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Abstract

Semantic segmentation of laparoscopic images requires costly pixel-level annotations,
which are often unavailable for real surgical data. This gives rise to an unsupervised
domain adaptation scenario, where labeled synthetic images serve as the source domain and
unlabeled real images as the target. We propose a frequency-aware unsupervised domain
adaptation framework to mitigate the domain gap between simulated and real laparoscopic
images. Specifically, we introduce a Radial Frequency Masking module that selectively
masks frequency components of real images, and employ a Mean Teacher framework
to enforce consistency between high- and low-frequency representations. In addition,
we propose a module called Fourier Domain Adaptation-Blend, a style transfer strategy
based on low-frequency blending, and apply entropy minimization to enhance prediction
confidence on the target domain. Experiments are conducted on public datasets by jointly
training on simulated and real laparoscopic images. Our method consistently outperforms
representative baselines. These results demonstrate the effectiveness of frequency-aware
adaptation in surgical image segmentation without relying on manual annotations from
the target domain.

Keywords: fourier transform; laparoscopic surgery; semantic segmentation; unsupervised
domain adaptation (UDA)

1. Introduction

Laparoscopic surgery is a widely used minimally invasive surgical technique. During
the procedure, it is critical to accurately identify anatomical structures and surgical tools
in laparoscopic images. Semantic segmentation serves as an effective solution to this
task. With the rapid development of deep learning, various advanced CNN [1-5] and
Transformer [6-9] architectures are introduced into semantic segmentation of laparoscopic
images. These methods are effective in modeling the spatial semantic features of images and
have achieved impressive performance on multiple public benchmark datasets. However,
their success heavily relies on large quantities of high-quality pixel-level annotations. In the
context of laparoscopic surgery, such annotations typically require frame-by-frame labeling
and the involvement of domain experts, making the annotation process labor-intensive,
time-consuming, and costly [10]. As a result, constructing large-scale datasets of real
laparoscopic images remains a challenging and often impractical task.

As a viable alternative, researchers have increasingly turned to computer-generated
simulated laparoscopic images to train models [11]. These simulated datasets offer signifi-
cant advantages, including lower acquisition costs, clearly defined anatomical structures,
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and the automatic generation of accurate pixel-level annotations. Despite these benefits,
models trained solely on simulated data often fail to generalize well to real surgical scenar-
ios [12]. This is primarily due to the domain shift between simulated and real laparoscopic
images, which manifests in differences in texture details, lighting, and background complex-
ity. To address the challenge of domain shift, Unsupervised Domain Adaptation (UDA),
which aims to improve target-domain performance by cooperatively utilizing labeled
source data and unlabeled target data, has proven to be an effective solution [13,14].

Although recent UDA methods have achieved remarkable success in the semantic
segmentation for laparoscopic images [11], there is still a noticeable performance gap com-
pared to supervised training. A common problem is the confusion in classifying complex
regions in the real images, due to the absence of ground truth in the target domain. For
example, in Figure 1, the real laparoscopic surgery images demonstrate how factors such as
shape deformation, lesions, blood vessels, and lighting conditions make visual recognition
particularly challenging for the network. Several prior studies [11,15] leverage frequency
information from images. For instance, as shown in Figure 1, complex backgrounds and
rich textures represent the high-frequency components of real images, while lighting and
style correspond to their low-frequency components. In contrast, simulated images with
different styles often lack such rich details. This leads to a significant frequency-domain
gap between simulated and real images.

Real Images

Simulated Images

Figure 1. Real laparoscopic images are visualized in the first row, and simulated laparoscopic images
in the second row.

Therefore, we propose a novel UDA framework for laparoscopic semantic segmen-
tation, aiming to promote robust frequency-aware representation learning. Specifically,
we introduce a plug-in module called Radial Frequency Masking (REM) for UDA. RFM
randomly masks out high-frequency components with high probability and low-frequency
components with low probability in the frequency spectrum of real images. We train
the network to predict the semantic segmentation result of the entire image, including
the masked regions. In this way, the network is forced to infer the semantics from the
missing frequency information. Since ground truth annotations are not available in the
target domain, we adopt pseudo-labels generated by an Exponential Moving Average
(EMA) teacher [16] network as supervision. The teacher takes the original (unmasked)
target images as input, while the student network receives the frequency-masked ver-
sions. During training, different parts of the frequency spectrum are masked out in each
iteration, compelling the network to learn robust representations across the frequency
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domain, thereby improving its generalization ability and robustness on real laparoscopic
images. On the other hand, to further mitigate the domain shift, we design a method to
transform the source images before feeding them into the student network. Inspired by
the success of Frequency Domain Adaptation (FDA) [15], we leverage the observation that
semantic information is mainly preserved in the phase and high-frequency components
of an image, while the low-frequency amplitude, although visually dominant, contributes
little to semantic understanding. We propose FDA-Blend, an extension of Fourier Domain
Adaptation (FDA), which modifies the style of source images by blending their amplitude
spectra with those of target images using a mixing coefficient «. This fusion aims to align
the low-frequency components between source and target domains, thereby achieving
style-level adaptation. Unlike FDA, which directly replaces low-frequency components,
FDA-Blend introduces a blending coefficient « to softly fuse the low-frequency spectrum of
the source image with that of the target image, preserving domain-specific structures while
promoting alignment. In this way, the semantic content of the source image is preserved,
while its style and illumination are adapted to better match the target domain, facilitating
more effective knowledge transfer during training. These transformed source images, along
with their original ground-truth labels, are then used to supervise the student network. In
addition, to reduce uncertainty in target-domain predictions, we apply pixel-wise entropy
minimization [17] on target images, which encourages confident outputs.
The primary contributions of this paper are as follows:

