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ABSTRACT

Background: About 14% of couples experience infertility, and In Vitro Fertilization
(IVF) has become one of the most widely used treatment options. However, the overall
success rate of IVF remains relatively low, at around 30%. At present, viable embryos
are typically selected on the fifth day based primarily on morphological assessment,
a method that is both subjective and limited in accuracy. Considering the substantial
financial, physical, and emotional costs associated with failed IVF attempts, there is a
pressing need for more reliable and effective embryo selection techniques.

Objective: This study aimed to increase the accuracy of embryo selection in IVF
based on a deep learning-based transfer with the GoogLeNet architecture.

Material and Methods: In this experimental study, a retrospective dataset of
embryo images was used to develop and evaluate a deep learning-based classification
model in the following main phases: data preprocessing, model implementation, and
evaluation. Embryo images were standardized through cropping and normalization
to ensure consistency across different imaging systems. The GoogLeNet architecture,
pre-trained on the ImageNet dataset, was utilized and further modified to adapt to the
specific task of embryo viability classification.

Results: Evaluation on the test dataset demonstrated that the proposed model
achieved strong predictive performance, with accuracy, precision, recall, and F1-score
all reaching 97%. This performance surpasses that of existing baseline techniques,
highlighting the model’s effectiveness.

Conclusion: The proposed transfer learning-based approach using GoogLeNet
shows significant potential for improving embryo selection in IVF, thereby reducing
the emotional and financial strain associated with repeated IVF failures.
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Introduction

nfertility affects nearly 14% of couples worldwide, making In Vitro

Fertilization (IVF) a critical assisted reproductive technology, par-

ticularly among individuals of advanced reproductive age compared
with younger couples [1-3]. Despite incremental IVF use, its success
rates have been relatively low at approximately 30%, often resulting in
considerable emotional and financial burdens on patients [1]. A key de-
terminant of [IVF success is accurate embryo selection for transfer. Tradi-
tional embryo evaluation at the blastocyst stage relies on morphological
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assessment by embryologists, which is inher-
ently subjective, labor-intensive, and prone to
human error [1, 4]. Embryos progress through
multiple developmental stages, including
morula and blastocyst, with the blastocyst
comprising distinct structures, such as the In-
ner Cell Mass (ICM) and Trophectoderm (TE)
[5]. The embryo transfer time significantly af-
fects implantation potential, as early transfer
may reduce success, while late transfer can
lead to premature hatching [5]. Furthermore,
repeated removal of embryos from incubators
for manual observation can negatively affect
their development [2, 6].

Recent advances in Artificial Intelligence
(AI) and deep learning have enabled objective,
reproducible, and automated methods for em-
bryo evaluation, thereby reducing the variabil-
ity inherent in manual assessment. Al-driven
systems can extract and quantify morphologi-
cal and kinetic features from embryo images
or time-lapse videos, improving the predic-
tion of embryo viability [7-10]. A wide range
of studies have applied supervised learning
techniques, particularly Convolutional Neu-
ral Networks (CNNs) and Recurrent Neural
Networks (RNNs), to classify embryos and
predict IVF outcomes.

For example, Bormann et al. [1] devel-
oped a pre-trained Deep Convolutional Neu-
ral Network (DCNN) based on the ImageNet
dataset to classify embryos as blastocysts or
non-blastocysts, achieving 91% accuracy us-
ing a genetic algorithm. Their training data-
set included 2,440 annotated embryo images
captured 113 hours post-insemination. Khos-
ravi et al. [4] introduced the STORK frame-
work (they used 50,000 steps for training the
DNN and subsequently evaluated the perfor-
mance of their DNN (called STORK)) using
10,148 time-lapse embryo images from the
Weill Cornell Medical Center. By combining
Google’s Inception model with decision trees,
they predicted blastocyst quality and incorpo-
rated maternal age as a predictive factor. Simi-
larly, Liao et al. [6] employed DenseNet201

together with a Spatial-Temporal Ensemble
Model (STEM) to predict blastocyst forma-
tion from time-lapse videos, and in a separate
analysis, to assess embryo usability.

Kaufmann et al. [11] utilized a convolu-
tional neural network to select embryos for
transfer, considering factors like age, number
of eggs recovered, and number of transferred
embryos. Despite multiple training attempts,
their method achieved a maximum accuracy
of 58.8%. Thirumalaraju et al. [12] utilized
a video dataset of embryos to classify them
based on morphological quality using deep
convolutional neural networks. In this ar-
ticle, the embryo grading system is based on
the Gardner classification system [7]. They
employed architectures such as Inception-v3,
ResNET, Inception-ResNet-v2, and Xception,
with Xception achieving the highest accuracy
of 91.47%. Patil et al. [8] trained a CNN on a
dataset of embryo images from multiple days
to classify embryos based on shape, cell di-
vision, and size. Patil et al. [10] utilized the
Find-S algorithm to classify embryos and
select features based on cell characteristics.
Bormann et al. [13] employed a deep CNN
for automatic embryo classification, compar-
ing its performance to that of ten embryolo-
gists. Their study showed that neural networks
outperformed human experts in classification
tasks.

