HxW

) = iq W) 1og f ( )(j'c)- ®)

j=1 c=1
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where H x W is the total number of pixels in the image, C is the number of classes, q;’ is
the confidence score for image i, and ng,j “) is the pseudo-label probability for class c at
pixel j in image i.

Self-training methods benefit greatly from augmentations being applied to the target
dataset. In the DACS methodology we follow, the target dataset is augmented with color

jitter, Gaussian blur and flip, as well as ClassMix.

3.2. Synthetic Dataset Generation

We distinguish between two types of synthetic datasets: (1) those generated from
real datasets using generative models such as VAEs or GANs [64], which offer increased
diversity and privacy preservation, and (2) fully synthetic datasets created from scratch
using 3D modeling tools [65,66]. In this work, we utilize SynthColon [16], a fully synthetic
dataset generated with Blender to simulate colonoscopy scenes. Synth Colon is such a
synthetic dataset, created through the use of a 3D modeling software, specifically Blender.
The process involves creating the colon geometry through distorting a cone to simulate
the natural bumps and curves of the colon and adding a small ellipsoid to function as the
polyp. Then, base colors are added in pink and red hues, and finally different types of
lightning are introduced to simulate the light emitted by the endoscope and add depth to the
images. To reduce the domain gap between synthetic and real images, SynthColon applies
a CycleGAN-based image-to-image translation trained on the Kvasir dataset, enhancing
realism by transferring textures, lighting, and dataset-specific artifacts. In Figure 1, we
observe the added realism of the image (b) that is captured after the style-transfer step
compared to the raw 3D image on the left. On the right, the binary mask is shown: as the
polyp is placed by a computer software inside the polyp environment, its location and
shape is known, and thus a mask can be created automatically.

(©
Figure 1. SynthColon dataset: (a) a raw 3D colocoscopy image sample, as produced by the modeling

engine. (b) Image sample after the style-transfer step using CycleGAN. (c) The corresponding
segmentation mask, where the polyp region is highlighted in white.
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CUT-Seg [67] also proposes a style transfer approach for adapting synthetic colonoscopy
data to real domains. While SynthColon relies on CycleGAN-based two-sided consis-
tency to translate images, CUT-Seg replaces cycle consistency with patch-wise contrastive
learning. CycleGAN’s two-sided consistency is powerful in preventing the model from
discarding important structure. However, it can also be overly restrictive, since the network
may focus on learning a reversible mapping rather than producing realistic textures. In
contrast, CUT-Seg replaces this constraint with a patch-wise contrastive objective, which
encourages corresponding patches in the input and output to share similar representa-
tions while pushing apart unrelated patches. This is particularly effective in colonoscopy,
where preserving small structures such as polyps and mucosal folds is critical. By remov-
ing the cycle constraint, the approach remains more flexible while still maintaining local
structural fidelity.

Although CUT-Seg generally achieves stronger realism and segmentation performance,
SynthColon is publicly released and provides a large, ready-to-use synthetic dataset with
paired masks. This enables standardized and fair comparisons across methods and ensures
our results can be easily reproduced by others.

3.3. Architecture

The architecture is based on [19], a state-of-the-art method for UDA. The encoder part
is a Mix Vision Transformer (MiT) [23]. It processes the input using 4 x 4 patches and
produces four feature maps at resolutions of %, %, %, and % of the original input, with each
map having progressively higher channel dimensions. By setting the stride smaller than the
kernel size, patches are overlapping, which preserves spatial continuity. MiT also features
a self-attention mechanism optimized for efficiency by reducing the number of tokens
used to compute the key K and value V matrix, using a sequence reduction ratio. Unlike
standard Vision Transformers (ViTs) that rely on positional encodings, this architecture
omits them and instead captures positional information using 3 x 3 convolutions within the
MLP module. This design enhances the model’s robustness to variations in input resolution
during inference.

For the decoder, each of the four hierarchical feature maps is first projected through a
1 x 1 convolutional block to a shared embedding dimension, then upsampled to match the
spatial dimensions of the highest-resolution feature map and subsequently stacked to form
a single multi-scale representation. To fuse this information effectively, the decoder employs
a smart aggregation strategy inspired by Atrous Spatial Pyramid Pooling (ASPP), similar
to the design used in DeepLabV3. Here, the stacked features are passed through multiple
parallel 3 x 3 depthwise separable convolutions with varying dilation rates, enabling the
network to capture spatial context at multiple scales. The encoder contributes semantic
depth, while the ASPP head refines the spatial understanding, selectively enhancing
features across levels based on their utility for accurate segmentation at each spatial location.