*  We creatively address the challenge of UDA for semantic segmentation of laparo-
scopic surgery images, where the model is trained using labeled computer-generated
simulated images and unlabeled real images.

*  We propose a novel UDA framework that enhances the model’s robustness to both
high- and low-frequency information. Specifically, we introduce a plug-in RFM
module to selectively mask frequency components during self-training, and propose
FDA-Blend to better align image styles between domains via low-frequency spectrum
blending. In addition, we incorporate an entropy minimization loss to encourage
more confident predictions.

e  Extensive experiments demonstrate that our method surpasses existing UDA baselines
and provides an effective solution for laparoscopic image segmentation without
requiring real image annotations.

2. Related Work
2.1. Deep Learning for Medical Image Segmentation

In recent years, deep learning has significantly advanced medical image segmentation,
with convolutional neural networks (CNNs) [1,3,5,18,19] emerging as the predominant
architecture. One of the earliest milestones was the Fully Convolutional Network (FCN) [3],
which enabled end-to-end pixel-level prediction and paved the way for subsequent devel-
opments. The U-Net [1] architecture introduced a symmetric encoder—decoder structure
with skip connections to effectively integrate low-level spatial details and high-level seman-
tic features. U-Net achieved remarkable performance in clinical applications and inspired
a variety of variants with residual connections, dense pathways, and multi-scale fusion
strategies, such as ResUNet [20], H-DenseUNet [21], UNet++ [22] and UNet3+ [23]. To
handle volumetric data, 3D U-Net [24] extended convolution and upsampling operations
to three dimensions, while V-Net [25] incorporated large-stride convolutions and residual
learning to enhance 3D structural modeling. Across these CNN-based methods, expansion
of receptive fields is typically achieved through deeper networks or multi-scale designs.
However, these models still face limitations in capturing long-range dependencies and
complex spatial relationships.
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The recent emergence of Transformer-based architectures [6-8] has brought a paradigm
shift to medical image segmentation. Powered by self-attention [9] mechanisms, Trans-
formers capture global contextual information, addressing the inherent locality of CNNs.
Early efforts such as TransUNet [26] integrated Vision Transformers (ViT) [6] into CNN
backbones to improve semantic modeling. This line of research soon evolved towards more
unified or purely Transformer-based designs. A representative example is the Swin Trans-
former [7], which employs hierarchical feature extraction, window-based self-attention,
and cross-window connections to balance efficiency and global reasoning. Its adaptation to
medical segmentation, such as in Swin-Unet [27], has shown promising results. More recent
studies explore hybrid architectures that combine the local inductive bias of CNNs with the
global modeling capability of Transformers. Representative examples like CoTr [28] adopt
dual-branch or interleaved designs to capture both fine-grained textures and long-range
semantics. Overall, Transformer-based models are driving a transition from structural
augmentation to a fundamental rethinking of spatial reasoning and semantic representation
in medical image segmentation.

2.2. Unsupervised Domain Adaptation in Semantic Segmentation

Unsupervised domain adaptation (UDA) [13,14] for semantic segmentation aims to
transfer knowledge from a labeled source domain to an unlabeled target domain, despite
significant shifts in data distribution and appearance. Over the years, UDA research has
evolved into several methodological paradigms, each addressing the domain gap from a
different perspective. Adversarial learning approaches align source and target distributions
by introducing domain discriminators, typically applied in output or feature space. Adapt-
SegNet [29] and HRDA [30] are representative examples that achieve pixel-wise alignment
through adversarial training at multiple scales. Appearance-level alignment methods,
such as CyCADA [31] and recent diffusion-based techniques, operate at the pixel level
by transforming source images to resemble target domain appearance, aiming to bridge
the visual gap while preserving semantic content. Discrepancy-based methods, such as
MCD [32], introduce multiple classifiers to expose ambiguous target regions by maximizing
inter-classifier disagreement, which is then minimized through adaptation, providing a
stable alternative to adversarial objectives. Self-training leverages high-confidence predic-
tions as pseudo-labels for target data. CBST [33] and DACS [34] use filtering and mixing
strategies. Mean Teacher [16] introduces temporal ensembling and consistency losses to
stabilize pseudo-labels. Entropy-based strategies (e.g., ADVENT [17]) aim to minimize
the uncertainty of model predictions in the target domain by reducing output entropy,
thereby encouraging confident and compact output distributions. This process implicitly
pushes the decision boundary away from high-density regions in the feature space, leading
to improved domain discriminability and safer generalization. Fourier-based frequency-
domain strategies have also shown strong effectiveness for medical image segmentation
domain adaptation [35-37]. Frequency-domain alignment methods treat images as signals,
replacing or blending low-frequency components (e.g., FDA [15]) to align domain-specific
appearance while retaining high-frequency semantic structure. Despite their diverse for-
mulations, these paradigms converge on the goal of improving generalization to unseen
domains. However, challenges such as error accumulation in self-training, instability in ad-
versarial objectives, and under-exploration of multi-modal cues remain open, highlighting
directions for future research.

