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ABSTRACT
Recent advances in deep learning models such as U-Net Transformer (UNETR) and
Swin U-Net Transformer (SwinUNETR) have significantly improved tumor
segmentation accuracy and local structural sensitivity in medical imaging. Notably,
OrgUNETR model demonstrated that predicting both organs and tumors enhances
tumor segmentation performance by leveraging their anatomical relationships.
However, those models still struggle to capture the complex and irregular shapes of
tumors that result from structural constraints or physiological pressure exerted by
surrounding organs. These irregular morphologies often manifest as lobulated, or
infiltrative margins, containing high frequency edge information that is challenging
to represent using a convolutional network or transformer based architectures alone.
To address this limitation, we propose FreqDualNet, a frequency aware extension of
SwinUNETR and OrgUNETR, which explicitly integrates three types of frequency
awareness modules into the network. FreqDualNet introduces three complementary
frequency awareness modules: (i) Fourier based spectral feature transformation to
enhance high frequency sensitivity, (ii) frequency guided feature fusion between
organ and tumor representations, and (iii) high frequency residual refinement to
sharpen tumor boundaries. By explicitly modeling frequency domain characteristics
associated with tumor shape complexity, the proposed architecture improves
sensitivity to fine-grained morphological variations. Experiments on the KiTS19
dataset demonstrate that FreqDualNet achieves a substantial improvement in tumor
segmentation performance, increasing the tumor Dice score by 12.75% compared to
SwinUNETR (0.5072 vs. 0.4499). On the Prostate158 dataset, FreqDualNet also
demonstrated improved tumor segmentation performance, achieving a 6.70%
increase in tumor Dice score compared to SwinUNETR (0.2282 vs. 0.2138). By
directly utilizing the morphological differences between organs and tumors with
frequency aware modules, FreqDualNet improves both segmentation accuracy and
generalizability, with strong potential to assist tumor diagnosis, prognosis evaluation,
and understanding tumor organ interactions. The code is available at: https://github.
com/JungroLee/FreqDualNet.
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INTRODUCTION
Artificial intelligence (AI) has strongly influenced medical imaging, particularly in the field
of tumor segmentation (Xu et al., 2024; Rayed et al., 2024). Especially, diagnostic processes
have been accelerated and AI enabled more precise visualization of tumor boundaries
(Choi et al., 2025; Mildenhall et al., 2021; Wang et al., 2024b; Zou, Lin & Zhu, 2024).

Tumor segmentation, the task of predicting tumor regions from surrounding tissues in
medical images, is an important task in diagnosis, treatment planning, and disease
monitoring. Over the past decade, as AI develops, various benchmark challenges such as
the brain tumor segmentation (BraTS) challenge and the kidney tumor segmentation
(KiTS19) competition have been held for more accurate tumor segmentation (Baid et al.,
2021; Li et al., 2024; Abdelrahman & Viriri, 2022;Heller et al., 2019). In BraTS, participants
aimed to segment gliomas across multiple MRI modalities accurately, while KiTS19
participants are required to predict kidney tumor from multi-phase CT images.

Early segmentation models were predominantly based on convolutional neural
networks (CNNs) (Yamashita et al., 2018), including architectures like U-Net
(Ronneberger, Fischer & Brox, 2015), GoogleNet (Szegedy et al., 2015), and ResNet
(He et al., 2016). However, due to their inherently limited receptive fields, convolutional
encoders inherently bias representations toward low frequency components due to spatial
averaging and downsampling, leading to systematic attenuation of fine-grained boundary
cues critical for irregular tumor morphologies (Hatamizadeh et al., 2022). To overcome
these limitations, transformer based models such as UNETR (Hatamizadeh et al., 2022)
and SwinUNETR (Hatamizadeh et al., 2021; He et al., 2023) were proposed. These
architectures integrate the global attention mechanisms of transformers with the spatial
localization strengths of U-Net, leading to improved performance in 3D medical image
segmentation tasks. Although transformer based models capture long range dependencies,
their tokenisation and hierarchical merging implicitly suppress high frequency spatial
variations, making them suboptimal for delineating sharply irregular tumor boundaries
and there have been new attempts to reflect boundary awareness in segmentation
(Li, Liu & Song, 2026).

Moreover, conventional models typically focus solely on tumor segmentation without
explicitly leveraging the anatomical correlation between tumors and surrounding organs.
To address this limitation, OrgUNETR model was proposed, with an architecture that
predicts both organ and tumor within a unified pipeline (Choi et al., 2024; Choi, Lee & Lee,
2024). By incorporating anatomical context, OrgUNETR improves tumor segmentation
accuracy compared to models that predict tumors only. While OrgUNETR leverages
anatomical context by jointly predicting organs and tumors, it remains primarily a
semantic alignment framework and does not explicitly model boundary frequency
characteristics or geometric irregularity.

Despite these advancements, accurately capturing irregular and high frequency tumor
boundaries, such as lobulated or infiltrative morphologies is still challenging (Agrawal
et al., 2009; Hansell et al., 2008). This is because, these complex shapes exhibit high
frequency edge patterns that are often smoothed out or poorly represented by conventional
feature extraction modules (Jiang et al., 2021).
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To tackle this problem, we propose FreqDualNet, a novel architecture that integrates
frequency aware layers into the SwinUNETR and OrgUNETR. Drawing inspiration from
recent works in frequency domain networks utilizing frequency spatial representation to
capture local texture information (Zhang, Gu & Wang, 2025), we also utilize modules that
reflect edge sensitivity and capture shape complexity through Fourier based
transformations, high frequency refinement blocks, and hybrid skip connections (Li et al.,
2023; Qin et al., 2021; Zou et al., 2023). Those frequency aware modules explicitly preserve
high frequency boundary information at multiple hierarchical levels, rather than treating
boundary refinement.

We evaluate our model on public medical image datasets, KiTS19 (kidney tumor) and
Prostate 158 (prostate tumor), demonstrating that FreqDualNet significantly outperforms
SwinUNETR, existing baselines, in tumor segmentation tasks.

