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Abstract Infertility remains a major challenge in global reproductive healthcare, with abnormal sperm 
motility being one of the primary contributing factors to male infertility. Conventional sperm motility 
analysis relies heavily on manual microscopic observation, which is subjective, time-consuming, and 
prone to inter-operator variability. Although Computer-Aided Sperm Analysis (CASA) systems provide 
automated solutions, their high cost and limited accessibility restrict widespread clinical adoption. 
Therefore, there is a need for a lightweight and cost-effective computational approach that can 
automatically classify sperm motility abnormalities with high accuracy. This study proposes a machine 
learning framework based on a Multilayer Perceptron (MLP) neural network optimized using adaptive 
optimization algorithms to classify sperm motility trajectories. The model utilizes two kinematic features 
extracted from microscopic video tracking: mean velocity and trajectory linearity. A dataset consisting of 
276 unique sperm trajectories was obtained from microscopic recordings and processed using the Trackpy 
library to generate motion trajectories. The dataset was divided using an 80:20 train–test split strategy to 
evaluate the generalization capability of the model. Four adaptive optimization algorithms were 
systematically evaluated, including Adagrad, Adadelta, FTRL, and Adamax. The neural network was trained 
for 50 epochs using binary cross-entropy as the loss function and evaluated using accuracy, per-class 
precision, recall, F1-score, specificity, balanced accuracy, and ROC-AUC. Experimental results 
demonstrate that the Adamax optimizer achieved the best performance with an accuracy of 96.43% and a 
perfect ROC-AUC of 1.00, outperforming Adagrad (92.86%), FTRL (69.64%), and Adadelta (67.86%). The 
results indicate that Adamax provides more stable convergence and better optimization behavior for dense 
kinematic feature spaces. These findings highlight the effectiveness of adaptive optimization techniques 
in improving neural network performance for automated sperm motility classification. The proposed 
approach offers a computationally efficient and accessible alternative for supporting clinical sperm 
analysis and reducing subjectivity in reproductive diagnostics. 
 

Keywords Adaptive Optimizer; Neural Network; Sperm Motility; Process Innovation; Reproductive 
Healthcare. 

I. Introduction 

Infertility remains a major global reproductive health 
challenge, affecting approximately 17.5% of the adult 
population worldwide, equivalent to nearly one in six 
individuals during their reproductive years [1], [2]. 
Among the various factors contributing to male 
infertility, abnormalities in sperm motility represent one 
of the most critical determinants of fertilization 
success [3], [4]. Sperm motility reflects the ability of 
spermatozoa to move efficiently toward the oocyte, and 

reduced motility is strongly associated with lower 
conception rates [5], [6]. Consequently, accurate 
evaluation of sperm motility is essential for infertility 
diagnosis, treatment planning, and reproductive 
healthcare management. 

Conventional sperm motility assessment is typically 
performed through manual microscopic observation by 
trained laboratory personnel. Although widely adopted, 
this approach is inherently subjective, labor-intensive, 
and operator-dependent, leading to inconsistent 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1498
https://creativecommons.org/licenses/by-sa/4.0/
mailto:igsusrama.if@upnjatim.ac.id
mailto:vaiz.asyari@gmail.com
mailto:anidijah.if@upnjatim.ac.id
mailto:humairahs@upatras.gr
mailto:deshinta.ad@newinti.edu.my
mailto:22083010024@student.upnjatim.ac.id


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1406-1424.                                   e-ISSN: 2656-8632 

 

Manuscript received 25 January 2026; Revised 21 June 2026; Accepted 20 July 2026; Available online 29 September 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1498 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

                           1407               

outcomes and poor reproducibility across laboratories 
[7], [8]. To address these limitations, Computer-Aided 
Sperm Analysis (CASA) systems have been developed 
to automate sperm detection and motility 
measurements using image processing and computer 
vision techniques [9], [10]. However, the high 
acquisition cost, proprietary hardware requirements, 
and limited accessibility of CASA systems continue to 
restrict their widespread implementation, particularly in 
resource-constrained clinical environments [11]. 
Therefore, there is a growing need for lightweight and 
cost-effective computational approaches capable of 
providing objective and reproducible sperm motility 
classification. 

Recent advances in artificial intelligence and 
machine learning have created new opportunities for 
automated sperm analysis. Machine learning models 
are capable of learning complex patterns from 
biomedical data and have demonstrated promising 
performance in classification, detection, and diagnostic 
support applications [12], [13], [14]. In reproductive 
healthcare, various machine learning approaches have 
been applied to sperm morphology assessment, 
motility analysis, fertility prediction, and sperm 
abnormality detection [15]. These developments offer 
the potential to create more accessible and affordable 
alternatives to conventional CASA systems while 
maintaining high diagnostic accuracy. 

Several studies have reported encouraging results 

in sperm analysis using computational approaches. 
Diyasa et al. [16] utilized a Gaussian Mixture Model 
(GMM) combined with a matching-based algorithm for 
sperm trajectory tracking and abnormality detection, 
achieving an accuracy of 87.7%. Riordon et 
al. [17] employed a deep convolutional neural network 
(VGG16) for sperm-image classification and reported a 
high accuracy of 94.1%. However, their approach 
relied on static image segmentation and therefore 
could not capture the temporal dynamics of sperm 
movement. Meanwhile, Baksir et al. [18] applied a 
backpropagation neural network for fertility 
classification but achieved a relatively lower accuracy 
of 80.32%. More recent studies have also explored 
deep learning and transformer-based architectures for 
sperm detection and tracking [19], [20]. Despite these 
advances, many existing approaches either depend on 
computationally intensive models, focus primarily on 
static image information, or provide limited 
investigation into optimization strategies for trajectory-
based sperm motility classification. 

As summarized in Table 1, previous studies have 
demonstrated the effectiveness of machine learning 
and computer vision techniques for sperm analysis. 
However, several limitations remain evident. Image-
based approaches primarily focus on morphological 
characteristics and are unable to fully represent the 
temporal dynamics of sperm movement. Conversely, 
trajectory-based studies remain relatively limited and 
often report lower classification performance compared 

Table 1. Summary of related studies on sperm analysis, classification methods, data types, reported 
performance, and limitations 

Study Method Data Type Limitation 
Reported 
Performance 

Setiawan et al. 
(2020) [3] 

Gaussian Mixture 
Model 

Sperm trajectory 
Limited 
classification 
capability 

F-measure 
0.9449 
(tracking/detecti
on) 

Diyasa et al. (2024) [16] 
GMM + Matching 
Algorithm 

Sperm trajectory 
Moderate 
classification 
performance 

87.7% accuracy 

Riordon et al. (2019) 
[17] 

CNN 
Static sperm 
images 

No temporal 
motion analysis 

94.1% accuracy 

Baksir et al. (2020) [18] 
Backpropagation 
Neural Network 

Fertility dataset 
Not applicable to 
trajectories 

80.32% 
accuracy 

Kosuge & Hamagami 
(2025) [19] 

Transformer 
tracking 

Microscopic video 
High 
computational cost 

Not reported 

Hicks et al. (2019) [21] 
ML based Fertility 
Prediction 

Sperm video + 
demographic and 
semen-analysis 
variable 

Requires 
heterogeneous 
multimodal data, 
limiting 
reproducibility 

Not reported 
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with image-based methods. Furthermore, recent deep 
learning and transformer-based approaches generally 
require substantial computational resources, limiting 
their practical implementation in low-resource clinical 
environments. More importantly, the influence of 
adaptive optimization algorithms on trajectory-based 
sperm motility classification has not been 
systematically investigated. 

