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ABSTRACT 

Sperm morphology analysis is a key parameter in male fertility evaluation, but the manual process is 

subjective and time-consuming. Therefore, an automated deep learning classification system offers a 

potential solution. This study evaluates and compares MobileNetV2 and EfficientNetB0, individually and 

in combination via feature fusion, for sperm morphology image classification using the SMID dataset of 

3000 images. MobileNetV2 and EfficientNetB0 models achieved accuracies of 62.75% and 33.06%, 

respectively, after 50 epochs, while the feature fusion model reached 85.04% in only 5 epochs. Thus, 

combining features from both architectures yields superior accuracy and efficiency for automated sperm 

analysis. 

Keywords-sperm morphology classification; deep learning; convolutional neural network; feature fusion; 

MobileNetV2; EfficientNetB0 

I. INTRODUCTION  

Infertility is a significant global health issue, with 
approximately 15% of reproductive-age couples experiencing 
difficulties in conceiving. The male factor contributes to nearly 
50% of these infertility cases. A critical parameter in the 
evaluation of male infertility is semen analysis, particularly the 
assessment of sperm morphology. Sperm morphology refers to 
the shape and structure of the sperm, including its head, 
midpiece, and tail. Abnormalities in any of these components 
can impair the sperm's ability to fertilize an ovum. Therefore, 

assessing and understanding sperm morphology is vital in 
diagnosing and addressing male infertility. 

Conventionally, sperm morphology assessment is 
performed manually under a microscope by embryologists or 
laboratory analysts. However, this method is highly subjective 
and susceptible to both inter-observer and intra-observer 
variability. Furthermore, the process is time-consuming, 
requires a high level of skill, and demands intense focus, 
rendering it inefficient and impractical for large-scale 
applications [1]. Previous research on male fertility 
classification has explored various approaches. Some studies 
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have utilized non-image data, such as patient lifestyle factors 
[2-4], while others have focused on sperm motility analysis [5]. 
Other works have concentrated on sperm segmentation to 
improve image quality for subsequent classification [6, 7]. 

Sperm quality classification from morphological images 
can be performed using both machine learning and deep 
learning models. Machine learning models, as demonstrated in 
[8], typically require a preliminary feature extraction stage. In 
contrast, deep learning models can learn features automatically 
but often demand substantial computational resources and large 
datasets [9, 10]. Dataset imbalances in sperm quality 
classification have been also addressed [11]. 

Sperm analysis was also conducted in [12], where focus 
was placed on sperm movement (motility) analysis using 
YOLOv5, a deep learning object detection algorithm, with a 
dataset sourced from VISEM-Tracking (a collection of videos 
with labeled bounding box annotations for tracking). However, 
this study did not include a detailed discussion of sperm 
morphology. Authors in [13] used SiD V1.0 software to 
analyze sperm kinematics, such as Straight-Line Velocity 
(VSL), Linearity (LIN), and Hyperactivation Motility Pattern 
(HMP), concentrating on sperm selection for Intracytoplasmic 
Sperm Injection (ICSI) based on movement. However, they did 
not use deep learning to identify differences in sperm shape 
(morphological classification). Authors in [14] proposed 
SFCNet, a specialized convolutional neural network for sperm 
segmentation and tracking, achieving high performance in 
distinguishing sperm in images and analyzing motility. This 
approach did not employ a fusion model or feature fusion 
techniques for classifying sperm morphology. Meanwhile, 
authors in [15] applied machine learning techniques to select 
embryos based on sperm analysis. 

The present study proposes a multi-fusion convolutional 
neural network. While multi-fusion in deep learning has been 
previously explored [16], it involved fusing outputs from a 
single model architecture trained with different image and 
batch sizes, followed by a voting mechanism, which 
necessitates significant computational overhead. The method 
proposed in the current study differs by combining two distinct 
architectures: EfficientNetB0 and MobileNetV2. These models 
offer complementary strengths; EfficientNetB0 is recognized 
for its computational efficiency, while MobileNetV2 is a 
lightweight architecture. Combining their features accelerates 
the classification of sperm abnormalities without requiring 
additional resources, thereby addressing a key limitation of 
many deep learning models. The combination of MobileNetV2 
and EfficientNetB0 has been previously implemented in [17] 
for the classification of mango leaf diseases. However, the 
classification was performed using a machine learning model 
and included a feature selection stage. This contrasts with the 
proposed approach, which uses a CNN model without feature 
selection. 