The main contributions of this study are as follows:

(1) We propose a frequency aware segmentation framework that explicitly incorporates
frequency domain information to enhance tumor segmentation. To better predict
boundary sharpness and structural fidelity, our model deploys a frequency aware
module with skip connections, which selectively preserves boundary information
during the whole process.

(2) We demonstrate that the FreqDualNet achieves superior segmentation performance
across tumor types characterized by lobulated, and infiltrative morphologies, on
various model architectures, such as U-Net, UNETR and SwinUNETR.

RELATED WORKS
Tumor segmentation task
Tumor segmentation is significant in medical diagnosis by predicting the precise
anatomical structures. It involves pixel wise classification to distinguish tumor regions
from surrounding tissues in medical imaging modalities such as CT, MRI, and PET scans.
Among these various imaging modalities, CT and MRI images are commonly used for
tumor segmentation tasks due to their ability to provide detailed anatomical information
and tissue contrast, which aid in the accurate delineation of tumor boundaries.

In the past, segmentation has been conducted manually by clinicians, which is a time
consuming task (McGrath et al., 2020). To address this limitation, AI models have been
trained on annotated tumor segmentation datasets. These models have significantly
improved the efficiency of the segmentation process by enabling automated identification
of tumor regions, thereby supporting clinical decision making and enhancing diagnostic
precision.

Numerous deep learning architectures have been proposed for tumor segmentation. For
example, in the BraTS challenge, held annually since 2012, early approaches around 2014
primarily employed CNN based and conventional machine learning models (Li et al.,
2024). Starting from 2017, U-Net based architectures began to dominate, demonstrating
strong performance in medical image segmentation tasks. In recent years, with the advent
of large language models (LLMs), hybrid models that integrate vision transformers have
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also emerged. Beyond BraTS, other competitions such as the KiTS23 Challenge also
focused on kidney tumor segmentation.

Correlation between organ and tumor
Recent advances in medical image segmentation have utilized not only tumor specific
features but also the anatomical context provided by surrounding organs (Fu et al., 2020).
It turns out that the morphology of tumors is frequently shaped by the structural
constraints imposed by surrounding organs. As tumors interact with adjacent tissues, they
often develop in nontrivial geometries, such as lobulated or infiltrative boundaries (Hansell
et al., 2008). These physically constrained growth patterns pose challenges for
segmentation models, underscoring the need for organ aware tumor segmentation
architectures.

Several segmentation models have leveraged this spatial interdependence to improve
performance. For instance, Domain Adaptive Relational Reasoning (DARR) (Fu et al.,
2020) demonstrated that modeling spatial relationships between kidney and tumor
enhances segmentation accuracy.

ViT and UNETR
Transformers, initially introduced for translation tasks, have deployed self attention
mechanisms that capture long range dependencies without relying on recurrent or
convolutional structures. It extended to a broad range of natural language processing
(NLP) tasks, including text classification, question answering, and language generation
(Vaswani et al., 2017).

Building on this, the Vision Transformer (ViT) was proposed as an application of
transformers in computer vision (Khan et al., 2023). Unlike CNNs, which utilize local
feature extraction, ViT partitions an image into fixed size patches, linearly embeds them,
and applies stacked transformer layers to capture global contextual relationships across the
entire image.

Inspired by the success of ViT, UNETR was also developed to bring transformer based
global context modeling into 3D medical image segmentation (Hatamizadeh et al., 2022).
UNETR integrates a ViT style encoder within a U-Net architecture, effectively combining
the strengths of transformer driven feature extraction with the spatial localization
capabilities of CNN based architecture. In this design, a 3D medical volume is divided into
uniform patches, projected into embedding and being processed through a series of
encoder transformer layers composed of multi head self attention (MHSA) and multi layer
perceptron (MLPs). The decoder reconstructs the segmentation map through a sequence
of 3D deconvolutional layers. Moreover, skip connection between encoder and decoder
stages allows the model to leverage both coarse global information and fine grained local
features. These features, which capture long range dependencies and preserve local
resolution, enable UNETR to excel in various vision tasks such as image classification,
object detection and semantic segmentation.
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OrgUNETR
The spatial relationship between organs and tumors has been widely recognized, and
several prior studies have already attempted to leverage this correlation to improve tumor
localization. Building on this insight, OrgUNETR was developed to explicitly incorporate
organ context into deep learning based tumor segmentation (Choi, Lee & Lee, 2024). In
this model, the original UNETR architecture is modified to simultaneously predict both
organs and tumors as the final output. This joint prediction allows the model to implicitly
reflect the spatial and structural relationship between organ and tumor during the training
process, as both convolutional and attention layers are updated with shared contextual
information.

In addition, to improve computational efficiency, OrgUNETR also replaces the
computationally heavy multi head self attention (MHSA) layers with lightweight squeeze
and excitation (SE) blocks, which perform channel wise attention in a more efficient
manner (Hu, Shen & Sun, 2018). This modification reduces computational costs while
achieving superior performance. Experimental results demonstrate the effectiveness of the
proposed approach, OrgUNETR achieved a 40.86% improvement in dice score over the
UNETR on the KiTS19 (kidney tumor) dataset and a 32.69% improvement on the
Prostate158 dataset. Additionally, the SE blocks led to a 13.9% reduction in
computational load.

SwinUNETR
Building on the success of UNETR, SwinUNETR introduces a hierarchical encoder design
by adopting Swin Transformers (Hatamizadeh et al., 2021). Unlike UNETR’s fixed
resolution attention, Swin Transformers utilize a shifted window mechanism that enables
local self attention within non overlapping windows while gradually expanding the
receptive field across stages. This hierarchical structure allows SwinUNETR to effectively
model both local and global context at multiple scales, improving its ability to handle
tumors of varying sizes and appearances (Capellán-Martín et al., 2023). Additionally, the
patch merging layers within SwinUNETR maintain computational efficiency while
preserving spatial information.

