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Abstract. Male infertility, which accounts for about 50% of all infertility cases, 

is assessed through sperm morphology analysis. However, the complex variation 

of sperm shapes often complicates the diagnosis process. Automated systems of-

fer a more accurate solution than manual selection. This study aims to implement 

the DenseNet169 CNN architecture for sperm classification based on morphol-

ogy and to test its performance with different data sharing schemes. On the 

HuSHem dataset, the highest accuracy of 97.78% was obtained with a data shar-

ing ratio of 70:25:5, while the SCIAN dataset achieved an accuracy of 78.79% at 

the same ratio. DenseNet169, with its dense connectivity, is proven to be effec-

tive in overcoming the gradient vanishing problem and improving feature effi-

ciency, resulting in high performance in sperm morphology classification. 
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1 Introduction 

The World Health Organization (WHO) defines infertility as the inability to conceive 

after at least 12 months of regular, unprotected intercourse. Infertility is estimated to 

affect 8–12% of couples in the reproductive age group [1], with male factors contrib-

uting to approximately 50% of all infertility cases [5]. Evaluating male infertility in-

volves analyzing semen samples in the laboratory, focusing on parameters such as 

sperm morphology, concentration, and motility [13]. Abnormal sperm morphology, 

characterized by defects in the shape and size of sperm cells, plays a critical role in 

male infertility. Therefore, accurately classifying sperm morphology is an essential step 

in diagnosing male infertility. However, the variations in sperm shape make this anal-

ysis complex and challenging, even for specialists [13]. 

Traditionally, manual sperm selection has been a common practice, but it has limi-

tations in terms of accuracy and efficiency. In contrast, automated systems provide a 

more efficient solution by reducing the need for skilled technicians and saving labor in 

sperm selection processes, such as intracytoplasmic sperm injection [6]. Classifying 

sperm morphology is a complex task due to the diverse forms that are difficult to dis-
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tinguish, even for experts. This diversity includes complexities in shape, size, and tex-

ture, making the task particularly challenging. Moreover, there is intra-class variation 

and inter-class similarity, such as elongated amorphous heads resembling tapered 

heads, or pyriform heads appearing similar to tapered ones [4]. 

In recent decades, lifestyle factors have been analyzed as potential causes of declin-

ing sperm quality in humans, with studies examining aspects such as dietary habits, 

exposure to harmful chemicals, and physical activity [7]. However, interpreting such 

data accurately and efficiently can be challenging [7]. This is where deep learning offers 

a promising solution. As a branch of machine learning, deep learning has produced 

excellent results in various fields, including non-medical applications [8]. Deep learn-

ing allows models to learn feature representations directly from raw data, making it 

highly effective in diagnostic tasks, such as detecting abnormalities through deep neural 

networks [12]. 

Deep learning also holds significant potential for analyzing human sperm morphol-

ogy. This technology can be applied to extract and map visual features from sperm 

images to relevant morphological categories [10]. According to experts, deep learning 

relies on Convolutional Neural Networks (CNN) to predict both sperm motility and 

morphology [3]. Numerous studies have been published on sperm morphology classi-

fication, highlighting the effectiveness of deep learning in providing more accurate and 

efficient solutions for diagnosing male infertility. 

2 Materials and Methodology 

2.1 Dataset 

The data used in this research include two datasets: HuSHem and SCIAN (SCIAN 

Gold-standard for Morphological Sperm Analysis). The HuSHem dataset originates 

from a study conducted by Shaker (2018) [9] and can be accessed via [Papers with 

Code](https://paperswithcode.com/dataset/hushem). The SCIAN dataset, on the other 

hand, comes from a study by Chang et al. (2017) [2].  The HuSHem dataset contains 

images of human sperm head morphology, categorized into four classes: normal, pyri-

form, tapered, and amorphous. These images are in BMP format with a resolution of 

131×131 pixels, consisting of a total of 216 sperm cell images. The HuSHem dataset 

consists of 216 sperm cell images with each class consisting of 54 normal, 53 tapered, 

57 pyriform, and 52 amorphous. In contrast, the SCIAN dataset contains 1,854 sperm 

head images, which were classified by three domain experts from Chile according to 

the World Health Organization (WHO) criteria. The images are in TIF format with a 

resolution of 35×35 pixels. The SCIAN dataset consists of 1854 sperm cell images with 

each class consisting of 100 normal, 228 tapered, 76 pyriform, 72 small, and 656 amor-

phous. Sample images of the dataset can be seen in Figure 1 and Figure 2.  
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      (a)                        (b)                      (c)                    (d) 

Fig. 1. Overview of the HuSHem dataset displaying the five morphological catego-ries: (a) Nor-

mal, (b) Tapered, (c) Pyriform, and (d) Amorphous. 

