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MADRNet: Morphology-Aware Dual-path
Reversible Network for Sperm Classification

Fan Yang, Jingzhang Sun, Honglan Huang*, Liang Zhang and Jiheng Zhang

Abstract— Sperm morphology analysis plays a crucial
role in the clinical diagnosis of male infertility. However,
manual evaluation is inherently subjective, and inconsis-
tencies in diagnostic criteria may compromise accuracy.
Some existing sperm image classification models are in-
troduced but requiring manual intervention. Most mod-
els lack of consideration of alignment between compu-
tational classification and WHO sperm morphology stan-
dards. To address these challenges, we propose an in-
novative morphology-aware dual-path reversible network
(MADRNet) in designing our model. We integrate key
biomarkers, such as head aspect ratio and acrosomal in-
tegrity, both of which are crucial for clinical sperm assess-
ment, into the network. Particularly, the network utilizes a
dual-path attention mechanism, incorporating both parallel
spatial and channel attention, while embedding the acro-
some anatomical constraint within the channel attention.
To further enhance the alignment of our model with the
WHO standards, we develop a dynamic loss function con-
sidering head aspect ratio constraint. Further, we employ
a reversible architecture to enable the model to preserve
more microscopic details while reducing GPU memory con-
sumption. Experiments on the HuSHeM dataset demon-
strate that the model achieves an accuracy of 96.3% and an
F1 score of 96.8%. Meanwhile, the model maintains a real-
time processing speed of 32ms per image, providing a pre-
cise and efficient solution for clinical sperm screening. The
implementation source code and the underlying dataset are
available at https:/github.com/fanyangZK/MADRNet.

Index Terms— Sperm Classification, Reversible Architec-
ture, Dual-path Attention Mechanism, Morphology-Aware,
WHO Standards

[. INTRODUCTION

ALE factors contribute to 30%-50% of global infertility
cases, with sperm morphology assessment being a crit-
ical diagnostic indicator in assisted reproductive technologies
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[1]. The 6th World Health Organization (WHO) edition man-
ual [1] emphasizes that strict criteria for sperm morphology
assessment (e.g., acrosome integrity and nuclear vacuole size)
are critical, as deviations from these standards may lead to a
>90% reduction in fertilization efficacy. However, at present,
sperm morphology analysis faces many difficulties.

Clinically, the interpretation of microscopic images by ex-
perts has the problems of low efficiency and strong subjec-
tivity [2], [3]. Moreover, large variation and poor consis-
tency in the sperm morphology assessment exist even though
experts share the WHO standards, mainly because experts
have different experience and perspectives [4]. Deviation from
WHO-defined morphological standards will markedly reduce
fertilization success rates, thereby increasing the risk of mis-
diagnosis and suboptimal treatment outcomes.

Deep learning in recent years have significantly advanced
the field of automated human sperm image classification. To
extract human sperm morphological features, previous studies
[5], [6], [8], [201, [27], [53] have attempted to leverage transfer
learning of general image classification models. Yet these
approaches fail to adequately model the anisotropic texture
characteristics inherent in sperm images. Attention mecha-
nisms enhance fine-grained image classification by adaptively
focusing on critical features while maintaining global struc-
tural relationships, enabling precise differentiation of subtle
morphological abnormalities [28], [31], [37], [38]. However,
traditional sequential attention mechanisms tend to lose micro-
scopic features and suffer from gradient decay due to excessive
path length. To resolve this, we propose a parallel dual-
path mechanism that integrates spatial attention and channel
attention in parallel, effectively preserving detailed features
while mitigating gradient decay.

Little attention has been paid to medical prior knowl-
edge [32], [33] in the field of sperm classification. To en-
hance WHO compliance, we innovatively introduce acrosome
anatomical and head aspect ratio constraints, integrating the
former into the channel attention mechanism and embedding
the latter in the hybrid loss function. Acrosome integrity
affects head contour smoothness and edge continuity, while
head width ratio serves as a geometric standard for elliptical
contours [35]. Particularly, a deviation of the head aspect ratios
outside 1.5+ 0.3 often indicates abnormal morphologies (e.g.,
tapered or pyriform) [1]. The introduced constraints guide our
model to focus on the acrosome area and penalize sperm
with parameters deviating from the standard range, thereby
improving the model’s ability to distinguish between different
categories of sperm.
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In addition, the loss of detailed information due to network-
level compression is a prevalent issue in deep learning net-
works [7]. This problem is especially obvious in microscopic
image processing, where key details are often lost. To address
this challenge, a reversible architecture has been introduced
[24], [25], [29]. By combining the parallel dual-path atten-
tion mechanism with reversible architecture, the proposed
model enables lossless feature reconstruction while preserving
microscopic morphological characteristics. Furthermore, the
reversible architecture eliminates the need to store intermediate
activation values, significantly reducing GPU memory con-
sumption. This allows the model to process higher-resolution
images, meeting WHO requirements for microscopic detail
resolution. Thus, the proposed model is tailored for sperm
classification with parameter scale compression and real-time
computational efficiency.

Beyond architectural advancements, loss function optimiza-
tion represents another critical strategy [8], [41], [42], [44].
Traditional cross-entropy loss with rigid classification bound-
aries tends to over-penalize borderline samples, failing to
reflect continuous morphological variations. To address this,
we design a hybrid loss function incorporating triplet loss to
enhance discriminative feature mining and improve robustness
for borderline samples.