II. MATERIALS AND METHODS 

A. Dataset 

The dataset utilized in this study is the Sperm Morphology 
Image Dataset (SMID) [18]. It comprises three categories: 
non_sperm, normal_sperm, and abnormal_sperm. The SMID 

dataset contains 3000 images, with 1000 per category. Data 
acquisition uses several hardware items: smartphones, 
microscopes, and stabilizers. The resulting data, in the form of 
video, are then extracted into several frames with an image 
resolution of 1920 × 1080 pixels. The detailed image 
acquisition process is related to the SMID dataset [19]. The 
types of datasets used from each category are shown in Figure 
1. 

 

 
Fig. 1.  Sample images from the dataset representing (from left to right) 
normal_sperm, abnormal_sperm, and non_sperm object. 

B. Proposed Method 

The proposed model for classifying sperm morphology 
abnormalities introduces an innovative approach that fuses 
features from the MobileNetV2 and EfficientNetB0 
architectures. The system processes an input image of 224 × 
224 × 3 size. The parallel feature extraction process is 
illustrated in Figure 2. As depicted in the architecture, an input 
image is fed into both models simultaneously. Within each 
model, the image passes through several convolutional layers, 
producing a 7 × 7 × 1280 feature map. This indicates that 1280 
distinct filters generate features. Subsequently, a Global 
Average Pooling (GAP) layer reduces each 2D feature map to a 
single average value using (1), where W and H are the width 
and height of the feature map, respectively: 

��� �  
�
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���� �
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���
�
���  (1) 

This GAP operation produces a feature vector of size 1280 
for MobileNetV2 and 1280 for EfficientNetB0. The feature 
vectors from both models are then fused (concatenated) to 
create a combined feature vector of size 2560. This fused 
representation is then passed to a classification head, and the 
model's performance is evaluated. The complete classification 
pipeline is displayed in Figure 2. 

Based on the classification model portrayed in Figure 3, the 
initial stage of this experiment is to load the dataset, then apply 
both CNN architectures as extractors. Τhe architectures of both 
models were modified several time, namely the last fully 
connected layer was removed, fine-tuning was not, and the 
feature map was converted to a 1D vector. Next, the features 
from both models were combined, and the CNN stages were 
applied. This experiment was also validated with k-fold cross-
validation with an initialized k value of 5. So that each k gets a 
total of 600 data points. Thus, in the test, the training data are 
2400 and the testing data are 600. Each evaluation with k-fold 
cross-validation calculates its metrics. The metrics used in this 
test are precision, recall, F1-score, and accuracy. If the 
experiment has been completed up to the 5th k, the average of 
each metric is calculated, as illustrated in Figure 3. 
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Fig. 2.  The proposed model for sperm morphology classification. 

C. Experimental Setup 

All training and testing procedures were conducted on 
Google Colaboratory with 12.72 GB of RAM and GPU 
acceleration. The same hyperparameters were used for both the 
individual and fused models, as detailed in Table I. 

TABLE I.  HYPERPARAMETER CONFIGURATION 

Parameter Configuration 

Image size 224 × 224 
Batch size 32 

Activation function Softmax 
Learning rate 0.001 
Epoch size 5, 10, 20, 30, 50 

Dropout 0.4 
Dense 512 

k-fold cross-validation 5 

 

III. RESULTS AND DISCUSSION 

A. Performance of Individual MobileNetV2 and 

EfficientNetB0 Models 

To provide context for the proposed model, first, a 
preliminary experiment on sperm morphology classification 
was conducted using two baseline CNN models: MobileNetV2 
and EfficientNetB0. The experiments were carried out over 
several epochs. Figure 3 presents the resulting graphs from 
these two baseline CNN experiments, serving as a comparison 
point for the subsequent feature fusion approach. 

The experimental results for MobileNetV2 are shown in 
Figure 3 (a) for one of the five folds, trained for 50 epochs. The 
model achieved an average accuracy of 62.75% for sperm 
morphology classification. Several factors contributed to this 
relatively low accuracy. First, the dataset contains only 3001 
images. This is contrary to MobileNetV2's need for a large 
dataset for effective training. Second, the suboptimal quality of 
the medical images made it difficult for the model to recognize 
each sperm morphology class. Third, the subtle distinction 
between abnormal and normal classes also reduced the model's 
performance. 

