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Abstract: Artificial intelligence is evolving in the field of embryology, offering exciting possibilities for improved results 

in Assisted Reproductive Technologies such as In Vitro Fertilization. The morphological quality of blastocysts of day 

5 human embryo is a vital factor for determining the success of In Vitro Fertilization Hence making accurate and 

automated analysis of embryonic structures essential. To achieve an automated assessment of human embryo 

quality on the basis of morphological image features, it is crucial to precisely segment the regions of the embryo. In 

this research, a comprehensive analysis of U-Net and its variants for the semantic segmentation of human embryo 

day 5 blastocyst images is performed. Based on this insights gained from the comparative analysis, a novel Ensemble 

segmentation model is proposed to exploit the complementary strengths of multiple models. The proposed ensemble 

approach demonstrates robust performance, achieving an overall segmentation accuracy of 98%, with an F1-score 

of 0.95081 and a Jaccard index of 0.90625, indicating high spatial agreement between predicted and ground-truth 

segmentations. The framework effectively addresses key challenges inherent to blastocyst imaging, including low-

contrast boundaries, heterogeneous cellular organization, and limited annotated data. By enabling precise and 

reproducible segmentation of critical embryonic regions, the proposed method provides a reliable foundation for 

automated embryo quality assessment and grading systems. This work also contributes to the integration of 

biologically inspired computational models into clinical embryology and supports the broader adoption of AI-driven 

decision support tools in reproductive medicine. 

Keywords: In Vitro Fertilization (IVF), Image Analysis, Artificial Intelligence, Deep Learning Neural Networks, Human 

Embryos, Day-5 Blastocysts. 

 

1. Introduction 

Infertility is a disease of the male or female 

reproductive system defined by the failure to achieve a 

pregnancy after 12 months or more of regular 

unprotected sexual intercourse. [1] That is it affects up 

to 15% of reproductive aged couples worldwide and 

estimate the overall prevalence of primary infertility in 

India is between 3.9 to 16.8% .A survey under phase 2 

of National Family Health Survey (NFHS-5, 2019) 

released factsheets on India's Total Fertility Rate (TFR), 

the average number of children per woman, has further 

declined from 2.2 to 2 at the national level [2, 3]. This 

can be caused by a number of causes, including age, 

lifestyle choices, environmental variables, hormonal 

imbalances, and abnormalities of the reproductive 

system. Depending on this, infertility may be temporary 

or chronic and may necessitate medical intervention, 

including fertility treatments like Assisted Reproductive 

Technology (ART) [4]. It helps people with difficulties to 

conceive a child naturally by enhancing the probability of 

pregnancy. Among them IVF is the most common 

infertility treatment, whose success is predominately 

depends on the quality of the embryo. The main 

challenge for the embryologist is to identify this quality 

embryo to be transferred that is most likely to implant. 

This selection process should be accurate, non-invasive, 

inexpensive, reproducible, and available to IVF 

laboratories worldwide. [5] A single-embryo transfer is 

considered as priority as it helps to avoid high risks 

during the pregnancy [6].  

 Most commonly, the quality of an embryo is 

classified or graded by an embryologist. An embryologist 

can evaluate the viability of an embryo in the blastocyst 

stage via manual  assessment of its morphological 

features, such as the zona pellucida (ZP), 

trophectoderm (TE), blastocoel (BL), and inner cell mass 
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(ICM) as illustrated in the Figure1. However, these 

conventional visual evaluations of embryo morphology 

have high intervariability and intravariability, and the lack 

of consistency in such assessments leads to 

unevenness in decision-making, which is detrimental to 

both patient care and the progress of the field overall. [7] 

Studies demonstrate that AI based methods decrease 

the variability among human observers by 40% while 

achieving equivalent accuracy. This reduction in inter-

observer variability could significantly standardize 

embryo selection procedures across different clinical 

settings [8]. In this context, segmenting the regions of 

the embryo is indispensable, garnering significant 

attention as a demanding area of research.  

Many studies are being conducted to use 

artificial intelligence in all feasible methods in order to 

create accurate, and effective technological inventions 

and healthcare is of no exception. [9]. AI also transforms 

embryology, with the ability to accommodate everything 

from embryo selection to child care. Deep learning 

based architectures have shown remarkable results in 

image segmentation, outperforming traditional machine 

learning approaches in terms of both accuracy and 

speed [10]. Among these architectures, U-Net has 

emerged as a seminal model for biomedical image 

segmentation due to its encoder–decoder design and 

efficient feature reuse through skip connections [11]. In 

embryology-related applications, U-Net-based models 

have been successfully applied [12]. However, 

blastocyst images pose unique challenges, including 

low-contrast boundaries, heterogeneous cellular 

organization, imaging artifacts, and limited availability of 

annotated datasets. Dilated convolutional networks have 

also demonstrated improved performance by capturing 

global contextual information, which is particularly 

important for segmenting spatially extended embryonic 

structures such as the blastocoel and zona pellucida 

[13]. Despite these advances, no single network 

architecture consistently achieves optimal performance 

across all segmentation targets. Models emphasizing 

fine boundary detail may underperform in capturing 

global context, while context-aware models may 

compromise local structural accuracy. Ensemble 

learning has emerged as a robust solution to this 

challenge by combining multiple complementary models 

to reduce prediction variance and improve 

generalization [14]. Ensemble-based segmentation 

frameworks have demonstrated superior robustness and 

accuracy across diverse biomedical imaging tasks 

compared to individual models [15]. 

Motivated by these developments, this study 

proposes a novel ensemble segmentation framework 

that integrates a modified U-Net and a modified Dilated 

U-Net for the semantic segmentation of day-5 human 

blastocyst images. The modified U-Net is designed to 

enhance fine-grained boundary delineation of critical 

embryonic regions, particularly the ICM and TE, through 

improved feature fusion. Concurrently, the modified 

Dilated U-Net employs atrous convolutions to effectively 

capture multiscale contextual information essential for 

accurate segmentation of the BL and ZP. The ensemble 

strategy fuses the complementary predictions of both 

architectures to mitigate individual model biases and 

improve segmentation robustness. The proposed 

framework is evaluated using standard segmentation 

metrics, including Dice similarity coefficient, Jaccard 

index, precision, recall, and F1-score, following 

established medical image analysis protocols [16]. By 

enabling accurate, reproducible, and anatomically 

consistent segmentation of blastocyst components, this 

work provides a technically sound foundation for 

downstream automated embryo grading systems and 

supports the clinical translation of AI-assisted decision 

support tools in assisted reproductive technology. 