Summarily, we put forward a morphology-aware dual-path
reversible network (MADRNet) for human sperm classifica-
tion. The main contributions are:

e We propose a parallel dual-path attention mechanism
that integrates spatial and channel attention to mitigate
microscopic feature attenuation and optimize gradient
propagation.

o By analyzing WHO morphological criteria, we design
acrosome anatomical constraint and head aspect ratio
constraint, which are embedded into channel attention and
hybrid loss functions respectively.

o We construct reversible feature-interaction by integrating
reversible architectures with attention mechanisms, simul-
taneously preserving fine-grained microscopic features
while optimizing GPU memory efficiency.

e« We propose a hybrid loss function integrating corss-
entropy loss, triplet loss and head aspect ratio constraint
to improve discriminative capability for borderline sam-
ples, enhancing the model’s interpretability and compli-
ance with clinical standards.

[I. RELATED WORK

In this Section, we first review conventional deep learning
approaches for sperm morphology analysis in Section II-A.
Next, we examine advanced attention mechanisms in Sec-
tion II-B. Finally, we discuss model optimization strategies
and hybrid loss functions tailored for medical imaging tasks
in Sections II-C and II-D, respectively, emphasizing the im-
portance in improving interpretability and compliance with
clinical standards.

A. Deep learning in sperm classification

Manual sperm detection is inefficient and highly subjective.
To address this challenge, various approaches in deep learning
have been explored for sperm classification.

Jabbari [10] introduces a hybrid capsule network and GAN
architecture to improve classification. Similarly, Abbasi [6]
applies GAN-based augmentation to balance datasets and
enhance robustness. Yuzkat et al. [11] propose a soft vot-
ing fusion of six CNNs, achieving 85.18% accuracy on
HuSHeM [49].

Liu et al. [8] use AlexNet-based transfer learning with
96.0% accuracy but rely on manual cropping and alignment,
limiting automation and generalization. FT-VGG [12] reaches
94% accuracy with similar manual interventions. Ilhan et
al. [15] achieve an accuracy of 85.42% using SURF features
with an SVM classifier on their self-collected dataset, while
a method based on DTCWT features attains 82.33% accu-
racy [16]. Ilhan et al. [17] also apply automatic directional
masking with k-NN on HuSHeM, achieving 57.4% accuracy
under five-fold CV after 93.5% correct masking—useful for
automatic ROI extraction but with modest overall performance.
Additionally, Ilhan et al. [18] adopt a two-stage network with
soft voting, yielding 92.1% accuracy but complex training.
Zhang et al. [19] employ a three-stage method requiring man-
ual hyperparameter tuning, especially in pseudo-mask gener-
ation needing expert anatomical priors, reducing practicality.

Abbasi [20] presents a deep multi-task learning model com-
bining transfer and multi-task learning, classifying sperm head,
vacuoles, and acrosomes simultaneously with 84% accuracy
on MHSMA. Ni et al. [21] develop a local constraint and
label embedding multi-layer dictionary learning model with
asymmetric Huber loss, validated on HuSHeM [49]. Yang et
al. [22] propose a multi-object tracking algorithm integrat-
ing dynamic trajectory and morphological features, achieving
90.6% accuracy.

Though these studies show progress, most depend on man-
ual interventions and do not fully utilize WHO clinical biolog-
ical priors, limiting interpretability and automation. Inspired
by [26], [32], [34], the WHO sperm standards are adopted as
prior knowledge in this work, introducing acrosome anatom-
ical constraint and head aspect ratio constraint to improve
the model’s adaptability to WHO standards. Therefore, our
MADRNet significantly enhance accuracy.

B. Attention mechanism in microscopic images

In the field of microscopic image processing, attention
mechanisms can dynamically localize key subtle structures,
significantly improving feature discriminability while enhanc-
ing model interpretability. Ehsan et al. [30] propose Att
Swin U-Net for skin lesions, which is an attention based
extension of Swin U-Net used for medical image segmen-
tation. They attempt to enhance the feature reusability by
carefully designing skip connection paths. They believe that
the classical cascade operation used in skip connection paths
can be further improved by combining attention mechanisms.
Shyam Lal et al. [31] propose NucleiSegNet—a robust deep
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learning network architecture for nuclei segmentation in H&E-
stained hepatic cancer histopathological images. The proposed
architecture comprised three blocks: a robust residual block, a
bottleneck block, and an attention decoder block. The attention
decoder block employs a novel attention mechanism to effec-
tively locate objects and enhance the proposed architecture’s
performance by reducing false positives. Chen et al. [36]
propose the HAT model for low-level visual tasks such as
image super-resolution, which integrates channel attention
mechanism and window based local attention mechanism
to explore deeper features. To prevent symptoms of pollen
syndrome, Li et al. [37] construct an attention-based multi-
scale feature fusion network based on light microscope images,
which performs well in 8 pollen categories. Zhu et al. [38]
propose a dual attention mechanism network for single image
super-resolution. The result demonstrates significant improve-
ments in both reconstructed image quality and radiologists’
confidence for early-stage lung cancer diagnosis. However,
most of the aforementioned methods use serialized spatial and
channel attention, resulting in long paths that cause gradient
decay and loss of microscopic features, thus limiting the
capture of fine-grained morphological details.

In MADRNet, we leverage a parallel fusion of spatial
and channel attention to implement a dual-path mechanism.
The new approach effectively not only alleviates gradient
vanishing, but also enhances the response to sperm acrosome
and head microstructures.

C. Model optimization of deep learning

In the field of model optimization, various techniques have
been proposed to reduce computational complexity without
sacrificing performance. Li et al. [23] reduce the computa-
tional complexity of the ResNet101 model by 80% through
channel pruning and layer fusion, resulting in only a 0.72%
decrease in accuracy. Their approach allows the removal of 48
convolutional layers from the ResNetl 10 model without any
noticeable loss in performance.

Jacobsen et al. [24] introduce reversible networks into the
ResNet architecture, improving performance while reducing
computational overhead. Similarly, Mangalam et al. [25] pro-
pose the Reversible Vision Transformer (RVT), a memory-
efficient architecture designed for visual recognition tasks.
RVT decouples GPU memory consumption from model depth,
reducing memory usage to 1/15.5 of the original without com-
promising model complexity, parameter count, or accuracy.