                    

      (a)                  (b)                    (c)                  (d)                  (e)  

Fig. 2. Overview of the SCIAN dataset displaying the five morphological categories: (a) Normal, 

(b) Tapered, (c) Pyriform, (d) Small, and (e) Amorphous. 

2.2 Pre-processing 

Pre-processing is a crucial set of steps applied to input data before feeding it into a CNN 

to prepare the data for more effective processing and improve the model’s performance. 

In this study, the pre-processing stage includes resizing images and normalizing pixel 

values from the 0–255 range to a 0–1 range. Additionally, data augmentation techniques 

are applied to increase the number of training samples by manipulating the original data 

through various geometric transformations. This augmentation allows the model to 

learn more generalized patterns and capture essential characteristics of the images, 

thereby enhancing the model's performance and generalization in image recognition 

tasks. 

In addition to augmentation, cropping is another pre-processing technique applied in 

this study. Cropping focuses the model's analysis on relevant areas of the image by 

removing unnecessary elements. Cropping helps eliminate unimportant backgrounds, 

enabling the model to better capture key details, such as the main object or specific 

features, thus improving accuracy in classification tasks. In this study, images from the 

HuSHem dataset were cropped to a size of 105x105 pixels to maximize the important 

information. However, cropping was not applied to the SCIAN dataset, as its images 

are smaller, with a resolution of 35x35 pixels. Applying cropping to SCIAN images 

would risk losing crucial elements, reducing the useful information for analysis or 

model training. An example of image cropping for the HuSHem dataset is shown in 

Figure 3.  
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Fig. 3. Image Cropping. 

2.3 Data-Splitting Scenarios 

The HusHem and SCIAN datasets were each divided into three data-splitting scenarios. 

This division was performed by first separating the data into training and testing sets, 

followed by splitting the training data into training and validation sets. The details of 

the data-splitting scenarios in this study are as follows: 

a. The first scenario involves 80% training data, 10% validation data, and 10% test-

ing data. 

b. The second scenario involves 75% training data, 25% validation data, and 5% 

testing data. 

c. The third scenario involves 60% training data, 20% validation data, and 20% test-

ing data. 

Each of these scenarios was designed to assess the model’s performance under different 

proportions of training, validation, and testing data. By varying the size of the validation 

and testing sets, the study aims to determine the optimal data-splitting strategy that 

provides the best balance between model training and evaluation. These scenarios allow 

for a comprehensive evaluation of the model's ability to generalize to unseen data while 

ensuring that enough data is available for effective training and validation. 

2.4 Convolutional Neural Networks (CNN) Architecture 

The model training was conducted on Google Colab for program execution. The train-

ing process of the Convolutional Neural Network (CNN) involves several steps to op-

timize the model's performance in recognizing patterns within image data. First, the 

prepared image data, which has been divided into training, validation, and testing sets, 

is fed into the model. This data is processed through several convolutional layers, where 

automatically learned filters or kernels identify key features of the images, such as 

edges, textures, or specific patterns. The convolutional layers are followed by pooling 

layers, which reduce the dimensionality of the features to lower computational load and 

prevent overfitting, as well as batch normalization layers that help stabilize the training 

process. 

In the DenseNet (Dense Convolutional Network) model, each layer is densely con-

nected to all previous layers, allowing for more efficient feature reuse and reducing the 

number of parameters. The output from the convolutional and pooling layers is then 

flattened and passed to fully connected layers, where the model combines the learned 
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features to make final predictions. The training process itself involves using an optimi-

zation algorithm, such as Adam, which updates the model's weights based on the error 

or loss calculated using a loss function like sparse categorical entropy. Sparse categor-

ical entropy is used for multi-class classification problems where the target labels are 

encoded as integers. During training, the model is optimized to minimize the loss 

through backpropagation, where gradients of the loss function are computed and used 

to update the model's weights. 