According to experimental results, SwinUNETR achieved higher dice scores compared
to established models such as nnU-Net, SegResNet, and even ViT based models like
TransBTS at the BraTS 2021 challenge. To be specific, SwinUNETR showed a 0.5% average
improvement across tumor sub regions (ET, WT, and TC) and demonstrated superior
generalization on both validation and test sets.

Frequency aware layers
In recent years, frequency aware networks have gained attention in deep learning as a
means to capture fine grained details, particularly in tasks involving high frequency
patterns (Qin et al., 2021). Since conventional CNNs tend to focus more on low frequency
components due to their local receptive fields and pooling operations, they often lead to
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blurred or over smoothed segmentation outputs. To address this, frequency domain
processing techniques have been integrated into AI models, by transforming spatial
features into the frequency domain. For instance, the frequency channel attention (FCA)
block computes channel attention in the frequency domain to better preserve texture and
edge information (Zou et al., 2023).

Also, wavelet based U-Net incorporates discrete wavelet transform layers that apply
high and low pass filters to extract corresponding frequency components (Li & Shen,
2022). These are then reversed through inverse transformation to reconstruct image
features with frequency aware representations.

MATERIALS AND METHODS
Model’s architecture
Figure 1 shows the overall architecture of FreqDualNet. The input 3D CT volume is first
processed through a SwinViT encoder, which generates hierarchical hidden states at
multiple resolutions. These hidden states are then fed into the UNETR decoder blocks to
produce encoded features at each stage. The Feature Channel Attention (FCA) module
extracts refined feature maps from the encoded features. Subsequently, the feature maps
are progressively upsampled through deconvolution blocks. To enhance segmentation

Figure 1 Overall architecture of FreqDualNet. The input 3D CT volume is first processed through a SwinViT encoder, which generates
hierarchical hidden states at multiple resolutions. These hidden states are then fed into the UNETR decoder blocks to produce encoded features at
each stage. The Feature Channel Attention (FCA) module extracts refined feature maps from the encoded features. Subsequently, the feature maps
are progressively upsampled through deconvolution blocks. To enhance segmentation accuracy, the first and third encoded features are processed
through High-Frequency Filtering (HFF) and Low-Frequency Filtering (LFF) modules, respectively, and concatenated with the final decoded feature
map. The network outputs two separate predictions for organ segmentation and tumor segmentation. Full-size DOI: 10.7717/peerj-cs.3801/fig-1
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accuracy, the first and third encoded features are processed through High-Frequency
Filtering (HFF) and Low-Frequency Filtering (LFF) modules, respectively, and
concatenated with the final decoded feature map. The network outputs two separate
predictions for organ segmentation and tumor segmentation.

Figure 1 illustrates the comprehensive architecture of the FreqDualNet model, detailing
its various layers and connections. A 3D CT scan is processed in the SwinVIT block to
create hidden states 0~4, and those hidden states are applied to the UNETR block and give
encoded features. These encoded features went through FCA block to extract feature maps.
These feature maps are then upsampled using deconvolution blocks. Finally, first encoded
features and third encoded features after passing High Frequency Filtering and Low
Frequency Filtering, are concatenated with final decoded feature map to predict organ and
tumor separately.

Then, the network produces four output channels, H × W × D × 4, corresponding to
two binary segmentation heads: an organ head (background vs. kidney) and a tumor head
(background vs. tumor). DiceCE loss was computed independently for each head, and the
final loss was defined as a weighted sum of organ and tumor losses, with weights of 0.68
and 0.32, respectively, to balance anatomical localization and tumor delineation
performance.

The proposed model, FreqDualNet, is a 3D segmentation AI model designed to
simultaneously segment both organ and tumor from volumetric CT scans. It builds upon
the SwinUNETR architecture by inserting anatomical context and frequency domain
modules to improve tumor localization accuracy, particularly in cases involving small or
irregularly shaped lesions.

As described in Fig. 1, the model takes a 3D CT volume as an input (RH�W�D) and
processes it through a Swin Transformer backbone, which extracts multi scale contextual
features using hierarchical self attention blocks. Simultaneously, a parallel convolutional
encoder is applied to the input, extracting features with local spatial consistency.

At each encoder stage, feature map’s frequency domain information is integrated
through a FCA module to extract frequency rich channel. To further leverage frequency
information, two fast Fourier transform (FFT) based filtering, high frequency filter and low
frequency filter, are applied to two feature maps that are extracted from first and third
encoders. Therefore, high frequency filter module extracts tumor related feature map and
low frequency filter modules results in an organ related feature map.

The decoder path follows the standard UNETR structure, gradually upsampling the
encoded features using a deconvolution-based blocks. To integrate context between the
encoders and decoders, organ related and tumor related features are concatenated with the
shared decoder output before prediction.

Then, the final features are branched into two separate segmentation heads, one for
organ and the other for tumor. The organ head processes feature fused between final
decoder output and organ related features, while the tumor head focuses on tumor related
features. The model finally outputs four channels, two for organ segmentation
(background and organ) and two for tumor segmentation (background and tumor).
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This architecture enables the network to explicitly model the interaction between organ
and tumor, while also integrating frequency domain attributes to improve performance on
regions with irregular features.

Preprocessing method and patch embedding
To improve generalization, we applied a series of data augmentations. These included
random 3D flipping along each spatial axis, Gaussian noise injection, random intensity
scaling, and random intensity shifting (Shorten & Khoshgoftaar, 2019). These methods
represent real world anatomical variability to mitigate overfitting problems.

We then fed these images into FreqDualNet architecture, which begins with a patch
embedding module. This module partitions the input 3D volume into non overlapping
cubic patches, each of which is flattened and linearly projected through a convolutional
embedding block to form a sequence of patch tokens. These tokens are then fed into a
hierarchical Swin Transformer block, which applies Layer Normalization and dropout for
regularization.