Therefore, trajectory-based methods remain 
underexplored, and no study has comprehensively 
evaluated adaptive optimization strategies for this 
specific feature space. Consequently, there is 
insufficient evidence regarding which optimizer is most 
suitable for sperm kinematic characteristics defined by 
velocity and linearity. 

To address these gaps, this study proposes a 
lightweight sperm motility classification framework 
based on trajectory-derived kinematic features and a 
Multilayer Perceptron (MLP) neural network. Four 
adaptive optimization algorithms, namely Adagrad, 
Adadelta, FTRL, and Adamax, are systematically 
evaluated within the same neural network architecture 
to analyze their convergence behavior and 
classification performance. The primary contribution of 
this research is the comprehensive investigation of 
optimizer effectiveness for trajectory-based sperm 
motility classification and the identification of the most 
suitable optimization strategy for developing low-cost, 
accessible, and reproducible alternatives to 
conventional Computer-Aided Sperm Analysis (CASA) 
systems  

II. Basic Theory 

A. Sperm Motility 

Sperm motility is the ability of sperm to move 
progressively to reach and fertilize an egg, making it a 
key factor in successful fertilization. According to the 
WHO [22], men with sperm motility of less than 42% or 
only 30% with progressive motility are classified as 
having asthenozoospermia, which is often the main 
cause of infertility. Sperm motility is controlled by 
complex molecular and structural mechanisms. 
Spermatozoa consist of three main parts (Fig. 1): the 
head containing genetic material, the tail or flagellum 
for movement, and the neck connecting the head to the 
flagellum [23]. The flagellum is divided into the 
midpiece (containing mitochondria), the main piece, 
and the tip. Sperm motility is expressed as a 
percentage and measured by counting the number of 
motile and immotile sperm through microscopic 
observation. To assess motility disorders, at least 300 
sperm are observed and classified. Sperm motility is 
divided into three categories [23], namely: 
1. Progressive motility, where sperm move actively in 

a linear fashion, 

2. Non-progressive motility, where sperm move in a 

non-linear pattern such as zig-zag or vibrating in 

place, and 
3. Immotility, where sperm are dead or do not move 

at all. 
Decreased sperm motility can prolong the time 
required to achieve pregnancy and necessitates further 
examination for male infertility issues. 
 

 
Fig. 1. Schematic representation of the structure 
of a human sperm cell illustrating the head, neck, 
midpiece, and flagellum components 

B. Sperm Abnormality 

Sperm motility disorders are abnormalities or 
reductions in the ability of spermatozoa to move 
properly, where spermatozoa cannot move properly or 
cannot move at all. Abnormal sperm motility is a sperm 
motility disorder that affects male infertility. According 
to the World Health Organization (WHO), [1] sperm 
motility is divided into several categories, namely fast 
progressive (at least 25 µm/second), slow progressive 
(5 to < 25 µm/second), non-progressive (less than 5 
µm/second), and immotile. 

Sperm motility is also assessed based on its 
linearity, which indicates how straight the sperm's 
swimming path is based on Eq. (1) [24] as follows: 

𝐿𝐼𝑁(%) = (𝑉𝑆𝐿 𝑉𝐶𝐿⁄ )𝑥100% (1) 
Linearity (LIN) is the ratio of VSL (Straight Line 

Velocity) to VCL (Curve Velocity). A LIN value close to 
100% indicates a straighter sperm movement 
trajectory, while a value below 50% indicates a more 
circular or irregular trajectory. Spermatozoa with a LIN 
of 60% are generally considered to have normal 
motility, while a LIN < 60% may indicate potential 
motility abnormalities [24]. 
C. Deep Learning 

Deep learning is a subsection of machine learning that 
employs multi-layered neural networks to automatically 
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learn data representations, eliminating the need for 
manual feature extraction. Two of the most important 
attributes of deep learning are end-to-end learning, 
which is achieved by simultaneous feature learning and 
classification, and scalability with the introduction of 
larger data sets and more computational power. This 
method has proved to be the most effective means of 
managing high-volume, complex, and non-linear data 
sets in a myriad of fields, including but not limited to 
computer vision and biomedical analysis [25], [26]. 

There are two main parts that characterize the deep 
learning process: feedforward and backward 
propagation of errors. In the feedforward stage, the 
prediction of the input data depends on the processing 
of the data at the different levels of the network; the 
data is treated in weighted linear combinations and 
added to the biases of the activation functions and 
evaluated with the loss function [27]. In 
backpropagation, the prediction errors are sent 
backward to adjust the network parameters and use 
gradient descent, which in turn enables the model to 
refine the prediction accuracy. There are, however, a 
number of epochs in which these stages are repeated 
until the model reaches an optimal point with no change 
in the errors [28], [29], [30]. 
D. Neural Network 

Artificial neural networks consist of layers of connected 
nodes that perform weighted computations, 
progressing through data preparation, architecture 
design, training, and testing [31], [32], [33]. The weight 
vector (w) represents the connection strengths 
between neurons, governing how signals propagate 
through the network. The first step in artificial neural 
network computation is to sum the input values x1, 
x2,…, xn, each multiplied by its weight (w1,w2,…,wn) 
as stated in the following Eq. (2) [32]: 

𝑛𝑒𝑡 =∑𝑤𝑖𝑥𝑖 + 𝑏

𝑛

𝑖=1

 (2) 

The bias term, denoted by 𝑏, is an independent 

parameter that shifts the weighted sum and increases 
the flexibility of the neuron model. To ensure a well-
calibrated response to small input signals and prevent 
the output from reaching extreme values, a nonlinear 
activation function f(.) is incorporated into the neuron 
structure [34]. Similar to the perceptron model, the final 
output of the neuron is expressed as Eq. (3) [34]: 

𝑦 = 𝑓(𝑛𝑒𝑡) (3) 
E. Multi-Layer Perceptron 

A Multilayer Perceptron (MLP) is a neural network 
composed of an input layer, one or more hidden layers, 
and an output layer [35]. The input layer receives input, 
then the input value is given to the hidden units, as 
formulated in Eq. (4) [35]. 

𝑜𝑗 = 𝜎(∑𝑤𝑘𝑗𝑥𝑘

𝐾

𝑘=1

+ 𝛽𝑗) (4) 

In the hidden layer, the inputs are processed, and 
the activation function (σ) for each neuron is calculated; 
then the results are processed to the next layer, as 
expressed in Eq. (5) [35]. This process is carried out in 
the next hidden layer until the last hidden layer, and the 
results are sent to the output layer. 