 

2. Background 

The literature survey is the foundation of the 

research, the main aim to determine the key trends in 

segmentation and highlights the findings merits and 

demerits. [17] Proposed an Ensemble Deep 

Convolutional Neural Network (EDCNN) model which 

integrates the strengths of the MobileNet and Xception 

to produce an accuracy of 87.82% on Dataset1 and 

85.69 on Dataset 2.  

 

 

 

 

 

 

 

 

 

Figure 1. Blastocyst microscopic Image with colour annotation and schematic representation 
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[18] Proposed a semantic segmentation of 

human blastocyst components using atrous spatial 

pyramid pooling (ASPP) combined with dense 

progressive upsampling model to capture multi scale 

contextual and structural boundaries in blastocyst 

images. [19] Evaluated multiple neural network models 

for accurate semantic segmentation of human oocytes, 

enabling extraction of morphological features, based on 

these evaluation a tuned model is proposed for oocyte 

region extraction. [20] An automated approach to 

segment human embryo in early-stage development 

from a sequence of dark field microscopy images is 

introduced where segmentation is considered as an 

energy minimization problem, and solved efficiently via 

graph-cuts. [21] Introduced Ensemble Edge Fusion, a 

novel ensemble learning–based framework designed to 

improve semantic segmentation performance in 

microvascular decompression (MVD) imaging. 

 

Table 1. Comparative Analysis of Ensemble semantic segmentation models 

S.no
. 

Reference Application  Method Used  
Ensemble 
Type 

Limitations  

1. 
Islam et al., 
2024 [17] 

Breast cancer image 
analysis 

Ensemble Deep 
CNN (MobileNet 
+ Xception) 

Model-level 
ensemble 

Performance drops 
across datasets 

2. 
Bormann et 
al., 2019 
[18] 

Blastocyst 
component 
segmentation 

ASPP + Dense 
progressive 
upsampling 
(BLAST-NET) 

Implicit multi-
scale 
ensemble 

Limited dataset size 

3. 
Targosz et 
al., 2021 
[19] 

Human oocyte 
segmentation 

CNN-based 
semantic 
segmentation 

None No ensemble strategy 

4. 
Khan et al., 
2016 [20] 

Early-stage embryo 
segmentation 

Graph-cut 
energy 
minimization 

None 
Limited to early-stage 
embryos 

5. 
Dhiyanesh 
et al., 2025 
[21] 

Medical image 
segmentation (MVD 
imaging) 

Ensemble Edge 
Fusion 

Explicit 
ensemble 

Domain-specific 
validation 

6. 
Diakogianni
s et al., 
2020 [22] 

Remote sensing 
segmentation 

ResUNet-a 
Multi-branch 
residual fusion 

Not biomedical 

7. 
Huang et 
al., 2020 
[23] 

Medical image 
segmentation 
(CT/MRI) 

UNet 3+ 
Full-scale skip 
fusion 

High memory usage 

8. 
Kamnitsas 
et al., 2017 
[24] 

Biomedical image 
segmentation 

Multilevel dilated 
residual network 

Multi-scale 
dilation 

No ensemble 
aggregation 

9. 
Saadati et 
al., 2023 
[25] 

Medical image 
segmentation 

Dilated 
Transformer + U-
Net 

Hybrid 
architecture 

Limited clinical 
validation 

10. 
Nematzade
h et al., 
2023 [26] 

Melanoma detection 
Ensemble + GA-
based explainer 

Explicit 
ensemble with 
explainability 

Computationally 
expensive 

11. 
Rad et al., 
2020 [27] 

Trophectoderm 
segmentation in 
human embryo 
images 

Inceptioned U-
Net 

Multi-branch 
feature 
learning 
(implicit) 

High computational 
complexity 

12. 
Uysal et al., 
2022 [28] 

Human embryo 
segmentation 

U-Net variants None 
Absence of explicit 
ensemble strategy 

13. 
Arsalan et 
al., 2022 
[29] 

Blastocyst 
component 
detection (ICM, TE, 
Blastocoel) 

Multiscale 
aggregation 
semantic 
segmentation 
network 

Implicit multi-
scale fusion 

Dataset-specific 
evaluation 

14. 
Wang et 
al., 2021 
[30] 

Automatic blastocyst 
evaluation using 
multifocal images 

Deep CNN 
framework 

None 
Increased 
computational cost 
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The proposed Ensemble Edge Fusion method 

achieved a superior MIoU of 77.73%, outperforming 

each individual architecture on the MVD dataset, and 

demonstrated enhanced segmentation accuracy and 

boundary delineation across multiple anatomical 

categories. [22]  Proposed ResUNet-a, a residual U-

Net–based architecture for segmentation in remote 

sensing imagery which  integrates residual connections, 

atrous convolutions, and multi-scale feature fusion to 

improve segmentation accuracy It is an ensemble and 

multi-branch segmentation frameworks. [23] describes a  

U-Net architecture that aggregates multi-resolution 

features across all encoder and decoder stages which 

improves boundary structures and contextual 

awareness in medical image segmentation tasks such 

as CT and MRI analysis. [24] Proposed a multilevel 

dilated residual network capture both fine-grained local 

details and broader contextual information.  

The residual learning framework improves 

feature propagation and convergence, resulting in 

enhanced segmentation accuracy. [25] Presented a 

hybrid segmentation architecture that integrates a 

Dilated Transformer with a U-Net backbone to enhance 

global contextual modelling and local feature extraction 

in medical image segmentation tasks. [26] Introduced an 

ensemble-based image segmentation framework 

integrated with a genetic algorithm (GA)–driven 

explainer for melanoma detection which combines 

multiple segmentation models and leverages 

evolutionary optimization to improve both prediction 

accuracy and interpretability. [27] proposed an 

inceptioned U-Net architecture for accurate 

trophectoderm segmentation in human embryo images. 