Frequency comparison
To quantitatively compare the spatial frequency characteristics of the organ and tumor
regions, we computed a high to low frequency energy ratio using a radial frequency based
analysis (Van Heel & Schatz, 2005).

For each 3D segmentation mask x(r),

x rð Þ 2 RH�W�D; r ¼ x; y; zð Þ: (1)

we applied a 3D FFT to obtain the frequency domain magnitude representation, x̂ fð Þ:
x̂ fð Þ; f ¼ fx; fy; fz

� �
; x̂ fð Þj j: (2)

Then, the radial frequency was defined as r(f).

r fð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
f 2x þ f 2y þ f 2z

q
: (3)

We then defined the high and low frequency regions by setting the radial frequency’s
threshold at half its maximum,

rthresh ¼ 0:5 �max r fð Þ: (4)

The average spectral energy in the high and low frequency domains was computed as:

Ehigh ¼ 1

�high

�� �� �
X

f2�high

x̂ fð Þj j; �high ¼ ff jr fð Þ � rthreshg (5)

Elow ¼ 1
�lowj j �

X
f2�low

x̂ fð Þj j; �low ¼ ff jr fð Þ < rthreshg: (6)

Finally, the high to low frequency energy ratio was defined as,

R ¼ Ehigh
Elow þ e

; e ¼ 10�6: (7)
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We utilize this ratio to serve as a measure of high frequency richness within each
region. Applying this method to 210 paired samples of organ and tumor segmentations, we
found that in 181 cases, the tumor region exhibited a higher frequency energy ratio than in
the organ region, whereas the opposite was observed in 29 cases. Statistical significance
testing confirmed that the observed difference is non random. A paired Wilcoxon
signed-rank test showed a highly significant increase in frequency energy ratio in
tumor regions compared to organ regions (p = 1.44 × 10−25), with large effect sizes
(Cliff’s δ = 0.724, Cohen’s dp = 0.948), indicating a robust and substantial difference
(Thiese, Ronna & Ott, 2016).

Frequency aware modules
To enhance the segmentation ability of our network, we inserted a frequency aware
module within the SwinUNETR architecture.

Firstly, we integrate a FCA module after each encoder stage. Given a 3D feature map,

x 2 RB�C�H�W�D, we compute its magnitude spectrum per channel through a 3D FFT,
F xð Þ ¼ FFT3D xð Þj j: A global average pooling operation is then applied over the spatial
dimensions to produce a frequency summary for each channel.

sc ¼ 1
HWD

X
i;j;k

F xc;i;j;k
� �

: (8)

These summaries are passed through a lightweight MLP with sigmoid activation to
produce channel wise attention weights, a:

a ¼ r W2 � ReLU W1 � scð Þð Þ:W1; W2 : Weights: (9)

The original feature map is then reweighed as: x0 ¼ x � a, This module enables the
network to selectively emphasize frequency rich channels, allowing the model to catch the
boundary features.

Secondly, we apply frequency filtering module to further enhance spectral
discrimination (Cai et al., 2021;Wang et al., 2024a). After first and third encoders, feature
map x(r)’s (x rð Þ 2 RH�W�D; r ¼ x; y; zð Þ), low and high frequency components are
figured out using radial masks in the frequency domain f ¼ f x; fy; fz

� �� �
. For the first step,

we defined the normalized radial frequency, r(f).

r fð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
f 2x þ f 2y þ f 2z

q
; fx; fy; fz 2 �1; 1½ �: (10)

Then, a binary high pass mask is applied in the frequency domain to isolate boundary
enhancing signals (rhigh and rlow are tuned through hyperparameter tuningÞ.

1high fð Þ ¼ 1; if r fð Þ � rhigh
0; otherwise

�
; rhigh ¼ 0:4: (11)

Filtered features are then reconstructed via inverse FFT:

xhigh ¼ Re IFFT3D FFT3D xð Þ � 1high
� �� �

: (12)

Likewise, a low pass filter is used to retain smooth structural context.
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1low fð Þ ¼ 1; if r fð Þ < rlow
0; otherwise

�
; rlow ¼ 0:25 (13)

xlow ¼ Re IFFT3D FFT3D xð Þ � 1lowð Þ½ �: (14)

Finally, the filtered components, xhigh; xlow are linearly combined with the original
features:

~xtumor ¼ x rð Þ þ a� xhigh; ~xorgan ¼ x rð Þ þ b� xlow;

a;b ¼ 1:5 arbitrary valueð Þ: (15)

These filtered representations, ~xtumor and ~xorgan are later concatenated with final decoder
outputs and passed through organ and tumor specific segmentation heads.

Metrics
To train and evaluate the performance of the FreqDualNet model, we adopted a composite
loss function combining the dice coefficient and cross entropy (CE) loss (Sudre et al.,
2017). The Dice coefficient calculates the spatial overlap between the predicted
segmentation; pi and the ground truth, gi and is defined as:

Dice p; gð Þ ¼ 2�P
i pigiP

i pi þ
P

i gi þ e
; e ¼ 10�5; DiceLoss ¼ 1� Dice p; gð Þ: (16)

Dice scores range from 0 to 1, with higher values indicating better segmentation
performance. We also incorporated the CE loss, which measures the divergence between
predicted class probabilities and the true labels. It is computed as,

CE T;Pð Þ ¼ �
XC
c¼1

Tc � log Pcð Þ (17)

where T is the one hot encoded true label, c indexes the class, and Pc is the predicted
probability for class c obtained via the softmax function.

This equation quantifies the negative log likelihood of the correct class being predicted,
with lower values indicating better segmentation performance.

To leverage the strengths of both metrics, we utilized a DiceCE Loss, LDiceCE, which
combines the dice and CE losses as a weighted sum:

LDiceCE ¼ b� DiceLossþ 1� bð Þ � CE Loss: (18)

Here, β is tunable parameter that controls the relative influence of each term during
training.