In contrast, implementing EfficientNetB0 with identical 
parameters yielded a mean accuracy of only 33.06%. This 
result is significantly lower than that achieved by 

MobileNetV2. Although EfficientNetB0 is efficient, it is more 
complex and has greater learning capacity than MobileNetV2. 
When a complex model is trained on a small dataset, it often 
exhibits a strong tendency to memorize the training data rather 
than generalize to the underlying patterns—a phenomenon 
known as overfitting. Consequently, its performance is 
deceptively high on data it has already seen (training data) but 
deteriorates substantially when evaluated on new, unseen data 
(validation/test data). This is evidenced by the experimental 
results displayed in Figure 3 (b), where the training 
performance was superior to the testing and validation results. 

B. Analysis of Feature Fusion Model Results 

The feature fusion process was tested over several epochs 
with a learning rate of 0.001, the Adam optimizer, and 5-fold 
cross-validation. The results obtained from each experiment 
varied, as shown in Figure 4. 

The experimental results in Figure 4 show that, at a 
constant learning rate of 0.001, model accuracy peaked at 
85.04% after 5 epochs. Subsequent increases in the number of 
epochs led to a consistent decrease in performance: 83.27% at 
10 epochs, 83.17% at 20 epochs, and 81.87% at 30 epochs. 
This decline suggests that the model is beginning to memorize 
the training data rather than learning generalizable patterns, 
reducing its ability to perform well on new data. 

The 5-epoch test yielded the highest accuracy. This run 
took 4 h, 23 min, and 15 s due to the increasing feature set and 
the limited computing resources. The confusion matrix is 
portrayed in Figure 5. 

Based on the results of the 5th confusion matrix fold 
depicted in Figure 5, the precision value is 86.45%, the recall is 
86.50%, the F1 Score is 86.40%, and the accuracy is 86.50%. 
The accuracies for each class are 78.02% for normal_sperm, 
91.24% for non_sperm, and 84.83% for abnormal_sperm. The 
results of this fifth fold also show that the normal_sperm class 
is frequently misclassified as abnormal_sperm, while the 
abnormal_sperm class is likewise misclassified as 
normal_sperm. The reason is that these two classes are visually 
similar, so during classification, the system is unable to 
distinguish them properly. However, the non_sperm class is 
easier to recognize as non-sperm. The performance of each fold 
is presented in Table II. 
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(a) 

 

(b) 

 

Fig. 3.  Accuracy and loss curves for: (a) MobileNetV2 and (b) EfficientNetB0 over 50 epochs. 

 
Fig. 4.  Feature fusion experimental results. 

 
Fig. 5.  Fusion feature experimental results for the 5th fold. 

TABLE II.  EXPERIMENTAL RESULTS OF FEATURE FUSION 
FOR ALL k FOLDS 

Fold to Accuracy Precision Recall F1-score 

1 84.19% 84.36% 84.19% 84.19% 
2 83.67% 84.92% 83.67% 83.64% 
3 84.67% 87.19% 84.67% 84.55% 
4 86.17% 86.31% 86.17% 86.21% 
5 86.50% 86.45% 86.50% 86.40% 

Average 85.04% 85.85% 85.04% 85.00% 

 

C. Comparison of Feature Fusion with MobileNetV2 and 

EfficientNetB0 

Based on the test results, EfficientNetB0 yielded the lowest 
accuracy at 33.06%. Practically, this suggests that the model 
learned almost nothing, with its performance approaching that 
of a random guess. For a 3-class classification problem, 
random guessing yields an accuracy of approximately 33%, 
which closely matches this result, indicating that the 
EfficientNetB0 model underfits, as it fails to capture the 
underlying patterns and complexity of the sperm image data. 
This may also be attributed to suboptimal hyperparameters that 
prevented the model from converging, which is further 
supported by the fact that its accuracy remained static across 
experiments initialized with 10, 30, and 50 epochs. 