𝑣𝑖 = 𝜎(∑𝑢𝑗𝑖𝑜𝑗

𝐽

𝑗=1

+ 𝛾𝑖) (5) 

Eq. (4) and Eq. (5) are used to calculate the output at 
different layers. u and w are learning parameters, β and 
γ represent biases, K is the number of input units, and 
J is the number of hidden units. Eq. (5) is simplified to 
Eq. (6) [35], where σ is the activation function. 
𝑣 = 𝜎(𝑜𝑈 + 𝑌) = 𝜎((𝜎(𝑥𝑊 + 𝛽))𝑈 + 𝑌) (6) 
The determination of each layer greatly affects the 

performance of multilayer perceptrons, so it needs 
special attention in their development. Several sources 
state that there are no definite rules governing the 
formation of a good architecture in the development of 
multilayer perceptron methods [36]. 

III. Methods 

This study proposes a trajectory-based sperm motility 

classification framework that integrates microscopic 

video analysis, kinematic feature extraction, and neural 

network optimization. The proposed methodology 

consists of five major stages, namely (1) video 

preprocessing, (2) trajectory extraction, (3) feature 

engineering, (4) model development, and (5) 

performance evaluation. The overall workflow of the 

proposed framework is illustrated in Fig. 2. 

Fig. 2 illustrates the complete workflow of the 

proposed sperm motility classification framework. The 

process begins with microscopic video acquisition, 

where sperm samples are recorded using a digital 

microscope. The acquired videos are subsequently 

converted into multi-page TIFF format to preserve 

image quality and facilitate frame-by-frame processing. 

Each frame is then transformed into grayscale images 

to reduce computational complexity, suppress 

background noise, and improve contrast between 

sperm cells and the surrounding environment. 

Following preprocessing, sperm cells are detected and 

tracked using the Trackpy library [37]. The detected 

particles are associated across consecutive frames to 

generate continuous sperm movement trajectories. To 

improve trajectory reliability, drift correction and 

velocity smoothing procedures are applied to minimize 

the influence of microscope vibration and tracking 
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noise. The resulting trajectories are subsequently used 

to extract two primary kinematic features, namely mean 

velocity and trajectory linearity, which quantitatively 

describe sperm movement behavior. 

 

 
Fig. 2. Proposed research framework for sperm 

motility classification using trajectory-based 

feature extraction and neural network optimization 

The extracted features are then labeled according 

to the World Health Organization (WHO) motility 

criteria. Spermatozoa are categorized as normal when 

the average velocity is greater than or equal to 25 µm/s 

and the trajectory linearity is greater than or equal to 

60%. Otherwise, the spermatozoa are classified as 

abnormal. Prior to model training, all features are 

normalized using the StandardScaler technique to 

ensure zero mean and unit variance, thereby improving 

neural network convergence and training stability. 

The normalized dataset is divided into training and 

testing subsets using an 80:20 train–test split strategy. 

The classification stage utilizes a Multilayer Perceptron 

(MLP) neural network consisting of an input layer, two 

hidden layers, and a sigmoid output layer for binary 

classification. To investigate the impact of optimization 

strategies on learning performance, four adaptive 

optimization algorithms are systematically evaluated, 

namely Adagrad, Adadelta, FTRL, and Adamax. 

Finally, the trained models are evaluated using multiple 

performance metrics to determine the most effective 

optimizer for trajectory-based sperm motility 

classification. The complete step-by-step procedure of 

the proposed framework is summarized in Algorithm 1. 

 
Algorithm 1. Proposed Trajectory-Based Sperm 
Motility Classification Framework 

Input: Microscopic sperm video 
Output: Motility class prediction (Normal / 
Abnormal) 
1. Load microscopic sperm video. 
2. Convert video frames into multi-page TIFF 

format. 
3. Convert each TIFF frame into a grayscale 

image. 
4. Detect sperm particles in each frame using 

Trackpy. 
5. Link detected particles across consecutive 

frames. 
6. Generate sperm movement trajectories. 
7. Apply drift correction to reduce microscope 

vibration effects. 
8. Smooth velocity profiles using a 1-dimensional 

uniform filter. 
9. Extract mean velocity from each trajectory. 
10. Extract trajectory linearity from each trajectory. 
11. Assign class label: 

If velocity ≥ 25 µm/s AND linearity ≥ 60%: 
        Label = Normal 
Else: 
       Label = Abnormal 

12. Normalize extracted features using 
StandardScaler. 

13. Split dataset into training data and testing data 
using an 80:20 ratio. 

14. Construct an MLP model with 2 input neurons, 
64 and 32 hidden neurons, and 1 sigmoid 
output neuron. 

15. For each optimizer in {Adagrad, Adadelta, 
FTRL, Adamax}: 

Train the MLP model for 50 epochs. 
Evaluate prediction results on the testing 
dataset. 
Compute accuracy, precision, recall, 
specificity, F1-score, 
balanced accuracy, and ROC-AUC. 

16. Compare all optimizer performances. 
17. Select the best-performing optimizer. 
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A. Data Acquisition and Pre-Processing 

All data acquisition procedures strictly complied with 
standard ethical and privacy protocols and received 
ethical clearance from the Health Research Ethics 
Committee (Approval No: EA/3985/KEPK-
Poltekkes_Sby/V/2025). The dataset used in this study 
consists of 276 unique sperm trajectories extracted 
from microscopic videos. The videos were first 
converted to opaque multi-page TIFFs to allow for 
lossless quality frame capture [38]. Each frame was 
processed into a grayscale image to reduce 
background noise, alleviate lighting issues 
(chiaroscuro), and enhance the contrast between the 
sperm cells and the background [39]. This pre-
processing is the critical first step in ensuring the visual 
data is ready for trajectory tracking. Furthermore, the 
extracted numerical data (velocity and linearity) were 
normalized using a standard scaler (StandardScaler) to 
ensure zero mean and unit variance, which effectively 
accelerates the neural network's convergence. The 
characteristics of the dataset used in this study are 
summarized in Table 2. 
B. Sperm Motility Detection 
Once the grayscale frames were prepared, the Trackpy 
algorithm was utilized to associate detected sperm 
cells across sequential frames, encapsulating 
individual movement trajectories. To improve accuracy, 
drift corrections were applied to counteract shifts from 

microscope vibrations. Feature extraction was 
performed mathematically: the temporal velocity data 
was first smoothed using a 1-dimensional uniform filter 
(size = 20) to reduce tracking noise. Subsequently, 
path linearity was derived as the ratio of the straight-
line displacement to the total curvilinear distance 
traveled by the sperm. 

