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Abstract—In this study, we investigate the impact of
ultrasound-specific augmentation techniques on the segmentation
of ovarian tumors in ultrasound images. These augmentations
are designed to simulate common imaging artifacts such as
shadowing, speckle noise, and contrast degradation, thereby en-
hancing model robustness and generalization. We integrate these
augmentations into a training pipeline based on Vision Mamba,
a state-space model known for its ability to model long-range
dependencies with high computational efficiency. Experiments on
the OTU2D dataset show notable improvements in segmentation
performance. Compared to CNN-based baselines such as U-Net,
our approach achieves higher Dice and Jaccard scores while
maintaining a lower computational cost, making it suitable for
real-time clinical deployment.

Index Terms—QOvarian Tumor, Segmentation, Ultrasound Im-
ages, Data Augmentations, Vision Mamba.

I. INTRODUCTION

Ovarian disorders - Including polycystic ovary syndrome
(PCOS) and ovarian cancer remain significant health concerns
for woman around the world, contributing to both reduced
quality of life and increased mortality. Early detection not only
aids in identifying the type of tumor but also enables healthcare
providers to develop targeted treatment plans, reducing com-
plications and improving reproductive patient survival rates.
Accurate ovarian segmentation is a critical first step for diag-
nosis tasks like size measurement and pathology classification
[1]. Automated segmentation reduces clinical workload and
diagnostic variability.

In recent years, deep learning has transformed medical im-
age analysis, becoming the gold standard for tasks like image
segmentation. The evolution of medical image segmentation
models began with the landmark U-Net architecture [2], which
featured a symmetric structure with skip connections that
effectively preserved both high-level semantic context and low-
level spatial details.

More recently, the architectural paradigm in medical image
segmentation has shifted towards models that capture global
context more effectively. Inspired by their success in natural
language processing, Transformer-based models like the Vision
Transformer [3] have been adapted for vision tasks. With
self-attention mechanism allows them to model long-range
dependencies across an entire image, a capability particularly
beneficial for segmenting large, complex structures such as
tumors. Additionally, the Segment Anything Model [4], [5]
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has introduced zero-shot segmentation, allowing models to seg-
ment various objects without task-specific fine-tuning, further
advancing the flexibility and adaptability of segmentation mod-
els. However, the quadratic computational complexity of self-
attention presents a significant challenge for high-resolution
medical images. To overcome this, newer approaches like State
Space Models (SSMs) have emerged. Architectures like VM-
UNet [6] utilize a Visual State Space (VSS) block to maintain
the global receptive field of Transformers but with linear
complexity. By combining this efficient long-range modeling
with the proven U-Net structure, VM-UNet strikes a balance
between performance and computational efficiency for medical
image segmentation.

Despite advances in deep learning, model performance heav-
ily depends on the quality and diversity of training data. These
datasets are often small, imbalanced, and affected by artifacts.
Standard augmentations help by increasing data variability and
reducing overfitting, but they may fall short in capturing the
complex patterns of tasks like ovarian tumor segmentation,
where tumors vary widely in size, shape, and texture.

To improve robustness and relevance, we explore the in-
tegration of Vision Mamba [6] with ultrasound-specific aug-
mentation methods [7], which include transformations that
simulate shadowing, speckle noise, and haze effects. These
augmentations are designed to emulate the physical and signal
characteristics of ultrasound devices, making the training data
more representative of real-world clinical settings. By applying
these strategies on the MMOTU dataset [8], our goal is
to create a more realistic training set, enhancing both seg-
mentation performance and model generalizability for clinical
application.