By integrating Inception modules into the U-Net 

framework, the model effectively captured multi-scale 

contextual features, resulting in improved boundary 

segmentation [28] conducted a comparative evaluation 

of multiple U-Net–based architectures for human 

embryo segmentation, demonstrating that architectural 

modifications such as depth variation and skip-

connection refinement significantly influence 

segmentation accuracy and robustness. [29] Introduced 

a multiscale aggregation semantic segmentation 

network for detecting human blastocyst components, 

enabling precise localization of the inner cell mass 

(ICM), trophectoderm (TE), and blastocoel through 

hierarchical feature fusion. [30] presented a deep 

learning framework for automatic blastocyst evaluation 

using multifocal embryo images, where multi-focus 

feature integration improved segmentation reliability and 

supported downstream embryo quality assessment. 

Collectively, these studies highlight the effectiveness of 

multi-scale feature learning and U-Net–based 

architectures for Day-5 blastocyst segmentation. 

 

2.1 Problem statement 

The IVF has very low success rate, long-haul 

process, chances of multiple pregnancies (preterm 

labor, gestational issues), and high cost, which is 

unaffordable to common people. 

 

 

Figure 2. Overview of the methodology  
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As an emerging field, the lack of available 

medical experts, the potential for interobserver 

variability, and the laborious process of evaluation 

without a standard method underscore the need for an 

automated system. With the advancement of AI, a deep 

learning-based method leading to earlier detection and 

better patient outcomes is pivotal. However, segmenting 

the regions of the embryo is important, as it is the 

necessary first step for further processing. Semantic 

segmentation of human embryo images presents a 

unique challenge because of the complex shapes and 

textures involved. Single deep neural network 

architectures, such as standard U-Net or its variants, 

exhibit limitations in capturing both fine spatial details 

and long-range contextual information. Additionally 

many current segmentation approaches demonstrate 

limited robustness when applied to small, imbalanced 

datasets especially like of embryo imaging, whereby 

increasing the risk of overfitting and reduced 

generalizability in clinical settings. Therefore, it is 

necessary to bring lightweight, robust and reliable 

semantic segmentation framework. 

The Figure 2 illustrates the proposed Ensemble 

based embryo image analysis pipeline. Raw embryo 

images are first acquired and subjected to data 

extraction and data preparation, including preprocessing 

and mask generation. The processed inputs are then fed 

into a pre-trained ensemble framework, where Modified 

U-Net and Modified Dilated U-Net models are combined 

using stacking to form the proposed Ensemble model. 

The system supports both binary and multiclass 

segmentation, leveraging multiple architectures (U-Net, 

Attention U-Net, ResU-Net, ResU-Net++, Dilated U-Net, 

and U-Net++). Model performance is quantitatively 

evaluated using Accuracy, Precision, Recall, F1-score, 

and Jaccard index. 

The overview of the study is as follows: 

1. Materials and methods: Examine briefly the 

dataset and its description. 

2. Methodology: Explains the methods used in 

the experimental study and the proposed 

methodology. 

3. Results and Discussion: Performance 

evaluation of the model is discussed. 

3. Materials and Methods 

3.1 Dataset Description 

This study makes use of the sole publicly 

accessible human blastocyst dataset, which was first 

presented by [13]. The dataset includes 249 photos of 

embryos captured at the Pacific Centre for Reproductive 

Medicine (PCRM) in Canada using an Olympus IX71 

inverted microscope fitted with Nomarski differential 

interference contrast (DIC) optics. Using the VGG image 

annotator (VIA), experts from Acıbadem Fulya Hospital 

IVF Center classified portions of the embryo in photos as 

either background or embryo. Using the OpenCV library, 

all of the embryo's closed border coordinates were 

entered into an annotated CSV file to create ground truth 

images. The input embryos (blastocysts) and the 

corresponding area masks are shown in Figure 3. The 

overlay mask that shows the regions' color mapping are 

shown below 

 

3.2 Dataset pre-processing 

Image pre-processing is the most essential step 

to obtain better performance from the deep learning 

model especially for smaller datasets. Data 

augmentation can prevent overfitting in training data and 

provide better generalizability to test data. To enhance 

training data, the samples are rotated, horizontally and 

vertically flipped, shifted, and zoomed 20 times to 

increase the dataset size to 5418 synthetic images. To 

further support early stopping based on validation loss 

and dropout layers were used within the network to 

prevent co-adaptation of features. The dataset [13] used 

for research consists of 249 images of size 512--512 that 

were resized to (128, 128). The images are electron 

microscopy images saved in PNG format. Though the 

images were augmented, the overfitting problem is still a 

concern in training the model to mitigate this concern, k-

fold cross-validation was employed on the full dataset. A 

5-fold cross-validation strategy was introduced where 

the dataset was divided into five mutually exclusive folds. 

In each iteration, four folds were used for training and 

one fold for validation, ensuring that each image 

contributed to validation exactly once as shown in Figure 

4. 

 

 

Figure 3. a) Sample input image b) Ground truth of the zona pellucida. c) Ground truth of the 

trophectoderm. d) Ground truth of the inner cell mass. e) Color-mapped ground truth. 
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Figure 4. Augmentation methods and cross validation 

Where augmented images derived from the 

same original embryo are grouped together before 

dataset partitioning. This ensures that augmented 

versions of a single image are not simultaneously 

present in both training and validation sets, thereby 

preventing data leakage. The bottom section depicts the 

5-fold cross-validation protocol [31]. The augmented 

dataset is divided into five mutually exclusive folds. In 

each iteration, four folds are used for training, while the 

remaining fold, highlighted with red bounding boxes is 

used exclusively for validation. This process is repeated 

five times, allowing each fold to serve as the validation 

set once. The corresponding color-mapped outputs 

illustrate model predictions for training and validation 

samples. Performance metrics were averaged across 

folds to obtain a more robust and unbiased estimate of 

model performance. This approach reduces variance 

associated with a single train test split and improves 

confidence in the reported results, particularly for limited 

medical imaging datasets. Together, these measures 

help improve model generalization despite the limited 

dataset size. 

