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Abstract

Accurate sperm segmentation is essential for automated semen analysis and
male fertility assessment, yet existing methods struggle to balance segmentation
accuracy with computational efficiency. We propose Dynamic U-Net (Dy-UNet),
a novel lightweight deep learning architecture that achieves state-of-the-art
performance while maintaining exceptional efficiency. The architecture integrates
four key innovations: a cross-resolution dual-branch network that preserves high-
resolution spatial details, adynamic snake convolution that adapts to curved sperm
morphology, a grouped multi-axis Hadamard product attention that efficiently
captures long-range dependencies, and a fast cross-resolution aggregation that
enables multi-scale feature fusion. Comprehensive evaluation on the SegSperm
dataset demonstrates that Dy-UNet substantially outperforms existing methods.
Dy-UNet achieves a state-of-the-art mean Intersection over Union of 0.44260 and
Dice similarity coefficient of 0.61362, which surpasses the baseline U-Net by 25.5%
and 17.7%, respectively. Remarkably, Dy-UNet achieves this superior performance
with only 184 K parameters, especially suitable for deploying mobile platforms
and embedded systems in clinical settings. The lightweight architecture enables
accurate, objective, and accessible automated sperm morphology assessment
with significant implications for clinical fertility diagnosis and point-of-care
testing.

Keywords: Sperm segmentation; U-Net; Lightweight model; Computer-assisted
semen analysis
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1. Introduction

Human infertility refers to the inability to achieve pregnancy
after a defined period of unprotected intercourse, and
it remains a major global health challenge. This inability
affects approximately 17.5% of adults worldwide, with
male factors contributing to 30% of infertility cases."?
According to the World Health Organization guidelines,
semen analysis serves as the primary diagnostic method
for evaluating male infertility through the assessment
of sperm concentration, motility, and morphological
characteristics.” Among these parameters, the morphology
of the sperm cell is considered a significant indicator of
male-factor infertility,' making morphological analysis
crucial in determining fertility potential and selecting
high-quality sperm for assisted reproductive technologies,
such as in vitro fertilization.>® Traditional morphological
assessment requires trained clinical personnel to follow
World Health Organization guidelines meticulously,
involving pixel-level annotation of sperm structures,
including the acrosome, vacuole, nucleus, midpiece, and
tail.” The World Health Organization mandates the analysis
of at least 200 sperm per semen sample, which translates
to a manual annotation of more than 1,000 contours
per patient, rendering the process extraordinarily time-
consuming and subject to considerable inter-observer
variability.?

The challenges of manual sperm analysis are further
compounded by the limitations of the current microscopy
techniques. While high-magnification microscopy at a
100x objective enables detailed subcellular analysis,® it
restricts observation to individual sperm due to the limited
field of view. Lower-magnification microscopy with a
20x objective is essential for comprehensive population-
level assessment within semen samples, yet individual
sperm occupy less than 1% of the visual field under these
conditions, making manual identification and selection
extremely challenging and expertise dependent.”'® These
limitations have driven the development of computer-
assisted semen analysis systems. The systems aim to
systematically quantify shape and movement and perform
statistical analysis after counting sperm according to
specific selection criteria."! Over the years, the analysis
process evolved from traditional handcrafted feature-based
methods to contemporary deep learning approaches that
demonstrate superior performance and reproducibility.'>**

Deep learning techniques have gained prominence
and have proven effective at automatically extracting
meaningful image features. However, model performances
depend heavily on the quality and representativeness of
the training dataset, which can lead to degraded detection
on low-quality images and limited generalizability in

real-world applications. Current sperm analysis datasets,
such as the Human Sperm Head Morphology dataset®
and the Sperm Morphology Image Data Set,?! primarily
focus on abnormality classification of individual sperm
cells captured at high magnification. This approach fails to
address the clinical need for comprehensive morphological
and motility assessment across entire sperm populations
in lower-magnification images containing multiple
cells. Factors such as unclear neck and overlapping
sperm heads can complicate the segmentation process."!
Accurate segmentation of individual sperm from multi-
cell microscopy images is therefore increasingly critical
for automated sperm health evaluation. However, existing
segmentation approaches face substantial challenges
due to variations in image background, illumination
conditions, and inconsistent annotation standards across
different laboratories.?** Although these data challenges
persist, several segmentation models have reported good
performance; however, most focus primarily on sperm head
detection,''***** neglecting the complete morphological
structure that is essential for comprehensive fertility
assessment.

In terms of deep learning methods for medical
segmentation tasks, the U-Net architecture has emerged as
a cornerstone in medical image segmentation. Its encoder—
decoder structure with skip connections effectively
preserves fine-grained spatial information while capturing
high-level semantic features, making it particularly suitable
for segmenting small biological structures.” Building on
the U-Net’s success, several architectural innovations have
further enhanced segmentation performance in medical
imaging.*** However, since the sperm size is relatively
small, lacking sufficient pixels for straightforward local
information extraction, current models are still not well
adapted to the task.® The linear morphology of sperm
also presents new challenges for feature extraction in deep
learning models, which is essential to segment the sperm
flagellum.