However, since DiceCE loss combines overlap based and probabilistic objectives,
improvements in Dice score may not always lead to lower DiceCE loss, particularly for
small or ambiguous tumor regions.

Given the dual target nature of our segmentation task, we further extended this
formulation by applying specific weighting to the loss components. The total loss used for
model optimization was defined as,

Ltotal ¼ 0:65� Lorgan þ 0:35� Ltumor (19)
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where Lorgan; Ltumor represent the DiceCE Loss applied to organ and tumor predictions,
respectively. The weights (65% for organ and 35% for tumor) reflect the model’s design
principle of leveraging organ segmentation as contextual guidance for tumor localization.

KITS19
To evaluate the FreqDualNet on kidney tumor segmentation, we utilized the publicly
available KiTS19 dataset, a benchmark dataset released as part of the kidney tumor
Segmentation Challenge (https://kits19.grand-challenge.org/). The dataset was organized
in a conjunction with MICCAI 2019 and is jointly managed by the University of
Minnesota and the University of Melbourne, with data collected from patients who
underwent partial or radical nephrectomy at the University of Minnesota Medical Center
between 2010 and 2018. The KiTS19 dataset is publicly accessible through the official
challenge website, distributed under the CC BY-NC-SA license, and does not have a single
assigned DOI. A detailed description of the dataset is provided in the official challenge
article by Heller et al. (2019) (MICCAI 2019) (DOI: 10.1016/j.media.2020.101821).

A total of 300 cases were retrospectively collected from which 210 cases with complete
imaging and expert validated annotations were released as training data. Cases were
included only if a pre-operative arterial phase abdominal CT scan was available, and cases
lacking such imaging were excluded.

All CT volumes were provided in anonymized NIFTI format (Heller et al., 2019) with an
original in-plane resolution of 512 × 512 pixels, while the number of axial slices varied
substantially across patients, ranging from 29 to 1,059 slices. Slice thicknesses ranged from
1 to 5 mm, reflecting real-world clinical variability. All scans were acquired with patients in
the supine position.

The KiTS19 dataset provides separate voxel wise annotations for kidney and tumor,
with tumor labels strictly constrained within the kidney region to ensure anatomical
consistency. These annotations were generated through a semi manual process: trained
medical students delineated kidney and tumor contours on selected axial slices under
clinical supervision, and missing slices were completed via linear interpolation. All cases
were subsequently reviewed and corrected by experienced researchers with access to
radiology reports and surgical pathology findings to ensure accurate tumor localization.

For our preprocessing, we first exclude test datasets which do not contain ground truth
of organ and tumor images. Then, we normalize the value of images for generalizing the
model’s ability, not to react sharply to outliers. Lastly, we reshape the dataset into fixed
spatial size to ensure uniform input dimensions.

In order to normalize, voxel intensities were clipped to a range defined by two standard
deviations around the mean, xmin; xmax½ � ¼ l� 2r;lþ 2r½ �, where l is the mean
intensity of CT volume and r is the standard deviation. Then, the clipped intensities were
normalized to the [0, 1] range using the min max normalization.

xnorm ¼ x � xmin

xmax� xmin
; xnorm 2 0; 1½ �: (20)
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After normalization, to reduce computational cost and ensure uniform input
dimensions for the model, we first reshaped all CT volumes to a fixed spatial size of
224 × 224 × 224 using trilinear interpolation.

Prostate158
In addition to the KiTS19 dataset, we also utilized the Prostate158 dataset to evaluate the
performance and generalizability of our model on prostate tumor segmentation tasks
(Adams et al., 2022).

The Prostate158 dataset was created and curated by Keno Bressem, Lisa Adams,
and Günther Engel, with contributions from multiple researchers across
Charité—Universitätsmedizin Berlin, Technische Universität München,
Universitätsmedizin Göttingen, and Radboud University. All imaging data and
annotations were generated under institutional oversight, with annotations
provided by experienced radiologists. The dataset is publicly accessible via Zenodo
(https://zenodo.org/records/6481141), where detailed metadata and licensing information
are provided.

It includes voxel wise annotations for both prostate anatomy and tumor regions,
enabling simultaneous learning of organ structure and tumor localization. In total,
Prostate158 contains 139 training samples and 19 validation samples. Each MRI scan has a
native spatial resolution of 270 × 270 × 24 voxels. Due to a different data shape, all volumes
were resized to a uniform spatial resolution of 224 × 224 × 224 using linear interpolation.
During this process, samples in which tumor voxels were completely lost were excluded,
resulting in the removal of 72 cases to ensure sufficient tumor representation in the
training data.

For preprocessing, as in the Kits19 dataset preprocessing, min max normalization was
applied to each MRI scan to scale intensity values into a consistent range. This step reduces
variability caused by different acquisition settings and improves training stability.

Computing infrastructure
All experiments were conducted on a Linux workstation running Ubuntu 24.04.2 LTS
equipped with two NVIDIA GeForce RTX 3090 GPUs (24 GB VRAM each). The model
was trained primarily on a single GPU, utilizing approximately 21,360 MiB of VRAM
during execution. The environment was configured with Python 3.13.5, PyTorch 2.6.0 +
CUDA 12.4.

RESULTS
Experimental details
Training was performed with a batch size of 1 due to GPU memory constraints, using
gradient accumulation over four iterations to simulate a larger effective batch size.
Gradients were clipped with a maximum norm of 1.0 to stabilize optimization. Model
checkpoints were selected based on the highest validation dice score for tumor
segmentation after epoch 100.
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To evaluate FreqDualNet, we used two publicly available datasets: KiTS19 (210 CT
volumes with expert-annotated kidney and tumor masks) and Prostate158 (72 annotated
volumetric scans). The dataset was randomly split into training (75%), validation (20%),
and test (5%) subsets at the patient level using a fixed random seed (seed = 55) to
ensure reproducibility. The model was trained using the AdamW optimizer, with an
initial learning rate of 1� 10�3 and a weight decay of 5� 10�5 (Loshchilov & Hutter,
2017). For the loss function, we employed DiceCE loss, a weighted combination of Dice
loss and CE loss, which jointly optimizes overlap based and pixel wise classification
objectives.