2.3. Masking Strategy

In natural language processing, predicting masked tokens in input sequences has
proven to be a powerful self-supervised pretraining task [38,39]. Recently, this concept has
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been successfully transferred to computer vision, where models learn visual representa-
tions by reconstructing masked regions of an image. For instance, Masked Autoencoders
(MAE) [40] encode only the visible patches of an image using a ViT encoder and reconstruct
the missing patches with a lightweight decoder, thereby enabling efficient self-supervised
learning. Various masking strategies have been explored [40—44]. In contrast to prior
work focusing on representation learning, we employ masking as a structured perturba-
tion to facilitate domain adaptation. In semantic segmentation, previous UDA methods
have applied masking in the pixel space to encourage models to capture contextual de-
pendencies [45]. Some approaches have also explored frequency masking in the spectral
domain [11]. Inspired by these spectral masking strategies, we further optimize the mask-
ing design. We propose the Radial Frequency Masking (RFM) module, which is specifically
designed for UDA in laparoscopic image segmentation. To the best of our knowledge,
REM is the first to selectively mask frequency components based on their radial distance
from the spectral center, thereby promoting consistency regularization across high- and
low-frequency components to enhance domain adaptation.

3. Methodology

This paper addresses the task of domain-adaptive semantic segmentation of laparo-
scopic images. In unsupervised domain adaptation (UDA) for semantic segmentation,
we are provided with a labeled source dataset D = {(xi,y.) }lN:Sl where x; € REXWx3
denotes an RGB image, and y; € RF*W is the corresponding semantic label map. Similarly,

b= {x’t}f\il is the target dataset, where the ground truth semantic labels are absent.
Generally, the segmentation network trained on D* will have a performance drop when
tested on D' due to the domain shift. Our objective is to train a model with robust semantic
segmentation capability on the unlabeled target domain. To achieve this, we introduce a
novel UDA framework comprising three key modules: Radial Frequency Masking (RFM),
FDA-Blend, and Entropy Minimization.

3.1. Radial Frequency Masking (RFM)
3.1.1. Image Frequency Representation
Consider an RGB image X € Rf*"W>*3 We compute the frequency-domain representa-

tion for each channel ¢ € {0,1,2} of the image by applying a 2D discrete Fourier transform
(DFT), as defined in Equation (1):

H=1W-1 D (uh 4 vw
}—<X)(u,v,c) = E 2 X(h,w,c)eﬂ H(WJFW) (1)
h=0 w=0
where i2 = —1, and (u,v) and (h, w) denote the coordinates in the frequency domain and
q y

image domain, respectively.

To facilitate subsequent operations, the Fast Fourier Transform (FFT) output is rear-
ranged by shifting negative frequency components to precede positive frequency compo-
nents, thereby centering the low-frequency information. An inverse Fourier transform is
then utilized to convert the spectral representation back to the spatial domain, reconstruct-
ing the original image:

1 H-1W- zﬂ(uh+vw)
o7 (uh 4 vw
X(hwc = HW Z Z (u,v,c) R )

—_
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3.1.2. Radial Frequency Masking Strategy

As illustrated in Figure 2, we propose the RFM module, which masks the frequency
information of target domain images. To achieve this, we define a mask map M that
randomly covers the frequency spectrum, thereby eliminating parts of the frequency
information. Specifically, a mask is defined as follows:

r

M, ;= [U >k } with v ~U(0,1) 3)

T'max
where [-] is the Iverson bracket, I/ is the uniform distribution, and (i, j) denotes the co-
ordinates in frequency map, k is the ratio. After this procedure, the frequency data is
randomly masked.

| 1

Target Predict

Source [mage | -7 Source Predict

FDA-Blend

Supervised
Loss

J [ Entropy Loss ]

Mask Predict

Target Image

Pseudo Predict

________________________________________________

Figure 2. The overview of our proposed framework: Labeled source images are first transferred into
the style of the target domain via FDA-Blend and then fed into the Student network. A supervised
cross-entropy loss is applied using the ground truth labels of the source domain. The Teacher network
receives the original unlabeled target images and generates pseudo-labels. Meanwhile, the Student
network takes as input frequency-masked versions of the same images, which are obtained by
applying the Radial Frequency Masking (RFM) module, and is trained using the pseudo-labels. The
Teacher is gradient-free and updated using an exponential moving average (EMA) of the Student’s
parameters. In parallel, the Student also processes the masked target images and produces predictions.
To improve the certainty of these predictions, an entropy loss is applied to the Student’s predictions
on the original target images, encouraging more confident outputs on the original target data.