These two parameters (mean velocity and linearity) 
served as the primary features. Spermatozoa were 
categorized using conjunction logic (AND), i.e., sperm 
is considered normal if it meets the criteria of speed ≥ 
25 µm/s and linearity ≥ 60%. Sperm that did not meet 
these specific kinematic thresholds were labeled as 
'abnormal'. These extracted spatial-temporal features 
were then structured into a 2-dimensional input vector 
for the neural network. The dataset is markedly class-
imbalanced, comprising 39 normal (14.1%) and 237 
abnormal (85.9%) trajectories. This imbalance is 
accounted for by reporting balanced accuracy and 
ROC-AUC alongside overall accuracy. The 80:20 split 
yields a training set of 220 samples (198 abnormal, 22 
normal) and a test set of 56 samples (39 abnormal, 17 
normal). The velocity threshold of 25 µm/s and the 
linearity threshold of 60% are applied as the authors' 
operational classification rule, based on WHO motility 
criteria [1], [22]. 
C. Mathematical Formulation 
To improve the transparency and reproducibility of the 
proposed framework, the mathematical formulation of 
trajectory feature extraction, feature normalization, 
neural network computation, loss minimization, and 
adaptive optimization algorithms is presented in this 
subsection. 
1. Trajectory-Based Feature Extraction 

The proposed framework utilizes sperm trajectories 
generated by the Trackpy tracking algorithm. Let 
(𝑥𝑖 , 𝑦𝑖) denote the sperm position at frame 𝑖. The 

displacement between two consecutive positions is 
calculated using the Euclidean distance, as shown in 
Eq. (7) [24], [37]: 

𝑑𝑖 = √(𝑥𝑖 − 𝑥𝑖−1)2 + (𝑦𝑖 − 𝑦𝑖−1)2 (7) 

where 𝑑𝑖 is the displacement distance between two 

consecutive frames, 𝑥𝑖 and 𝑦𝑖 are the sperm 
coordinates at frame 𝑖, and 𝑥𝑖−1 and 𝑦𝑖−1 are the sperm 

coordinates at the previous frame. 
The curvilinear velocity (VCL), which represents the 

actual velocity of sperm movement along its complete 
trajectory, is calculated as shown in Eq. (8) [24]: 

𝑉𝐶𝐿 =
∑ 𝑑𝑖
𝑛
𝑖=2

𝑇
 (8) 

where 𝑉𝐶𝐿 denotes the curvilinear velocity (μm/s), 𝑑𝑖 
denotes the displacement segment, 𝑛 denotes the total 

number of trajectory points, and 𝑇 denotes the 

observation time (s). 
The straight-line velocity (VSL) is calculated to 

represent the shortest distance travelled between the 

Table 2. Summary of the dataset used for sperm 
motility classification 

Dataset  
Component Description 

Data source Microscopic video recordings 
of human sperm samples 

Total trajectories 276 sperm movement 
trajectories 

Tracking method 
Trackpy library used to 
detect and track sperm 
movement 

Feature extraction Mean velocity (µm/s) and 
trajectory linearity (%) 

Feature dimension 2 numerical features 
Normal motility 
samples 39 trajectories 

Abnormal motility 
samples 237 trajectories 

Classification 
criteria 

Velocity ≥ 25 µm/s and 
linearity ≥ 60% 

Data normalization StandardScaler 

Train–test split 
80% training (198 abnormal, 
22 normal) and 20% testing 
(39 abnormal, 17 normal) 

Frame rate 30 frames per second (fps) 
Video resolution 1152 × 912 pixels 
Recording duration 30 seconds 
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initial and final sperm positions, as defined in Eq. (9) 
[24]: 

𝑉𝑆𝐿 =
√(𝑥𝑛 − 𝑥1)2 + (𝑦𝑛 − 𝑦1)2

𝑇
 (9) 

where 𝑉𝑆𝐿 denotes the straight-line velocity (μm/s), 
(𝑥1, 𝑦1) represents the initial sperm coordinates, and 
(𝑥𝑛, 𝑦𝑛) represents the final sperm coordinates. 

The average path velocity (VAP) is computed from 
the smoothed trajectory path, as formulated in Eq. (10) 
[24]: 

𝑉𝐴𝑃 =
∑ 𝑝𝑖
𝑛
𝑖=2

𝑇
 (10) 

where 𝑉𝐴𝑃 denotes the average path velocity (μm/s) 

and 𝑝𝑖 denotes the displacement segment along the 

average path. 
2. Feature Normalization 

Since the extracted kinematic features have different 
numerical scales, feature normalization is applied 
using the StandardScaler method to ensure that all 
features contribute equally during model training, as 
expressed in Eq. (11) [40]: 

𝑧𝑖 =
𝑥𝑖 − 𝜇

𝜎
 (11) 

where 𝑧𝑖 denotes the normalized feature value, 𝑥𝑖 
denotes the original feature value, 𝜇 denotes the 

feature mean, and 𝜎 denotes the feature standard 

deviation. 
3. Objective Function and Gradient 

The full objective function minimized during training is 
the mean Binary Cross-Entropy loss computed across 
all N training samples, as defined in Eq. (12) [25]: 

𝐽(𝜃) =
1

𝑁
∑𝐿𝑖

𝑁

𝑖=1

 (12) 

where 𝐽(𝜃) denotes the objective function, 𝜃 denotes 

the trainable parameters, and 𝑁 denotes the number of 

training samples. 
The gradient used by the optimization algorithms is 

defined as shown in Eq. (13) [25]: 

𝑔𝑡 = ∇𝜃𝐽(𝜃𝑡) (13) 
where 𝑔𝑡 denotes the gradient at iteration 𝑡 and ∇𝜃 

denotes the gradient operator. This gradient is 
subsequently used by each adaptive optimization 
algorithm to perform parameter updates, as described 
below. 
4. Adaptive Optimization Algorithms 

To investigate the influence of optimization strategies 
on classification performance, four adaptive 
optimization algorithms are evaluated under identical 
experimental settings. For the Adagrad optimizer, the 
parameter update rule is defined as shown in Eq. (14) 
[41]: 

𝜃𝑡+1 = 𝜃𝑡 −
𝜂

√𝐺𝑡 + 𝜖
𝑔𝑡  (14) 

where 𝜃𝑡 denotes the parameter vector at iteration 𝑡, 𝜂 

denotes the learning rate, 𝐺𝑡 denotes the accumulated 

squared gradient, and 𝜖 denotes a numerical stability 

constant. 
For the Adadelta optimizer, the parameter update 

step is calculated as shown in Eq. (15) [42]: 

𝛥𝜃𝑡 = −
𝑅𝑀𝑆[𝛥𝜃]𝑡−1
𝑅𝑀𝑆[𝑔]𝑡

𝑔𝑡  (15) 

where 𝛥𝜃𝑡 denotes the parameter update, 𝑅𝑀𝑆[𝛥𝜃]𝑡−1 
denotes the root mean square of previous updates, and 
𝑅𝑀𝑆[𝑔]𝑡 denotes the root mean square of the current 

gradient. 
For the FTRL optimizer, the parameter update rule 

is expressed as shown in Eq. (16) [43]: 

𝜃𝑡+1 =

{
 

 
0, |𝑧𝑡| ≤ 𝜆1

−
𝑧𝑡 − sgn(𝑧𝑡)𝜆1

𝛽 +√𝑛𝑡
𝛼

+ 𝜆2

, |𝑧𝑡| > 𝜆1 (16) 

where 𝑧𝑡 denotes the accumulated gradient state, 𝜆1 
and 𝜆2 denote the L1 and L2 regularization parameters, 

respectively, 𝛼 denotes the learning-rate parameter, 

and 𝛽 denotes the smoothing coefficient. 