We did not adopt an early stopping strategy and instead trained all models for 600
epochs to ensure a fair and consistent comparison between FreqDualNet and the baseline
models. Using a fixed training length avoids discrepancies that may arise from model
dependent stopping criteria. The training was terminated at 600 epochs, corresponding to
the stage at which the tumor prediction accuracy on the training set reached approximately
0.6–0.7 across models, allowing direct performance comparison under comparable
optimization conditions.

In addition, the Swin Transformer backbone was configured with four hierarchical
stages, with transformer depths of (3, 6, 12, 24) and attention head counts of (1, 2, 1, 2)
across the stages. A base channel width of 12 was used throughout the network.

Moreover, to reduce GPU memory consumption and improve training efficiency, we
adopted automatic mixed precision (AMP), which casts computations to float16
(Micikevicius et al., 2017).

To maintain generalizability, scaler function scales gradients during back
propagation and adjusts the scale factor every four steps. This setup enabled us to use
smaller batch sizes and optimize GPU utilization without compromising model accuracy
(Ott et al., 2018).

Computational efficiency
We evaluated the computational efficiency of FreqDualNet in comparison with the
baseline SwinUNETR under identical experimental settings (batch size = 1, input size =
2243, AMP enabled). The two models have nearly identical parameter counts (6.822M for
FreqDualNet vs. 6.819M for the baseline, +0.04%), indicating that the additional
computational cost is not attributable to increased model size. In inference, FreqDualNet
exhibited a latency of 481.32 ± 0.72 ms per iteration, compared to 332.61 ± 0.79 ms for the
baseline, corresponding to a 44.7% increase in runtime. The peak GPU memory
allocation during inference increased from 6.33 GB to 8.83 GB (+39.4%). A similar trend
was observed during training, where the end to end training step (forward, loss
computation, backward pass, and parameter update) showed a 39.2% increase in latency
and a 76.2% increase in peak memory usage. These overheads arise from the additional
spectral analysis modules and frequency-aware processing in FreqDualNet, reflecting an
explicit trade off between computational efficiency and enhanced frequency based feature
modeling.
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Quantitative results
For our baseline model, we employed the SwinUNETR model from the MONAI library,
modified to output four channels for simultaneous segmentation of organs and tumors
without separate prediction heads. Also, U-Net and UNETR are also modified in a similar
way for a comparison.

In terms of hyperparameter tuning, we experimented with different learning rates and
found that both the baseline and FreqDualNet achieved their best tumor prediction
performance at a learning rate of 1� 10�3.

As shown in Fig. 2, the baseline model initially achieved about 0.1 higher score on the
training set. However, it exhibited reducing performance on a certain number of epochs at
the test set, which indicates the overfitting problem. In contrast, FreqDualNet maintained
a stable dice score of around 0.5 on the test dataset, indicating stronger generalization
capability.

To be specific, as shown in Table 1, the best tumor prediction dice score on the test set
was 50.72% for the FreqDualNet, compared to 44.99% for the baseline, indicating a 12.75%
improvement.

A similar trend was observed in the DiceCE Loss curves, as shown in Fig. 3. While the
baseline model showed lower training loss initially, its test loss began to increase after a
certain number of epochs, further indicating overfitting and limited generalizability. In
contrast, FreqDualNet maintained a stable DiceCE Loss of around 0.2 on the test dataset.

Specifically, as in Table 1, FreqDualNet achieved a lower DiceCE Loss on the test set
(0.19) than the baseline (0.21), representing an 8.49% reduction.

Figure 2 Comparison of tumor segmentation performance between FreqDualNet and the baseline
model on the KiTS19 dataset. Dice score trajectories are shown for (A) validation and (B) training
datasets, demonstrating more stable and consistently higher performance of FreqDualNet across training
epochs. Full-size DOI: 10.7717/peerj-cs.3801/fig-2
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Additionally, as shown in Table 1, FreqDualNet achieves a 35.83% higher Dice score
than U-Net (0.3734), a 74.77% improvement over UNETR (0.2902), and a 54.53%
improvement over OrgUNETR (0.3282). Similarly, in terms of DiceCE Loss, FreqDualNet
achieves reductions of 27.91% compared to U-Net (0.2552), 59.89% compared to UNETR
(0.3190), and 42.35% compared to OrgUNETR (0.2840). These results indicate that
FreqDualNet not only demonstrates stronger generalization but also delivers superior
quantitative performance across both evaluation metrics compared to existing models.

We further evaluated the generalizability of FreqDualNet on the Prostate158 dataset.
As shown in Fig. 4, FreqDualNet achieved a maximum tumor Dice score of 22.82%,

compared to 21.38% for the baseline model. More importantly, when averaged across
training epochs, FreqDualNet demonstrated a 24.84% improvement in mean tumor Dice

Table 1 Model Comparison with KITS19. Evaluation on the FreqDualNet and other segmentation
models. Bold indicates the best value in each metric column.

Model DiceCE loss Dice score

FreqDualNet 0.1995 0.5072

Baseline 0.2180 0.4499

U-Net 0.2552 0.3734

UNETR 0.3190 0.2902

OrgUNETR 0.2840 0.3282

Note:
Kits19 dataset evaluation on the FreqDualNet and other segmentation models.

Figure 3 Comparison of tumor segmentation performance between FreqDualNet and the baseline
model on the KiTS19 dataset. Dice Loss trajectories are shown for (A) validation and (B) training
datasets, demonstrating more stable and consistently higher performance of FreqDualNet across training
epochs. Full-size DOI: 10.7717/peerj-cs.3801/fig-3
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score over the baseline, indicating more stable and consistent tumor segmentation
performance.