Building on these advancements, Kashu et al. [29] apply
the concept of reversible residual networks to 3D U-Net for
volumetric segmentation. They develop partially and fully
invertible versions of residual networks, significantly reducing
memory usage while maintaining similar segmentation perfor-
mance.

In MADRNet, we innovatively combine a parallel dual-path
attention mechanism with a reversible architecture. This com-
bination optimizes memory usage and enhances the retention
of microscopic details, effectively mitigating information loss
issues.

D. Hybrid loss function in medical model

Traditional loss functions demonstrate limited effectiveness
in medical image segmentation tasks, particularly when ad-
dressing class imbalance, boundary ambiguity, and competing
false positive/negative predictions. Therefore, the hybrid loss
function plays a crucial role in the deep learning model. Chen
et al. [39] propose hybrid strategies for different problems
in their paper. Huang et al. [40] use a novel hybrid loss
function with high sensitivity to boundaries to refine the image
and obtain more accurate segmentation results. Tang at el.
[41] achieve automatic segmentation and quantification of
pneumothorax in CT images based on a hybrid loss attention
mechanism. Liu et al. [8] combine a hybrid loss function
with a deep supervised structure, effectively improving the
segmentation performance of edge details, and applied it to
the segmentation task of liver images. Yang et al. [44] use
class balance loss functions to train whole heart analysis tasks.
Many liver segmentation algorithms exhibit high sensitivity to
ambiguous boundaries and heterogeneous pathologies, partic-
ularly under data scarcity. To address these challenges, Tan et
al. [42] propose an automatic liver segmentation framework
using a 3D convolutional neural network with a hybrid loss
function. This approach combines cross-entropy loss, edge-
preserving smoothness, and a shape constraint to improve
segmentation accuracy, particularly at the boundaries and in
capturing structural details.

Therefore, we also design a novel hybrid loss function
that combines corss-entropy loss, triplet loss with head aspect
ratio constraints. This design not only enhances the model’s
interpretability and compliance with clinical standards but also
ensures high robustness on boundary samples.

[1l. METHODOLOGY
A. Overall design

Figure 1 illustrates the architecture of the proposed
Morphology-Aware Dual-path Reversible Network
(MADRNet), which comprises four core modules: backbone,
reversible feature interaction, bilinear attention pooling, and
classifier. The MADRNet architecture is formulated as:

MADRNet((E) = Celassifier (Pbilinear (Rf;)ersible (Bbackbone ({,C) ) ) )
(1

We choose ResNet50 as the low-level feature extractor in
Brackbone- The residual connections in ResNet50 effectively
mitigate gradient vanishing issues [46], [47]. Also, it takes
less memory consumption compared to other models (e.g.,
ResNet101) while maintaining comparable performance [46].

r(g,)ersible is a reversible architecture with parallel dual-path
attention mechanism, which considers acrosome anatomical
constraint. This module aims to preserve detailed information
while minimizing GPU resource utilization.

Philinear 1S @ module to achieve bilinear pooling following
the parallel dual-path attention component. It is used to
capture co-variation relationships among feature channels, i.e.,
second-order statistics. Therefore, it can enhance the model’s
capability to discern subtle morphological differences in sperm
cells.
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Fig. 1: Overall network architecture

Celassifier includes an embedding layer and an output layer.
The embedding layer maps the pooled features into a low-
dimensional space to form compact embeddings. These em-
beddings, which are in the low-dimensional space, play the
role of input for a triplet loss function. This design enhances
model robustness for boundary cases while ensuring compli-
ance with WHO-defined sperm head aspect ratio.

In Section III-B, we will first elaborate the implementation
details of the parallel dual-path attention (DA) mechanism, as
it is utilized in both R\ . and Phijinear. Then, the detailed
design of Rr(g,)ersible and the implementation of Pjjinear are be
introduced in Section III-C and Section III-D, respectively.
Additionally, Section III-E will provide a detailed explanation
of the proposed hybrid morphology-aware loss function.

B. Parallel Dual-path Attention (DA) Mechanism

The parallel DA mechanism is designed to quantify
weighted feature importance during the training process. Let
the input feature be X € RE*H*W where C is the number
of channels, H and W denote the height and width of the
feature map. It includes two parts: channel attention and spatial
attention, which output channel weight matrix and spatial
weight matrix, respectively.

A, = o(W.(AVP(X))) ® ROIMask(Fi (X)) ()

The channel attention operates using Equation (2). The
input feature X is first processed by the F.;(+) function, where
"roi" represents the region of interest that the model focuses
on. The function consists of a global average pooling layer and
a linear encoding layer, aiming to calculate the global channel
response to reflect the degree of acrosome integrity. The
ROIMask function further encodes the probability distribution
of acrosome integrity and outputs a weight matrix for the acro-
some region. Meanwhile, the feature X undergoes adaptive

average pooling (AVP) and passes through W, to obtain global
channel weights matrix. W, is the bottleneck structure to
perform channel dimension reduction and expansion. Next, the
output is compressed to the range [0,1] using the o activation
function. Finally, the A. is obtained by multiplication (®) of
global channel weight matrix and the acrosome region weight
matrix.

AS = O'(COIIV3><3(X)) (3)

The spatial attention operates as shown by Equation (3).
A lightweight convolutional layer (Convsys) is utilized. It
reduces the channel dimension to a single channel to avoid
interference. o activation function is applied on the single-
channel dimension to generate A, as the spatial weight matrix.

Xoul:XQAc+X®As (4)

After the channel and spatial attention processing, the A,
and A, are fused in parallel as operated by Equation (4).
Therefore, the proposed parallel DA attention mechanism
enables adaptive calibration of channel and spatial feature
mappings, effectively enhancing focus on subtle local features.