To address the above challenges in sperm segmentation, we
propose a novel Dynamic U-Net (Dy-UNet) framework.
Our aims are as follows:

(i) To introduce a dynamic attention mechanism
specifically designed to capture the elongated and
serpentine morphological characteristics of sperm
cells.

(ii) To enhance information interaction across resolution
by extending the U-Net to a smart multi-layer variant,
and to foster the low-resolution feature through a
convolution stream.

(iii) To create a Dy-UNet model that features high inference
speed and small model size, which could be easily
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deployed on edge systems for sperm segmentation,
and also demonstrates state-of-the-art performance in
competing with other models.

2. Related work

The evolution of medical image segmentation architectures
traces back to the seminal U-Net architecture introduced
by Ronneberger et al.® in 2015. This work fundamentally
established the encoder-decoder paradigm with skip
connections for precise biomedical image segmentation,
effectively addressing the challenge of preserving fine-
grained spatial information during feature extraction.
Building on this architecture, subsequent research has
pursued two primary directions: enhancing feature
representation and improving computational efficiency.

In the realm of feature enhancement, Oktay et al.®
proposed Attention U-Net, which incorporated spatial
attention gates to selectively emphasize salient features.
Zhou et al*! introduced UNet++, which employed nested
and dense skip connections to reduce the semantic gap
between encoder and decoder feature maps, achieving
superior performance across multiple medical imaging
datasets.

The integration of transformer architectures then
shifted the paradigm in capturing the global context. Chen
et al* pioneered TransUNet, synergistically combining
convolutional neural networks with Vision Transformers*
to model long-range dependencies, establishing new
performance benchmarks for multi-organ segmentation.
Subsequently, Cao et al** adopted the shifted window
mechanism from Swin Transformer* to Swin-UNet,
efficiently processing high-resolution medical images
while maintaining computational tractability.

Alongside the development in feature extraction, recent
studies have aimed to optimize models for computational
efficiency in resource-constrained medical environments,
particularly for mobile health applications and point-of-
care diagnostics.

Early lightweight architectures focused on efficient
feature extraction for classification tasks. MobileNetV1*
first proposed depth-wise separable convolutions to
decompose standard convolutions, substantially reducing
computational complexity. Subsequently, MobileNetV2?
enhanced this approach with inverted residuals and linear
bottlenecks, and ShuffleNetV2* introduced channel
shuftling to minimize memory access costs during group
convolutions.

Adapting these principles to segmentation posed unique
challenges due to high-resolution output requirements.
Bilateral Segmentation Network® addressed this through

bilateral paths separating spatial detail and context, while
the Image Cascade Network® employed multi-resolution
cascade processing to balance speed and accuracy for
real-time applications. In medical segmentation, the
multi-attention and lightweight U-Net” utilized multi-
axis attention for efficient feature fusion in skin lesion
segmentation. Efficient group enhanced U-Net* further
introduced linear-complexity Hadamard product attention
and mask-guided feature aggregation, achieving state-
of-the-art skin lesion segmentation performance with
a model size of only 50 kB. The Lightweight and Vanilla
Model for Medical Image Segmentation® demonstrated
that leveraging pre-trained MobileNetV3-Large*” with
structural re-parametrization could also realize low
parameters without compromise in performance.

3. Methods

The Dy-UNet introduces a hierarchical multi-resolution
framework specifically tailored for sperm morphology
analysis. ~ Unlike = conventional  encoder-decoder
architectures that compress spatial information through
sequential downsampling, our approach maintains parallel
processing streams at multiple resolutions throughout
the network. This design philosophy draws inspiration
from the hierarchical nature of biological vision, where
the human visual system simultaneously processes
information at different scales to achieve comprehensive
scene understanding.

The architecture consists of five progressive stages, each
maintaining an increasing number of parallel branches
that operate at different spatial resolutions. Information
flows both horizontally within each resolution level
and vertically across different scales, creating a dense
information exchange network that preserves fine-
grained spatial details while capturing high-level semantic
context. To adaptively weight cross-resolution information
transfer, we strategically incorporated conditional channel
weighting (CCW) modules at stages 4 and 5, where
the increased number of branches necessitates more
sophisticated fusion mechanisms. Similarly, fast cross-
resolution aggregation (FCRA) modules were positioned
at the transition between adjacent resolution levels to
facilitate efficient multi-scale feature integration.