II. RELATED WORKS

CNN-based architectures have been foundational in medical
image segmentation, with U-Net [2] remaining one of the
most widely used models due to its encoder-decoder struc-
ture and skip connections. Variants such as Attention U-Net
[9] incorporate attention gates to highlight relevant regions,
improving segmentation of small or ambiguous structures. In
the context of ovarian tumor segmentation, SovaSegNet [10]
introduces a hybrid loss combine of Focal, SSIM and IoU
Loss and also using SPPF module to enhance multi-scale
feature learning. Similarly, Bui et al. [11] combine ResNet50
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with U-Net3+ and apply marker-removal pre-processing to
improve boundary clarity help the model focus on global
information instead of the markers. Despite these advances,
CNNs are inherently limited by their local receptive fields.
CNN s often fail to capture long-range contextual cues and fine-
grained boundaries, prompting interest in alternative architec-
tures. Transformers, with their self-attention mechanism, have

{b) Self-Attention

{e] Vision Mamba

Figure 1: Comparison of long-range dependency modeling and
computational complexity across CNNs, Self-Attention, and
Vision Mamba.

recently shown promising results in medical image segmenta-
tion by modeling global dependencies. The Segment Anything
Model (SAM) [4] enables prompt-based segmentation across
domains. The authors in [5] adapt SAM for ovarian tumor
segmentation by incorporating both automatic and manual
box prompts, demonstrating improved accuracy in ultrasound
settings. Their automatic prompting pipeline uses a two-stage
detection approach based on YOLOVS5, where candidate tumor
regions are first localized and then refined to serve as effective
prompts for SAM. However, the quadratic complexity of
self-attention makes standard Transformers computationally
intensive, particularly for high-resolution images. This has led
to interest in more efficient alternatives capable of preserving
global context.

State Space Models (SSMs) have emerged as an efficient al-
ternative to self-attention for sequence modeling. Mamba [12],
a recent SSM-based architecture, leverages linear recurrence
to model long-range dependencies with reduced memory and
computational cost. Vision Mamba [13] extends this idea to
vision tasks, introducing a selective state-space mechanism that
avoids the quadratic overhead of attention while preserving
contextual awareness. It achieves competitive performance on
natural image benchmarks with linear scalability. VM-UNet
[14] presents a promising direction by balancing accuracy and
efficiency in medical image segmentation.

However, while SAM and Mamba perform well in general
vision tasks, their direct use in ultrasound segmentation is
limited by domain-specific artifacts and small datasets. In this
work, we investigate its integration into the segmentation of
ovarian tumors in ultrasound images.

III. PROPOSED METHODS

A. Preliminaries

In modern SSM-based models, i.e., Structured State Space
Sequence Models (S4) [12] and Mamba, both rely on a
continuous system that maps a one-dimensional input function

or sequence, denoted as € R'*P, through latent space
h € RN, (N > D) to compute and then, mapping h back
to output y € R'*P. SSM can be represented as a a linear
Ordinary Differential Equation (ODE):

1 (t) = Ah(t) + Bx(t), (1a)
y(t) = Ch(t) + Dx(t), (1b)

where A € RV*N, B € RN*1 C € RN, D € RN*!
are parameter matrices learned by the model. Dx(t) serves
a similar role to skip-connections in deep learning models
and can be temporarily omitted to simplify the formulation
of subsequent equations. However, this equation still cannot
be directly applied to deep learning models because it is
in a function-to-function (i.e., continuous) form. We need
to discretize the equation using a step size (also known as
timescale) and allow the model to learn this value. Typically,
the zero-order hold (ZOH) is employed as the discretization
rule and can be defined as follows:

A=exp(AA), B=(AA) '(exp(AA)—-1)-AB

where A and B are discrete parameters of A and B respec-
tively. After discretization, SSM-basedmodels can be com-
puted in two ways: linear recurrence or global convolution,
defined as equations 3a, 3b, 4a and 4b, respectively.

hy = Ahy_1 + By, (3a)

= Chy + Duxy, (3b)
K = (CB,CAB,...,CAL"'B) (4a)
y=Kxzx (4b)

where K represents a structured convolutional kernel, and L
denotes the length of the input sequence x.

Our proposed method relies on VM-UNet [14]. However,
we integrates a new ultrasound-specific augmentation step.

B. Segmentation Framework based-on Vision Mamba

1) Vision Mamba Unet (VM-UNet): Inheriting from the
architecture of Unet, while keeping the encoder-decoder struc-
ture, VM-UNet represents for the replacement of the traditional
convolution layer with VSS (Visual State Space) block. With
the root of Vision Transformer, VM-UNet comprises a Patch
Embedding layer, Final Linear Projection. The process begins
with an input image of size H x W x 3, where H and W are the
height and width, and 3 represents the RGB color channels.