In contrast, the 62.75% accuracy achieved by MobileNetV2 
indicates that the model has learned some useful patterns, 
although this performance is still insufficient for practical 
application. The accuracy of MobileNetV2 could potentially be 
improved through hyperparameter tuning (e.g., learning rate, 
optimizer, batch size), increasing the number of epochs, or 
applying more aggressive data augmentation techniques. This 
potential for improvement is supported by the observation that 
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when initialized with 10 epochs, accuracy was 44.75% and 
subsequently increased as the number of epochs increased, 
implying that accuracy will likely continue to increase with 
more training epochs. 

Finally, the best performance in sperm morphology 
classification was achieved by the feature fusion model, which 
obtained an accuracy of 85.04%. This surpasses the 
performance of the best individual model (MobileNetV2) by 
over 20%. The superior performance of the feature fusion 
model is due to its approach of combining the "knowledge" 
(i.e., features) extracted by both underlying models. Although 
EfficientNetB0 performed poorly on its own; however, this 
does not mean it learned nothing. It is highly likely that the two 
models captured different and complementary types of 
features. MobileNetV2 was possibly better at capturing general 
structural features and the global shape of the sperm head and 
tail. Meanwhile, EfficientNetB0, despite its overall failure, may 
have succeeded in extracting certain texture features or fine 
details that were missed by MobileNetV2. 

D. Comparison with State-of-the-Art 

The performance of the proposed model is compared with 
other works in this area, as shown in Table III. It is observed 
that the proposed method, which employs a feature fusion 
technique, demonstrates a clear and significant superiority over 
four previous studies in the task of sperm morphology 
classification. 

TABLE III.  COMPARISON WITH STATE-OF-THE-ART 
METHODS 

Innovation Input type Accuracy 

Classification of sperm quality based on 
lifestyle [2] 

Text and 
numeric 

61.20% 

Deep learning [10] Image 68.00% 
Soft voting, multi-fusion CNN [16] Image 66.45% 

Augmentation and adversarial attack [20] Image 76.36% 
Dual Tree Complex Wavelet Transform [21] Image 82.33% 

Feature fusion (proposed method) Image 85.04% 

 
Authors in [2, 10] addressed different or narrower scopes. 

That is, authors in [2] focused on correlating sperm quality 
with lifestyle factors instead of strictly performing visual 
classification. Similarly, authors in [10] concentrated 
exclusively on the classification of the sperm head. In contrast, 
the proposed feature fusion method utilizes a CNN for holistic 
sperm morphology classification and has proven more effective 
for the overall visual classification task. 

While authors in [16] also applied a fusion concept, they 
focused on the decision level (soft voting), where independent 
model predictions are combined only at the end. Conversely, 
the proposed method implements feature-level fusion, which 
integrates insights from models before classification. The 
resulting performance gap (83.54% compared to 66.45%) 
suggests that combining deep feature representations is far 
more effective than the decision-averaging approach used in 
[16].  

Authors in [20] focused on enhancing data robustness 
through augmentation and adversarial attacks. While this 
approach achieved 76.36% accuracy, the proposed method 

demonstrates that innovation at the model architecture level 
(via feature fusion) has a substantially greater impact than 
merely strengthening the training data. This suggests that 
feature fusion is capable of extracting far richer and more 
informative feature representations from existing data. Authors 
in [21] applied the Wavelet Transform to sperm morphology 
classification using SVM as the classification model. While 
RBF achieved the highest accuracy, it was still lower than that 
of feature fusion. 

IV. CONCLUSION 

It was seen that combining features from MobileNetV2 and 
EfficientNetB0 architectures and then classifying with CNN 
significantly outperformed each individual model. The fusion 
model achieved an average accuracy of 85.04%. 
EfficientNetB0 alone had low performance at 33.06% under 
this study's parameters. Still, it managed to extract unique 
features that complemented those from MobileNetV2, with an 
accuracy of 62.75%. Combining features from both 
architectures created a more informative feature set, enabling 
the classifier to perform more effectively. Notably, the fusion 
model reached the highest accuracy with CNN and 5-fold 
classification in only 5 epochs. However, the entire experiment 
took more than 4 h, 23 min, and 15 s to complete. Therefore, 
future work should consider a feature selection stage to reduce 
irrelevant features and make the experimental process more 
efficient. 
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