While some existing methods [11] preserve the central low-frequency components as
defined in Equation (4), we observe that enforcing this constraint in our masking strategy
may adversely affect the model’s performance. This finding will be further validated
through comprehensive ablation studies.

Mu/o—nH 240, W/2—wW /24w = 1 4)

where I and w denote the size of the low-frequency information to be preserved.

We apply the mask M to the frequency spectrum, and then use the inverse Fast Fourier
Transform (iFFT) to convert it back to the image domain as the network input.

The equation represents how the masked image is reconstructed by applying the
frequency mask in the Fourier domain and then performing an inverse transform.

Xpm = F YF(X)oM), ®)
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where © is the Hadamard product between the matrices. Moreover, with conjugate sym-
metry’s disruption inhibiting the imaginary component’s cancellation, we employ complex
number magnitudes as outputs.

3.1.3. Consistency Regularization

We adopt the Mean Teacher [16] framework, where consistency regularization is
utilized to encourage the student network to better capture masked frequency information.
During training, the teacher takes the original target images as input, while the student
network receives the frequency-masked versions. We adopt pseudo-labels generated by
the teacher network as supervision. The weight 67 of the teacher network is detached from
gradient updates and progressively updated via the exponential moving average (EMA) of
the student network’s weight 6s:

07 = Apmabs + (1 — Appma)O7, (6)

where 0/, represents the weight from the previous training step.

During training, the teacher network generates a set of pseudo-labels, which are used
to supervise the learning of the student network. We employ the mean squared error
(MSE) loss to measure the discrepancy between the predictions of the student network
and pseudo-labels. Since the pseudo-labels may be inaccurate, as described in prior
works [11,30,34,45], we only consider reliable pixels whose maximum predicted probability
exceeds a confidence threshold 7. The overall consistency loss can thus be formulated
as follows:

Lc = qr © MSE(fr(X), fs(Xm)), )

where fr denotes the teacher network, fs the student network, and g7 is the quality weight.
The value of g7 is computed as the ratio of confident pixels across spatial dimensions,
formulated as follows:

H—

—_

WL 5| |
aT = T maXfT(X)hwc > T 8)
HW =5 om0t €
Here, f1(X)pu. represents the predicted probability for class c at spatial location (1, w)
from the teacher network, and the Iverson bracket [-] evaluates to 1 if the condition holds,

and 0 otherwise.

3.2. FDA-Blend

We propose FDA-Blend, an extension of Fourier Domain Adaptation (FDA) [15], which
linearly interpolates the amplitude spectra of source and target images using a mixing
coefficient a. Let F4, FP : REXWx3 _, RHXWX3 he the amplitude and phase components
of the Fourier transform JF of an RGB image. We apply a mask M, whose values are set to
zero everywhere except for the central region, where € (0, 1) controls the proportion of
the preserved area.

Mg (h,w) = 1(,0)c[—pH:BH, —pW:pW] ©)

We assume that the center of the image is located at (0, 0). Note that § is a ratio
coefficient and is independent of the image size or resolution. Given two randomly sampled
images x° ~ D?, xt ~ D!, Fourier Domain Adaptation Blend can be formalized as follows:
X7 =F 1 (Mgo (zx]—"A(xt) +(1- zx)]—'A(xs))

(10)
+ (1 — Mpg) o FA(x), ]-"P(xs))

https:/ /doi.org/10.3390/app16020840


https://doi.org/10.3390/app16020840

Appl. Sci. 2026, 16, 840

8of 19

where the low-frequency amplitude components 7 (x*) of the source image are partially
replaced by those from the target image x. The modified frequency representation of the
source image x°, with its phase component unchanged, is then mapped back to the spatial

domain via the inverse Fourier transform, resulting in x5t

, which preserves the content of
x° while exhibiting the style characteristics of the target domain. The process is illustrated

in Figure 3.

Source Image

Source Image Blended with Target Style

Figure 3. Illustration of the FDA-Blend procedure: FDA-Blend transfers the style of a target domain
image into a source image via low-frequency amplitude blending. Specifically, both images are
transformed using the Fast Fourier Transform (FFT) to obtain their amplitude and phase spectra. The
central region of the amplitude spectrum, corresponding to low-frequency components, is extracted
based on a ratio parameter B € [0,1], which defines the proportion between the side length of the
selected square and that of the full spectrum. This parameter is resolution-independent. Within the
selected low-frequency region, the source amplitude is linearly blended with that of the target image
using a mixing coefficient &, while the phase spectrum of the source image remains unchanged. The
modified frequency representation is then transformed back to the spatial domain via inverse FFT
(iFFT), resulting in an image that preserves the semantic content of the source while exhibiting the
style characteristics of the target domain.

Given the adapted source dataset D, we can train the student network by minimiz-
ing the following cross-entropy loss:

Lcg = CE(y, fs(X°71) (11)

where fs denotes the student network, X5 denotes the image obtained by applying
FDA-Blend to the source image X, and y denotes the ground truth corresponding to X.