As illustrated in Figure 1, the network architecture
can be decomposed into three fundamental components:
(i) a cross-resolution interaction mechanism that enables
bidirectional information flow between parallel branches,
(ii) specialized feature extraction modules that adapt to
sperm-specific morphological characteristics, and (iii)
multi-scale perception mechanisms that integrate features
across different resolution levels. The subsequent sections
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Figure 1. The network architecture of the proposed Dynamic U-Net

Abbreviations: CCW: Conditional channel weighting; Conv2d: Two-dimensional convolution; DSConv: Dynamic snake convolution; FCRA: Fast cross-
resolution aggregation; GHPA: Grouped multi-axis Hadamard product attention; GT: Ground truth; ReLU: Rectified linear unit.

provide a detailed exposition of each component and its
contribution to the overall segmentation performance.

3.1. Cross-resolution interaction

The accurate segmentation of sperm morphological
structures demands both fine-grained detail preservation
and comprehensive contextual understanding. Traditional
U-Net architectures and their variants typically follow
an encoder-decoder paradigm where high-resolution
representations are first compressed into low-resolution,
semantically rich features, then gradually recovered
through upsampling operations. However, this sequential
downsampling—upsampling process inevitably leads to
spatial information loss, which is particularly detrimental
for detecting subtle morphological abnormalities in
sperm analysis. Inspired by the success of high-resolution
networks* in maintaining multi-resolution representations
throughout the network, we propose a novel cross-resolution
enhancement strategy that fundamentally reimagines
how multi-scale information should be integrated within
medical image segmentation frameworks.

3.1.1. Parallel multi-resolution architecture

The network maintains parallel multi-resolution streams
throughout its entire depth, departing from conventional
single-path designs. The processing begins with a stem
layer that extracts initial features from the input image
{I € R¥™W}, asshown in Equation I:

E, = ReLU(LN(3x3%"(I))) (1)

§=2

where 3x3%" denotesa 3 x 3 convolution with a stride

H W
of 2, reducing the spatial resolution to 7><7 ,and LN

represents layer normalization applied in the channel
dimension.

The network progressively expands from a single high-
resolution branch to five parallel branches across five
stages. At stage ¢, the network maintains ¢ parallel branches

with resolutions 7 ,r

22 i

H W
.7, where 7, :?XT. Here, the

index i indicates the resolution level, with i = 1, representing
the highest resolution branch (half of the input resolution),
and larger values of i correspond to progressively lower
resolution branches. To manage the increased complexity
of information fusion in later stages, CCW modules were
integrated at stages 4 and 5, operating before the multi-
resolution fusion process to adaptively recalibrate channel-
wise features based on cross-resolution dependencies.
FCRA modules were positioned at the network’s decoder
phase, where they create efficient bidirectional information
flow between adjacent resolution levels. Features from
lower-resolution branches (with larger receptive fields and
richer semantic context) were upsampled and aggregated
into higher-resolution branches to refine spatial details.

The progressive expansion strategy allows the network
to gradually build multi-scale representations while
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maintaining computational efficiency in early stages.
For example, the stage-wise expansion for the highest
resolution layer (i = 1) can be described as Equation 2:

t-1 t
, . (2)

s, x> {x)

i=1 i=1
where S, represents the transformation at stage
including both intra-stage processing and inter-stage

fusion.

The information preservation can be quantified through
the mutual information between the input and features at
stage t, as shown in Equation 3:

I(I;{X;};)z 1(1xL,) (3)

where X! represents the encoder features at the
corresponding depth in traditional U-Net architectures.

3.1.2. Stage transition

For the stage transition from s to s + 1, the fusion process
for branch i is formulated as Equation 4:

NS

il =Rew[ T, (i )J (4)

j=1

where N_denotes the number of branches in stage s, and
the transformation function T, is defined as Equation 5:

X, ifi=j,
T,(X)=1H, (U, (X))ifi <, (5)

s
H, (U, (X))sifi> .

where, U and D, represent upsampling and
downsampling operations with ratio r, while H; denotes
channel harmonization to align feature dimensions
between branches. For upsampling operations, where
i < j (lower to higher resolution), we employed a bilinear
interpolation followed by 1 x 1 convolution, as shown in
Equation 6:
U, (X) =Conv,, (Bilinear(X,scale =2k )) (6)

2

The design preserves spatial smoothness while adapting
channel dimensions. For downsampling operations where
i > j (higher to lower resolution), we utilized strided
convolutions to simultaneously reduce spatial dimensions
and learn task-specific downsampling kernels, as shown in
Equation 7:

LN(Conv; 2 (X)), if k=1,

3x3
D,

(D (X)) if k>1. 7

D, (X)=

The recursive formulation for k > 1 ensures that large
downsampling ratios are decomposed into sequential
operations, preventing excessive information loss.

3.1.3. Conditional channel weighting

While the full-connectivity fusion pattern enables
comprehensive information exchange, not all cross-
resolution connections contribute equally to the final
representation. To address this, we introduced the CCW
module in stages 4 and 5, where the increased number of
branches demands more sophisticated fusion strategies.