 

4. Methodology 

The U-Net convolutional neural network and its 

numerous variants are the pioneers in the state-of-the-

art performance in medical image segmentation. This 

section explains U-Net and its variants, which are 

employed in this work to analyse the different artifacts of 

the blastocyst image. . Ultimately, an ensemble model 

with different strategies is proposed, and it outperforms 

all the other models. 

 

4.1 U-Net and its Variants 

The capacity of the U-Net architecture to 

precisely divide organs and other structures from 

medical pictures has made it well-liked in the medical 

imaging profession. Developed by Olaf Ronneberger 

[11], U-Net is a convolutional neural network (CNN) that 

excels at picture segmentation tasks. Although it was 

initially created for the segmentation of biomedical 

images, it has been used for a wide range of 

segmentation issues. The network's contracting path is 

made up of max pooling layers after a sequence of 

convolutional layers. 

By gradually downsampling the input image and 

learning hierarchical features, it is able to capture its 

context. Convolutional layers come after a sequence of 

upsampling layers in the Expansive Path, which is 

symmetric to the encoder. Reconstructing the image's 

spatial dimensions from the encoder's learned 

compressed feature representations is the aim of the 

decoder. The appropriate encoder and decoder layers 

are directly connected via a skip link. These links give 

the reconstructed output fine-grained details and assist 

the network in recovering spatial information that may be 

lost during downsampling. In order to decrease the 

number of feature channels to the required number of 

output classes for segmentation, the last layer of the U-
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Net is often a 1x1 convolution. Through the prediction of 

a binary mask for every pixel in the input image, this 

procedure allows the network to capture the image's 

high-level properties. 

Numerous variations of U-Net have been 

developed, particularly for the segmentation of medical 

images. The diagrammatic depiction of U-Net and its 

variations covered in this work is displayed in Figure 5. 

Pay attention In order to improve its performance, U-Net 

[27] integrates attention mechanisms into the 

conventional U-Net architecture. This allows the model 

to focus on more pertinent features while suppressing 

irrelevant ones, further refining the feature maps by 

giving importance to various feature map regions. In 

order to provide a more resilient architecture for 

improved performance, the ResU-Net model [28] use 

residual units rather than simple neural units.The 

residual units used in the encoder, bridge, and decoder 

are made up of two convolution blocks and a skip link 

between the unit's input and output. A BN layer, a ReLU 

activation layer, and a convolutional layer are present in 

every convolution block.  

An expansion of the original U-Net architecture 

is called Dilated U-Net [25]. The original U-Net's 

encoder-decoder design is usually maintained in this 

scenario, but both the contracting (encoder) and 

expanding (decoder) routes make use of dilated 

convolutions. This makes it possible for the network to 

efficiently extract both local and global information from 

the input image, leading to more precise segmentation 

outcomes, particularly when objects of interest have 

wide size variations. A stack of five dilated convolution 

layers with dilation rates of 1, 2, 4, 8, and 16 is part of 

the network's core bridge. Residual blocks, squeeze and 

excitation blocks, atrous spatial pyramid pooling, and 

attention blocks are all utilized in the ResUNet++ [22] 

architecture. UNet+++, [23], also known as UNet3+, is 

an enhancement over the original U-Net and UNet++. It 

aims to further improve the segmentation performance 

by integrating features from multiple levels of the 

encoder and decoder via deep supervision and full-scale 

skip connections. 

 

4.2 Proposed Methodology 

The robust ensemble model is proposed by 

leveraging the complementary strengths of U-Net and its 

variants to achieve higher accuracy and to enhance the 

overall predictive performance. The prediction result of a 

single model suffers from noise, bias and generalization 

problems [23]. The underlying principle is that by training 

a diverse set of learners and combining their predictions, 

the ensemble can capitalize on the unique insights and 

perspectives offered by each component model, leading 

to enhanced overall performance. 

 

 

Figure 5. Summary of U-Net and its variant architecture  
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There are several types of Ensemble techniques 

available. The Ensemble strategy assay in this study is 

an ensemble method that involves stacking with a small 

customized neural network (CNN) as a meta-learner. In 

this research, the model selection rationale is based on 

earlier investigations, where attention U-Net yields 

stronger performance in binary segmentation, whereas 

dilated U-Net and U-Net perform exceptionally well in 

multiclass segmentation; therefore, both models are 

employed for further exploration with much improved 

fine-tuning. Figure 5 provides a comprehensive overview 

of the suggested ensemble model. 

The architecture consists of a modified U-Net, 

which aims to address the issues of increasing precision 

while managing computational complexity in terms of 

parameters and FLOPs. In addition, the network's 

performance on image segmentation boundaries can be 

improved. The modified U-Net is incorporated as the first 

component in the ensemble. It focuses on preserving the 

spatial features while reducing overfitting and 

computational overhead. 

 

4.2.1 Strided Convolutional Layers for Efficient 

Down sampling 

The two consecutive 2D convolutional layers are 

engaged with 64 and 128 filters, respectively, a kernel 

size of 3×3, and ReLU activation to preserve spatial 

dimensions. A stride of 2×2 is applied in place of pooling 

to enable learnable downsampling, reducing feature 

map resolution while preserving contextual richness. 

The convolution operation is as follows: 

𝑌 = 𝑅𝑒𝐿𝑈(𝑊 ∗ 𝑋 + 𝑏)                                         (1) 

Where W and b are the learnable weight and 

bias parameter, respectively. 

 

4.2.2 Batch normalization 

To stabilize the training process by reducing the 

internal covariate shift and to reduce sensitivity to 

initialization, batch normalization is introduced after each 

convolution. For a batch 𝐵 = {𝑥₁… 𝑥ₘ}, batch 

normalization is computed via the following formula in 

equation 2: 

𝑖 =
𝑥𝑖 − 𝜇𝐵

√𝜎𝐵2 + 𝜀
 , 𝑦𝑖 = 𝛾𝑥𝑖 + 𝛽                 (2) 

Where 𝜇𝐵 and 𝜎𝐵2  are the batch mean and 

variance, respectively, and 𝛾 and 𝛽 are trainable scaling 

factors. 