Additionally, regularization techniques such as dropout and L2 regularization are 

applied to reduce overfitting and improve the model's generalization ability. L2 Regu-

larization is a type of regularization that penalizes weights proportionally to the sum of 

the squares of the weights. L2 Regularization helps reduce extreme weights (those with 

high positive or low negative values) so that they approach 0, but not completely to 0. 

Features with values very close to 0 remain in the model, but do not greatly affect the 

model's predictions. L2 Regularization is defined as follows. 

    L2 Regularization = (w1)2 + (w2)2 + (w3)2 + … (wn)2                        (1) 

Meanwhile, dropout randomly "drops out" some neurons during training, preventing 

the model from becoming too reliant on specific neurons and improving its ability to 

generalize. Meanwhile, L2 regularization, or ridge regularization, adds a penalty to 

large weights in the loss function, which reduces the values of overly large weights. 

This helps prevent the model from becoming too specific and overfitting by shrinking 

those weights during training. Overfitting occurs when a machine learning model per-

forms very well on the training data but fails to make accurate predictions on unseen 

data. By penalizing large weights, the model is encouraged to use smaller, simpler 

weights, which helps it generalize better to new data. 

During training, the model’s performance is periodically validated using validation 

data to monitor its progress. Once the training is complete, the model is tested on unseen 

test data to evaluate its performance in real-world scenarios. This process ensures that 

the CNN model is not only well-adapted to the training data but also capable of deliv-

ering accurate results on new, unseen data. The following section presents the results 

of the model training. 

2.5 Evaluation 

Model evaluation aims to measure the performance and ability of the model in learning 

feature representations from the data. This evaluation is conducted by calculating eval-

uation metrics such as accuracy, precision, recall, and F1-score. It provides insights into 

how well the Convolutional Neural Network (CNN) model generalizes to new data. 

The results of the evaluation assess the extent to which the model can handle different 

scenarios and determine whether further adjustments or fine-tuning are necessary to 

improve its performance. Equation for evaluation metrics:  

2. Accuracy 

Accuracy is a measure of how many correct predictions the model makes across the 

entire test dataset. The equation for accuracy is shown in Equation (2). 
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 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
 TP+TN

TP+FF+TN+FN
 (2) 

3. Precision  

Precision measures how relevant the results provided by the system are, compared 

to all the results retrieved [11]. The equation for precision is shown in Equation (3). 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (3) 

4. Recall (Sensitivity) 

Recall, or sensitivity, is defined as the true positive rate or the accuracy of positive 

predictions [14]. It measures how many truly relevant results are returned [11]. Re-

call assesses how many actual positive cases the model successfully predicts. The 

equation for recall is shown in Equation (4). 

 𝑅𝑒𝑐𝑎𝑙𝑙 =   𝑇𝑃/(𝑇𝑃 + 𝐹𝑁) (4) 

5. F1-Score   

The F1-Score reaches its maximum value when precision equals recall. This indi-

cates that the model has a good balance between correctly identifying positive in-

stances (precision) and finding all relevant positive instances (recall). In other 

words, when precision and recall are balanced, the F1-Score reflects that the model 

performs well across both aspects. The equation for the F1-Score is shown in Equa-

tion (5). 

 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  
2

1

𝑅𝑒𝑐𝑎𝑙𝑙
+

1

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

=  2 𝑥
𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
     (5) 

3 Experiment Results 

3.1 Result 

The training process was carried out 10 times with 100 epochs each. After the model 

training process is complete, the model accuracy is measured to assess how well the 

model recognizes or classifies data. This accuracy is obtained from evaluating the 

model using test data, which is not used during training. The results of this training are 

obtained based on the hyperparameters based on Table 1. 
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Table 1. Training Model Result. 

Data Matrix 
Data Splitting Ratio 

80:10:10 70:25:5 60:20:20 

HuSHem 

Augmentation Ap-

plied to All Data 

Accuracy 97,73% 97,78% 96% 

Precision 98% 98% 96% 

Recall 98% 98% 96% 

F1 Score 98% 98% 96% 

Augmentation Ap-

plied Only to the 

Training Data 

Accuracy 95,83% 100% 82,22% 

Precision 96,5% 100% 85% 

Recall 95,75% 100% 82% 

F1 Score 95,75% 100% 82% 

SCIAN 

Augmentation Ap-

plied to All Data 

Accuracy 75,15% 78,79% 73,64% 

Precision 76% 80% 74% 

Recall 75% 79% 74% 

F1 Score 75% 79% 74% 

Augmentation Ap-

plied Only to the 

Training Data 

Accuracy 65,22% 60,34% 58,52% 

Precision 64% 59% 55% 

Recall  65% 50%  59% 

F1 Score 60% 57% 56% 

Following the comprehensive augmentation of the training data, which involved exe-