In contrast, as in Fig. 5, the DiceCE Loss on the Prostate158 dataset showed an opposite
trend: FreqDualNet exhibited a higher loss value (0.3992) than the baseline model
(0.3600), corresponding to a 10.88% increase. This suggests that while FreqDualNet
improves overlap-based segmentation accuracy, its optimization behavior under DiceCE

Figure 4 Comparison of tumor segmentation performance between FreqDualNet and the baseline
model on the Prostate 158 dataset. Dice score trajectories are shown for (A) validation and (B)
training datasets, demonstrating more stable and consistently higher performance of FreqDualNet across
training epochs. Full-size DOI: 10.7717/peerj-cs.3801/fig-4

Figure 5 Comparison of tumor segmentation performance between FreqDualNet and the baseline
model on the Prostate158 dataset. Dice Loss trajectories are shown for (A) validation and (B) train-
ing datasets, demonstrating more stable and consistently higher performance of FreqDualNet across
training epochs. Full-size DOI: 10.7717/peerj-cs.3801/fig-5
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Loss may differ across datasets. This can be explained by a trade-off which is explained at
Metrics part.

Additionally, as shown in Table 2, FreqDualNet achieves a 1.69% higher Dice score than
U-Net (0.2244), a 56.19% improvement over UNETR (0.1461), and a 20.54% improvement
over OrgUNETR. In terms of DiceCE Loss, FreqDualNet shows a marginal difference
compared to U-Net (1.94% higher loss than 0.3917), but substantially outperforms
UNETR and OrgUNETR, achieving reductions of 50.39% (0.7257) and 21.89% (0.5111),
respectively.

Qualitative results
In addition to quantitative evaluation, we conducted a qualitative analysis to assess how
well the predicted tumors resemble the ground truth in terms of shape, location, and
boundary detail. As illustrated in Fig. 6, the first row shows the ground truth of kidney
tumor, the second row displays the tumor predictions from our FreqDualNet, and the
third row shows predictions from the baseline model.

Across all seven cases, the tumors predicted by the FreqDualNet more closely resemble
the ground truth in size, location, and overall morphology compared to the baseline. For
instance, in the second column, the ground truth tumor has a circular shape, which is
accurately captured by the FreqDualNet. Conversely, for the baseline model, the upper
right region is recognizably distorted resulting in an irregular and inaccurate boundary.
Furthermore, in the third and fourth columns, FreqDualNet successfully identifies tumor
regions at the correct locations, whereas the baseline model fails to detect any tumors.
Additionally, in the seventh column, the actual ground truth tumor is very small and not
separated. However, the baseline model overestimates its size and incorrectly predicts two
separate tumors, while the FreqDualNet provides an accurate prediction.

In Fig. 7, we further present qualitative results on the Prostate158 test dataset to visually
assess the extent to which FreqDualNet improves tumor segmentation performance. In
columns 1, 2, 4, and 5, FreqDualNet more accurately delineates tumor boundaries and
scales compared to the baseline model. However, in certain cases, such as the third column,
both FreqDualNet and the baseline model fail to detect very small tumor regions,
highlighting the inherent difficulty of segmenting small-scale tumors in this dataset. These
visual comparisons highlight the FreqDualNet’s superior ability to localize and delineate
tumors with greater precision.

Table 2 Model comparison with Prostate158. Evaluation on the FreqDualNet and other segmentation
models. Bold indicates the best value in each metric column.

Model DiceCE loss Dice score

FreqDualNet 0.3992 0.2282

Baseline 0.3600 0.2138

U-Net 0.3917 0.2244

UNETR 0.7257 0.1461

OrgUNETR 0.5111 0.1893

Note:
Prostate 158 dataset’s evaluation on the FreqDualNet and other segmentation models.
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Additional experiments
Figure 8. Validation score of the additional experiments. The red, orange, and blue curves
denote the Dice scores of the full FreqDualNet, the variant without the FCA layer, and the
variant without frequency filtering, respectively.

To ensure the best performance of the FreqDualNet, we compared three models:
(1) FreqDualNet, (2) FreqDualNet without the FCA module, and (3) FreqDualNet without
the frequency filtering module. As shown in Fig. 8, FreqDualNet (marked in red) achieved
the highest Dice score of 50.72%. FreqDualNet without the FCA (orange) reached a peak
score of 45.53%, while the model without the frequency filtering module (blue) attained

Figure 6 Qualitative comparison of tumor segmentation results on the KiTS19 dataset. From top to bottom: ground truth, FreqDualNet
prediction, and baseline model prediction. The pink pixels throughout the image represents the tumor pixels, whereas the greyscale pixels indicate
the background. Full-size DOI: 10.7717/peerj-cs.3801/fig-6

Figure 7 Qualitative comparison of tumor segmentation results on the Prostate 158 dataset. From
top to bottom: ground truth, FreqDualNet prediction, and baseline model prediction. The pink pixels
throughout the image represents the tumor pixels, whereas the greyscale pixels indicate the background.

Full-size DOI: 10.7717/peerj-cs.3801/fig-7
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only 39.28%. These results indicate that the FreqDualNet outperformed the FreqDualNet
without the FCA module by 11.41%, and FreqDualNet without the frequency filtering
module by 29.14%. It demonstrates the effectiveness of frequency based modules in
enhancing segmentation performance.

Secondly, to investigate the contribution of frequency domain operations, we
performed a hyperparameter tuning on two key components, the reduction ratio in the
FCA modules, and the radius ratio in the frequency domain filtering blocks (Wang et al.,
2024a; Zou et al., 2023).

In the FCA, the reduction ratio controls the dimensionality compression in the channel
wise MLP, thereby regulating how selectively the model can assign importance weights to
individual frequency channels. We varied this ratio across (4, 8), to explore the model’s
efficiency and effectiveness.

In the frequency filters, the radius ratio defines the cutoff boundary in the normalized
spatial frequency domain for the high pass operations. A larger radius ratio in the high pass
filter preserves more high frequency components (edges, fine textures), whereas a smaller
ratio suppresses them.