 

4.2.3 Max Pooling 

To allow the network to abstract semantic 

information, the max pooling operation with a 2*2 

window is used. This operation also helps with 

translation invariance and reduces the spatial size of 

feature maps.                                                 

𝑌𝑖, 𝑗 = 𝑚𝑎𝑥(𝑚,𝑛)∈𝑅𝑖,𝑗 𝑋𝑚, 𝑛                                   (3) 

 

 

 

Figure 6. Overview of the proposed model methodology  
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4.3.4 Dropout Regularization 

A dropout layer with a probability of p=0.3 is 

applied during training to randomly deactivate neurons, 

reducing overfitting and improving generalizability. 

𝑋𝑚𝑥𝑖=̃𝑥𝑖𝑧𝑖        𝑧𝑖 ∼ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(1 − 𝑝), 𝑛            (4) 

The second part is a modified dilated U-Net, 

which uses the capabilities of dilated convolutions to 

capture multiscale contextual information without 

increasing the number of parameters. This approach 

helps address the limitations of the classical U-Net in 

effectively extracting and integrating features at different 

scales. Like above, batch normalization is used 

consistently after each layer. Dropout after each pooling 

layer. The dilated convolution with a dilation rate of r=2 

is used to exponentially increase the receptive field while 

maintaining resolution. The equation of operation is 

defined as 

𝑦[𝑖] = 𝑘 = 1∑𝐾𝑥[𝑖 + 𝑟. 𝑘]. 𝑤[𝑘]                      (5) 

The outputs of both models are integrated via 

the ensemble stacking method with a small lightweight 

convolution neural network as a meta-learer. Inspired by 

the recent development of modifications in neural 

networks, it consists of a convolutional layer with 32 

filters followed by a flattened layer, as described in 

Figure 6. A dense layer is added to predict better 

multiclass results. The activation function used here is 

the Softmax function. Here, both modified models are 

trained, and the predicted results are concatenated. 

Thus, this strategy works effectively, resulting in more 

fine-grained results 

 

The pseudo code of the proposed model is of  

Input: 

𝐼 ∈ 𝑅𝐻×𝑊×𝐶 : Raw blastocyst embryo image 

Output: 

𝑆𝑓𝑖𝑛𝑎𝑙 ∈ 𝑅𝐻′×𝑊′×𝐶𝑠
  Final segmentation probability 

map 

Initialization: 

Set input resolution 𝐻′ × 𝑊′ = 128 × 128 

Set number of encoder–decoder levels 𝐿 

Set dilation rates 𝐷 = {2, 4,8} 

Set dropout rate 𝑟 

Initialize learnable parameters for Modified U-Net 

Initialize learnable parameters for Modified Dilated U-
Net 

Initialize fusion and refinement convolution 
parameters 

Begin 

Preprocessing :  

Compute global mean 

𝜇 ← 𝑀𝑒𝑎𝑛(𝐼) 

Compute standard deviation 

𝜎𝑙 ← 𝑆𝑡𝑑𝐷𝑒𝑣(𝐼) 

Normalize image  

𝐼𝑛(𝑥, 𝑦) =
𝐼(𝑥, 𝑦) − 𝜇

𝜎
 

Resize normalized image 

𝐼𝑟 ← 𝑅𝑒𝑠𝑖𝑧𝑒(𝐼𝑛, 128 × 128) 

Apply data augmentation 

(rotations, flips, shifts, zoom) 

Branch 1: Modified U-Net 

Initialize encoder feature map set: 

    EU ←  ∅ 

Encoder Path: 

𝑓𝑜𝑟 𝑙 =  1 𝑡𝑜 𝐿 𝑑𝑜 

    𝐹𝑙 ←  𝐶𝑜𝑛𝑣3×3(𝐼𝑟)  +  𝑅𝑒𝐿𝑈 

    𝐹𝑙 ←  𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚(𝐹𝑙) 

    𝐹𝑙 ←  𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝐹𝑙 , 𝑟) 

    𝐹𝑙 ←  𝐶𝑜𝑛𝑣3×3(𝐹𝑙)  +  𝑅𝑒𝐿𝑈 

   𝑆𝑡𝑜𝑟𝑒 𝐹𝑙𝑖𝑛 𝐸𝑢 

   Ir ← 𝑀𝑎𝑥𝑃𝑜𝑜𝑙2×2(𝐹𝑙) 

end for 

Bottleneck: 

    BU ← 𝐶𝑜𝑛𝑣3𝑥3(Ir) + ReLU 

Decoder Path: 

for l = L down to 1 do 

    𝑈𝑙 ← UpSample2×2(𝐵U) 

    𝑈𝑙  ←  𝐶𝑜𝑛𝑐𝑎𝑡(𝑈𝑙, 𝐸𝑈[𝑙]) 

    𝐵𝑈 ←  𝐶𝑜𝑛𝑣3𝑥3((𝑈𝑙)  +  𝑅𝑒𝐿𝑈 

end for 

Output Layer: 

    S1 ← Conv1×1(BU) 

Return S1 

Branch 2: Modified Dilated U-Net 

Initialize encoder feature maps 𝐸𝐷←∅ 

For level 𝑙=1 to L do 

𝐹𝑙′ ← 𝐶𝑜𝑛𝑣3𝑥3(𝐼𝑟) +  𝑅𝑒𝐿𝑈 

𝐹𝑙′←𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚(𝐹𝑙′) 
Store encoder feature maps 

𝐹𝑙′∈𝐸𝐷 

Apply down-sampling 

𝐼𝑟←𝑀𝑎𝑥𝑃𝑜𝑜𝑙2×2(𝐹𝑙′) 
Dilated Bottleneck 

For each dilation rate d∈D: 

𝐵𝑑←𝐷𝑖𝑙𝑎𝑡𝑒𝑑𝐶𝑜𝑛𝑣3×3(,)+𝑅𝑒𝐿𝑈 

Multi-scale Bottleneck Feature Aggregation 

𝐵𝐷←(𝐵2,𝐵4,𝐵8) 