For the Self-Training method, we closely follow [62]. In DACS, each pixel of a pseudo-
label is weighted by the ratio of confident pixels in the image. In our binary problem,
this translates to the ratio of pixels that are classified as polyp and whose prediction
probability exceeds the threshold to all the pixels classified as polyp. Furthermore, the
ClassMix strategy is also adapted to the binary problem: With 50% probability, we paste
source polyp regions (from ground truth) onto the target background. Otherwise, we paste
target pseudo-polyp regions onto the source background. ClassMix promotes feature-level
consistency without explicit loss functions by requiring the model to learn from perturbed
pseudo-labels. It also enforces object-level understanding across domains and mitigates
source overfitting. The process is described in Figure 2.
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Figure 2. Visualization of the proposed UDA pipeline, which consists of two main stages. First, the
raw 3D images are refined via CycleGAN-based style transfer to better match real-world imaging
conditions. Then, a self-training loop is employed, along with the ClassMix operation.

3.4. Training Pipeline

We integrate the methods described above into our final training pipeline, aiming
to train a segmentation model on a polyp dataset that lacks annotations in the target
domain. The pipeline begins with preprocessing both the source and target datasets. This
includes resizing images to match the input dimensions expected by the encoder, applying
standard data augmentations such as horizontal and vertical flips, color jittering, affine
and elastic transformations, and normalizing images using the ImageNet-1k mean and
standard deviation.

Through experiments described in Section 5.2, we observe that pretraining the seg-
mentor on the source dataset for 1-2 epochs provides a strong initialization for the UDA
pipeline and consistently improves final performance on the target dataset. Therefore, we
include a brief supervised pretraining phase on the source domain prior to commencing
unsupervised domain adaptation.

Since the source dataset is larger than the target dataset, we construct a unified dataset
by cycling through the target samples during training. Specifically, for each index in the
source dataset, we retrieve the corresponding target sample using modular indexing. This
ensures balanced sampling without discarding any target data. The EMA teacher model is
initialized, with the same weights as the standard student model.

Each batch from the unified dataset is processed as illustrated in Figure 2. The source
samples are passed through the student model to compute the supervised loss. The teacher
model’s weights are updated using an exponential moving average (EMA) of the student’s
weights, according to the following equation:

9EMA<_0C'9EMA+(1_“)'9 (9)

Target samples are passed through the teacher model to generate pseudo-labels, along
with a single confidence score per image, representing the proportion of high-confidence
pixels. This confidence score is then used to weigh the contribution of each pixel in the
unsupervised loss calculation.

Subsequently, the source and target images, together with their ground truth and
pseudo-labels, are used to generate mixed images and labels, as described in Section 3.3.
The mixed image is passed through the student model to compute the unsupervised loss.
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The supervised and unsupervised losses are then combined, and the student model is
updated via backpropagation. This process is repeated for each training step.

4. Experiments

To optimize performance and identify the most effective model configuration, we
conducted a series of experiments involving different encoder depths and an alternative
architecture that incorporates convolutional layers. Additionally, we evaluated the impact
of using both the raw and style-transferred versions of the source dataset. We also explored
various pretraining strategies. To assess the effectiveness of our approach, we compared it
against other architectures that utilize the Synth-Colon dataset and evaluated performance
on different target datasets.

Experimental Setup

In our implementation, the Synth-Colon dataset serves as the source domain. Kvasir-
Seg is used as the target domain, with CVC-ClinicDB included to evaluate the robustness
of the method across datasets.

The images in the Synth-Colon dataset have a fixed resolution of 500 x 500 pixels,
whereas the Kvasir-SEG dataset contains images with varying resolutions, ranging from
332 x 487 to 1920 x 1072 pixels. CVC-ClinincDB contains 612 images with their correspond-
ing masks that come with a resolution of 384 x 288. As part of the preprocessing pipeline,
all images from all datasets are resized to 512 x 512 pixels to match the input resolution
expected by the encoder.

For pretraining, we apply a range of augmentations using Albumentations library
to image samples from all datasets. The same pipeline is applied for both the source
domain pretraining we describe later and the UDA adaptation step. Images and masks are
resized to 512 x 512 with nearest-neighbor interpolation. We include random flips, color
jittering, affine transformations, and elastic distortions to simulate variability in orientation,
appearance, and geometry. Moreover, images are normalized using ImageNet statistics
to match the pretraining of the encoder. Finally, the images are converted to tensors to be
compatible with the Torch framework.