As depicted in Figure 2, the CCW module learns to
adaptively recalibrate channel-wise features based on cross-
resolution dependencies. The CCW module first performs
spatial-channel decoupling by splitting each branch’s
features into two halves along the channel dimension, as
shown in Equation 8:

X, = |:X51),X£2) J)ng) < RG/ZHAW, ®

The first half X maintains the original features as a
residual connection, while the second half Xi(z) undergoes
cross-resolution weighting, as shown in Equation 9:

W= Sigmoid[}:W ({Angool(sz) )}: D 9

where F represents the cross-resolution weighting
function implemented as Equation 10:

F., ({zi }: ) =Conv? (ReLU(Convgi)1 (Concati’i1 [Rs (z, )J)))

ci Ix1

(10)

Channel
split

Cross-resolution
weighting

Spatial
weighting

Channel
+4’ shuffle

Figure 2. The pipeline of conditional channel weighting
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where R_denotes resolution alignment to the smallest
resolution through adaptive pooling, and the two 1 x
1 convolutions formed a bottleneck structure with a
reduction ratio r = 16 for computational efficiency.

The weighted features were then processed through
depth-wise separable convolutions for spatial modeling,
followed by spatial attention, as shown in Equation 11:

Y’_(z) = SpatialAtt(DSConV(Vvi © X’(Z) )) .

The final output combines both pathways through
channel shuffling to enhance information flow, as shown
in Equation 12:

Y, = ChannelShufﬂe([Xfl),ng) J, groups = 2) (12)

The parallel branches naturally provide diverse
receptive fields without requiring specialized operations
such as atrous spatial pyramid pooling. Adding channel-
wise attention, the effective receptive field for branch i at
stage t can be approximated as Equation 13:

t_ t-1 t-1
ERE =ERE' " + 3w, -ERF! (13)

Jj#i

where w, represents the learned importance weight
from branch j j to branch i through the CCW module.

3.2. Linear feature extraction

The morphological analysis of sperm cells presents unique
challenges due to their distinctive elongated structure
and complex internal organization. Sperm cells exhibit
characteristic linear features, including the acrosomal
cap, nucleus boundary, midpiece, and flagellum, each
requiring precise delineation for accurate morphological
assessment. Traditional convolutional operations with
fixed rectangular kernels often struggle to adapt to these
curved and elongated structures, leading to suboptimal
feature extraction, especially at boundary regions.

To address these challenges, we proposed a progressive
linear feature extraction strategy that combines dynamic
snake convolution (DSConv) for adaptive spatial sampling
with the grouped multi-axis Hadamard product attention
(GHPA) mechanism for efficient multi-dimensional
feature modeling.

3.2.1. Deformable spatial convolution

While sperm orientations are random, individual sperm
structures maintain local directional consistency. A sperm
tail, once it begins curving in a particular direction,
tends to continue that curvature smoothly rather than

exhibiting abrupt directional changes. The observation led
to our cumulative offset mechanism, where deformations
propagate smoothly along the kernel’s sampling direction.

As illustrated in Figure 1, we employed DSConv* as the
fundamental building block within each resolution branch.
The operation further optimizes multi-resolution dense
feature flow through adaptive receptive field adjustment
based on local morphological features.

For an input feature map X € R and a regular
grid R = (-1, -1), (-1,0),...,(1,1) defining the 3x3 kernel
sampling locations, the deformable convolution augments
each grid position with learnable offsets Equation 14:

Y(p)=2w(r):

reR

X(p+r+Ar)~m(r) (14)

where p denotes the output position, w(r) represents
the convolution weights, Ar denotes the learnable offset,
and m(r)e [0,1] is the modulation scalar for each sampling
point.

The offsets and modulation scalars were predicted
through a parallel convolutional branch, as shown in
Equation 15:

{AR,M} =Conv,, (X),AR e R**"*" Me R  (15)

where K = | R | = 9 for a 3x3 kernel. To ensure stable
training and prevent excessive deformation, we applied
offset regularization Ar, = tanh (Ar) . a, where a is a
learnable scale parameter initialized to 1. The center
position remained fixed as an anchor point while
peripheral positions accumulated offsets. The modeling
created a snake-like sampling pattern that naturally
follows curved structures without fragmenting them. The
offset accumulation ensured that adjacent sampling points
maintain spatial coherence.

3.2.2. Grouped multi-axis Hadamard product
attention

While DSConv excels at following local morphological
contours, sperm analysis requires understanding spatial
relationships between different cellular components. For
instance, bent neck defects are visible as sharp angles
between the head and midpiece, or coiled tails indicating
motility issues. These patterns require receptive fields
larger than what local convolutions can provide.

In deeper network stages where feature channels
expand to capture increasingly abstract representations,
we introduced the GHPA mechanism. As shown in
Algorithm 1, GHPA divides input features into four equal
groups and processes each through a specialized attention
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pathway. Given input features X € R“™Y after layer
normalization and channel splitting into groups G, = 1%,
each group undergoes distinct processing.