For the Adamax optimizer, the parameter update 
rule is defined as shown in Eq. (17) [44]: 

𝜃𝑡+1 = 𝜃𝑡 −
𝜂

𝑢𝑡
𝑚̂𝑡 (17) 

where 𝑢𝑡 denotes the exponentially weighted infinity 

norm estimate, 𝑚̂𝑡 denotes the bias-corrected first 

moment estimate, and 𝜂 denotes the learning rate. 

The mathematical formulations presented above 
describe the computational processes employed in the 
proposed framework, ranging from trajectory-based 
feature extraction to adaptive parameter optimization. 
D. Classification Model Training 
The structured dataset was used to train a classification 
model based on a Multilayer Perceptron (MLP) 
architecture using the TensorFlow/Keras library. The 
MLP was specifically chosen for its capability to learn 
complex, non-linear boundaries between the extracted 
numerical parameters [45]. 

The network was constructed with an input layer 
receiving the 2 extracted features, followed by two 
hidden layers comprising 64 and 32 neurons, 
respectively. The Rectified Linear Unit (ReLU) 
activation function was applied to both hidden layers to 
effectively mitigate the vanishing gradient problem 
during training. Finally, the output layer consisted of a 
single neuron utilizing a Sigmoid activation function to 
facilitate binary classification (Normal vs. Abnormal). 
Each neuron computes a weighted sum of its inputs 
and bias as described in Eq. (2). The hidden layer 
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output is obtained using the Rectified Linear Unit 
activation function given in Eq. (18) [46]: 

ℎ𝑗 = max(0, 𝑁𝑒𝑡𝑗) (18) 

For the output layer, the predicted probability is 
calculated using the sigmoid function given in Eq. (19) 
[25]: 

𝑦̂ =
1

1 + 𝑒−𝑧
 (19) 

where 𝑦̂ represents the predicted probability of 

abnormal sperm motility. To train the network, the 
parameters are optimized by minimizing the binary 
cross-entropy loss function defined in Eq. (20) [25]: 

𝐿 = −
1

𝑁
∑[𝑦𝑖 log(𝑦̂𝑖) + (1 − 𝑦𝑖)log(1 −

𝑁

𝑖=1

𝑦̂𝑖)] (20) 

where 𝑦𝑖 is the true label and 𝑦𝑖̂ is the predicted 

probability. During the optimization process, the 
network parameters are updated iteratively using 
adaptive optimization algorithms. 
E. Model Validation and Performance Testing 
To robustly evaluate the model's generalization 
capability on unseen data, the dataset of 276 
trajectories was partitioned using a fixed 80:20 train-
test split strategy (random_state = 42). This allocated 
approximately 220 samples for training and 56 samples 
for the validation and prediction testing phase. 

The models were compiled using binary cross-
entropy as the loss function and trained for exactly 50 
epochs with a batch size of 32. Early stopping was not 
employed; instead, the convergence criteria were 
visually and quantitatively confirmed by observing the 
stabilization of the training accuracy and loss curves 
throughout the entire 50-epoch timeframe. 
Performance was subsequently evaluated using a 
comprehensive set of metrics including overall 

accuracy, per-class precision, per-class recall, per-
class F1-score, specificity, and balanced accuracy. 
Balanced accuracy, defined as the arithmetic mean of 
sensitivity and specificity, was specifically included to 
provide an imbalance-corrected measure of 
classification performance. Utilizing these metrics 
ensures an objective evaluation of the model's 
predictive capabilities across the established spatial-
temporal thresholds [47], [48]. 
F. Comparative Analysis 
In the final stage, as outlined in the research 
methodology framework (Fig. 2), a comparative 
analysis was conducted to evaluate the performance 
differences among the four optimization algorithms 
(Adagrad, Adadelta, FTRL, and Adamax). The 
comparative analysis was carried out by extracting and 
evaluating the prediction results on the unseen test 
data. The convergence behavior of each optimizer was 
quantitatively analyzed by observing the stabilization of 
the training accuracy and loss curves over the 50-
epoch timeframe. Furthermore, confusion matrices 
were generated to provide a detailed comparative 
breakdown of true and false predictions across the 
normal and abnormal classes. This comprehensive 
performance analysis ensures an equitable 
comparison to determine the most optimal and robust 
algorithm for classifying sperm motility abnormalities. 

IV. Results 

This section presents the outcomes of trajectory 

tracking, the classification of sperm motility, and a 

comparative performance analysis of the Multilayer 

Perceptron (MLP) model utilizing four different 

optimization algorithms. 

 

 

  
(a) (b) 

Fig. 3. Sperm preprocessing and detection: (a) grayscale-converted sperm frame, and (b) sperm 
detection in the initial frame. 
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A. Trajectory Tracking 

The initial conversion of the video frames into a 
grayscale format successfully simplified the image 
complexity while enhancing the contrast between the 
sperm cells and the background. Fig. 3(a) illustrates a 
processed sperm frame, demonstrating the clarity 
achieved. Subsequently, the Trackpy detection 
algorithm successfully identified moving sperm events. 
Displayed in Fig. 3(b), the detection results highlight 
sperm heads and tails traced to the initial frame. The 
particle mass distribution presented in Fig. 4 illustrates 
the statistical distribution of detected particle masses 
obtained during the preprocessing stage. The 
histogram indicates that the majority of detected 
particles fall within the expected mass range of sperm 
cells, confirming that the particle detection process 
successfully isolates biologically relevant sperm 
candidates. This distribution also demonstrates that 
potential background noise and non-cellular artifacts 
have been effectively filtered, ensuring that only valid 
sperm cell trajectories are used for subsequent motion 

tracking and velocity analysis. The trajectory tracking 
algorithm then links detected sperm cells across 
consecutive frames to construct continuous motion 
paths. For clarity, Fig. 5(a) shows a representative 
subset of tracked sperm trajectories, each in a distinct 
color, enabling clear observation of individual 
movement patterns across the microscopic field. 
Finally, the spatial displacement of each sperm cell 
over time is used to compute the dynamic velocity 
profiles. The velocity profiles of the same 
representative sperm are presented in Fig. 5(b), where 
each line shows the velocity variation of an individual 
sperm across time, with the dashed line marking the 25 
µm/s normal-motility threshold. These velocity patterns 
form the fundamental quantitative features used for the 
subsequent sperm motility classification process. 
B. Classification of Sperm Motility 