The original implementation of the DAFormer methodology is publicly available
on github and based on the mmsegmentation framework. However, due to mmseg-
mentation having many dependency constraints that make it difficult to be deployed in
cloud environments, we opt to create custom code based on standard pytorch. For the
DAFormer architecture, we test three encoders from the MiT series, namely MiT-B2, MiT-
B3, and MiT-B5. Although all variants share the same patch size, embedding dimensions
([64, 128, 320, 512]), and attention heads ([1, 2, 5, 8]), their depth of the attention block
varies. Specifically, MiT-B1 uses [2, 2, 2, 2] (2 attention blocks per stage), MiT-B2 uses
[3, 4, 6, 3], and MiT-B5 uses [3, 6, 40, 3]. All encoders are pretrained on ImageNet-1k.

All models are trained using the AdamW optimizer with a constant learning rate of
1 x 1072 and weight decay of 1 x 10~%. For the loss function, we use Binary Cross Entropy.

The confidence threshold for pseudo-labels is set to 0.968. The EMA model’s smooth-
ing factor « is set to 0.99, following the value set in the DAFormer official implementation.

The batch size used in UDA is 2, whereas in one-dataset (fully supervised) experiments,
itis 4. All experiments are carried out in a NVIDIA Tesla T4 GPU that has a 16 GB RAM.

5. Experimental Results
5.1. Training on the Raw 3D-Generated Dataset

We conduct a generalization test by training on the source dataset Synth-Colon with
and without the Cycle-GAN step. We evaluate on the target Kvasir-Seg. The results show



Appl. Sci. 2025, 15, 9829 10 of 22

that the mIoU does not surpass 20% and the Dice score remains bellow 25% in the case
of the raw dataset, showing that the model struggles severely to generalize and predict
meaningful masks. This is evident in the resulting annotation masks, as shown in Figure 3.

(b)
(d)

(0)

Figure 3. Difference between annotations produced by using the Raw 3D-designed datasets vs. the

dataset that was refined using a CycleGAN. (a) Image from the target domain. (b) Ground truth
segmentation mask. (c) Segmentation mask produced when source domain has not been refined with
CycleGAN. (d) Segmentation mask produced when source domain has been refined with CycleGAN.

5.2. Effect of Pretraining on Soutrce

In Table 1, we demonstrate the effects of model performance under two different
pretraining strategies. In both of them, the encoder is pretrained on ImageNet as we already
mentioned, but we also experiment with a second pretraining of the full segmentation
architecture on the source dataset. Since we assume target annotations are unavailable,
standard validation-based early stopping is not applicable. Instead, we find that pretraining
for 1-2 epochs is sufficient, with source-domain mloU exceeding 94% serving as a reliable
heuristic for stopping. It should be noted that all subsequent experiments include this
additional supervised pretraining step.

Table 1. Best model results based on different pretraining strategies. Bold font indicates the
highest values.

Encoder Pretrained Segmentor Pretrained

Model on ImageNet on Source Dataset mloU Dice
DAFormer v - 0.4520 0.5915
DAFormer v v 0.7021 0.8157

5.3. Comparison of Backbone Depth

We evaluate the performance of three MiT encoder variants of increasing depth (MiT-
B2, MiT-B3, and MiT-B5) within our UDA pipeline. These are selected from the six MiT
models available. The results are presented in Table 2. In this table, Src.-only refers to a
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baseline model trained in a fully supervised manner on the source dataset and evaluated
on the target validation set. UDA corresponds to our full unsupervised domain adaptation
pipeline, which incorporates DACS as previously described. Oracle represents a fully super-
vised model trained and evaluated on the target dataset, serving as an upper performance
bound that assumes access to target annotations. Lastly, Rel. (Relative) denotes the ratio
between UDA and Oracle performance, indicating how closely each method approaches
the upper-bound performance.

Table 2. Results from training models with different encoder sizes on the Kvasir-SEG target dataset.
The “Rel.” column denotes relative performance with respect to the Oracle. Results are reported in
mloU. Bold font indicates the highest values.

