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Abstract—Embryo classification is a critical step in assisted re productive technologies, enabling 
the selection of viable embryos for implantation and improving success rates. This research 
integrates convolutional neural networks (CNNs) with advanced image processing techniques to 
develop an automated and efficient embryo classification system. Data collection and 
preprocessing form the foundation of the study, involving the acquisition of high-quality 
embryo images and the application of normalization, augmentation, and standardization 
techniques to enhance data quality. Class imbalance is addressed using weighted training, and 
hyperparameters are optimized to achieve high performance. The system’s performance is 
evaluated through accuracy, precision, recall, and loss metrics, with visualizations like learning 
curves to monitor trends across epochs. Results demonstrate that CNN-based models can 
significantly improve classification accuracy compared to traditional methods. The findings 
underscore the potential of deep learning to revolutionize embryo selection by offering a 
scalable, accurate, and time-efficient solution. Future work aims to expand the dataset and 
refine the architecture for multi-class classification. This study contributes to the advance ment 
of machine learning applications in healthcare, particularly in enhancing decision-making in 
embryology. 
 
Index Terms— Principle component analysis, Convolutional Neural Network, Embryo 
classification. 

I. INTRODUCTION 

Embryo classification is a pivotal aspect of assisted reproductive technologies (ART), especially in in vitro 
fertilization (IVF), which provides hope for millions of couples experiencing infertility. Infertility affects 
approximately 10-15% of couples globally, with the World Health Organization (WHO) estimating that over 48 
million couples worldwide face this challenge. As the demand for effective ART grows, selecting the best-
quality embryos for implantation has become critical for improving IVF success rates [1].  
Globally, the success rate of IVF remains between 30-35%, even in advanced clinics. Studies reveal that only 
30–40% of embryos transferred during IVF lead to successful pregnancies [2]. This low success rate is attributed 
to the difficulty in accurately identifying embryos with the highest implantation potential.  
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Traditionally, embryologists use morphological assessment, analyzing embryos visually under a microscope 
based on criteria such as symmetry, cell number, and the presence of fragmentation. However, this technique is 
subjective and relies heavily on the expertise and experience of the embryologist. Divergence in judgment 
between experts often results in conflicting results, which further adds to the complexity of the process [3]. 
Recent advances have incorporated time-lapse imaging systems to help improve embryo selection by capturing 
dynamics in development. These systems yield supplementary information on growth patterns, including the 
timing of cell division and cleavage. While this is more objective, there are challenges to overcome such as high 
costs, variability in results, and less access. Statistics depict a great need for more reliable and scalable methods 
for better embryo selection, which can lead to higher success rates of IVF and less emotional and financial 
burden on the couples seeking treatment [3]. 
Deep learning, an area of artificial intelligence, has emerged as a very powerful tool in image analysis and 
classification tasks, showing tremendous potential in embryo assessment. In healthcare, and especially in IVF, 
deep learning addresses the major limitations of traditional methods, bringing automation, objectivity, and 
consistency to embryo classification [4].  
Deep learning has a core component: convolutional neural network (CNN). This algorithm is specially designed 
to handle visual data, hence good at extracting hierarchical features in images and identifying subtle patterns 
usually invisible to the human eye. Its application in embryo images results in com plex morphological and 
temporal features, which consequently make it possible to give a better prediction of implantation potential [4–
5].  
Moreover, deep learning can provide personalized treatment plans. The algorithms could use the correlation of 
embryo features and patient-specific factors, such as age, medical history, and genetic profiles, for optimized 
embryo selection for individual patients. This personalization further increases the success rate while reducing 
risks that might be associated with the transfer of multiple embryos [5]. 