Sperm are then classified as normal or abnormal 
depending on their average velocity and trajectory 
linearity. For sperm to be classified as normal, they are 
required to have average velocity and linearity that are 
both above threshold. Conversely, abnormal sperm 
have velocity and linearity that are below their 
respective thresholds. This classification is done by 
withholding a linearity value and comparing a sperm 
particle's velocity to the threshold to be classified as 
normal or abnormal. The data are then split into two 
parts, training and test, respectively, in an 80:20 ratio. 
A classification model is built using average speed and 
linearity characteristics via a Multilayer Perceptron 
(MLP). Once the model is constructed, training is 
performed using the training data and model 
performance is evaluated on the test data. MLP training 
has to be done to the point that the model is able to 
classify sperm correctly, thus monitoring accuracy and 
loss during training to avoid underfitting or overfitting. 
Various optimization algorithms have been used in 

 
Fig. 4. Histogram of particle mass distribution 

 

  
(a) (b) 

Fig. 5. Sperm kinematic analysis for representative sperm cells: (a) movement trajectories, and (b) the 
corresponding velocity profiles over time relative to the 25 µm/s normal-motility threshold. 
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training this particular Multilayer Perceptron (MLP) 
model to classify sperm motility in four different 
approaches, and the performance of individual 
optimizers has been compared using accuracy and 
loss trends observed in a 50-epoch training timeframe. 

Using the extracted mean velocity and trajectory 
linearity, the MLP model was trained to classify the 

sperm samples into normal and abnormal categories. 
The model's performance was evaluated over a 50-
epoch timeframe. The training accuracy and loss 
trends for all four optimizers are depicted in Fig. 6(a) 
and (b), respectively. 

The experimental results demonstrate that the 
choice of optimizer significantly influences the 
classification performance of the proposed neural 
network model. The Adamax optimizer achieved the 
highest classification accuracy of 96.43%, 
outperforming Adagrad (92.86%), FTRL (69.64%), and 
Adadelta (67.86%). The test set consists of 39 

abnormal (69.6%) and 17 normal (30.4%) trajectories, 
meaning that high overall accuracy does not 
necessarily indicate strong model performance. For 
instance, a baseline model that always predicts the 
majority ("abnormal") class yields an accuracy of 
69.6%, which closely matches the FTRL optimizer's 
result. Evaluating the models using balanced accuracy 

reveals that FTRL (0.50) and Adadelta (0.59) perform 
near random chance, whereas Adagrad (0.95) and 
Adamax (0.94) effectively classify both categories 
despite the data imbalance. These classification 
differences are closely tied to the underlying training 
dynamics of each optimizer. Analysis of the training 
curves in Fig. 6(a) indicates that Adamax converged 
faster than the other optimizers. The model reached 
stable accuracy within approximately 15 epochs, while 
Adagrad required nearly 30 epochs to reach 
convergence. In contrast, Adadelta and FTRL failed to 
achieve stable learning behavior and produced 

  
(a) (b) 

 
(c) 

Fig. 6. Comparative performance of the MLP model using different optimizers: (a) training accuracy 
curves, (b) training loss curves, and (c) ROC curves with corresponding AUC values 
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significantly lower classification accuracy. The 
corresponding training accuracy and loss curves for 
each optimizer are illustrated in Fig. 6(a) and (b), 
respectively. 

The overall threshold-independent class separation 
capacity of the evaluated models is further illustrated 
by the Receiver Operating Characteristic (ROC) curves 
in Fig. 6(c). Both the Adamax and Adagrad optimizers 
demonstrated exceptional discriminative capabilities, 
achieving an Area Under the Curve (AUC) of 1.00. 
Conversely, the FTRL curve strictly tracked the 

diagonal reference line (AUC = 0.50), confirming its 
lack of predictive discrimination under majority-class 
bias, while Adadelta showed moderate sensitivity with 
an intermediate AUC value of 0.68. It should be noted 
that ROC-AUC is a threshold-independent measure of 
class separability, whereas balanced accuracy 
depends on the selected classification threshold. 
Consequently, Adamax and Adagrad can share an 
identical ROC-AUC of 1.00 while exhibiting slightly 
different balanced-accuracy values (0.94 and 0.95, 
respectively). 

C. Comparative Analysis 
To rigorously evaluate the classification performance, 
confusion matrices were generated based on the test 
dataset predictions (Fig. 7). The model optimized with 
Adagrad (Fig. 7(a)) successfully identified all 17 normal 

samples (recall = 1.00) but misclassified 4 of the 39 
abnormal samples as normal (yielding 4 false 
negatives for the abnormal class), resulting in an 
overall accuracy of 92.86%. Per-class metrics for 
Adagrad yielded a precision of 1.00, recall of 0.90, and  

  
(a) (b) 

 
 

(c) (d) 
Fig. 7. Comparative confusion matrices of the MLP classifier using different optimizers:(a) Adagrad, (b) 
Adadelta, (c) FTRL, and (d) Adamax. 
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an F1-score of 0.95 for the abnormal class, alongside 
a precision of 0.81, recall of 1.00, and an F1-score of 
0.89 for the normal class. The corresponding specificity 
was 0.90, and the balanced accuracy was 0.95. In 
contrast, Adadelta (Fig. 7(b)) produced 11 false 
negatives and 7 false positives. This optimizer yielded 
a precision of 0.74, recall of 0.82, and an F1-score of 
0.78 for the abnormal class, but demonstrated 
substantially weaker performance on the normal class 
with a precision of 0.46, recall of 0.35, and an F1-score 
of 0.40. Its specificity was 0.82, and its balanced 
accuracy was 0.59, indicating limited discriminative 
capability on the minority class. 

The FTRL model (Fig. 7(c)) exhibited extreme class 
bias, predicting every trajectory as abnormal (39 TN, 
17 FN, 0 TP, 0 FP). Consequently, while recall for the 
majority abnormal class reached 1.00, the minority 
normal class yielded a precision, recall, and F1-score 
of 0.00. The absence of false positives resulted in a 
specificity of 1.00. However, the balanced accuracy 
was exactly 0.50. This performance is equivalent to 
random guessing, confirming that FTRL's 69.64% 
overall accuracy purely reflects the underlying class 
prevalence of the test set rather than authentic 
discriminative learning. The Adamax optimizer (Fig. 
7(d)) delivered the most outstanding results. It 
produced only 2 false negatives (normal samples 
incorrectly classified as abnormal) while successfully 
identifying all 39 abnormal samples, yielding an overall 
accuracy of 96.43%. Furthermore, detailed metric 
analysis reveals that Adamax achieved a superior F1-
Score of 0.97 for the abnormal class and 0.94 for the 
normal class, alongside perfect precision (1.00)  in 
identifying normal sperm and perfect recall (1.00) for 
the abnormal class (0 false positives). Specificity was 
1.00 and balanced accuracy was 0.94, confirming 
reliable performance across both classes under 
imbalanced conditions. The quantitative performance 
comparison of the evaluated optimizers is summarized 
in Table 3. As shown in the table, the Adamax optimizer 
achieved the highest classification accuracy of 96.43%, 
followed by Adagrad with 92.86%, while FTRL and 
Adadelta obtained lower accuracies of 69.64% and 
67.86%, respectively. 