(n)

C. Reversible Feature Interaction R o, sipje

The reversible feature interaction module Rf:vlrsible is based

on a reversible architecture, where each layer’s operations
can be exactly inverted during backpropagation. Therefore,
the ngilrsible module enables to mitigate information loss and
preserve more detailed features without storing intermediate
activations. Specifically, the module contains n executions
of reversible feature interaction functions, F and G. The F
function uses simple convolution and normalization to achieve
shallow feature interaction. The G function mainly combines
the parallel DA component described in Section III-B to en-
hance attention and a convolution component to fuse channel
information. Through the combination, the interaction of deep
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features is realized. Advantageously, the reversible architecture

enables MADRNet to reduce GPU memory consumption.
Particularly in the forward propagation, before entering
(1) er feature X is split the channel dimensions into X

and X, as Equation (5) does.
X+ = x4 F(Normalization(X{")) )
Xé”l) _ Xél) " G(ngﬂ))

where [ (range 0 ~ n — 1) means the [-th execution in forward
propagation. In the operation, Xél) is normalized firstly and
then fed into the F function. Then output is added to Xgl)
to obtain XYH). Simultaneously, Xglﬂ) is input to the G
function and the output is added to Xgl) to obtain XéH_l).
Moreover, F and G adopt a hierarchical parameter reuse
mechanism, automatically inheriting the previous parameter
configurations upon each invocation. This design preserves the
independence of each layer through parameter passing while
achieving semantic alignment across layers.

l +1 +1
X =x{H -6 (x{)

Xgl) = Xglﬂ) —F (Normalization(Xé”)) ©

During backpropagation, the inverse computation of the
forward propagation (as specified in Equation (6)) is conse-
quently applied. Xél) and X(ll) are successively calculated.
This inversion enables lossless reconstruction of the model
parameters while eliminating the need to store intermediate
activation values. Therefore, the proposed reversible feature
interaction module R preserves more detailed features

reversible
and reduces memory usage.

D. Bilinear Attention Pooling Phpijinear

To enhance discriminative capability for subtle morpholog-
ical differences in sperm cells, a bilinear attention pooling
module is devised Prilinear t0 capture second-order statistics
of features. Subsequent t0 R e ipes features X and Xo are
merged into Xgyseqa along the channel direction. The features
Xtused are inputs for a pooling component, which is replicated
in two branches. The component additionally incorporates
Parallel DA mechanism (as introduced in Section III-B), which
enhances the pooling process by selectively attending to both
channel and spatial features. Equation (7) formally illustrates
the pooling component.

B = GAP(Parallel DA(Conv; x1(Xfused))) 7

Where Conv;x; denotes a 1 x 1 convolutional layer for
channel dimensionality reduction, Parallel DA refers to the
dual-path attention component described in Section III-B, and
GAP denotes global average pooling.

With two independent output vectors By and B2 from the
pooling component, outer product of the vectors are calculated
to obtain Xop as Equation (8) demonstrates.

Xop = B1"B; 8)

To capture the positive/negative correlations of features
during the normalization process, signed square root normal-
ization is applied to Xop, as shown in Equation (9).

X = sign(Xop) © v/|Xop| + ¢ 9)

where, sign is the sign function, which is applied to retain
the directional (positive or negative) information of the feature
vectors. This prevents the square root operation from disrupt-
ing the original sign structure of Xop. |Xop| is defined as the
element-wise absolute value of Xop. This operation ensures
that each element is suitable for square root computation
while preserving the relative magnitude of values. € is a small
constant (set to 10~°) introduced for numerical stability.

Following normalization, X is passed through a fully
connected transformation to capture the final second-order
statistics, formulated in Equation (10).

~

Xoutpus = Linear(ReLU(BN(Linear(X)))).  (10)

where Linear denotes a fully connected layer, BN is batch
normalization, and ReLU represents the rectified linear unit
activation function. By capturing second-order statistics, richer
structural information is provided to the model for classi-
fication. Therefore, the proposed bilinear attention pooling
module enhances the model’s capacity to distinguish subtle
morphological differences, thereby improving the accuracy of
sperm morphology classification.

E. Hybrid Morphology-Aware Loss Function H.L

We design a hybrid morphology-aware loss function HL to
enhance the compatibility of model outputs with WHO sperm
morphology standards and improve robustness for boundary
samples. It consists of three components: the cross-entropy
loss function (denoted as Lcg), the triplet loss function
(L7ripiet), and the head aspect ratio constraint (Cy arc). The
definition of hybrid morphology-aware loss function is shown
in Equation (11).

(1)

The weights for the Triplet and HARC terms are learnable
scalars, denoted as « and (3, and are initialized to 0.4 and 0.3,
respectively.

L g (defined by Equation (12)) is widely used in classifica-
tion tasks. It measures the discrepancy between the predicted
probability distribution and the true label distribution. By en-
couraging the model to assign high probabilities to the correct
class, it provides the main supervisory signal that supports
classification stability and class-discriminative learning.

1 B N
Lcg = _E Z Z Yic IOg(gi,C>

=1 c=1

Lyr = Log + alrriplet + BCrARC

(12)

where B is the batch size, N is the number of classes, y; . is
the one-hot encoded ground truth label for sample ¢, and §; .
is the predicted probability of sample 7 belonging to class c.

Given input embeddings, Lr,ipies searches for anchor sam-
ples (denoted as a), positive samples (p) of the same class,
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and negative samples (n) of different classes. It operates as
shown in Equation (13).

Z max (d(a,p) — d(a,n) +m,0)

1

L riplet —
Triplet |T|
(a,p,n)€T

13)
where T is the set of valid triplets and d(-) denotes cosine
similarity. Lr,;p1¢ compares the distances among anchor (a),
positive (p), and negative (n) samples in the embedding space.
It encourages the model to bring samples of the same class
closer while pushing different-class samples apart, based on a
margin m. This spatial separation helps the model learn more
structured and discriminative representations.