Decoder Path 

For level 𝑙=𝐿 down to 1: 

𝑈𝑙′←UpSample2×2(𝐵𝐷) 

𝑈𝑙′←Concat(𝑈𝑙′𝐸𝐷[𝑙])) 
𝐵𝐷←Conv3×3(𝑈𝑙′)+ReLU 

Output Feature Map 

𝑆2←Conv1×1(𝐵𝐷) 

Ensemble Fusion and Refinement 

Feature-level Fusion 

𝐹←Concat(𝑆1,𝑆2) 

Refinement Convolution 

𝐹←Conv3×3(𝐹)+ReLU 

𝐹←BatchNorm(𝐹) 

𝐹←Dropout(𝐹,𝑟) 

Output Prediction 
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Softmax Classification 

𝑆final←Softmax(𝐹) 

Return  

 

5. Results and Discussion 

5.1. Implementation 

All experiments were conducted using Python 

3.9.16 in the Google Colaboratory environment using an 

Acer Aspire 5 (Intel Core i3) personal computer where 

model training and evaluation were accelerated using 

cloud-based GPU resources provided by Google Colab. 

The original embryo (blastocyst) images of resolution 

512 × 512 pixels were uniformly resized to 128 × 128 

pixels to reduce computational complexity and ensure 

feasible training given the limited dataset size.  

 

5.2. Hyper Parameter Setting 

Hyperparameter configuration plays a critical 

role in achieving stable training, efficient convergence, 

and optimal segmentation performance in deep learning 

based medical image analysis. In this study, the 

hyperparameters were carefully selected based on 

empirical validation, prior literature, and the constraints 

imposed by limited annotated day-5 blastocyst data. The 

chosen settings aim to balance model complexity and 

generalization while avoiding overfitting and excessive 

computational overhead. The comparison of models 

needs to be unbiased; hence, all the hyperparameters 

were kept the same for the models, as shown below. 

 

 

 

 

 

 

 

 

 

 

The consequential step is to determine the loss 

function well suited for the embryo (blastocyst) images 

with class imbalance. [32] Typically, binary cross entropy 

and categorical cross entropy are used for semantic 

segmentation however, the Dice loss function 

outperforms other loss functions. Dice loss is especially 

effective in handling class imbalance, a common 

characteristic of embryo (blastocyst) segmentation 

where foreground regions such as the inner cell mass 

(ICM) and trophectoderm (TE) occupy relatively small 

portions of the image. The Dice Similarity Coefficient 

between a predicted segmentation mask and the ground 

truth mask  

Is defined as:  

𝐷𝑆𝐶 =  (2 ∑ᵢ 𝑦ᵢ ŷᵢ) / (∑ᵢ 𝑦ᵢ +  ∑ᵢ ŷᵢ)                     (6) 

During the training process, the validation loss 

function is monitored, and the learning rate is adjusted 

accordingly. The minimum learning rate is set to le-7, in 

which the learning rate is reduced from le-4 when the 

validation loss function is not improved after five 

consecutive epochs, which is the patience factor. This 

strategy helps prevent premature convergence and 

improves model generalization. With the reduced size of 

input resolution to 128 × 128 pixels and a batch size of 

16, the average GPU memory consumption during 

training was approximately 6–8 GB, leaving sufficient 

overhead for model ensembling and intermediate 

feature storage. Each segmentation model was trained 

for 100 epochs, with an average training time of 

approximately, 35–45 minutes per model on the Tesla 

T4 GPUAn Adam optimizer [33] is used for an efficient 

and reliable learning process, combining the advantages 

of adaptive learning rate estimation and momentum-

based optimization, making it well suited for deep neural 

network training in medical image segmentation tasks. 

 

5.3 Model Evaluation Measures 

Table 3 describes the parameters utilized for 

evaluation in this study. Pixels that are accurately 

identified as belonging to the object in both the 

anticipated and ground truth masks are known as true 

positives (TPs). Pixels that are mistakenly identified as 

belonging to the item in the anticipated mask but not in 

the ground truth are known as false positives, or FPs. 

Pixels that belong to the item in the ground truth but are 

absent from the anticipated mask are known as false 

negatives, or FNs. Recall, sometimes referred to as 

sensitivity or true positive rate, quantifies the percentage 

of real positives that the model accurately detects.  

 

The percentage of expected positives that turn 

out to be positive is known as precision. By comparing 

the size of two sets' intersection and union, the Jaccard 

index (intersection over union) calculates how similar 

Table 2. Hyper Parameter Settings 

Hyperparameter Settings 

Activation Softmax 

Optimizer Adam 

Image size 128x128 

Batch size 16 

Epochs 100 

Learning rate 0.0001 

Loss Dice Loss 

Table 3. Performance metrics 

Metric Description 

Precision 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Jaccard index 𝑇𝑃

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
 

F1 Score 2*
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
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two sets are. The F1 score is calculated by taking the 

harmonic mean of recall and precision. 

 

5.4 Evaluation of U-Net and its Variants in the 

Binary Segmentation of Blastocyst Regions 

In this section, a comprehensive evaluation is 

conducted to provide a complete analysis and a complex 

approach to the binary segmentation of several 

blastocyst regions utilizing U-Net and its variants. Their 

logs and other score values of the trainable parameters 

are hoarded, and their prediction is tested on the basis 

of the evaluation metrics mentioned in the Table 3. The 

results, summarized in Table 4, while Attention U-Net 

achieves superior validation performance across most 

metrics, the training accuracy and loss metrics in Table 

5 indicate that U-Net and dilated U-Net yield more 

consistent training outcomes. 

The main objective of binary segmentation is to 

analyse the performance of the model in each region, 

Figure 7 shows a qualitative study of U-Net and its 

variants along with its segmentation results. For 

consistency and better interpretation, a single 

representative image is used, accompanied by its 

ground truth and the corresponding predictions from 

each model.  The results indicate that the TE and ZP 

regions are clearly defined; nevertheless, the ICM region 

needs to be improved in terms of precise segmentation. 

Figure 8 shows a graphical representation of the 

performance of the model in each region. 