V. Discussion 

A. Interpretation of Optimizer Behavior 
The experimental results indicate that the choice of 
optimization algorithm significantly influences the 
learning behavior and classification performance of the 
proposed Multilayer Perceptron (MLP) model. As 
presented in Table 3, the Adamax optimizer achieved 
the highest classification accuracy of 96.43%, 
outperforming Adagrad (92.86%), FTRL (69.64%), and 
Adadelta (67.86%). These results demonstrate that 
Adamax provides the most stable optimization 

behavior for the trajectory-based sperm motility dataset 
used in this study. A critical consideration in interpreting 
these results is the class imbalance present in the 
dataset. The test set consisted of 39 abnormal samples 
(69.6%) and 17 normal samples (30.4%). Under this 
distribution, overall accuracy alone does not provide a 
complete assessment of model performance. FTRL 
achieved an accuracy of 69.64% by assigning all 
samples to the abnormal class, resulting in a balanced 
accuracy of 0.50 and an ROC-AUC of 0.50, which 
signifies no diagnostic discrimination. Similarly, 
Adadelta's weak separating power is verified by its low 
ROC-AUC score of 0.68. A similar limitation was 
observed for Adadelta, which achieved 67.86% 
accuracy but a balanced accuracy of only 0.59 due to 
low recall for the normal class (0.35). In contrast, 
Adagrad and Adamax achieved balanced accuracies of 
0.95 and 0.94, respectively, indicating strong 
discrimination between normal and abnormal classes. 
Adagrad attained a recall of 1.00 for normal samples, 
with no false negatives in the test set. These results 
indicate that Adagrad and Adamax were less affected 
by the class imbalance and maintained strong 
performance across both classes. The superior 
performance of Adamax can be attributed to its 
parameter update mechanism based on the infinity 
norm (L∞), which allows the optimizer to maintain 
stable parameter updates even when gradient 
magnitudes vary during training. This characteristic 
makes Adamax particularly suitable for handling the 
dense numerical feature space formed by the 
kinematic parameters used in this study, namely 
velocity and linearity. Consequently, the optimizer 
achieves smoother convergence compared to other 
adaptive optimization methods evaluated in this 
research. 

In comparison, the Adagrad optimizer achieved an 
accuracy of 92.86%, which is relatively competitive but 
slightly lower than Adamax. This behavior can be 
explained by Adagrad’s cumulative gradient 
mechanism, where the learning rate continuously 
decreases as the squared gradients accumulate over 
time. Although this mechanism stabilizes early 
learning, it may limit the model’s ability to further refine 
its weights during later training epochs. Meanwhile, 
Adadelta and FTRL produced considerably lower 
accuracies of 67.86% and 69.64%, respectively. Their 
corresponding balanced accuracies of 0.59 and 0.50 
confirm that neither optimizer achieves meaningful 
discrimination between the two classes within this 
feature space. These results suggest that both 
optimizers are less suitable for the dense and low-
dimensional feature space used in trajectory-based 
sperm motility classification. In particular, the FTRL 
optimizer is generally designed for large-scale sparse 
datasets with categorical features, which may explain 
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its poor performance when applied to the continuous 
numerical features used in this study. Overall, the 
findings indicate that adaptive optimization algorithms 
capable of maintaining stable learning rates, such as 
Adamax, are more effective for neural network-based 
classification of sperm motility trajectories. 
B. Comparison with Existing Studies 
To position the proposed framework within the broader 
body of research, Table 4 compares this study with 
seven representative works in automated sperm 
analysis and neural-network optimizer evaluation. The 
comparison considers the underlying method, the type 
of data analyzed, and the reported performance. Two 
observations emerge. First, among trajectory and 
video-based sperm studies, the proposed MLP with the 

Adamax optimizer attains a competitive accuracy of 
96.43% while relying on only two interpretable 
kinematic features (mean velocity and linearity), in 
contrast to computationally heavier convolutional 
pipelines. Image-based convolutional models such as 
Riordon et al. [17] report a comparable accuracy 
(94.1%) but operate on static images and therefore 
cannot capture the temporal motion characteristics that 
are central to motility assessment. Second, the 
optimizer-comparison literature [49], [50] consistently 
reports that adaptive optimizers outperform non-
adaptive ones, which agrees with the present finding 
that Adamax and Adagrad clearly surpass Adadelta 
and FTRL on this dense, low-dimensional feature 
space. 

 
A direct comparison with the detection and tracking 

studies in Table 4 shows a methodological similarity 
and a clear difference in scope. Setiawan et al. [3] and 
Diyasa et al. [16] analyzed the same type of data as the 
present work, namely microscopic videos of human 
spermatozoa. Setiawan et al. reported an F-measure 
of 0.9449 for moving sperm detection, whereas Diyasa 
et al. combined a Gaussian Mixture Model with a 

matching-based algorithm and reported 87.7% 
accuracy for motility abnormality determination. The 
similarity lies in the use of trajectory information derived 
from frame-by-frame motion analysis. The difference is 
that both studies derive the decision from the tracking 
stage itself rather than from a trained classifier, and 
neither examines the effect of the optimization 
algorithm. The present study extends that pipeline by 

Table 4. Comparison of our work with related sperm-analysis and optimizer-evaluation studies 

Study Method Data Type Reported Performance Task Type 

Setiawan et 
al. (2020) 
[3] 

Mixture of Gaussian 
(MoG) V2 

Microscopic 
video of human 
spermatozoa 

F-measure of 0.9449 for moving 
sperm tracking/detection 

Detection & 
tracking 

Diyasa et 
al. (2024) 
[16] 

Gaussian Mixture Model 
+ matching-based 
algorithm 

Microscopic 
video of human 
spermatozoa 

87.7% accuracy for motility 
abnormality determination 

Detection & 
abnormality 
determination 

Dewan et 
al. (2018) 
[39] 

Deep CNN + 
tracking/association 
algorithm 

Microscopic 
video of live 
human semen 

Pearson correlation of 0.86 
(concentration) and 0.818 
(motility) with SQA-V Gold, 
7.44% mean tracking miss rate 

Tracking & 
motility 
prediction 

Hicks et al. 
(2019) [21] 

Classical ML 
(regression) & 2D CNNs 

VISEM dataset 
(Semen video 
+ participant 
data) 

Automated motility prediction 
with deep learning methods 
yielding consistent, generalized 
results 

Motility 
prediction 

Riordon et 
al. (2019) 
[17] 

CNN (VGG16 transfer 
learning) 

Static human 
sperm images 

94.1% accuracy (static images, 
no temporal motion captured) 

Classification 

Baksir et al. 
(2020) [18] 

Backpropagation neural 
network 

Fertility dataset 80.32% accuracy Classification 

Elbert et al. 
(2025) [50] 

CNN with optimizer 
comparison (SGD, 
Adam, RMSprop, 
Adamax, etc.) 