Encoder #Params (M)  Src-Only (%) UDA (%) Oracle (%) Rel. (%)
MiT-B2 27.9 49.28 £0.2 583 £3.0 82.49 +£0.42 70.68
MiT-B3 47.7 50.23 £3.7 61.6 +2.6 84.43 +0.24 72.96
MiT-B5 85.1 54.85 + 2.8 69.0 = 0.9 85.18 £ 1.18 81.00

5.4. Comparison of Different Network Architectures

We compare the performance of DAFormer on the SynthColon—Kvasir-SEG task with
two different architectures that specifically use CNNs. We opt to use UNet as a baseline
architecture since it is widely known and accepted in the community, EffiSegNet which is
a state-of-the-art architecture on Kvasir-Seg dataset, and our DAFormer network. Their
details are depicted in Table 3.

Table 3. Results for training our UDA pipeline with different segmentation architectures. Results are
reported in mloU. Standard deviations are reported only for our method, as they were not provided
in the original documentation of the other methods.

Architecture # Params (M)  Src-Only (%) UDA (%) Oracle (%)  Rel. (%)
UNet 3.1 2584 +21 31.86 £0.3 74.6 [33] 41.55
EffiSegNet (B6) 40.7 40.03£1.14 59.35+£0.67  90.56 [68] 65.55
DAFormer (mit-b3) 47.7 50.23 +3.7 61.6 2.6 8443 +£024 72.96

It should be noted that the three architectures were trained under different training
parameters, suitable to each architecture. For the sake of a fair comparison, we compare
the version of EffiSegNet-B6 to that of DAFormer with the MiT-B3 encoder. These two
networks have similar inputs (528 x 528 vs. 512 x 512) and the smallest difference in
parameter count among all possible variant combinations of the two architectures (700K).

5.5. Comparison of Current Synth-Colon— Kvasir-Seg

Table 4 compares mloU performance of existing methods trained on the SynthColon
dataset and evaluated on Kvasir-SEG without access to target labels. SynthColon and CUT-
Seg are style-transfer domain adaptation techniques that use GANs to enhance the realism
of synthetic 3D images. Their reported segmentation results are obtained through fully
supervised training on the translated datasets using HarDNet-MSEG as the segmentation
backbone and evaluating performance on the target domain.

Importantly, these methods rely solely on the source data during training and do
not incorporate any information from the target domain, which is used exclusively for
evaluation. As such, they are categorized as source-only (Src-only) approaches.
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Table 4. Comparison of mloU and mDice (%) for methods using the SynthColon dataset and its
variants as the source domain when adapting to Kvasir-SEG. No annotations from the target dataset
are assumed.

Src-Only UDA Oracle
Method
mloU mDice mloU mDice mloU mDice
DAFormer 54.85 + 0.2 732+04 69.0 £ 0.9 80.67+0.01 8518+ 1.1 89.04 +0.3
SynthColon [16] 52.7 75.9 - - 85.70 90.4
CUT-Seg [67] 62.1 70.2 - - 85.70 90.4
PL-CUT-Seg [69] - - 68.77 78.08 85.70 90.4

PL-CUT-Seg introduces self-training with pseudo-labels, aligning with our definition
of UDA. For completeness, we also report oracle scores obtained by fully supervised training
on Kvasir-SEG. For SynthColon and CUT-Seg, this corresponds to the performance of
HarDNet-MSEG [70] trained directly on that dataset.

5.6. Synth-Colon—CVC-ClinicDB

To evaluate the robustness of our method on datasets different from the one used
during its image-to-image translation preprocessing, we assess its performance on the
CVC-ClinicDB dataset.

In Table 5, we explore the performance of two of our models under different
experimental setups, all evaluated on the CVC-ClinicDB dataset. The column UDA
(SynthColon— Kvasir-Seg) refers to a setup where the model was trained using UDA from
SynthColon to Kvasir-Seg, as described in the previous sections. We then evaluate the
resulting checkpoint on the CVC-ClinicDB dataset, even though it was not used during
training or adaptation.

Table 5. Comparison of domain adaptation performance from SynthColon to CVC-ClinicDB.
Results are reported in mean IoU (mlIoU). DAFormer and EffiSegNet employ the proposed self-
training method.

UDA UDA
Method Src-Only (SynthColon (SynthColon Oracle
—CVC-ClinicDB) —Kvasir)
SynthColon (baseline) 45.7 * - - 88.20 *
DAFormer (MiT-B5) 5337+ 1.5 60.70 £ 0.8 66.62 £0.2 85.18 +1.18
EffiSegNet (B6) 35.77 £ 1.1 54.04 £ 0.9 50.16 = 0.7 89.50 *

* Standard deviation not provided in the original documentation.