 Table 6 describes the performance metric 

values of U-Net and its variants for multiclass 

segmentation. The metric values show the efficiency of 

each model. The best results are highlighted so that the 

model can be selected for further ensembling. Although 

U-Net and its variants have proven strong in medical 

image segmentation, they yield varied results for these 

specific embryo blastocyst images. Blastocyst images 

have larger backgrounds and distinct, varied complex 

regions. 

 

 

Table 4. Performance Metrics of U-Net and Its Variants 

Zona Pellucida Region 

S.No. Network Model F1 Jaccard Recall Precision 

1. U-Net 0.92901 0.8674317 0.891057 0.970341 

2 Attention U-Net 0.929716 0.8686627 0.905451 0.979739 

3 RES U-Net 0.843523 0.7293907 0.899565 0.789525 

4 RES U-Net t++ 0.826438 0.7042132 0.802548 0.851794 

5 U-Net +++ 0.893954 0.808243 0.884553 0.888412 

6 Dilated U-Net 0.910193 0.8351867 0.854878 0.973161 

Trophectoderm Region 

1 U-Net 0.883537 0.791371 0.87765 0.889503 

2 Attention U-Net 0.945081 0.895881 0.954878 0.935484 

3 RES U-Net 0.866285 0.764111 0.88878 0.8449 

4 RES U-Net t++ 0.934513 0.877076 0.92093 0.948503 

5 U-Net +++ 0.908208 0.831851 0.919371 0.897313 

6 Dilated U-Net 0.874971 0.777732 0.903911 0.847826 

Inner Cell Mass Region 

1 U-Net 0.936255 0.880150 0.956395 0.916945 

2 Attention U-Net 0.958452 0.920219 0.942608 0.981609 

3 RES U-Net 0.903478 0.901267 0.881450 0.899123 

4 RES U-Net t++ 0.911513 0.837413 0.899529 0.92382 

5 U-Net +++ 0.939322 0.885587 0.900529 0.974839 

6 Dilated U-Net 0.828129 0.706673 0.903436 0.764411 
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Table 5. Training and validation performance metrics 

Zona Pellucida Region 

S.No. Network Model Accuracy Loss Val Accuracy Val  loss 

1 U-Net 0.99038 0.031209 0.972925 0.320827 

2 Attention U-Net 0.839500 0.160435 0.714178         0.285822 

3 RES U-Net 0.899873 0.100019 0.662009 0.337991 

4 RES U-Net t++ 0.805204 0.194421 0.817162 0.182832 

5 U-Net +++ 0.954340 0.045643 0.779875 0.220125 

6 Dilated U-Net 0.920331 0.079832 0.685294 0.317380 

Trophectoderm Region 

1 U-Net 0.970423 0.218177 0.926247 0.433125 

2 Attention U-Net 0.992209 0.177186 0.968317 0.306837 

3 RES U-Net 0.866555 0.133169 0.652977 0.347023 

4 RES U-Net t++ 0.879061 0.120828 0.648342 0.351658 

5 U-Net +++ 0.951005 0.048885 0.792539 0.207461 

6 Dilated U-Net 0.939881 0.060095 0.557245 0.442755 

Inner Cell Mass Region 

1 U-Net 0.980656 0.257634 0.930345 0.273103 

2 Attention U-Net 0.844213 0.155725 0.71409 0.285910 

3 RES U-Net 0.853224 0.146486 0.723139 0.276861 

4 RES U-Net t++ 0.906875 0.104950 0.773998 0.226002 

5 U-Net +++ 0.919196 0.080970 0.679980 0.318154 

6 Dilated U-Net 0.980656 0.257634 0.930345 0.27310 3 

 

 

Figure 7. a) Input image b) Ground truth of TE, c) Predicted mask of TE, d) Ground truth of ZP,  

e) Predicted mask of ZP, f) Ground truth of ICM, g) Predicted mask of ICM 
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Figure 8. Graphical representation of the performance evaluation model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. Graphical representation of the performance evaluation of the multiclass segmentation model. 

Table 6. Comparative experimental blastocyst segmentation results. 

Training and validation evaluation for multiclass segmentation of Blastocysts 

S.No. Network Model Accuracy Loss Validation Accuracy Validation loss 

1 U-Net 0.9732 0.0416 0.8966 0.4157 

2 Attention U-Net 0.9431 0.1357 0.8978 0.2765 

3 RES U-Net 0.8974 0.2443 0.8781 0.2923 

4 RES U-Net ++ 0.9687 0.0524 0.8951 0.3797 

5 U-Net +++ 0.9664 0.0798 0.8939 0.4556 

6 Dilated U-Net 0.9707 0.0380 0.8935 0.7260 

 

Performance evaluation for multiclass segmentation of  Blastocysts 

S.No. Network Model F1 Jaccard Recall Precision 

1 U-Net 0.946478 0.898394 0.930404 0.963118 

2 Attention  U-Net 0.842430 0.727758 0.929545 0.770245 

3 RES  U-Net 0.894158 0.808576 0.893742 0.894574 

4 RES  U-Net  ++ 0.932363 0.873296 0.955822 0.910028 

5 U-Net +++ 0.896975 0.813196 0.916465 0.878297 

6 Dilated U-Net 0.945488 0.896611 0.912409 0.981055 
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Figure 10. a) Input image b) Ground truth c) Predicted mask of U-Net, d) Predicted mask of Attention U-Net, 

 e) Predicted mask of RES U-Net, f) Predicted mask RES U-Net ++, g) Predicted mask of U-Net +++,  

h) Predicted mask of Dilated U-Net 

 

Figure 11. The input image, Ground truth and Predicted mask of the proposed model 

The U-Net and dilated U-Net outperform the 

other methods in terms of accuracy and precision. Figure 

9 represents the graphical representation of the values 

of the metrics for the multiclass segmentation models. 

Figure 10 displays the output of each model on 

multiclass segmentation, where each color represents a 

different region. In this study, to derive a better fine-

tuned result, an Ensemble model is proposed. Figure 11 

shows the output of the proposed model. From that 

visual description, it is clear that each region in the image 

is clearly segmented into its respective class, using 

distinct colors corresponding to the different areas. The 

model effectively captures fine details and sharp 

boundaries, particularly in the inner cell mass region, 

whereas earlier models fail to achieve accuracy. 