Real-time face-
recognition 
images 

Adam achieved the best 
accuracy among the compared 
optimizers 

Optimizer 
evaluation 

This Study MLP + adaptive 
optimizers (Adagrad, 
Adadelta, FTRL, 
Adamax) 

Trajectory-
derived 
kinematic 
features 

96.43% accuracy, ROC-AUC 
1.00 (Adamax), 276 trajectories, 
fixed 80:20 split 

Classification 

Note: The reported-performance values correspond to different tasks (detection/tracking, classification, motility prediction, and 
optimizer evaluation, as indicated in the Task Type column) and are therefore not directly comparable. For example, an F-
measure for sperm detection is not equivalent to a classification accuracy. 
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treating the tracked trajectory as the input of a 
supervised classifier, so the detection and abnormality 
results reported in those works cannot be equated with 
the 96.43% classification accuracy obtained here. 
Dewan et al. [39] also remained at the measurement 
level. They combined a deep convolutional network 
with an association algorithm and validated the output 
against the SQA-V Gold analyzer, obtaining a Pearson 
correlation of 0.86 for concentration and 0.818 for 
motility with a 7.44% mean tracking miss rate. Their 
approach agrees with ours in the use of temporal 
information, but it requires a convolutional backbone 
and a reference analyzer, while the proposed model 
uses only two scalar kinematic descriptors and no 
external instrument. 

Among the classification and prediction studies, the 
differences come mainly from the input representation. 
Riordon et al. [17] obtained 94.1% accuracy with a 
VGG16 transfer learning model, which is close to the 
96.43% obtained here. The important distinction is that 
their model operates on static sperm images and 
therefore encodes morphology rather than motion, so it 
cannot express velocity or path linearity, which are the 
defining quantities of motility. Baksir et al. [18] reported 
80.32% accuracy using a backpropagation neural 
network, the same family of architecture used in this 
study. The gap of roughly 16 percentage points 
therefore comes from the feature space, not the 
learning algorithm, because their model was trained on 
a tabular fertility questionnaire dataset instead of 
measured sperm kinematics. Hicks et al. [21] applied 
classical regression and 2D convolutional networks to 
the VISEM dataset and reported consistent and 
generalizable motility prediction. Their work is similar to 
ours in targeting motility, but it requires video together 
with participant and semen analysis variables, which 
limits reproducibility in routine laboratories, while the 
proposed framework depends on a single video 
modality. 

The optimizer evaluation study of Elbert et al. [50] 
provides the closest methodological parallel to the 
design used here, because it also compares SGD, 
Adam, RMSprop and Adamax within one fixed 
architecture. Both studies agree that adaptive 
optimizers outperform non-adaptive ones, and Fatimah 
[49] reached the same conclusion for medical image 
processing. The two studies differ in which adaptive 
optimizer prevails. Adam performed best for their real-
time face recognition CNN, while Adamax was superior 
in the present setting. This difference is consistent with 
the nature of the feature space, because the infinity 
norm update of Adamax suits a dense, two-
dimensional, and low-noise kinematic representation 
better than the high-dimensional sparse gradients 
produced by convolutional image models. The 
comparison with the seven studies above therefore 
indicates that the contribution of this study is not a 

higher accuracy value alone, but the combination of 
trajectory-level input, an interpretable two-feature 
representation, and an explicit choice of optimizer. 
C. Limitations of the Study 
Several limitations should be acknowledged when 
interpreting these results. First, the dataset is relatively 
small and class-imbalanced, comprising 276 
trajectories with a test set of 39 abnormal (69.6%) and 
17 normal (30.4%) samples; this imbalance inflates raw 
accuracy and is the reason balanced accuracy and 
ROC-AUC are reported alongside it. Second, model 
evaluation used a single fixed 80:20 train-test split 
rather than k-fold cross-validation, so the reported 
metrics may not fully reflect variance across different 
data partitions. Third, classification relies on only two 
kinematic features (mean velocity and linearity), which, 
while interpretable and lightweight, omit morphological 
and additional dynamic descriptors (e.g., VCL, VAP, 
ALH, BCF) that could improve discrimination. Fourth, 
the trajectories were acquired under a single set of 
microscopes and recording conditions; performance 
under varying magnifications, frame rates, illumination, 
and sample-preparation protocols remains to be 
validated. Finally, FTRL and Adadelta were evaluated 
with default hyperparameters, so their weak 
performance reflects suitability for this dense, low-
dimensional feature space rather than an exhaustively 
tuned optimum. 
D. Practical Implications 
The findings carry direct practical implications for 
reproductive healthcare. Because the proposed model 
is lightweight and depends only on two trajectory-
derived features, it can be deployed as a real-time pre-
screening module on existing laboratory microscopes 
or low-cost Computer-Aided Sperm Analysis (CASA) 
systems without specialized GPU hardware. Acting as 
an automated second opinion, it can rapidly flag 
abnormal motility patterns, reduce the manual 
verification workload for embryologists, and mitigate 
the inter-observer subjectivity that limits manual semen 
analysis. The optimizer comparison also offers 
methodological guidance for similar small-scale, low-
dimensional biomedical classification tasks: adaptive 
optimizers that maintain stable learning rates, 
particularly Adamax, are preferable to optimizers 
designed for large-scale sparse data such as FTRL. 
More broadly, demonstrating clinically useful accuracy 
from a simple, interpretable feature set supports the 
development of affordable, explainable fertility-
screening tools for resource-limited settings. 

VI. Conclusion 

This research successfully developed a fully 
automated system for the identification of abnormally 
motile sperm using an artificial neural network (ANN) 
model trained with various optimization algorithms. The 
Adamax algorithm achieved the highest accuracy 
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(96.43%), followed by Adagrad (92.86%), while the 
other algorithms (Adadelta and FTRL) yielded 
significantly lower accuracies (67.86% and 69.64%, 
respectively). These results demonstrate that the 
choice of optimization algorithm heavily impacts the 
overall competency and diagnostic capability of the 
model in differentiating sperm trajectories. 

Despite these promising results, this study has 
several limitations. The dataset is currently constrained 
to 276 unique sperm trajectories, and the model 
evaluation utilized a fixed 80:20 train-test split rather 
than k-fold cross-validation, which may limit the 
absolute generalizability of the findings. Furthermore, 
the classification relies solely on two kinematic features 
(mean velocity and linearity). Future work should aim 
to expand the dataset across diverse sperm samples 
captured under varying clinical conditions, and 
incorporate additional morphological or dynamic 
features. Researchers could also explore more 
advanced heuristic optimization algorithms to provide 
even greater predictive competency. The immediate 
sustainable value of this work lies in its practical clinical 
application. This lightweight MLP model can be 
seamlessly integrated as a real-time, pre-screening 
software module within existing laboratory 
microscopes or affordable Computer-Aided Sperm 
Analysis (CASA) setups. Acting as an automated 
"second opinion," it can rapidly flag abnormal 
trajectories, thereby reducing the manual verification 
workload for embryologists, minimizing inter-operator 
subjectivity, and providing appropriate, timely clinical 
assistance in fertility diagnostics. 
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