cuting the model over 100 epochs and conducting ten distinct runs, the resulting per-

formance metrics displayed considerable enhancements. This process not only allowed 

the model to learn from a diverse set of data but also provided a more robust framework 

for evaluating its performance. As depicted in Table 1, the HuSHem dataset achieved 

an outstanding accuracy rate of 100% when employing a data splitting scheme with a 

ratio of 70:25:5. This remarkable outcome indicates that the model was able to accu-

rately predict all test data, thereby demonstrating its robustness, reliability, and effec-

tiveness in handling this particular dataset. Such a high level of accuracy indicates that 

the model successfully identified and learned the intricate features present within the 

HuSHem dataset, allowing it to make precise classifications. 

Conversely, the performance on the SCIAN dataset revealed a more complex situa-

tion. The data splitting scheme that yielded the highest accuracy for this dataset was an 

80:10:10 ratio, which resulted in a maximum accuracy of only 65.22%. While this result 

does indicate some degree of improvement in the model's performance, it is relatively 

low compared to the nearly perfect accuracy achieved with the HuSHem dataset. This 

disparity can largely be attributed to the uneven distribution of data within the valida-

tion and testing sets of the SCIAN dataset, which likely hindered the model's ability to 

learn effectively from the available data. The imbalanced distribution may have resulted 
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in insufficient exposure to critical features, ultimately impacting the model's perfor-

mance. 

Recognizing the limitations presented by the SCIAN dataset, a series of additional 

experiments were initiated to increase the quantity of data. This strategic approach aims 

to enrich the dataset's informational content, thereby providing the model with a more 

comprehensive understanding of the underlying patterns present in the data. The objec-

tive was not only to improve the model's performance but also to improve its accuracy 

further. After executing ten runs with the newly augmented dataset, the findings re-

ported in Table 1 revealed that for the HuSHem dataset, the same data splitting ratio of 

70:25:5 led to a slightly lower yet still impressive accuracy of 97.78%. This result con-

firms the model's consistent performance across multiple runs, reinforcing the validity 

of its training. 

Meanwhile, for the SCIAN dataset, the highest accuracy recorded was 78.89%, 

achieved with the same 70:25:5 ratio. These results indicate a significant positive im-

pact on the model's performance across both datasets, attributable to the increased data 

volume. With a larger and more diverse dataset available for training, the model was 

better equipped to identify and learn complex patterns, thus improving its ability to 

generalize findings more effectively during the classification of test data. The enhanced 

accuracy in both datasets suggests that the model can now capture a broader range of 

features and make more informed predictions. 

The strategic increase in data volume for both datasets played a pivotal role in sig-

nificantly enhancing the model's overall accuracy and performance. The HuSHem 

model approaches near-perfect accuracy, underscoring its capability in complex classi-

fication tasks, while the SCIAN model demonstrated substantial improvement, indicat-

ing progress despite the need for further refinements. The introduction of a larger and 

more diverse dataset has proven crucial, as it empowers the model to classify data with 

greater precision and efficacy. These findings highlight not only the importance of data 

augmentation in machine learning tasks but also the potential for ongoing research and 

experimentation to drive further improvements. Moving forward, it will be important 

to continue exploring various augmentation techniques and data balancing strategies to 

ensure the model's effectiveness across different datasets and real-world applications.  

4 Conclusions 

In summary, the HusHem dataset allowed DenseNet to achieve impressive results, 

thanks to its balanced class distribution and higher image resolution, while the SCIAN 

dataset posed more challenges due to its smaller image size and class imbalance. Data 

augmentation played a critical role in enhancing the model's performance, especially 

for the minority classes. The DenseNet architecture, with its feature reuse across layers, 

proved effective in preventing overfitting and ensuring generalization, but further im-

provements could be explored by incorporating ensemble models or employing more 

advanced augmentation techniques. These findings underscore the importance of da-

taset quality and balance in achieving high-performance results in sperm morphology 
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classification, as well as the potential for deep learning models like DenseNet to con-

tribute to automated reproductive health diagnostics.  
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