Moreover, very few artefacts or misclassifications are 
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visible, indicating the performance and robustness of the 

proposed model. 

Table 6 explains that the proposed model shows 

evident performance in terms of accuracy and other 

metrics. However, the data focus more on the 

performance of the model, and visualization makes it 

easier to understand. The qualitative analysis is 

described in Figure 12, which clearly differentiate the 

performance of each model. 

 

 

Figure 12. Training log graph of the proposed model displaying accuracy and loss 

 

 

Table 7. Comparative Performance of Multiclass Segmentation State of art Methods for Day-5 Human 
Blastocyst Images 

Ref Dataset 
Segmented Classes 
(Day-5 Blastocyst) 

Method 
Dice / F1 

Score 
Jaccard 

(IoU) 

Saeedi et al., 
2017 [13] 

Static embryo 
images 

ICM, TE, Blastocoel Texture + CNN 
0.85 – 

Khosravi et 
al., 2019 [8] 

Static blastocyst 
images 

ICM, TE, Blastocoel BLAST-NET 
0.90 0.82 

Rad et al., 
2020 [27] 

Human embryo 
images 

Trophectoderm, ICM Inceptioned U-Net 
0.91 0.84 

Targosz et al., 
2021 [19] 

Microscopy 
images 

Oocyte regions CNN-based 
semantic 
segmentation 

0.88 – 

Uysal et al., 
2022 [28] 

Static embryo 
images 

ICM, TE, Background U-Net variants 
0.86–0.92 – 

Arsalan et al., 
2022 [29] 

Blastocyst images ICM, TE, Blastocoel Multiscale 
aggregation network 

0.93 0.87 

Wang et al., 
2021 [30] 

Multifocal embryo 
images 

ICM, TE, Blastocoel Deep CNN 
framework 

0.92 – 

Proposed 
work 

Day-5 static 
blastocyst images 

ICM, TE, Blastocoel, 
Background 

Ensemble of U-Net 
variants 

0.9508 0.9063 

Table 6. Comparative experimental blastocyst segmentation results. 

Performance evaluation of Ensemble methods proposed 

S.No. Network Model Accuracy Loss Val Accuracy Val loss 

1. Modified U-Net 0.9720 0.0528 0.8340 0.1661 

2. Modified Dilated U-Net 0.9787 0.0524 0.8951 0.3797 

3. Proposed Ensemble model 0.9818 0.0229 0.8869 0.1339 

S.No. Network Model F1 Jaccard Recall Precision 

1. Modified U-Net 0.93003 0.86921 0.91806 0.94230 

2. Modified Dilated U-Net 0.91710 0.84709 0.95791 0.87976 

3. Proposed Ensemble model 0.95081 0.90625 0.92197 0.98151 
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This table 7 presents a comparative summary of 

state-of-the-art multiclass segmentation approaches for 

Day-5 human blastocyst images, focusing on the 

accurate segmentation of key embryological structures. 

The datasets predominantly consist of static or 

microscopy-based embryo images, with segmentation 

targets including the inner cell mass (ICM), 

trophectoderm (TE), blastocoel, and background 

regions. Various methodological paradigms are 

reported, ranging from traditional texture-based CNNs 

and U-Net variants to advanced architectures such as 

BLAST-NET, Inception-based U-Net, and multiscale 

aggregation networks. Performance is evaluated using 

standard overlap metrics, namely the Dice/F1 score and 

Jaccard index (IoU), enabling direct comparison across 

studies. The proposed ensemble-based approach 

demonstrates superior segmentation performance on 

Day-5 static blastocyst images, achieving the highest 

reported Dice and IoU scores, indicating improved 

boundary delineation and class separation relative to 

existing methods. 

 

6. Conclusion and Future Works 

 This paper focuses on a method of semantic 

segmentation of human embryos by means of deep 

neural networks and an ensemble approach. A 

performance comparison of different types of 

convolutional neural networks for semantic embryo 

segmentation was carried out. The merits and limitations 

of the selected deep neural networks are discussed. On 

this basis, an ensemble model is proposed that 

combines standard U-Net and dilated U-Net 

architectures with a CNN combiner, which demonstrates 

superior performance in segmentation tasks. By 

leveraging the strengths of both convolutional strategies, 

the model achieves improved class accuracy of 98%, 

precise boundary detection, and reduced 

misclassification. The results, summarized in Table 7, 

indicate that single models such as Inceptioned U-Net ] 

and multiscale aggregation networks achieve Dice/F1 

scores in the range of 0.85–0.93, with moderate Jaccard 

indices. In contrast, the proposed ensemble of U-Net 

variants achieves superior performance, with a Dice/F1 

score of 0.9508 and a Jaccard index of 0.9063, 

demonstrating improved boundary delineation, reduced 

misclassification, and robust segmentation across all 

classes, including the more challenging background 

regions. The quantitative results show consistent 

improvements across key metrics such as the Jaccard 

index and F1 score, with significant gains in challenging 

regions of the images. Additionally, qualitative 

comparisons reveal that the model effectively captures 

intricate details, maintaining clarity and robustness 

against noise. This approach highlights the potential of 

ensemble methods in addressing complex segmentation 

challenges, making it a promising solution for 

applications requiring high precision and reliability. As a 

result, the proposed approach can be used to create 

deep neural network models for semantic embryo 

segmentation with high accuracy. 

Despite the promising results, this study has 

some limitation like small dataset, even though 

augmentation and regularization techniques were 

employed evaluation on larger and multi-centre datasets 

is necessary to establish broader robustness. Future 

work could explore optimizing computational efficiency 

and extending the method to larger and more diverse 

datasets. Research in this area is ongoing, with 

scientists developing novel deep learning architectures 

and image analysis techniques to improve the accuracy 

and efficiency of human embryo segmentation. As the 

field progresses, we expect more robust and reliable 

automated tools that will revolutionize reproductive 

medicine and enhance our understanding of the earliest 

stages of human life. 
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