B
1
CHarc = EZmaX(m — 1.5 —4,0)

i=1

(14)

Cragrc is formulated by Equation (14). Where ~y; denotes
the aspect ratio of the bounding box surrounding the largest
contour in the i-th sample, extracted using OpenCV. The ref-
erence value of 1.5 corresponds to the midpoint of the WHO-
defined normal range, and § = 0.3 specifies the acceptable
tolerance. This constraint imposes penalties on samples whose
aspect ratios exceed the accepted range.

V. EXPERIMENTS
A. Experimental Setup

1) Datasets & Preprocessing: We evaluate the performance
of MADRNet on the Human Sperm Head Morphology
(HuSHeM) dataset [49]. The dataset comprises semen samples
from fifteen patients at the Isfahan Fertility and Infertility
Center. Following fixation and staining via the Diff-Quick
protocol, sperm samples undergo imaging using an Olympus
CX21 microscope equipped with a x100 objective, x10 eye-
piece, and Sony SSC-DC58AP color camera. This process
yields 725 raw images at 576x720 pixel resolution. Three
clinical specialists manually crop sperm heads from these
images and classify them into five morphological categories:
Normal, Pyriform, Tapered, Amorphous, and Others. They
retain only specimens achieving unanimous expert consensus.
The final dataset contains 216 RGB sperm head images
standardized to 131x131 pixels, distributed across four classes:
Normal (54), Tapered (53), Pyriform (57), and Amorphous
(52), as visualized in Figure 2. HuSHeM serves as an essential
benchmark for developing computer-assisted sperm morphol-
ogy classification models.

s 3

¢ Pyriform

a Normal b Tapered d Amorphous

Fig. 2: Four morphological categories in HuSHeM dataset

The HuSHeM dataset provides class-wise image folders
without patient-level identifiers; therefore, we adopt image-
level stratified 5-fold cross-validation with a fixed random

seed. The data split is performed prior to any augmenta-
tion. All images are resized to 512x512 pixels. Training
employs lightweight augmentations, including random hori-
zontal flipping and +20° rotation, followed by ImageNet-style
normalization. To preserve anatomical geometry, we avoid
using perspective/shear transformations or synthetic masks.
The head aspect ratio used by Cy g is computed on the raw
RGB images—before augmentation—based on the bounding
rectangle of the largest external contour. For validation, a
deterministic preprocessing pipeline is applied, consisting of
resizing, center cropping, and normalization.

2) Evaluation Metrics: For the evaluation of our model’s per-
formance, we use four commonly applied metrics: accuracy,
precision, recall, and F1 Score.

o Accuracy measures the overall correctness of the model

by calculating the ratio of correct predictions to the total
number of predictions. It is defined as:

True Positives + True Negatives
Total Samples

Accuracy =

« Precision quantifies the model’s ability to correctly iden-
tify positive samples. It is the ratio of true positive
predictions to the total predicted positives:

True Positives

Precision = — —
True Positives + False Positives

¢ Recall, also known as sensitivity, measures the model’s
ability to detect all positive samples. It is defined as the
ratio of true positives to the total actual positives:

Recall = True Positives

True Positives 4 False Negatives

e F1 Score is the harmonic mean of precision and recall,
providing a single metric that balances both aspects. It
is particularly useful in situations where there is a class
imbalance:

Precision x Recall

F1 S =2
core X Precision 4+ Recall

These metrics are essential for evaluating the performance
of our model, as they provide a comprehensive assessment of
both the positive and negative class predictions.

3) Implementation Details: All experiments are conducted
using PyTorch on an NVIDIA RTX 4090 GPU.

We trained the model for 400 epochs using AdamW, adopt-
ing OneCycleLR to smoothly adjust the learning rate (I7). The
Bhackbone uses a low initial rate, while the R eversible and Celassifier
head use a high rate to accelerate adaptation. We repeated the
F and G functions in our R eversible three times. We set the total
loss weight to 0.4, and applied gradient clipping to maintain
training stability. Table I summarizes key hyperparameters.

B. Qualitative Visualization

We present two complementary qualitative visualizations:
(i) an embedding-space representation using t-SNE, and (ii)
pixel-level attention maps generated via Grad-CAM++.

We project the penultimate-layer embeddings into 2D using
t-SNE and visualize the validation set, color-coded by class
(perplexity = 15, initialization = PCA, random_state = 42;
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TABLE I: Hyperparameters for the MADRNet

Hyperparameter Value
Batch Size 64
Epochs 400
n 3
lTbackbone 3% 10_4
l'r'reversible 1x 10_3
lrclassifie'r' 1x 1073
Optimizer AdamW
Learning Rate Scheduler OneCycleLR
Loss Weight Coefficient 0.4
Gradient Clipping (Max Norm) 1.0
t-SNE (Fold_1)
20 :',.;.-_:‘. « 01_Normal
‘ ’i ol 02_Tapered
15 o . 03_Pyriform
«  04_Amorphous
10
N 5
w
3 o e?
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Fig. 3: t-SNE of penultimate-layer embeddings on the valida-
tion set (color-coded by class).

other parameters set to default). Figure 3 reveals clear inter-
class separation and intra-class compactness, indicating that
the learned representations are both morphology-consistent
and discriminative. Additional folds are illustrated by Fig-
ure 12 in Appendix A.