3.3. Entropy Minimization Loss

To regularize the model, we propose minimizing the entropy loss over predictions on
the target domain images. This encourages the model to produce confident predictions
proactively and penalizes uncertainty in regions where data is dense and predictions
are unstable (i.e., high entropy), which are prone to errors. Such a formulation helps to
prevent the decision boundary from crossing densely populated regions of the feature
space. However, as noted in [17], directly applying entropy as a penalty is ineffective in
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low-entropy regions. Therefore, we apply a robust weighted entropy function to address
this limitation.

£ent = ZP(_<fS(x1t')'10g(f5(xf)») (12)

where p(x) = (x? + 0.0012)" is the Charbonnier penalty function [46]. When the parameter
n > 0.5, the function imposes a stronger penalty on high-entropy predictions compared to
low-entropy ones, as shown in Figure 4.

Charbonnier penalty functions

1.2
— eta=2.0
— eta=1.0
— eta=0.5
1.0 4 —— eta=0.3
— eta=0.1
0.8
0.6
0.4
0.2 1
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Figure 4. Visualization of the Charbonnier penalty for robust entropy minimization with varying
n values.

The overall training objective of the proposed framework can be seamlessly integrated
into a typical UDA optimization pipeline. The total loss function is defined as:

L= £C + KCE + /\entﬁent (13)

4. Experiment

4.1. Datasets and Implementation
4.1.1. Datasets

We evaluate our UDA framework based on two publicly available laparoscopic
datasets that provide complementary domain characteristics: a large-scale synthetic-to-
real benchmark with fully controllable rendering factors and a real clinical dataset with
high-resolution images and expert pixel-wise annotations. Specifically, the Synthetic La-
paroscopy dataset is generated from CT-derived anatomical meshes (from 3D-IRCADb 01)
and contains 20,000 rendered RGB frames (2000 per virtual patient) with corresponding
pixel-wise semantic masks and depth maps. In addition, the dataset authors release a style-
translated synthetic set produced with an image-to-image translation pipeline, where each
simulated frame is translated with multiple sampled styles (up to five variants per frame),
resulting in 100,000 translated images while retaining the original pixel-level annotations.
The Dresden Surgical Anatomy Dataset contains 13,195 real laparoscopic frames collected
from 32 robot-assisted rectal surgeries at a resolution of 1920 x 1080, with pixel-wise labels
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for 11 anatomical structures. To promote annotation diversity, the dataset is curated across
multiple surgeries with a capped number of frames per surgery, yielding organ-specific
subsets with consistent semantic definitions.

In this study, we utilize the Synthetic Laparoscopy dataset [47] and the Dresden
Surgical Anatomy Dataset [48] as the source and target domains, respectively, to assess
the effectiveness of our proposed unsupervised domain adaptation (UDA) method for
real-world laparoscopic image segmentation. For our experiments, we specifically use
the subset of 1023 liver-segmented images from 31 distinct patients to assess the domain
adaptation performance on real clinical data.

To comprehensively validate generalization under different source-domain appear-
ances, we construct two adaptation settings. (1) Simulated — Real: we use 2000 original
synthetic images from a single virtual patient as labeled source data and adapt to unlabeled
real images. (2) Translated Simulated — Real: we use the corresponding style-translated
variants of the same 2000 samples (one translated image per original frame) as the la-
beled source domain, and adapt to the same unlabeled real target domain. These two
settings share identical target data, enabling a controlled comparison of domain adaptation
performance under different source-domain inputs.

4.1.2. Evaluation Metric

In this study, we adopt Intersection over Union (IoU) as the primary evaluation
metric for laparoscopic semantic segmentation. IoU directly quantifies the region-level
overlap between the predicted mask and the ground truth, and is widely used in medical
image segmentation where class imbalance is common; compared with pixel accuracy, IoU
penalizes both over-segmentation (false positives) and under-segmentation (false negatives)
in a balanced manner. For a class c, IoU is computed as follows:

Yo N Y| TP,
IOUC = T= = ’
|Y.UY.| TPc+FP,+FN.

(14)

where Y, and Y, denote the predicted and ground-truth pixel sets of class ¢, and TP,,
FP., and FIN, are the numbers of true-positive, false-positive, and false-negative pixels,
respectively. Since our evaluation focuses on the liver structure in the target domain, we
report the class-specific IoU for the liver, i.e., IoUjyer.

4.1.3. Implementation Details

All models are implemented in PyTorch (V 1.2.0) and trained on a single NVIDIA
Tesla A100 GPU. SegFormer [8] is adopted as the backbone network and initialized with
ImageNet-pretrained weights. Training was performed using AdamW [49], with hyper-
parameters taken from previous works [8,30,45]. During training, input images are resized
to 512 x 512 pixels, and the models are optimized for 40k iterations with a batch size of
16. Wesetaw = 0.5, 8 = 0.09 [15], h = w = 8 [11], k = 0.9, and Appa = 0.999 [45]. The
weight of the entropy loss is set to A.;; = 0.005, and the exponent parameter y = 2 [17].
The confidence threshold for pseudo-labels is set to T = 0.968 [11,30,34,45].