5.7. Computational Efficiency

We measure wall-clock training time on a Google Colab runtime with NVIDIA Tesla
T4 GPU with 16 GB VRAM. Pretraining on the synthetic source dataset (20k images, batch
size 4) required 5000 iterations, with an average iteration time of 1.75 s, totaling ~2 h 25 m
for one epoch. During UDA fine-tuning (batch size 2), each iteration took ~3.5 s, and model
performance plateaued after ~2000 iterations (~2 h). In total, our method converges in
~4 h 25 m of training. Unlike GAN-based approaches (e.g., CUT-seg, PL-CUT-seg), which
additionally require adversarial training on the full dataset, our approach only trains the
segmentation model and thus achieves substantially lower computational cost.

6. Discussion
6.1. Key Observations

Our experimental results revealed multiple performance-enhancing strategies that we
incorporated into our final pipeline, as well as valuable insights.
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6.1.1. Training on the Raw 3D-Generated Dataset

Firstly, we confirmed that the raw SynthColon images exhibit a domain gap that is too
large for effective adaptation, leading us to use the CycleGAN-refined version of the dataset
instead. While bypassing the style-transfer step would save computational resources and
reduce the risk of introducing artifacts, our experiments (Section 5.1) showed that the raw
samples differ significantly from real clinical data. This discrepancy arises not only from the
lack of realistic textures but also from the inherent simplicity of the 3D modeling process.
As a result, even advanced UDA architectures struggle to generalize effectively when faced
with such a wide domain shift.

6.1.2. Effect of Pretraining on Source

In addition to ImageNet-1K pretraining of the encoder, we introduced a second
pretraining stage for the full segmentation model on the source dataset. This decision
stems from the fact that ImageNet contains no medical-specific features, such as tissues
or lesions, limiting its usefulness to low-level representations like edges and textures.
By pretraining the entire segmentor on the source domain, we provided a task-specific
initialization better aligned with our downstream objective. As shown in Table 1, this
additional step resulted in a substantial performance boost, increasing mloU by 25% and
Dice score by approximately 20%.

6.1.3. Comparison of Backbone Depth

Regarding the size of the encoder, it becomes evident from Table 2 that increasing the
encoder depth consistently improves performance across all training scenarios: source-only,
UDA, and Oracle. Notably, MiT-B5 outperforms the shallower variants MiT-B2 and MiT-B3
in every metric.

What is particularly interesting, however, is the trend in the Oracle column: increasing
the number of parameters by a factor of 1.7 (MiT-b2—MiT-b3) yields an approximate
2% improvement in Oracle performance, while a three-fold increase (MiT-b2—MiT-b5)
results in only a 2.7% gain. In contrast, in the UDA setting, the same parameter increases
lead to gains of approximately 3.3% and 10.7%, respectively, which are significantly larger
improvements. As a result, MiT-B5 achieves an 81% relative score.

This suggests that, although simply adding depth to the network may saturate its
fully supervised (Oracle) performance, it substantially improves generalization in the
unsupervised domain adaptation setting. We attribute this to the model being able to
capture richer, domain-invariant representations.

6.1.4. Comparison of Different Network Architectures

We also investigated the choice of architecture, with a particular focus on the compari-
son between convolutional networks (CNNs) and transformer-based models. We present
the results in Table 3. The two networks we tested achieve comparable performance on the
UDA task, with DAFormer showing a modest 2% improvement. Notably, while EffiSeg-
Net demonstrates superior performance in fully supervised settings, it falls significantly
behind in the Source-only setting (by approximately 10%). This may be attributed to the
generalization advantage of transformer-based architectures over CNNs. This advantage
could be even more pronounced in our case, where the domain shift involves generalizing
from a synthetic dataset generated with 3D graphics to a real-world dataset, rather than
from a real dataset to another. The CNN'’s reliance on texture instead of shape may become
a disadvantage when the synthetic images exhibit inaccurate or inconsistent textures due
to imperfections in CycleGAN-based image-to-image translation.
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6.1.5. Comparison of Current Synth-Colon—Kvasir-Seg

To further assess our pipeline, we compared it against other techniques that use
the SynthColon dataset, as summarized in Table 4. In the Oracle setting, which reflects
fully supervised training on Kvasir-SEG, DAFormer achieves performance comparable to
HarDNet-MSEG [70], the segmentation backbone used in both SynthColon and CUT-Seg.
In the source-only setting, DAFormer outperforms SynthColon by about 2% while using
the exact same dataset. This indicates that DAFormer provides a stronger segmentation
architecture than HarDNet-MSEG. However, DAFormer is slightly outperformed by CUT-
Seg. Since CUT-Seg also relies on HarDNet-MSEG, its advantage comes not from a better
segmentation network but from access to a more realistic translated dataset, which reduces
the domain gap.