To evaluate the clinical interpretability of MADRNet’s
decision process, we apply Grad-CAM++ [50] to visualize
which regions of the input images are most important. Figure 4
shows the results, where each representative sample of the
four morphological classes are selected. In each group, the
leftmost image represents the original input, followed by the
attention heatmap obtained after extraction via Bpgckbone. On
the rightmost side, the feature heatmap is presented after
undergoing R and Pyirincar-

By comparing the heatmap distributions across sample
groups, it can be observed that module Bpgcrpone €xhibits
significant heterogeneity in its focus on discriminative fea-
tures. After optimization with module Rgﬁemble and module
Phritinear, the salient regions of heatmaps consistently con-
verge on the acrosomal structure. This observation validates
the effectiveness of acrosomal anatomical constraint within
the parallel DA mechanism.

C. Performance and Comparison

We evaluate the proposed MADRNet on the HuSHeM
dataset using a five-fold cross-validation protocol. As shown in

IEE SEE |

a Normal b Tapered 0s

0.3

-B-~ 'HE |
¢ Pyriform d Amorphous

Fig. 4: Class-specific attention heatmaps demonstrating
MADRNet’s interpretability and overall performance.

Figure 5, the training process converges at about 340 epochs,
ultimately achieving 96.3% accuracy, 96.6% precision, 96.8%
recall, and a 96.8% F1 score. These results underscore the ro-
bustness and efficiency of our approach in sperm morphology
classification tasks.

Accurac Precision
1.0 Y 1.0
0.8 08
0.6 06
0.4 0.4
0.2 0.2
—— MADRNet —— MADRNet
00 o 100 200 250 300 350 400 %0 0 100 200 250 300 350 400
Epoch Epoch
1.0 Recall 10 F1 Score
0.8 08
0.6 06
0.4 0.4
0.2 0.2
—— MADRNet —— MADRNet
00 o 100 200 250 300 350 400 %0 0 100 200 250 300 350 400
Epoch Epoch

Fig. 5: Performance of MADRNet on the HuSHeM validation
set

Table II summarize the comparison result with related
works, indicating that our model exhibits superior perfor-
mance. We report the mean + standard deviation across five-
fold cross-validation, along with 95% confidence intervals
computed using the t-distribution (degrees of freedom (df) =
4). In the column of Pre-training, IN denotes ImageNet pre-
trained weights, US denotes unsupervised pre-training, and
SMIDS denotes pre-training on the SMIDS dataset. TL [8],
FT-VGG [12] and Zhang et al. [19] achieve high accuracy,
but they rely on human intervention, such as manual cropping
and head alignment. Manual intervention limits the model’s
autonomy, making it impractical in real world applications.
In contrast, our model achieves an accuracy rate of 96.3%,
without any manual intervention.

The inference time for each image is 32 ms, and the
model parameters are 44.35M, which is 1/3 of FI-VGG [12].
Meanwhile, the lightweight version parameter is only 12.34M,
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TABLE 1l: Comparison of different methods on HuSHeM dataset.

Method Pre-training  No Human Intervention  Accuracy(%) Precision(%) Recall(%) F1 Score(%)
Yuzkat et al. [11] X v 85.2 85.2 85.3 85.3
Ilhan et al. (2019) [17] X v 57.4 - - -
Tlhan et al. (2020) [14] X v 86.6 - - -
Tlhan et al. (2022) [18] IN+SMIDS v 92.1 92.3 92.1 92.2
FT-VGG [12] IN X 94.1 94.3 94.1 94.2
TL [8] IN X 96.4 96.4 96.4 96.4
Zhang et al. [19] IN+US X 96.5 96.8 96.6 96.6
MADRNet (ours) IN v 96.3 = 0.307  96.6 + 0.327  96.8 4 0.29T  96.8 + 0.37F

T mean + standard deviation over five folds with 95% confidence intervals based on the t-distribution (df = 4).

— Not reported in the original paper.

which is only 1/11 of the FT-VGG model [12]. We will discuss
the details of lightweight version in Section I'V-F.

To thoroughly investigate the performance of the proposed
model across different categories, we conduct a detailed anal-
ysis of the confusion matrix, as shown in Figure 6. Among
all categories, the prediction accuracy for normal sperm cells
is the highest, reaching 99%. The average prediction accuracy
for tapered and pyriform sperm cells is relatively lower, at
94.3% and 95.1%, respectively. The high accuracy for normal
sperm cells can primarily attribute to the consistency of their
contours, which makes them easy to distinguish from other
categories. However, due to the high morphological similarity
between tapered and pyriform sperm cells, the model often
faces challenges in differentiating between these two types.
Thus, the misclassification rate is about 4.8% (or 4.2%) for
incorrectly identifying tapered (or pyriform) as pyriform (or
tapered) sperm cells. As for amorphous sperm cells, their
irregular contours allowed them to be easily distinguished from
other categories, resulting in a correct prediction rate of 99%.
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Fig. 6: Confusion matrix for four categories

In addition to the confusion matrix, Table III presents per-
class Accuracy, Precision, Recall, and F1 scores, averaged
over five folds. Consistent with Figure 6, the Normal and
Amorphous classes achieve the highest performance across all
metrics (approximately 0.99), while the Tapered and Pyriform
classes show slightly lower scores (around 0.94-0.95), reflect-
ing their morphological similarity. It is worth noting that since
Figure 6 is row-normalized, the per-class Accuracy column

(one-vs-all accuracy) numerically corresponds to the diagonal
Recall values in this setting.

TABLE IllI: Per-class performance (5-fold).

Class Accuracy  Precision  Recall F1

Normal 0.990 0.988 0.990  0.989
Tapered 0.943 0.940 0.943  0.943
Pyriform 0.951 0.950 0951  0.951
Amorphous 0.990 0.988 0.990  0.989

Furthermore, we compare the performance of the MADR-
Net model with FT-VGG [12], Zhang et al. [19], as shown in
Figure 7. Compared to FT-VGG, MADRNet exhibits a decline
only in the tapered classification, while it shows improvements
in the other three categories. When compared to Zhang et
al. [19], MADRNet maintains similar accuracy in the normal
classification, with a slight decrease in the tapered classifica-
tion. However, MADRNet demonstrates significant enhance
in both pyriform and amorphous classifications, particularly
in the Amorphous category.