4.1.4. Baselines

We benchmark our method against the current leading approaches, including repre-
sentative UDA methods such as MIC [45], MFC [11], and FDA [15]. In addition, we include
two reference settings for comparison: (1) a source-only baseline where the model is trained
on the source domain and directly evaluated on the target domain in a zero-shot manner,
and (2) a fully supervised setting where the model is trained with ground-truth labels from
the target domain. These two settings serve as the lower and upper bounds, respectively,
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for evaluating the effectiveness of our UDA method. For a fair comparison, all methods are
implemented using the same semantic segmentation backbone, with identical initialization
and optimizer settings.

4.2. Main Results

Table 1 summarizes the quantitative results of liver segmentation under two experi-
mental settings: simulated images —, real images, and translated simulated images — real
images. We compare our method with several strong baselines and observe consistent im-
provements across both settings, with our method outperforming all baselines. Following
common practice in prior works [30,45,50], we include a fully supervised model trained on
the target domain as a theoretical upper bound, providing a reference for the maximum
achievable performance under ideal supervision. Notably, our method achieves substan-
tial gains under the translated-to-real setting and demonstrates competitive performance
compared to the fully supervised upper bound. Qualitative comparisons are presented
in Figures 5 and 6, showcasing challenging scenarios such as complex backgrounds and
varying illumination conditions. Previous methods failed to produce satisfactory results
under these conditions. In contrast, our method produces segmentation outputs that align
more closely with the ground truth, demonstrating superior robustness and accuracy.

Table 1. Comparison of liver segmentation under two domain adaptation settings: The evaluation
is conducted on two domain adaptation settings: from simulated images to real images, and from
translated simulated images to real images. The bolded data represents SoTA.

Simulated — Real Translated — Real
Methods ToUt ToUt
Fully Supervised 68.29 68.29
Zero-shot (Source only) 23.27 30.27
FDA [15] 35.26 40.26
MIC [45] 38.07 42.88
MEC [11] 40.11 46.44
Ours 47.27 55.23

Ground Truth

Figure 5. Qualitative results under the simulated — real domain adaptation setting.
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Figure 6. Qualitative results under the translated — real domain adaptation setting.

4.3. Ablation Studies

We conduct comprehensive ablation studies under two settings (simulated images
— real images and translated simulated images — real images) to assess the contribution
of each component in our framework. Quantitative results are reported in Table 2 and
discussed in detail below.

Table 2. Ablation results under two domain adaptation settings: We evaluate the impact of each major
component in our framework. w/o RFM removes the Radial Frequency Masking (RFM) module
directly from the self-training pipeline. w/o FDA — Blend removes the FDA-Blend module from the
supervised training stage. w/o Entropy Loss omits the entropy loss from the self-training pipeline.
w/MFC module replaces the RFM with the masking strategy used in MFC. w/FDA replaces the
FDA-Blend module with original FDA transfer method. w/Equation (4) preserves the central low-
frequency components according to the definition in Equation (4). The bolded data represents SoTA.

Setup Simulated — Real Translated — Real
IoUt IoUT

w/o REM 40.23 46.27

w/o FDA-Blend 42.89 48.66

w/o Entropy Loss 43.22 50.19

w/MFC module 43.47 51.26

w/FDA 44.68 51.87

w/Equation (4) 45.66 52.11

full 47.27 55.23

4.3.1. Ablations on Radial Frequency Masking

To investigate the impact of Radial Frequency Masking (RFM), we compare the per-
formance of our framework with RFM to a variant where RFM is replaced by simple
Gaussian noise perturbation applied to the Student network’s input images, following
the setting described in the Mean Teacher framework [16]. As shown in Table 2, this
substitution results in a significant drop in IoU (see w/o RFM in Table 2). These find-
ings highlight the critical role of REM in encouraging the model to recover information
from masked frequency components and learn consistent representations across high- and
low-frequency information.

To further investigate the impact of Radial Frequency Masking (RFM), we compare our
full framework with a variant in which RFM is replaced by the masking used in MFC [11],
applied to the student network’s input images following the setting in [11]. To ensure fair
comparison, all other components remain unchanged. This substitution (w/MFC module)
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leads to a noticeable performance drop, suggesting that our RFM-based masking strategy
is more effective for the UDA setting of laparoscopic surgical image segmentation.

Furthermore, previous studies have found that retaining low-frequency information
can lead to better performance [11]. However, we demonstrate that low-frequency informa-
tion also plays a role in our task, although high-frequency components contribute more
significantly. Instead of adopting the full REM-based masking strategy, which masks both
high- and low-frequency components, we preserve the central low-frequency region as
defined in Equation (4) [11]. This modification leads to a drop in IoU (see w/Equation (4)
in Table 2). This indicates that low-frequency information should not be entirely preserved
and masking low-frequency components plays a role in our UDA task, which is a key
strength of our REM design.