When we integrate our full UDA pipeline, however, our method clearly outperforms
CUT-Seg, by approximately 7%, highlighting the effectiveness of our DACS-based self-training.

Most notably, our full DAFormer-based UDA pipeline surpasses PL-CUT-Seg by a
small margin (69.0% vs. 68.77%). The latter combines self-training with a significantly
refined version of the SynthColon dataset, yet our approach achieves comparable or better
results. This suggests that our method exhibits strong generalization capabilities, even
when faced with a larger domain shift.

While a standardized train/test split for SynthColon is not publicly available—limiting
the precision of direct comparisons—the overall results indicate that our approach is at
least competitive with current state-of-the-art methods. It is reasonable to expect that
integrating the more refined dataset used by CUT-Seg into our pipeline could yield further
improvements, potentially positioning our method as the new state of the art in this domain.

Regarding the computational complexity of each method, it should be noted that a
direct comparison is difficult: the authors of SynthColon, CUT-Seg, and PL-CUT-Seg do
not report training times or number of parameters of their methods.

Moreover, there are significant structural differences between these methods and ours.
SynthColon uses an offline CycleGAN to pre-generate synthetic data and then trains the
HarDNet-MSEG network on them. CUT-Seg jointly trains a generator, discriminator, and
segmentation model in an online adversarial setup, with reported training schedules of up
to 300 epochs. PL-CUT-Seg extends this by adding a self-training stage with pseudo-labels,
further increasing complexity.

In contrast, our method fully decouples style transfer from segmentation, similarly
to SynthColon. In addition, while we adopt a self-training scheme (DACS), the teacher
network is an exponential moving average of the student, introducing no additional
trainable parameters beyond the segmentation model itself. Decoupling style-transfer from
segmentation significantly simplifies the training and lowers the computational overhead,
without hurting performance as we have already showcased.

Overall, whereas CUT-Seg and PL-CUT-Seg involve multiple modules and hundreds
of training epochs, our pipeline requires only one epoch of source pretraining and ~2000
fine-tuning iterations before convergence. This translates to an order-of-magnitude fewer
training iterations and a single-stage optimization process. Although our segmentation
network is heavier than HarDNet-MSEG used in previous works, the streamlined training
design makes our method more stable and computationally more efficient in practice.

6.1.6. Synth-Colon—CVC-ClinicDB

Finally, in Section 5.6, we present Table 5, where we test the performance of DAFormer
and EffiSegNet when the target dataset is different from the one used in style transfer.
Specifically, the source dataset used is CVC-ClinicDB. We assess these results by comparing
them to what is reported in Tables 2 and 3.
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¢ Src.Only: Both models exhibit a performance drop when trained excluseively on Syn-
thColon and evaluated on CVC-ClinicDB. Specifically, DAFormer (MiT-b5) decreases
slightly from 54.58% mloU to 53.37%, while EffiSegNet drops more substantially from
40.03% to 35.77%. Although a decrease is expected since CVC-ClinicDB was not used
during style-transfer, the more pronounced decline in EffiSegNet may be attributed to
the texture sensitivity inherent to CNN-based architectures.

e UDA (SynthColon—CVC-ClinicDB): Both models show reduced performance com-
pared to their results under UDA from SynthColon to Kvasir-Seg (Tables 2 and 3).
Specifically, DAFormer and EffiSegNet drop by 8.3% and 5.31% mloU, respectively.
However, they still outperform their Src.Only counterparts, meaning that our UDA
method is capable of providing improved results even in the face of a larger do-
main shift.