The spatial attention pathway (XY-plane) learns to
identify coherent sperm structures against the cluttered
background, while the channel-height attention
(ZX-plane) captures the longitudinal continuity of sperm
structures. For the channel-width attention (ZY-plane),
lateral features were modeled. In addition, when two sperm
tails cross, they create a characteristic X-pattern in the
XY-plane, while maintaining distinct signatures in the ZX
and ZY planes. The multi-dimensional processing enables
the network to disambiguate overlapping structures that
would be inseparable using single-plane features alone.

The Hadamard product provides efficient, parameter-
light attention computation while maintaining the ability
to model complex feature dependencies. The use of
interpolated learnable parameters from lower resolutions
reduces memory footprint and introduces implicit
regularization against high-frequency noise prevalent in
phase-contrast microscopy.

3.3. Multi-scale perception

The human visual system processes visual information
through a sophisticated hierarchical mechanism. When
examining sperm morphology, clinicians first identify the
overall cell structure and orientation (global perception),
then focus on specific regions of each sperm (local
perception). The cognitive process involves continuous
information exchange between different scales of
observation, where global context guides local attention
and local findings refine global understanding.

Translating this biological insight to our computational
framework, we implemented an FCRA mechanism that
facilitates bidirectional information flow between feature
maps at different resolutions. As illustrated in Figure 3,
the FCRA module processes hierarchical features from
adjacent resolution levels.

The residual connection was used to preserve low-
resolution information, as shown in Equation 16:

Y =X, + Figon ([Xzesmd X, :I) (16)

In deeper network stages, we introduced a lightweight
mask-guided modulation mechanism. Unlike attention-
based approaches that require expensive matrix operations,
our modulation simply scales features based on predicted
confidence, as shown in Equation 17:

Algorithm 1: Group multi-axis Hadamard product attention

Require: Input feature X e R*

Ensure: Output feature Y € R”
1: X¢LayerNorm (X)
2: [X, X, X, X,] « Split (X,4) {Split along channel dimension}
3://Spatial attention branch (XY-axis)

C

Ix—"xH,

4p eR "™ {Learnable parameters}

XHXW

5: AxyeConvxy (Interpolate (ny, [H, W])
6: XléXIQAxy {Hadamard Product}
7://Channel-height attention branch (ZX-axis)

IxIx—xH,
8: P,eR * {Learnable parameters}
9: X, <Permute (X, [0,3,1,2])

C,
10. A, < Conv,, [Interpolate[Pw{ : )HD]

11: XX, 0A
12://Channel-Width attention branch (ZY-axis)

IxIx—2x W,
13: P, eR * ° {Learnable parameters}

14: X, <Permute (X,,[0,2,1,3])

C,
15: A, < Conv,, [Interpolate[sz{ 4m ’W:U]

16: X,¢X,0A

17://Depth-wise convolution branch
18: X,«DWConv (X,)

19: X¢-Concat ([X,, X, X, X,])

20: X¢LayerNorm (X)

21: Y¢<Conv, (DWConv, (X))

1x1 3x3

22: return Y

FCRA

X1

xp,|— Alignment ©

pwconv H LN H Retu H Pwconv ]—é—»

Figure 3. The pipeline of the FCRA module

Abbreviations: DWConv: Depth-wise convolution; FCRA: Fast cross-resolution aggregation; LN: Layer normalization; PWConc: Pointwise convolution;

ReLU: Rectified linear unit.
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X roduated = g resized ~(1 +0.5- Interpolate(M)) (17)

The modulation factor of 0.5 was empirically
determined to provide optimal enhancement without
over-suppression.

3.4. Experiments

We evaluated our proposed Dy-UNet on the SegSperm
dataset, a specialized benchmark for sperm morphology
segmentation.”” The dataset presents the clinical scenario
where multiple sperm cells appear within a single field of
view, with each image containing pixel-level annotations for
complete sperm structures, including the head, midpiece,
and tail regions. Allimages were resized to 256 x 256 pixels to
balance computational efficiency and morphological detail
preservation. To comprehensively assess the effectiveness
of our architecture, we compared Dy-UNet against several
established methods representing different architectural
paradigms: the original U-Net® as the fundamental baseline,
R2U-Net and R2AttU-Net,* incorporating recurrent
residual blocks and attention mechanisms, MobileNetV2-
UNet,” employing efficient depth-wise separable
convolutions, and DeepLab v3+, utilizing atrous spatial
pyramid pooling for multi-scale contextual information. All
baseline methods were implemented with identical channel
configurations (c_list = [8, 16, 24, 32, 48]) to ensure a fair
comparison under similar parameter budgets.