4.3.2. Ablations on FDA-Blend

To assess the impact of FDA-Blend on the domain adaptation process, we conduct
an ablation study by removing FDA-Blend and directly feeding the source images into
the Student network. As shown in Table 2, this variant results in a noticeable degradation
in IoU. The performance drop indicates that, without frequency-domain alignment, the
statistical discrepancy between source and target domains remains significant, making it
difficult for the Student network to learn generalizable features during early training. In
contrast, FDA-Blend mitigates this domain gap by replacing the amplitude components in
the frequency domain, effectively transforming source images to better match the target
domain distribution.

To further assess the impact of FDA-Blend on the domain adaptation process, we
replace FDA-Blend with the original FDA [15] transfer method. As shown in Table 2, this
modification (w/FDA) leads to a substantial drop in IoU. This can be attributed to the
fact that full-amplitude substitution tends to cause severe color shifts under large inter-
domain illumination differences, while partial blending offers a more stable and effective
adaptation signal.

4.3.3. Ablations on Entropy Loss

We further conduct an ablation study to investigate the role of the Entropy Loss [17].
As reported in Table 2, removing this component results in a notable drop in IoU, indicat-
ing that it plays an important role in overall performance. The Entropy Loss introduces
an information-theoretic regularization of the output probability distribution of the un-
labeled target data, which constrains prediction entropy and discourages indecisive or
ambiguous outputs.

5. Discussions

To address the substantial domain gap between synthetic and real images, we propose
a frequency-domain perspective for unsupervised domain adaptation, incorporating three
key modules: RFM, FDA-Blend, and Entropy Minimization. These modules collectively
enhance the model’s robustness. In the discussion, we further analyze the experimental
results and provide a detailed examination of the advantages introduced by each module.

5.1. RFM

We propose a novel frequency-domain masking strategy and employ a consistency
loss to promote regularization between high- and low-frequency representations learned
from real images. Ablation results (Table 2) demonstrate that the RFM module plays a
central role in the performance improvement of our framework among all modules. When
replacing the RFM module with the MFC module (w/MFC module), a significant drop in
IoU is observed. This can be attributed to our frequency masking strategy, which assigns
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higher masking probabilities to high-frequency components based on their radial distance
from the spectral center. In contrast, MFC [11] adopts uniform random masking while fully
preserving low-frequency regions.

The advantage of our masking strategy lies in two main aspects. First, assigning
higher masking probabilities to high-frequency components is particularly beneficial for
laparoscopic surgery images, which often exhibit complex textures, illumination vari-
ations, and cluttered backgrounds. These characteristics are primarily reflected in the
high-frequency components of the spectrum, to which deep neural networks are especially
sensitive. Second, unlike MFC, which fully preserves low-frequency content, our strategy
assigns a nonzero masking probability across the entire frequency spectrum, including the
central low-frequency region. The ablation study in Table 2 (w/Equation (4)) shows that
fully retaining low-frequency information leads to a performance drop, suggesting that
selectively masking low-frequency components also contributes to enhancing the model’s
robustness to spectral variations.

In our work, we adopt the Mean Teacher framework [16] for self-training. While the
student network receives frequency-masked inputs, the teacher network observes full-
spectrum images and generates supervision signals. This setup encourages the student to
recover consistent predictions despite incomplete frequency information. The exponential
moving average (EMA) update of the teacher further stabilizes training and improves
pseudo-label quality.

5.2. Sensitivity Analysis of the Mixing Coefficient o

As shown in Figure 7 and Table 3, as « increases from 0.1 to 1.0, the IoU first improves
and then degrades, with the best performance achieved at « = 0.5, indicating a clear
unimodal dependency on the appearance mixing strength.

47.0
46.5

46.0

45.0

44.5

()
440 =

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
a

Figure 7. Sensitivity analysis of the mixing coefficient a: IoU under the simulated — real setting as a
function of a. The performance first improves and then degrades as « increases, achieving the best
result at « = 0.5.
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From a signal processing perspective, FDA-Blend performs interpolation only in the
low-frequency amplitude space while preserving the phase information. Low-frequency
amplitudes primarily determine global appearance attributes such as overall brightness,
color distribution, and illumination structure, whereas phase information encodes geomet-
ric structure and semantic layout. As a result, the mixing coefficient a effectively controls
the strength of appearance alignment toward the target domain. When « is small, the low-
frequency amplitudes are still dominated by the source domain, and the generated samples
remain visually distant from the target domain. Consequently, the model is exposed to
only weak target-style perturbations, and the domain gap is insufficiently reduced, leading
to limited performance gains.

As o increases, a larger portion of target-domain low-frequency information is in-
corporated, gradually shifting the global appearance of the training samples toward the
target-domain distribution. This enables the model to adapt more effectively to target-
domain imaging conditions and appearance statistics while maintaining stable semantic
structure, resulting in improved performance. However, when a becomes too large and
approaches 1.0, overly aggressive low-frequency replacement can substantially alter global
illumination and color contrast, weakening the implicit consistency assumption between
source-domain annotations and the input images. Although phase information remains
unchanged, such extreme appearance shifts may be amplified by nonlinear components
in the network, such as normalization layers and activation functions, thereby affecting
boundary localization and local discriminative cues, which ultimately leads to training
instability and performance degradation.