Conversely, in the low pass filter, a smaller radius ratio retains a lower frequency
structure while attenuating high frequency noise.

We tested high pass radius ratio values of (0.25, 0.4, 0.5) for tumor branch,
while applying same low pass filtering in the organ branch. According to Table 3, the
best performance was achieved with a reduction ratio of 4 and a high pass radius
ratio of 0.4, yielding a Dice score of 0.5072. Notably, except for the combination of a
0.4 radius ratio with a reduction ratio of 8, all configurations outperformed the
baseline model (Dice score: 0.4499), demonstrating the robustness of our frequency aware
design.

Figure 8 Validation score of the additional experiments. The red, orange, and blue curves denote the
Dice scores of the full FreqDualNet, the variant without the FCA layer, and the variant without frequency
filtering, respectively. Full-size DOI: 10.7717/peerj-cs.3801/fig-8
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LIMITATIONS DISCUSSION
Although our model achieves superior performance compared to previous approaches and
demonstrates the potential utility of modeling the relationship between organs and
tumors, several limitations remain.

The first limitation lies in its relatively low Dice score for tumor segmentation, which
poses challenges for clinical applicability. The FreqDualNet model achieves a Dice score of
50.72% for tumor segmentation, indicating room for improvement. Although the Dice
score is comparatively lower than that reported by other models on the benchmark dataset,
this difference can be largely attributed to discrepancies in the evaluation protocol. Most
prior studies reported results on the official KiTS19 external test set and were trained with
a larger number of samples (Heller et al., 2021). In contrast, our evaluation was conducted
under more constrained training and testing conditions, which partly explains the
observed performance gap. To address this issue, the model should be trained and
validated on larger and more diverse datasets.

The second limitation concerns the scarcity of datasets that contain both organ and
tumor annotations. Most publicly available datasets include either tumor regions or organ
structures, but not both, which restricts our ability to comprehensively evaluate the
model’s generalizability and to further substantiate the effectiveness of frequency domain
modules in capturing inherent organ and tumor relationships.

Third, for the Prostate158 dataset, FreqDualNet demonstrated a consistent
improvement in tumor Dice score over the baseline model across most test cases. Although
the paired Wilcoxon signed-rank test did not reach conventional statistical significance
(p = 0.0938), the observed effect sizes were moderate to large (Cohen’s dz = 0.759; paired
Cliff’s delta = 0.600), indicating a practically meaningful performance gain. Most cases
(four out of five) showed higher Dice scores for FreqDualNet, suggesting a consistent
improvement trend despite the limited sample size.

However, the limitation lies in the statistical validation of performance comparisons on
the KiTS19 test dataset. Paired statistical tests conducted on the held-out test split yielded
no statistically significant difference in tumor Dice score between FreqDualNet and the

Table 3 Dice score by tuning frequency modules. Dice scores of the FreqDualNet based on different
frequency modules’ hyperparameter. Bold indicates the best-performing hyperparameter setting and
corresponding Dice score.

High-pass radius ratio Reduction rate Dice score

Baseline 0.4499

0.25 4 0.4597

0.25 8 0.4612

0.4 4 0.5072

0.4 8 0.4079

0.5 4 0.4785

0.5 8 0.4720

Note:
Dice Scores of the FreqDualNet based on different frequency modules’ hyperparameter.
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baseline model (Wilcoxon signed-rank test, p > 0.05), accompanied by small effect sizes.
This is largely attributable to the limited number of test samples and the high variance of
Dice scores, particularly in small or low-contrast tumor cases. As a result, the statistical
power of test-set comparisons on KiTS19 is inherently constrained.

These limitations highlight the need for broader data acquisition and integration efforts
to facilitate the real-world deployment of AI based tumor segmentation systems.

CONCLUSIONS
In this study, we proposed FreqDualNet, a novel model that integrates frequency aware
modules into the SwinUNETR architecture for simultaneous organ and tumor
segmentation.

This model not only effectively captured high frequency morphological features, such as
irregular tumor boundaries, but also demonstrated substantial improvements in overall
segmentation performance.

On the KiTS19 dataset, FreqDualNet achieved faster convergence and more stable
performance compared to the baseline. While the baseline model exhibited a sharp decline
in test performance after approximately 120 epochs, our FreqDualNet maintained a stable
Dice score around 0.5 throughout 600 epochs. Specifically, FreqDualNet achieved a Dice
score of 50.72%, compared to 44.99% from the baseline, indicating a 12.75% improvement.
Similarly, in terms of DiceCE Loss, our model yielded a DiceCE Loss of 0.19, showing an
8.49% reduction compared to the baseline loss of 0.21, further supporting its performance.

On the Prostate158 dataset, FreqDualNet exhibited more stable convergence,
maintaining a higher Dice score of approximately 0.22 throughout 600 training epochs.
Specifically, FreqDualNet achieved a Dice score of 0.2282, compared to 0.2138 for the
baseline model, representing a 6.70% improvement. Moreover, the baseline model showed
a strong tendency toward overfitting, with training Dice scores exceeding 0.8, whereas
FreqDualNet demonstrated reduced overfitting behavior, indicating improved
generalization capability.

Visual inspection also revealed that FreqDualNet more accurately captured meaningful
high frequency tumor margins, such as lobulated and infiltrative patterns. For instance, in
cases with rounded tumor shapes, the baseline model produced distorted predictions,
while our model preserved the correct shape. Additionally, in samples where the baseline
failed to detect the tumor, FreqDualNet correctly localized the tumor in terms of position
and size.

Ablation studies confirmed the contribution of each frequency aware module.
Removing either the FCA or frequency based filtering layers led to significant performance
drops, 11.41% and 29.14%, stressing the usefulness of combining both mechanisms for
Kits19 dataset.

Overall, FreqDualNet demonstrated not only improved accuracy but also enhanced
sensitivity to anatomically relevant structures. These findings suggest strong potential for
the model’s application in future clinical decision support systems.
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