All models were trained for 300 epochs using the
AdamW optimizer with an initial learning rate of 0.001,
B, =0.9, B, =0.999, and weight decay of 0.01. The learning
rate was scheduled using cosine annealing with T, = 50
and 7, = 0.00001, allowing a gradual decrease following
a cosine curve with periodic restarts. For Dy-UNet, we
employed a compound loss function combining binary
cross-entropy and Dice loss at multiple resolution levels, as
shown in Equation 18:

5
’Ctotal = ’Cﬁnal + 04ZW1 (‘CBCE (pz’y) + ’CDice (Pl’y)) (18)

where w, are weights that decrease with resolution
depth. This multi-level supervision strategy encourages
meaningful representations at different scales, proving
effective for capturing both coarse-level structures and
fine-grained morphological details. Data augmentation
during training included random horizontal flipping
(p = 0.5) and random vertical flipping (p = 0.5) to account
for arbitrary sperm orientations, along with dataset-specific
normalization using pre-computed training set statistics.

All experiments were conducted using PyTorch 1.12.0
with CUDA 12.6 on Python 3.10, utilizing a single NVIDIA

V100 GPU with 32 GB memory. Training was performed
with a batch size of 8, and reproducibility was ensured
by a fixed random seed of 42 across all random number
generators. Model performance was assessed using four
standard metrics: mean Intersection over Union (mloU),
Dice similarity coefficient (DSC), pixel-wise accuracy,
and sensitivity, with all metrics computed at the default
threshold of 0.5.

4, Results
4.1. Sample results

Figure 4 presents representative segmentation results
comparing Dy-UNet against baseline U-Net on
the SegSperm dataset. The qualitative comparison
demonstrated that Dy-UNet produced more accurate
and complete segmentation across diverse morphological
variations and imaging conditions. Notably, in the
second example, the baseline U-Net completely failed
to detect one sperm cell in a multi-cell scenario, while
Dy-UNet successfully identified and segmented all sperm
structures present in the field of view. This superior
performance can be attributed to our cross-resolution
interaction mechanism, which maintains high-resolution
representations throughout the network and enables
simultaneous detection of both prominent and subtle
sperm structures.

Across all examples, Dy-UNet demonstrated improved
boundary precision and complete structure preservation,
particularly for challenging regions, such as curved flagella
and fine-grained morphological features. The DSConv
module enabled adaptive spatial sampling that follows
the serpentine morphology of sperm tails, while the
GHPA mechanism captured long-range dependencies
to maintain structural continuity. In contrast, U-Net
exhibited characteristic limitations, including fragmented
tail segmentation, boundary smoothing artifacts, and
incomplete detection in complex scenarios. These
qualitative results also complement the quantitative
improvements presented in the following sections.

4.2, Comparative results

To evaluate the effectiveness of our proposed Dy-UNet
architecture, we conducted comprehensive experiments
on the SegSperm dataset. We compared our method
against several established lightweight segmentation
approaches, which included U-Net, R2U-Net, R2AttU-
Net, DeepLab v3+, and MobileNet v2. Due to the lack of
lightweight models on the sperm segmentation task, two
state-of-the-art models in medical image segmentation
were also included for comparison. These models all
demonstrated comparable inference speeds in the order
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Figure 4. Sample results comparing our Dynamic U-Net (Dy-UNet) with
the baseline U-Net

of tens of milliseconds. As presented in Table 1, Dy-UNet
achieved superior performance across multiple evaluation
metrics with a comparatively small parameter count
and demonstrated the effectiveness of our architectural
innovations for sperm segmentation tasks.

4.2.1. Performance baseline

The Dy-UNet achieved the best performance across all
evaluation metrics, with substantial improvements over
existing methods. Compared to the baseline U-Net,

our method achieved a 25.5% improvement in mloU
and a 17.7% improvement in DSC, demonstrating the
effectiveness of the multi-resolution architecture for
capturing sperm-specific morphological patterns. Notably,
Dy-UNet also obtained the highest sensitivity among
all compared methods and surpassed the second-best
R2AttU-Net by 0.3%. This improvement in sensitivity is
clinically significant, as it reflects the model’s enhanced
capability to detect true positive sperm structures,
particularly the fine-grained components, such as flagella
and midpiece regions, that are critical for comprehensive
morphological assessment. These results collectively
demonstrate that our approach effectively addresses the
fundamental challenges in sperm segmentation, which
include the accurate delineation of subtle morphological
features from complex microscopy backgrounds and the
precise identification of complete sperm structures even
under challenging imaging conditions.

4.2.2. Comparison with attention-based methods

Compared to other attention-based architectures, Dy-UNet
outperformed R2AttU-Net by 10.4% in mlIoU and 7.2%
in DSC, despite the fact that R2AttU-Net incorporates
recurrent and attention mechanisms. This result indicates
that our parallel multi-resolution processing strategy and
linear feature-extraction modules are more effective than
traditional attention gates at capturing sperm-specific
morphological patterns. The performance advantage can
be attributed to several key factors: (i) The cross-resolution
interaction mechanism enables effective information
exchange between high-resolution detail-preserving features
and low-resolution semantic features; (ii) the DSConv adapts
to the curved structures of sperm tails; and (iii) the GHPA
efficiently captures both local and global dependencies.