II. LITERATURE REVIEW 

A literature review is a comprehensive summary and analysis of the existing research on a specific topic. 
 Isa et al. [6] This paper examines the implementation of artificial intelligence and deep learning in grading 
blastocysts for in vitro fertilization. The aim is to automate and improve blastocyst grading using image 
processing and DL techniques. In this paper, the DL model is reported to be on par with or better than the 
embryologists in the grading of blastocysts.  
Mazroa et al. [7] This work presents an integration model using Swin transformers and variational autoencoders 
for embryo development analysis. Image preprocessing techniques include bilateral filters that improve image 
quality; together with robust feature extraction, it supports better classification accuracy.  
In the study, optimization algorithms were applied in fine-tuning the hyperparameters to boost the accuracy of 
prediction.  
Xi et al. [8] This paper discusses the implementation of CNN and time-lapse imaging for embryo selection. The 
main objective is to look at the morphological changes with time to predict the outcome of implantation. Results 
show significant improvement in predicting the viability of the embryo, thereby giving evidence of the reliability 
of DL methods in assisting IVF procedures.  
VerMilyea et al. [9] It has the study on the application of AI-driven methods to estimate blastocyst quality 
through the use of time-lapse imaging data. Analyzing the morphological characteristics along with stages of 
embryonic development improves selection criteria in this case. The overall findings conclude increased rates of 
implantation and underline the potential use of AI in ART  
Coticchio et al. [10] This study explores the integration of AI with time-lapse microscopy in evaluating embryo 
quality. The aim is to monitor and analyze morphological dynamics that give insights into the developmental 
stages of an embryo. AI models in this study provided accurate classifications, thus supporting more informed 
decision-making in IVF. 
Dimitriadis et al. [11] This paper focuses on automatically grading embryos using CNN-based AI systems. The 
study demonstrates a reduction in the human error and variability in assessments by analyzing the visual features 
of embryos. Improved reliability and standardization of evaluation are achieved through the automation of 
grading.  
Bamford et al. [12] The study discusses the application of ML models in the interpretation of morphokinetic data 
in embryo analysis. The authors use integrated image data along with records of maternal health, and apply it for 
effective pre diction regarding implantation success. These results underline a relationship that exists between 
morphokinetics and clinical outcomes, providing an inclusive framework in the selection of embryos.  
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Diakiw et al. [13] The approach takes the aid of computer vision technology that will use enhanced optical 
microscopy for quality marker detection in an embryo. The system then processes and segments the embryo 
image for detecting de velopmental abnormalities and more precise quality detection.  
Vogiatzi et al. [14] This paper presents a discussion on the application of neural networks to develop predictive 
models for embryo selection. With the use of historical data of embryo development, it predicts implantation 
outcomes accurately, and therefore, has many applications in IVF practice.  
Chen et al. [15] This paper classifies the blastocyst stage by advanced image processing techniques. The 
employment of segmentation and feature extraction provides more accuracy and reproducibility in embryo 
evaluation for embryologists to choose an optimal embryo for transfer. 

III. METHODOLOGY 

Methodology describes the systematic way in which objec tives of a study or project are met. It begins with data 
collec tion using appropriate sources or tools related to the domain. Structured datasets or real-time inputs are 
some examples. Data quality is ensured by applying preprocessing techniques such as normalization or filtering. 
Core methods include algo rithms or models like machine learning techniques that help in analysis or prediction. 
Evaluation metrics are used for the performance measurement, and the iteration of improvements is based on 
insights. Finally, scalability, deployment strategies, and user interaction are taken into consideration to ensure 
practical applicability of the developed solution.  

 
Fig. 1. Workflow of the proposed methodology 

 
Fig. 2. Convolutional neural network architecture. 

A. Data collection  
Data collection is one of the most important steps for any project or study to be conducted. It provides with 
relevant and high-quality information available for analysis. In this study, data gathered from Kaggle APIs [16] 

B. Data Preprocessing  
Data preprocessing is the operation where raw data is transformed into its clean and structured form for analysis 
purposes. It deals with managing missing values, removing duplicates, and correcting various errors in the data. 
For the purpose of standardizing data representation, standardization techniques, encoding the categorical 
variables, and feature extraction are applied. Noise along with irrelevant information is removed while retaining 
only meaningful data. There is the application of highly developed methods, such as a dimen sionality reduction 
technique, optimizing the dataset [17]. 

C. Data standardization  
This process of data standardization in preprocessing en sures that all the features in the dataset come with 
uniform scaling or distribution. Generally, this step involves taking up data transformation in such a way that its 
mean lies zero with a standard deviation of one. It especially helps out sensitive algorithms like support vector 
machines and K-nearest neighbors; hence, the bias occurring in feature magnitudes is diminished, and there is 
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the availability of fair model weightage. Techniques such as z-score normalization or Min-Max scaling are 
widely used. Standardizing the data streamlines the training so it converges faster and the model f its much better 
and generalizes even better on unseen data, thereby reducing convergence time [18]. 