0o FL-VGG [12] T
DDZhang et al. [19] |

98 |-
0 MADRNet _

96 |- .

94 |- i

92 | [l H .

T T T T
Normal Tapered Pyriform Amorphous

Fig. 7: Accuracy in four categories

D. Ablation Study

1) Effectiveness of Proposed Modules: To comprehensively
evaluate each proposed modules and components, we conduct
ablation study on nglrsible (refer to Section III-C), Phritinear

(refer to Section III-D), and HL (refer to Section III-E),
respectively. Note that the parallel DA component (refer to
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Section III-B) is employed by module Rr(:,irsible and module

Phitinear» thus the ablation experiments do not include the com-
ponent. The ablation configurations are structured as follows:

1) baseline: The baseline model uses the ResNet50
Bhackbone Without any proposed modules or components.

2) + Rf;)ersible: Extends the ResNet50 baseline by incorpo-
rating the reversible feature interaction module.

3) 4+ Pboilinear: Further adds the bilinear attention pooling
module to the above configuration.

4) +++ HL: Further incorporates the hybrid morphology-
aware loss function to address class imbalance and

enhance feature discriminability.

TABLE IV: Ablation Study Results

baseline Rr(ggrsibl e Poilinear HL  Accuracy  F1 Score
v 79.2 78.5
v v 81.5 83.7
v v v 89.1 90.4
v v v v 96.3 96.8

Table IV shows the results of different configurations. The
baseline model achieves an accuracy of 79.2% and an F1 score
of 78.5%. On this basis, Rf;lrsib,e, and Philinear are gradually
added, achieving accuracy increases of 9.3% and 7.6% respec-

tively. After joining the L, the accuracy increases by 7.2%.

Accuary Comparison Precision Comparison

0.9
0.8

07 —— baseline 0.6 —— baseline
0.6 0.5
() (n)
05 + Rieversivle |04 + Rreversible
04 —— ++ Poilinear |03 —— ++ Philinear
— +++ HL 02 — +++ HL

03 01

6 50 100 150 200 250 3060 350 400 0 50 160 150 200 250 300 330 460

Recall Comparison F1 Score Comparison

0.9
0.8
0.7
0.6

—— baseline —— baseline

(n) 0.5 (n)
05 + Rreversible 0a + Rreversible
0.4 —— ++ Pbilinear |03 —— ++ Pbilinear
0.3 — +++ HL 0.2 — +++ HL

0.2

0.1
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
Epoch Epoch

Fig. 8: Comparison of ablation experiments

Figure 8 presents the trends of four evaluation metrics across
training epochs under different ablation configurations. The
baseline model (blue) shows limited learning capacity, with
all metrics plateauing below 0.80 and substantial instability
throughout training. Upon introducing the Rf:vlrsible (green),
noticeable performance improvements emerge, particularly
within the first 100 epochs. However, convergence is only
observed after approximately 200 epochs, indicating delayed
stabilization despite enhanced feature preservation.

With the addition of the 7Phijinear (orange), the model
achieves faster and more consistent improvements, especially
in precision and F1 score. Nonetheless, full convergence
remains gradual and is not reached until around epoch 250.
Finally, the complete configuration incorporating the H L (red)
exhibits rapid early-stage gains but also notable mid-stage

fluctuations, particularly between epochs 80 and 150. These
are attributed to the dynamic weighting of triplet loss and
head aspect ratio constraints. The model ultimately stabilizes
after epoch 250, achieving consistently high scores across all
metrics.

Overall, Figure 8 illustrates that each proposed module
contributes incrementally to model performance. The full
MADRNet configuration not only delivers superior accuracy
and robustness, but also demonstrates a more structured opti-
mization trajectory.

2) Effectiveness of Proposed Constraints: In the experi-
mental stage, we also examine the contributions of two
morphological constraints to model performance. One is the
acrosome anatomical constraint (AAC), which is integrated
into the parallel DA component. The other is the head as-
pect ratio constraint (HARC), which is incorporated into the
hybrid morphology-aware loss. We conduct experiments on
the HuSHeM dataset after pruning and combining the two
constraints, with the results presented in Table V. The removal
of the two constraints cause the model accuracy to drop to
91.7%. Starting from this baseline, the reintroduction of AAC
and HARC single-handedly improve the accuracy by 2.9%
and 1.8%, respectively. These experimental results confirm the
effectiveness of the proposed constraints.

TABLE V: Ablation Study Results

AAC HARC Accuracy  F1 Score
91.7 91
v 94.6 93.3
v 935 94.1
v v 96.3 96.8

E. External Verification

To validate the generalizability of MADRNet, we conduct
an independent evaluation on the larger and clinically distinct
SMIDS dataset [13]. As summarized in Table VI, our model
achieves a competitive accuracy of 89.33% with a narrow 95%
confidence interval of 88.01% to 90.66%, closely approach-
ing the performance of leading methods [11], [18] on this
benchmark. This demonstrates that MADRNet’s architectural
advantages generalize effectively beyond its training data.

TABLE VI: Comparison on the SMIDS dataset (Accuracy
only, 5-fold cross-validation).

Model Accuracy (%)
VGG19 [13] 87.00
MobileNetV1 [52] 88.00
MobileNetV2 [52] 87.00
Yiizkat et al. [11] 90.73
Ilhan et al.(2020) [14] 85.70
Ilhan et al.(2022) [18] 90.87

Ours (MADRNet) 89.33£1.07 (95% CI 88.01-90.66)

Values for prior work are point estimates reported in their papers. Our
result is the meantsd over 5 folds with a two-sided 95% confidence
interval (df=4, t = 2.776).
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Qualitative results further reinforce MADRNet’s robustness.
The clear inter-class separation in the t-SNE plot (Figure 9a)
and the pronounced diagonal in the confusion matrix (Fig-
ure 9b) indicate that the model effectively learns discrimina-
tive, semantically meaningful features on this external dataset.
The primary confusion arises between the morphologically
similar *Abnormal sperm’ and ’Normal sperm’ classes, which
aligns with clinical observations.
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Fig. 9: SMIDS external replication under the unified proto-
col (same input size/augmentation; no resampling or manual

cropping).