After the initial layer - Patch Embedding, the input image
is converted into a sequence of non-overlapping patches of
size 4x4. This layer transforms the image resolution to <+ x
% and increases the channel dimension to C. Learning from
progressive papers, the default value of C is 96 which is greater
than popular vision models using convolution block as a main
contribution. The core of the encoder consists of four stages,
particularly, the first three stages contain a VSS block followed

by a Patch Merging layer. While VSS block plays an important
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Figure 2: Overall architecture of VM-UNet

role in learning complex representations, Patch Merging layer
downsamples the input feature map and increasing the number
of channels. Specificially, there are [2, 2, 2, 2] VSS blocks
across four stages with the channel counts for [C, 2C, 4C, 8C]
respectively. We employed the VM-UNet architecture for the
ovarian tumor segmentation task, following the paradigm of
using only a single VSS block at the final stage.

The decoder mirrors the encoder in reverse, using Patch
Expanding layers followed by VSS blocks at each stage to
upsample features—doubling spatial resolution and halving
channels. The final stage applies a single VSS block to restore
the original channel dimension C, matching the encoder’s
first stage. To assess the VSS block’s effectiveness, skip
connections directly concatenate encoder features with their
corresponding decoder outputs, without additional processing.

2) VSS Block: The VSS block (Fig. 2) is the core unit
of VM-UNet [14], designed as a residual block with a dual-
path structure. The first path applies a linear layer and SiLU
activation. The second includes a linear layer, depthwise sep-
arable convolution, SiLU activation, and the SS2D module
for capturing long-range spatial dependencies. Outputs from
both paths are normalized and fused via a gating mechanism,
then passed through a final linear layer. This output is added
back to the original input via a residual connection, helping
prevent vanishing gradients and enabling the network to learn
more robust features. SiLU is used as the default activation
throughout.

The SS2D (Fig. 3) comprises three components: a scan
expanding operation, stacked S6 blocks from Mamba [12], and
a scan merging operation. It starts by reordering patches across

multiple directions (horizontal, vertical, diagonal) to enhance
contextual diversity. These sequences are then processed by S6
blocks, which use state space models with learnable parameters
to generate rich representations. The output is then reassembled
into the original spatial layout via the scan merging step. This
design enables SS2D to capture both local and global features.
However, unlike convolution, the scanning operates with a
stride equal to the kernel size, resulting in non-overlapping
receptive fields and reduced local detail. To mitigate this, the
channel size is set to 96—higher than typical convolutional
models—to compensate for the lack of overlap and preserve
expressiveness.

C. Ultrasound-Specific Data Augmentation

Ultrasound images are subject to unique artifacts such as
speckle noise, haze bands, shadows, and depth-based intensity
loss caused by reflection, interference, and attenuation of
acoustic waves. These are not effectively replicated using tra-
ditional augmentations like rotation or brightness adjustments,
which are tailored for natural images. To improve gener-
alization and realism in ultrasound models, domain-specific
augmentations are essential [7].

Depth attenuation simulates the exponential decay in ultra-
sound intensity with increasing depth. Assuming the probe is
at the top-center of the image, an attenuation map A(x,y) is
created and applied as:

I'(z,y) = Alz,y) © S(z,y) © I(z,y),

Alz,y) = (1 =Ne ™+ ) d=+/(x—0.5)2 + 92

Here, )\ is the maximum attenuation (default 0), and u is
sampled from [0, 3).

Acoustic haze is simulated by adding a Gaussian band of
noise centered at a distance r from the probe:

1 _(d=m)?
H(x,y):2ue( 207 >, u~U(0,1),

with r ~ 2£(0.05,0.95), and o ~ 1/(0,0.1).
Gaussian shadows, inspired by Smistad et al. (2018), mimic
acoustic shadows using 2D Gaussian attenuation:

(_(zfuz)z_(y*#yﬂ)
G(z,y)=1-—se 27e 27y

with center (u, pt,) randomly placed, o, , ~ U(0.1,0.4),
and strength s ~ /(0.25,0.8).