*  UDA (SynthColon— Kuvasir-Seg): In this setup, we utilize the best checkpoints of our
SynthColon—Kvasir-Seg training and evaluate them on CVC-ClinicDB. Surprisingly,
this setting results in a smaller performance drop on CVC-ClinicDB compared to the
UDA (SynthColon—CVC-ClinicDB) setup. This is unexpected, as we assumed that
directly adapting to CVC-ClinicDB would yield better results on that same dataset.
This result can be intuitively explained by the fact that our CycleGAN-refined Synth-
Colon dataset is visually closer to Kvasir-Seg due to the style transfer, and Kvasir-Seg in
turn is naturally more similar to CVC-ClinicDB, as both are real-world datasets. How-
ever, SynthColon and CVC-ClinicDB are not necessarily close. Thus, adapting in two
smaller steps, first from synthetic to Kvasir-Seg and then evaluating on CVC-ClinicDB,
may generalize better than attempting to bridge the larger domain gap directly. In
Figure 4, this improvement can be observed in two challenging samples. In the first
image, multiple folds and discolorations may mislead the model, while in the second
image, the boundaries are difficult to discern and the polyp texture closely resem-
bles that of the surrounding intestinal walls. In both cases, the SynthColon—Kvasir-
Seg—CVC-ClinicDB improves performance over SynthColon—CVC-ClinicDB, clearly
showcasing this phenomenon.

To summarize our findings, it is evident that the quality of the source dataset plays a
crucial role in achieving strong performance on the target domain. Notably, we demonstrate
that without a style-transfer step, the model struggles to converge, underscoring the
importance of bridging the domain gap early in the pipeline. This observation aligns with
prior work by the authors of [67], who reported improved performance over their earlier
approach [16] by incorporating a more advanced style-transfer technique. These results
collectively indicate that even a robust domain adaptation method cannot fully compensate
for a large domain gap; when the gap remains wide, performance inevitably suffers.

Despite being trained on a less realistic source dataset, our DAFormer-based method
competes with PL-CUT-Seg, demonstrating the superior robustness of the DAFormer
architecture. However, the greater realism of PL-CUT-Seg’s source data keeps it com-
petitive, highlighting that source domain quality remains a bottleneck. The importance
of minimizing the domain gap is further illustrated by our SynthColon—CVC-ClinicDB
experiment, where performance declined due to the style-transfer model being trained on
Kvasir-SEG—a mismatch that introduced harmful artifacts during translation.

6.2. Limitations

Furthermore, it is important to highlight some limitations observed in the Synth-Colon
dataset that extend beyond the style-transfer method employed. Specifically, the raw 3D
renderings exhibit limited variability relative to the dataset size, particularly in terms of
polyp positioning and viewing angles. Most images are captured along the central axis of
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the intestinal tube, often showing polyps protruding laterally or, in some cases, seemingly
not attached to any tissue, something anatomically unrealistic.

Predicted Mask (SynthColon — Kvasir)

Predicted Mask (SynthColon - ClinicDB)

Ground Truth Mask

Input Image

@) (b)

(c) mIoU 52.38%

(d) mIoU 14.11%

Predicted Mask (SynthColon - Kvasir)

Ground Truth Mask Predicted Mask (SynthColon = ClinicDB)

Input Image

(e) ()

Figure 4. Hard, low-contrast examples. In the first column, images (a,e) correspond to sample

(g) mloU 37.41%

(h) mIoU 27.83%

images from the CVC-ClinicDB dataset. In the second column, images (b,f) correspond to ground-
truth segmentation masks. In the third column, images (c,g) correspond to predictions of the
SynthColon— Kvasir-SEG—CV C-clinic pipeline. In the fourth column, images (d,h) correspond to
predictions by the SynthColon—CVC-clinic pipeline.

In contrast, real-world datasets like Kvasir-SEG include a broader range of camera
angles, such as lateral views where only one side of the tissue is visible, as well as a more
diverse array of polyp shapes beyond the primarily ellipsoidal forms seen in Synth-Colon.
In UDA, model performance is closely linked to the quality and diversity of the source
dataset, especially in teacher—student frameworks, where the source domain strongly
guides the learning process on the unlabeled target domain.

These results suggest that further work should not only focus on improving the Image-
to-Image translation step to produce more realistic texture but also increase the diversity in
the raw images through more detailed 3D design.

Our method addresses key challenges in clinical applications of deep learning, such as
data scarcity and privacy concerns. Nonetheless, synthetic data have inherent limitations
when applied to clinical environments. In particular, they may fail to fully capture the
complexity and variability of the true patient population, leading to potential biases and
reduced generalization ability. Another risk is that deep learning algorithms primarily
reconstruct patterns present in their input, without necessarily reflecting the underlying
physiological mechanisms. This may cause the model to overlook clinically relevant cues
or generate results that lack medical plausibility [71].