4.2.3. Lightweight architecture comparison

Furthermore, when compared against the lightweight
MobileNet v2 baseline, Dy-UNet achieved 6.9% higher
mloU and 4.8% higher DSC. Remarkably, Dy-UNet
accomplishes this superior performance with only 184
K parameters, which makes it exceptionally suitable for
deployment on resource-constrained devices, such as
mobile platforms, edge computing systems, or embedded
devices commonly used in clinical settings. This efficiency
is achieved through strategic architectural design
choices, which include the use of depth-wise separable
convolutions, efficient grouped attention mechanisms, and
lightweight multi-resolution feature fusion.

4.2.4. State-of-the-art model comparison

Compared to recent state-of-the-art lightweight medical
image segmentation models, Dy-UNet demonstrates
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Table 1. Comparative experimental results on the SegSperm dataset

Model mloU DSC (F1) Accuracy Sensitivity Parameters (K)
U-Net* 0.35265 0.52142 0.99021 0.53603 125
R2U-Net* 0.39853 0.56993 0.99263 0.49104 130
R2AttU-Net* 0.40091 0.57235 0.99173 0.55657 132
DeepLab v3+* 0.32033 0.48522 0.99039 0.45515 1,460
MobileNet v2¥ 0.41399 0.58557 0.99310 0.48971 100
Efficient group enhanced U-Net* 0.37707 0.54764 0.99166 0.50721 53
Multi-attention and lightweight U-Net*” 0.30031 0.46190 0.98970 0.44439 177
Dynamic U-Net 0.44260 0.61362 0.99279 0.57546 184

Abbreviations: DSC: Dice similarity coeflicient; mIoU: Mean Intersection over Union.

clear advantages. Efficient group enhanced U-Net, despite
having only 53 K parameters, achieved an mIoU of 0.37707
and DSC of 0.54764, which are 17.4% and 12.0% lower
than Dy-UNet, respectively. The multi-attention and
lightweight U-Net, with 177 K parameters comparable
to our model, showed the weakest performance with
an mloU of 0.30031 and DSC of 0.46190. These results
indicate that architectural designs optimized for skin lesion
segmentation do not transfer well to sperm segmentation
tasks.

4.3. Ablation results

To systematically evaluate the contribution of each
proposed component, we conducted comprehensive
ablation studies with a cross-resolution U-Net (CR-UNet)
as the baseline architecture. As shown in Table 2, we
progressively incorporated our proposed modules on the
standard U-Net: cross-resolution interaction, DSConv,
GHPA, and FCRA. The results demonstrate that each
component continuously improved performance under
restricted computational overhead.

4.3.1. Baseline cross-resolution architecture

The baseline CR-UNet, which implements parallel
multi-resolution branches without specialized feature
extraction modules, achieved an mIoU of 0.37483 and
DSC of 0.55478. This represents a 6.3% improvement in
mloU over the standard U-Net architecture (0.35265)
and validates our hypothesis that the maintenance of
high-resolution representations throughout the network
preserves critical spatial information essential for accurate
sperm segmentation. The improvement demonstrates the
fundamental advantage of the dual-branch architecture
in the simultaneous capture of both fine-grained spatial
details and high-level semantic context, which are both
crucial for the identification of sperm structures with
various scales and complex morphologies.

Table 2. Ablation studies based on cross-resolution U-Net

Model mloU DSC (F1) Accuracy Sensitivity
U-Net 0.35265 0.52142  0.99021 0.53603
CR-UNet 0.37483  0.55478  0.99131 0.52194
CR-UNet+DSConv 0.41328 0.56740 0.99203 0.55876
CR-UNet+DSConv+ 0.42105 0.59259  0.99259 0.54171
GHPA

CR-UNet+DSConv+ 0.44260 0.61362  0.99279 0.57546
GHPA+FCRA

Abbreviations: DSC: Dice similarity coefficient; DSConv: Dynamic
snake convolution; FCRA: Fast cross-resolution aggregation; GHPA:
Grouped multi-axis Hadamard product attention; mIoU: Mean
Intersection over Union.

4.3.2. Dynamic snake convolution

The integration of DSConv (CR-UNet+DSConv) yielded
substantial performance gainsand elevated mIoUt00.41328
and sensitivity to 0.55876. The 10.3% improvement in mIoU
demonstrates the effectiveness of adaptive spatial sampling
for the tracking of curved and elongated structures of
sperm cells. The deformable convolution’s ability to adjust
receptive fields dynamically based on local morphological
features proves particularly valuable for the capture of
serpentine patterns of flagella and the precise boundaries
of sperm heads. Unlike standard convolutions with fixed
rectangular kernels, DSConv employs a cumulative offset
mechanism where deformations propagate smoothly
along the kernel’s sampling direction and naturally follow
curved structures without fragmentation. This capability is
especially important for sperm segmentation, as individual
sperm structures maintain local directional consistency.