Speckle noise is mitigated using a bilateral filter, with
spatial and color parameters sampled from [0.1, 2.0) and [0, 1),
respectively.

These augmentations help create realistic training data that
better reflect clinical variability, improving model robustness
in tasks like segmentation and classification. Fig. 4 illustrates
the application of various domain-specific augmentations on
ultrasound images.
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Figure 4: Each row shows one original ultrasound image and
its augmented versions.

D. Loss Function

Loss functions critically influence how well the segmen-
tation model learns to distinguish object contours and spatial
areas. In this work, we adopt several losses function to address
pixel-wise classification and overlap quality as follow:

a) Focal loss:

Lroca = —a - (1 —p)7 - log(p) )

This loss is specialized function designed to address the issue
of class imbalance in classification tasks. Specifically, Focal
loss reduces the impact of easily classified samples and focuses
more on hard-to-classify ones.

b) Jaccard:

A
(W+i—y=*)
Jaccard loss, also known as IoU loss, is commonly used for
image segmentation tasks. This loss measures the similarity
between the predicted output and the ground truth.
c) Binary Cross-Entropy (BCE) Loss:

EJaccard (ya g) = (2)

Lpce(y, 9) = —% (Z [yi log(g:) + (1 — yi) log(1 — Qi)])

i=1
3)
This loss measures the pixel-wise error between predicted
probability ¢; and ground truth y;, making it effective for
binary classification tasks.
d) Dice Loss::

X 2ly N gl
= (g =1--1—2 4

LDice

Dice loss evaluates the overlap between predicted and ground-
truth masks, which reduces class imbalance and improves
region-level accuracy.

(&)

To enhance robustness and generalization, we combine BCE
and Dice loss with a weighted factor « = g = 1, leveraging
both pixel-wise precision and region consistency.

LBcE-pice (Y, §) = & - Lpce + B - Lpice

IV. EXPERIMENT AND RESULTS
A. Datasets

The evaluation was conducted on OTU2D set of the Multi-
Modality Ovarian Tumor [8] (MMOTU) image dataset. The
MMOTU dataset serves as the benchmark for validating
performance of ovarian tumor segmentation task, containing
1469 ultrasound images. Given that pixel-wise and global-wise
annotations are available. Following the previous work [15],
images from the OTU 2D dataset were split into training,
validation, and testing sets at an 80:10:10 ratio. This means
1177 images were allocated for training, with 146 images
each for validation and testing. We also provide in details 4
evaluation metrics, including Mean Intersection over Union
(mloU), Dice Similarity Coefficient (DSC), Precision (P) and
Recall (R).

B. Implementation Details

Following the prior works [14], we resize the images in
the OTU2D dataset to 256x256. Several specialized data
augmentation techniques are utilized to prevent overfitting. The
BceDice loss function is used for training step. We set the
batch size to 8 and employ AdamW optimizer with an initial
learning rate of le-4. CosineAnnealingLR is also utilized as
the scheduler with a maximum of 13 iterations and a minimum
learning rate of le-5. Training epochs are set to 25.

C. Ablation Study

Through table I, we see that the BCE (Binary Cross Entropy)
loss achieved the best and the most balanced result in terms of
three metrics including Dice, mIoU and Precision. Only Dice
loss has Recall higher than that of BCE loss which leads to
the idea to combine BCE and Dice loss for better outcome.
Although Bce loss achieves 3 highest value of DSC, mloU and
Precision among experiments, after experimenting, BceDice
provides the best result using specific augmentations as shown
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Table I: Performance of Our Proposed Method Comparison
with Different Loss Functions (%). Best results are in bold

Loss mloU DSC  Precision Recall
Focal 71.85  83.62 84.33 82.92
BCE 75.87  86.28 86.08 86.47
Dice 7349  84.72 81.21 88.55
Jaccard 72.62  84.13 85.07 83.22
BceDice  75.65  86.13 84.07 88.30

in the table III. Figure 5 further illustrates the advantages of
combining BCE and Dice losses.