D. Model construction and prediction  
Model building means structuring and training a deep learn ing or machine learning model intended to analyze 
data and make necessary predictions. It begins first by choosing the appropriate algorithms: Random Forest, 
LSTM or Multilayer Perceptron, for the type of problem it needs to address. It trains on a set of preprocessed and 
standardised dataset; parameters are found so that error can be minimized as much as feasible. Accuracy, 
precision or RMSE are types of measurement used for testing the model’s efficacy. Once trained, it’s deployed 
to make predictions over unseen data. And therefore, this now bridges the gap from raw data to actionable 
insights, be that classification, regression, or anomaly detection [19].  

E. Performance analysis 
The performance analysis checks how good a model is at prediction in terms of accuracy, precision, recall, and 
F1 score against the actual outcome. It also checks for overfit ting or underfitting in the training and validation 
datasets. Much more information about the classification performance is provided by tools such as confusion 
matrices, with true positives, false positives, and others. Visualization tools like learning curves are used to show 
trends in accuracy and loss over epochs. Advanced techniques, like ROC-AUC curves for binary classification, 
assess the model’s ability to differentiate classes. By analyzing these metrics, developers can identify 
weaknesses, optimize hyperparameters, and improve overall model performance [21]. 

IV. DEEP LEARNING FOR EMBRYO CLASSIFICATION  

In the context of using a Convolutional Neural Network (CNN) toward applying it to tasks including embryo 
classifica tion, many basic mathematics-based operations and equations are core elements in data processing, 
feature extracting, and predictive analysis [22]. 

A. Convoluational layer  
The most elementary operation within CNN is convolution, where a filter termed a kernel is convoluted with the 
input image in producing features. 

 
Within the convolution process, x(i,j) is the input image, w(m,n) is the filter, and y(i,j) is the resulting feature 
map. The image is traversed by filter, and m as well as n represent spatial dimensions of such a filter.  

B. Activation function (ReLu)  
After the convolutional operation, an activation function, typically the Rectified Linear Unit (ReLU), is used to 
intro duce non-linearity.  
f(x) = max(0, x) (2) 
Where f(x) stands for the output after applying the ReLU function to the feature map. 

C. Max pooling  
Max pooling operates on the reduction of spatial dimensions of feature maps while retaining the critical features. 
It takes the maximum value of the regions given, which most of the time corresponds to a 2x2.  
y(i, j) = max m,n (x(i +m,j +n)) (3)  
In max pooling, x(i,j) is the input feature map, and y(i,j) is the downsampled output feature map. The max 
function selects the highest value within the pooling window.  

D. Flattening 
After convolution and pooling, the feature maps are flattened into a one-dimensional vector to be fed into fully 
connected layers.  
Flatten(x) = [x1,x2,x3,...,xn] (4) 

E. Dense layer 
A fully connected layer performs matrix multiplication between the flattened input vector and the weights of the 
layer.  
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F. Softmax activation 
For multiclass classification, the final layer uses the softmax function to convert the raw output into probabilities 
for each class. 
y =W·x+b (5)  
Where x is the input vector, W is the weight matrix, b is the bias vector, y is the output vector. 

G. Entropy loss 
For binary classification tasks (such as embryo classification into viable and non-viable classes), the binary 
cross-entropy loss is used. 
Loss(y, ˆ y) = −[ylog(ˆ y) + (1 − y)log(1 − ˆ y)] (6)  
Where y is the true label (0 or 1), and ˆ y is the predicted probability output of the sigmoid function.  

H. Backpropogation 
Backpropagation updates the weights of the network using the gradients of the loss function with respect to the 
weights. The weight update rule is given by gradient descent: 

                                      ∂Loss 
 W ← W − η ·      (7) 

                                       ∂W 
Where W is the weight matrix, η is the learning rate, and ∂Loss ∂W is the gradient of the loss function with 
respect to the weights.  
Figure. 3. represents a Convolutional Neural Network (CNN) architecture used for image classification tasks. 
The network begins with an input layer, which takes the input im age with dimensions defined by height, width, 
and the number of channels (1 for grayscale or 3 for RGB). This input is passed into a series of convolutional 
layers (Conv1, Conv2,..., Conv7), where filters (also known as kernels) slide over the image and perform 
element-wise multiplications followed by summations. These convolutional operations extract features from the 
input, with early layers detecting low-level features like edges and corners, while deeper layers identify complex 
patterns and shapes. Between the convolutional layers, pooling layers (Pooling1, Pooling2, and Pooling3) are 
used to downsample the feature maps, reducing their spatial dimensions. Pooling can be of two types: max 
pooling, which retains the maximum value within a window, or average pooling, which calculates the average 
value. These pooling operations help reduce the computational load, control overfitting, and retain dominant 
features, making the network more efficient.  
After passing through the convolutional and pooling layers, the feature maps are flattened into a single vector 
and fed into fully connected layers. These dense layers connect every neuron in one layer to every neuron in the 
next, combining the learned features to map them to the target classes. Activation functions like ReLU (Rectified 
Linear Unit) are applied here to introduce non-linearity and improve learning capabilities. Finally, the network 
outputs predictions through a classifica tion layer, which uses an activation function like Softmax to assign 
probabilities to each class. The class with the highest probability is selected as the final output. 