4.3.3. Grouped multi-axis Hadamard product
attention

Further incorporation of the GHPA mechanism
(CR-UNet+DSConv+GHPA) enhanced the DSC to
0.59259. This improvement of 4.4% in DSC highlights
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GHPA's capacity to model long-range spatial dependencies
across different cellular components while it maintains
computational efficiency through grouped processing and
Hadamard product operations. The multi-axis attention’s
ability to process features along spatial (XY-plane),
channel-height (ZX-plane), and channel-width (ZY-plane)
dimensions enables the network to disambiguate
overlapping structures and identify coherent sperm
patterns against cluttered backgrounds.

The complete Dy-UNet architecture,
which  incorporates all  proposed  components
(CR-UNet+DSConv+GHPA+FCRA), achieved the optimal
overall performance. This result validates our design
principle that bidirectional information flow between
feature maps at different resolutions, which mimics
the hierarchical processing observed in human visual
perception, is crucial for comprehensive sperm morphology
analysis. Notably, the progressive incorporation of modules
consistently improved performance across all evaluation
metrics. Each component addresses different aspects of
the sperm segmentation challenge: CR-UNet establishes
the multi-resolution foundation, DSConv handles curved
structures, GHPA captures long-range dependencies,
and FCRA integrates multi-scale information. Their
combination created a comprehensive solution that
significantly outperformed the baseline architecture
and existing methods. Furthermore, Dy-UNet has a
small parameter size of 184 K, making it one of the most
compact models among the compared approaches, while
still achieving superior performance.

5. Discussion

This study introduced Dy-UNet, a novel lightweight deep
learning architecture specifically designed for automated
sperm segmentation in phase-contrast microscopy images.
The key contributions of this work may advance the field
of automated sperm analysis through a synergistic network
that addresses fundamental challenges in morphological
assessment.

Our cross-resolution architecture maintains high-
resolution representations throughout the network while
simultaneously extracting multi-scale semantic features.
This design fundamentally differs from traditional
encoder-decoder networks and preserves fine-grained
morphological information essential for accurate sperm
segmentation. This finding aligns with advances in
human pose estimation and object detection, where high-
resolution networks have shown superior performance in
the localization of small and thin structures. DSConv, as a
specialized feature extraction module, enables adaptation
to the curved and serpentine morphology characteristic

of sperm cells, while the GHPA mechanism efficiently
models long-range spatial dependencies across multiple
feature dimensions.

The high sensitivity achieved by our model (0.57546) is
particularly valuable for clinical applications, as it ensures
comprehensive detection of sperm cells, including those
with subtle morphological abnormalities. In fertility
assessment, the failure to detect abnormal sperm can lead
to incomplete morphological analysis and potentially
affect clinical decision-making. The superior sensitivity
of Dy-UNet compared to existing methods suggests that
our approach can provide more reliable morphological
assessments, which may improve the accuracy of male
fertility diagnosis and treatment planning. Moreover, the
lightweight architecture with 184 K parameters enables
deployment on portable and point-of-care devices,
which democratizes access to advanced sperm analysis
technology.

While our model achieved state-of-the-art performance
on average metrics, analysis of failure cases revealed that
Dy-UNet occasionally struggles with highly overlapping or
tightly clustered sperm cells. In such cases, the boundaries
between adjacent sperm can be ambiguous even for
human experts. Future work could explore instance
segmentation approaches that explicitly model individual
sperm instances.

The dataset used in this study, while valuable, has a
limited size and diversity compared to the full spectrum of
cases encountered in clinical practice. Future work should
focus on the collection of larger, more diverse datasets
that capture this variability and enable more robust model
training.

6. Conclusion

This study presents Dy-UNet, a novel lightweight deep
learning architecture that achieves state-of-the-art
performance in automated sperm segmentation while
maintaining exceptional computational efficiency. Through
the integration of cross-resolution processing, DSConv,
grouped multi-axisattention,and FCRA, Dy-UNeteftectively
captured the unique morphological characteristics of sperm
cells and provided accurate segmentation across diverse
imaging conditions. With only 184 K parameters, Dy-UNet
is well-suited for deployment in resource-constrained
clinical settings and enables accessible, objective sperm
morphology assessment. The comprehensive evaluation and
ablation studies validated the effectiveness of each proposed
component and demonstrated significant improvements
over existing approaches. While limitations remain and
future work is needed to expand the model’s capabilities
and validate its generalization across diverse datasets and
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imaging modalities, Dy-UNet represents a meaningful
advance toward automated, accurate, and accessible male
fertility assessment.
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