Finally, synthetic images and related methods are not yet regulated by established
legislation or legal standards to guide their evaluation and application in clinical environ-
ments [72]. Even then, deploying such software would require extensive validation and
the development of appropriate protocols to ensure that it does not negatively influence
healthcare providers or patient outcomes.
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6.3. Future Work

The results we present demonstrate the effectiveness of our method in adapting
synthetic to real colonoscopy images for polyp segmentation. However, there remains great
potential for improvement.

Firstly, as discussed in Section 6.2, the base 3D renderings of colon—polyp structures
could be significantly improved to include more diverse polyp shapes, more anatomically
detailed colon geometry, and a wider variety of camera angles. Enhancing these aspects
would play a key role in narrowing the domain gap, particularly by introducing greater
variation in features that are naturally domain invariant.

In addition, our results highlight the critical role of the image-to-image translation
step. Therefore, future research should further investigate image-to-image translation
approaches, not only refining the techniques in SynthColon and CUT-Seg but also explor-
ing newer style transfer architectures such as Directional CycleGAN [73] and Structure-
Preserving CycleGAN [74]. We hypothesize that integrating the improved CUT-Seg dataset
into our DAFormer pipeline could result in a much clearer performance gain over the
PL-CUT-Seg approach.

Another direction would be to evaluate different segmentation architectures. Our
current results suggest an edge of Transformer-based backbones in generalization per-
formance over CNNs. Still, there is room for experimentation, either by implementing
different transformer backbones or introducing special attention modules to guide training
in difficult-to-learn areas such as object boundaries [33].

Finally, our experiments show that UDA performance drops when adapting from
SynthColon to CVC-ClinicDB. This suggests that a one-size-fits-all pipeline may not be
optimal across datasets. We propose developing dataset-specific pipelines, where the
unlabeled target dataset is utilized during the style-transfer step to accommodate variations
in target domains.

7. Conclusions

In this work, we explored the problem of automatic polyp detection on unlabeled
colonoscopy datasets. We proposed a method that leverages unsupervised domain adapta-
tion from a fully labeled synthetic source, which is entirely synthetic, generated using 3D
graphics techniques. We adopted DAFormer, a domain adaptation architecture featuring
a Transformer-based encoder, and compared its performance to traditional CNN-based
models. Our best-performing model, DAFormer with an MiT-B5 backbone, achieved a
mean Intersection over Union (mloU) of 69% when adapting from the synthetic Synth-
Colon dataset to the real Kvasir-SEG dataset. This result not only improves upon the
performance reported in the original Synth-Colon paper but also contests the results of
their subsequent work, which combines self-training with a refined version of the synthetic
dataset we used. This demonstrates that DAFormer has a better generalization ability and
shows a clear advantage of Transformer-based architectures over CNN-based approaches
for cross-domain medical image segmentation tasks. This paves a clear path for future
research through the integration of a superior style-transfer method in our pipeline, which
we expect to deliver greater results and show a clearer performance gain over the current
methods, such as PL-CUT-Seg.

The method’s ability to achieve competitive results while using only synthetic source
data addresses critical challenges in medical Al deployment, including patient privacy
concerns and the high cost of expert annotations. Future work should focus on improving
the realism and diversity of synthetic datasets, exploring more sophisticated domain
adaptation techniques tailored for medical imaging, and conducting clinical validation
studies to assess the practical utility of such systems in real colonoscopy procedures.
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The promising results demonstrated here provide a foundation for developing privacy-
preserving, annotation-efficient solutions for computer-aided polyp detection systems.
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The following abbreviations are used in this manuscript:

UDA Unsupervised Domain Adaptation
AI-CAD Artificial Intelligence-Powered Computer-Aided Detection and Diagnosis

Al Artificial Intelligence

ViT Vision Transformer

MiT Mix Vision Transformer

MHSA Multi-Head Self-Attention mechanism
PVT Pyramid Vision Transformer

CNN Convolutional Neural Network

GAN Generative Adversarial Network

MSE Mean Squared Error

DACS Domain Adaptation via Cross-Domain Mixed Sampling
ASPP Atrous Spatial Pyramid Pooling
EMA Exponential Moving Average

VAE Variational Autoencoder
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