In summary, the competitive performance and structured
feature representations on SMIDS demonstrate MADRNet’s
robustness and generalization, highlighting its potential across
diverse clinical settings.

F. Model Lightweighting
(n)

The reversible feature interaction module R o cigpie NOL
only enables to enhance performance, but also facilitates to
make the model lightweight. We test the performance through
finetuning the parameter n, which represents the execution
times of F and G algorithms in Equation (5). F and G adopt
a hierarchical parameter reuse mechanism. Thus, n do not
affect the total parameter count, but influence GPU memory

occupation and inference speed. The results are presented in

Figure 10. n = 0 indicates that the Rrg/)ersible module is not
used.
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Fig. 10: Performance comparison of different execution times
of F and G in R

reversible

It can be seen that GPU memory consumption increases
by about 0.13 GB for every increment of n, given n > 0.
However, increasing n does not yield linear accuracy improve-
ments. The accuracy improves significantly when n < 3, but
degrades when n > 3. That is primarily because increasing n
leads to more feature fusion or interaction, which consequently
enables high accuracy. However, too much feature fusion or
interaction may cause gradient instability, resulting in low
accuracy. It can be observed that the memory usage decreases
by 24.3% when n = 3 compared to n = 0. Performance
testing demonstrates an inference latency of 32ms per image,
which is promising for real-time image analysis.
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Fig. 11: Parameter comparison of different models

Figure 11 presents the number of parameters of FT-
VGG [12] and the proposed MADRNet. It can be seen that our
MADRNet has a total parameter count of 44.35M, equivalent
to 1/3 of FT-VGG. To further simplify the model, we replaced
the backbone with EfficientNet-BO to obtain MADRNet-
EBO. EfficientNet-BO is close to the accuracy of resnet50
and has fewer model parameters. Consequently, MADRNet-
EBO has only 12.34M parameters but with 93% accuracy.
This modification significantly reduces hardware requirements
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for terminal medical equipment, especially for organizations
equipped with mid-range GPUs with <16GB VRAM.

To address the accuracy degradation of the lightweight
model MADRNet-EB0O, a hierarchical knowledge transfer
approach based on a teacher-student framework [51] can
be employed. Particularlyy, MADRNet serves as the teacher
network for MADRNet-EBO, which is as the student network.
That will be future work and the details are omit here.

V. DISCUSSION
A. Model Innovation

In this study, we propose the MADRNet, which integrates
a dual-path attention mechanism and a reversible architecture
for sperm classification. The key innovation lies in the incorpo-
ration of both parallel spatial and channel attention, alongside
acrosome anatomical and head aspect ratio constraints, which
directly align with WHO standards. These features not only
enhance the model’s accuracy but also improve its clinical
interpretability, enabling precise sperm analysis while optimiz-
ing GPU memory usage. This makes MADRNet a promising
solution for automated sperm morphology classification.

B. Consideration for Transformer-based Models

While transformer architectures have shown strong perfor-
mance in computer vision, we opt not to incorporate them into
MADRNet due to the limited size of the HuSHeM dataset.
Instead, MADRNet, built on CNNs, offers superior data
efficiency by leveraging spatial inductive biases and domain-
specific constraints. This design achieves competitive accuracy
without the extensive pre-training data typically required by
transformer models, making it more suitable for HuSHeM’s
limited annotations. Nonetheless, we remain interested in ex-
ploring transformer-based models on the larger SMIDS dataset
and leave this as future work.

C. Limitations and Future Work

While MADRNet achieves high accuracy, it still faces
challenges in directly generalizing to other datasets. Future
work will focus on applying the model to clinical stained
sperm data, exploring its accuracy in real-world settings.
Additionally, we plan to develop a model specifically designed
for unstained sperm datasets, aiming to reduce reliance on lab
processes and further enhance clinical efficiency.

VI. CONCLUSION

In this paper, we propose MADRNet, designed to recognize
human sperm morphology while aligning with WHO standards
and maintaining computational efficiency. The MADRNet
mainly contains four modules. First, Bp,ckbone Uses ResNet50
to extract low-level features from the input images. Sec-
ond, Rr(g)ersib,e preserves fine-grained details while reducing
memory consumption. Third, Phiinear captures second-order
statistics across channels and spatial dimensions, thereby en-
hancing the network’s ability to distinguish subtle morpho-
logical differences. Finally, C.pssifier @pplies H.L—combining
cross-entropy, triplet loss, and head aspect ratio constraint—to

optimize decision boundaries for hard samples. Ablation
studies have demonstrated the show significant synergistic
effect of each module. The experimental results show that
MADRNet achieves 96.3% classification accuracy and 96.8%
F1 score. The an average inference latency of just 32ms per
image. Besides, it is lightweight with only 44.35M model
parameters. In the future, we plan to extend our approach to
other cell-morphology classification tasks to highlight broader
applicability in medical image analysis.
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APPENDIX
A. t-SNE Embedding Visualization of HuSHeM
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Fig. 12: t-SNE Embedding Visualization of HuSHeM: Visualization of high-dimensional embedding vectors projected into
2D space using t-SNE dimensionality reduction technique reveals sample distributions across different data folds. Different
colors represent distinct class labels, allowing intuitive observation of clustering effectiveness and separation degree between
categories in the embedding space.
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