Urasound nages  Ground Trumh Dica Loss

Fooal Loss

Aaccad Loss BooDico Loss

Figure 5: Example of segmentation results using different
loss metrics.Among the metrics evaluated, the BceDice loss
not only effectively preserves the overall tumor shape, a
characteristic of the Dice loss but also captures the fine surface
details, a strength of the BCE loss.

D. Comparision to the State-of-the-art models

As shown in table II, VM-UNet [14] with domain-specific
augmentation techniques shows massive performance in ovar-
ian tumor segmentation tasks in all metrics.

Compared to UNet, our method improves mloU by 15.79%,
DSC by 11.14%, Precision by 2.80%, and Recall by 9.99%,
demonstrating both architectural benefits and the impact of
domain-specific augmentations.

Against MU-Net, we observe gains of 14.10% in mloU,
9.33% in DSC, 5.53% in Precision and 9.15% in Recall. Even
when compared to strong baselines like DANet, our model
achieves higher mloU (+1.27%), DSC (+0.63%) and Recall
(+1.25%), confirming its robustness, especially in boundary
delineation.

While SAM achieves high Precision (87.34%), its low Re-
call (71.85%) suggests missed tumor regions. In contrast, our
model balances both Precision (87.53%) and Recall (89.15%),
enabling more complete and reliable segmentation.

These results confirm that our approach not only achieves
state-of-the-art accuracy but also delivers stable and reliable
performance across diverse evaluation criteria. Figure 6 further
illustrates the robustness of VM-UNet.

Table II: Comparison with State-of-the-Art Models on the
OTU2D Dataset (%). Best results are in bold.

Models mloU DSC  Precision Recall

Unet [2] 63.31  77.19 84.73 79.15

MU-Net [15] 65.00  79.00 82.00 80.00

DANet [16] 77.83  87.70 88.20 87.90

SAM [4] 64.07  75.60 87.34 71.85

Proposed method  79.10  88.33 87.53 89.15
Original Ground_truth MUNet DA _Net

hdbd
olo
nd
M

Figure 6: Example of segmentation results using different
models. While preserving the global shape, VM-UNet also
catches the tumor’s rough surface better in popular cases.

E. Comparison VM-UNet with and without specific-domain
augmentations

Table III: Performance of VM-UNet with Different Augmen-
tation Strategies (%). Best results are in bold.

Strategies mloU DSC  Precision Recall
None [14] 75.36  85.95 81.97 90.33
Generic 75.65  86.13 84.07 88.30
Specific-domain ~ 77.10  87.07 84.92 89.33
Combined 79.10  88.33 87.53 89.15

To improve model robustness and simulate real-world ultra-
sound variability, we apply four augmentations before training:
Depth Attenuation mimics signal decay with depth, Gaussian
Shadow simulates acoustic shadows, Speckle Reduction sup-
presses speckle noise to enhance structure clarity, and Haze
Artifact introduces blur-like effects representing soft tissue
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scattering. These transformations help enhance the semantic
quality of ultrasound images by reducing machine-induced
artifacts. We will conduct four experiments to compare VM-
UNet performance:

« VM-UNet with Original Dataset: Baseline performance
without augmentation.

« VM-UNet with Generic Augmentations: Using 2 stan-
dard techniques including rotation and horizontal flip.
Precisely, horizontal flipping is applied to enhance data
diversity while preserving anatomical plausibility, as ovar-
ian tumors can appear on either side of the pelvic region
without altering the semantic structure of ultrasound im-
ages.

e VM-UNet with Specific-Domain Augmentations: Em-
ploying 4 techniques tailored to our dataset’s charac-
teristics: Depth Attenuation, Gaussian Shadow, Speckle
Reduction and Haze Artifact.

e VM-UNet with Combined Augmentations: Integrating
both generic and specific-domain augmentations.

V. CONCLUSIONS

Based on the research, an effective method for ovarian
tumor segmentation has been proposed, utilizing the VM-UNet
architecture and tailored data augmentation strategies. This
method has demonstrated superior performance compared to
other state-of-the-art models on the OTU2D dataset. A key
finding was that combining general augmentation techniques
with those specific to ultrasound images yielded the best
results, significantly improving the model’s generalization and
robustness.
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