Therefore, the effect of a exhibits a clear unimodal trend, where performance first
increases and then decreases as a« grows. The optimal value of & corresponds to a balance
between sufficient appearance alignment and semantic stability. Within this balanced
regime, the model can effectively reduce appearance discrepancies between the source and
target domains without introducing excessive appearance-label mismatch, yielding the
best domain adaptation performance.

Table 3. Sensitivity analysis of the mixing coefficient a: We report the IoU under the simulated —
real setting. The bolded data represents SoTA.

% 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
IoU 4399 4412 4516 46.89 47.27 4612 46.03 4544 4457 44.68

5.3. Entropy Minimization

In our setting, Entropy Minimization serves as an information-theoretic regularizer
for unlabeled pixels. Penalizing high-entropy posterior distributions suppresses uncer-
tain predictions, pushing the decision boundary toward low-density regions in feature
space in accordance with the cluster assumption. This low-density separation stabilizes
optimization, curbs the propagation of noisy pseudo-labels, and yields better-calibrated
confidence estimates. As a result, the model exhibits enhanced robustness and improved
generalization on the target domain.

5.4. Sensitivity Analysis of the Coefficient k in RFM

In Radial Frequency Masking (RFM), the hyperparameter k controls the overall mask-
ing strength by scaling the radius-dependent masking probability in the frequency domain.
Intuitively, a larger k increases the masking rate for higher-frequency regions, which are
more likely to contain domain-specific variations in laparoscopic videos (e.g., specular
highlights, smoke, and subtle texture differences). Therefore, k mediates a trade-off be-
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tween suppressing domain-specific high-frequency artifacts and preserving informative
high-frequency cues that are also useful for accurate boundary delineation.

To examine the sensitivity of REM to k, we conduct a sweep under the simulated—real
setting (See Table 4). The results show a clear saturation trend: performance improves
substantially when increasing k from 0.1 to 0.5, indicating that stronger high-frequency
perturbations are beneficial for bridging the simulated-to-real gap. Beyond k > 0.5, the
IoU becomes relatively insensitive to k (variation within 0.16 from 0.5 to 0.9), suggesting
that REM is stable within a reasonable parameter range. Meanwhile, an overly large value
(k = 1.0) slightly degrades performance, which is consistent with the above trade-off—
excessive masking may remove high-frequency details that are informative for precise
liver boundaries and may also make the teacher-student consistency learning less reliable.
Based on both stability and the best observed IoU, we use k = 0.9 as the default setting in
our experiments.

Table 4. Sensitivity analysis of the coefficient k in RFM: We report the IoU under the simulated —
real setting. The bolded data represents SoTA.

k 0.1 0.3 0.5 0.7 0.9 1.0
IoU 45.11 46.79 47.11 47.21 47.27 46.67

6. Conclusions

This paper studies unsupervised domain adaptation (UDA) for semantic segmen-
tation of laparoscopic images, aiming to bridge the domain shift between computer-
simulated data and real intra-operative scenes without requiring pixel-wise annotations in
the target domain.

We propose a frequency-aware UDA framework that combines (i) FDA-Blend for
appearance alignment in supervised source training, (ii) RFM to introduce structured
frequency perturbations for robust teacher—student consistency learning on unlabeled
target images, and (iii) Entropy Minimization to encourage confident and stable predictions
during self-training.

Scientific novelty. Differing from prior approaches that rely solely on spatial aug-
mentations or global style transfer, our method explicitly leverages frequency-domain
operations within a unified UDA pipeline. In particular, REM provides a principled way to
regularize target-domain learning by selectively masking frequency components, which
promotes domain-invariant representations while preserving the semantic structure essen-
tial for surgical scene understanding. Together with FDA-Blend and entropy regularization,
the proposed design yields consistent improvements over representative UDA baselines
under both simulated —real and translated— real settings.

Practical significance. Our framework offers an effective solution to laparoscopic image
segmentation in real clinical data by primarily exploiting readily available simulated data,
substantially reducing the dependency on costly expert annotations for each new surgical
domain, device, or hospital. This makes the proposed method particularly appealing for
scalable deployment and rapid adaptation in data-scarce clinical environments.

Prospects for real-world applications. The proposed approach can serve as a core
component for downstream developments such as intra-operative scene understanding and
organ boundary delineation, which may support surgical navigation, safety-critical region
awareness, and workflow analysis. In addition, the frequency-aware adaptation strategy
is compatible with practical deployment constraints (e.g., varying imaging devices and
acquisition conditions) and can be extended to settings such as continual /online adaptation,
semi-supervised adaptation with a few annotated target frames, and efficiency-oriented
implementations for near-real-time inference.
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Limitations and future work. A current limitation is that our experimental evaluation
focuses on the liver class. In future work, we will extend the evaluation to additional
anatomical structures and multi-class segmentation, and further investigate robustness
across broader clinical scenarios (e.g., different procedures, centers, and imaging systems).
Moreover, to provide a more rigorous robustness assessment, we will repeat experiments
with multiple random seeds and report the mean and standard deviation, and we will
conduct statistical significance tests (e.g., paired t-test or Wilcoxon signed-rank test) to
quantify the consistency of the gains.
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