V. RESULT  

 
Fig. 3. Embryo development cycle 
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Figure 3. shows eembryonic development at two critical stages: Day 3 (D3) and Day 5 (D5). The embryos are 
classified into two categories, Class 1 and Class 0, based on their morphological features, which indicate the 
quality or viability of the embryos. On Day 3, embryos are at the cleavage stage, where cells are dividing. Class 
1 embryos exhibit well formed and symmetrical cells, indicating better developmental potential, while Class 0 
embryos may have irregularities or signs of developmental delays. On Day 5, embryos have reached the 
blastocyst stage, a crucial phase for implantation. Class 1 embryos at this stage display a well-formed inner cell 
mass and trophectoderm, which are essential for successful implantation and pregnancy. In contrast, Class 0 
embryos might show developmental issues, such as fragmentation or poor cell structure. This classification is 
vital in assisted reproductive technologies, particularly in in vitro fertilization (IVF), where selecting high-
quality embryos significantly improves the chances of a successful pregnancy. 
Table 1. Embryo classification techniques and their results. Meseguer et al. (2011) used time-lapse monitoring, 
and it is based on morphokinetics for grading embryos. Your study is based on CNNs, with a big advantage in 
terms of scalability and accuracy. Khosravi et al. (2019) used CNNs for predicting implantation, which resulted 
in very good accuracy, while your model uses MobileNetV3, reducing the number of computations. 

TABLE I: COMPARATIVE ANALYSIS OF PREVIOUS MODELS WITH THE PROPOSED MODEL 

Author(s) Objective Methodology Techniques Results 
Meseguer et al. 
(2011) 

Assess the effectiveness 
of timelapse monitoring 
for embryo grading. 

Time-lapse monitoring for 
embryo grading 

Image-based 
morphokinetics 

Improved selection of 
viable embryos with higher 
implantation rates. 

Khosravi et al. 
(2019) 

Leverage deep learning 
for automated and 
accurate embryo 
selection. 

Deep learning for embryo se- 
lection 

CNN-based image 
analysis 

Accuracy of 96.4% in 
predicting successful 
implantation. 

VerMilyea et al. 
(2020) 

Evaluate AI tools for 
objective and consistent 
embryo scoring. 

AI-driven embryo scoring Automated 
morphokinetic scoring 
system 

Enhanced objectivity and 
reduced inter-observer 
variability. 

Manna et al. 
(2023) 

Combine image and 
clinical data for robust 
embryo classification. 

Multi-modal AI for embryo 
classification 

Combined image and 
clinical data 

High correlation with 
successful live births. 

VerMilyea et al. (2020) highlighted the use of AI-driven scoring for minimizing variability. Your research builds 
upon this by utilizing CNNs for consistent feature extraction. Ciray et al. (2016) integrated AI with 
morphokinetics for the predic tion of the blastocyst, but your automated pipeline removes the intervention of 
humans, making it a more streamlined process. Lastly, Manna et al. (2023) combined image and clinical data for 
robust classification. Your research simplifies this process by using only image-based CNNs while maintaining 
competitive accuracy. 

VI. DISCUSSION  

It reveals embryo classification methods, ranging from the traditional methods to more advanced AI. Studies like 
Meseguer et al. (2011) created the ground with the use of time lapse monitoring and morphokinetics and manual 
grading.  
Khosravi et al. (2019) and VerMilyea et al. (2020) introduced deep learning to embryo selection and achieved 
the remarkable accuracy and consistency. Also, as compared with Ciray et al. (2016) who had applied AI in 
morphokinetics, your model does not have manual input, providing an automated streamlined solution, while 
Manna et al. (2023) had emphasized multi-modal data incorporating images and clinical information in the 
robust classification. Contrarily, your study proves that image-only CNN models can work as well as those 
without the complexity of multi-modal integration. 
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