Chen et al. [14], used transfer learning with
the ImageNet dataset and the ResNet50 archi-
tecture to classify embryos graded using the
Gardner system that were taken 112 to 116
hours (5 days) or 136 to 140 hours (6 days)
after fertilization. Their method achieved an
accuracy of 75.36% in grading embryos based
on blastocyst, trophectoderm, and inner cell
mass. According to Hernandez-Gonzalez et al.
[15], three different Bayesian network models
were used to classify embryos based on the
probability of transfer into two groups of data-
sets, one of which uses only embryo features
and the other uses both embryo features and
cycle features. A simple Bayesian network,
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Tree Augmented Naive Bayes (TAN), and K-
dependence Bayesian Network (KDB) were
used to build the model in this article. Embry-
os were classified on the third day by Petersen
et al. [16], based on their growth status using a
decision tree and the KIDScore D3 algorithm.
Success rate was based on gestational sacs or
fetal heartbeats when sacs were unavailable.
The presence of two pronuclei in the embryo
is the first criterion in this study. Another data-
set of 11218 images was used to evaluate the
performance of the KIDScore algorithm. The
Area Under the Curve (AUC) of this system
is 64.2% when one embryo is transferred and
65.8% when two embryos are transferred.
Silver et al. [17], utilized unlabeled videos to
train a convolutional neural network encoder
and labeled videos to train a Long Short-Term
Memory (LSTM) neural network. The system
outperformed embryologists in grading em-
bryo images, evaluated by five experts from
different countries. Cao et al. [18], employed
a deep convolutional neural network to select
embryos based on their morphological fea-
tures, utilizing a Region Of Interest (ROI) ex-
tractor to examine blastocysts and classify em-
bryo images. A convolutional neural network
and a Recurrent Neural Network (RNN) were
used by Kragh et al. [19] to grade the appear-
ance of embryos, focusing on their inner cell
mass and trophectoderm status, which was
used from 90 hours post insemination until
the blastocyst expanded to its maximum size.
They achieved accuracies of 71.9% for detect-
ing the inner cell mass and 76.4% for detect-
ing the trophectoderm. Durairaj et al. [20],
employed a Multilayer Perceptron (MLP) and
data from 250 patients with 27 features, such as
female age, Body Mass Index (BMI), duration
of infertility, tubal causes, sperm concentra-
tion, number of oocytes retrieved, and number
of transferred embryos to predict IVF success
rates. Their model achieved a 73% accuracy
rate. Liu et al. [21], utilized Logistic Regres-
sion (LR), Support Vector Machine (SVM),
Decision Tree (DT), and Random Forest (RF)

algorithms to predict pregnancy success using
features such as age, BMI, endometrial thick-
ness, type of infertility, serum progesterone
level, and serum estradiol level on the day
of embryo transfer. Pregnancy success was
defined by sac or fetal heartbeat within 4-5
weeks post-transfer. Random forest achieved
the highest accuracy of 61%. To predict live
births, Goyal et al. [22], employed ensemble
learning, machine learning, and deep learning
with features, such as age, number of previ-
ous cycles, type and cause of infertility, and
the number of transferred embryos. Random
forest, voting-hard classifier, voting-soft clas-
sifier, and Adaboost were used in ensemble
learning, and k-nearest neighbor, multilayer
perceptron, and decision tree were used in ma-
chine learning. In this article, the network is
trained in two modes: with and without fea-
ture selection. Random forest without feature
selection outperformed other methods.

In addition to supervised learning, unsu-
pervised techniques have been applied to un-
cover hidden patterns in embryo development.
Kanakasabapathy et al. [23], utilized a data-
set comprising images captured by various
systems, including time-lapse microscopes
and clinical microscopes, resulting in images
with varying qualities. They employed adver-
sarial learning to classify embryos into blas-
tocyst and non-blastocyst groups, and utilized
the Scale-Invariant Feature Transform (SIFT)
for feature extraction. Thakkar et al. [24], uti-
lized Multiple Linear Regression (MLR) and
Support Vector Regression (SVR) for em-
bryo status prediction using user-based and
item-based collaborative filtering techniques.
They used user- and item-based collabora-
tive filtering with Pearson correlation and
nearest-neighbor methods. Tran et al. [25], de-
veloped IVY, a fully automated deep learning
model to predict pregnancy (fetal heart) from
time-lapse embryo videos. The IVY model
scores videos on a scale from 0 to 1 for preg-
nancy prediction, without requiring manual
annotation by embryologists.
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Although Al and deep learning methods
have shown great potential in improving em-
bryo selection, many studies suffer from lim-
ited datasets [3, 4, 12, 19, 23], suboptimal gen-
eralization, and relatively high false-positive
rates. These limitations can lead to the transfer
of non-viable embryos and reduced implanta-
tion success. Therefore, this study proposes a
deep learning-based model using a modified
GoogleNet architecture and transfer learn-
ing to classify blastocyst images. The current
study aimed to address the shortcomings of
prior methods by improving precision, recall,
and accuracy while reducing false positives,
ultimately enhancing the effectiveness and
reliability of embryo selection in IVF.

Material and Methods

This experimental study was designed to
automate embryo selection for transfer. Our
approach integrates image preprocessing with
a tailored deep learning architecture to en-
hance predictive performance. Our proposed
approach comprises image preprocessing and
the proposed architecture.

Preprocessing

Preprocessing entails adjusting and stan-
dardizing images before feeding them into
the network. Given that images in the dataset
were captured using three different devices,
standardization is essential. Preprocessing is
divided into three stages, as follows:

1. Resizing

Images captured by various devices vary in
size, necessitating standardization to 224x224,

as required by the proposed method’s architec-
ture. This resizing not only ensures uniformity
but also reduces computational complexity
within the convolutional neural network.

2. Converting to a tensor

Conversion to a tensor involves transform-
ing the input image into a matrix of pixels and
subsequently into a three-dimensional tensor
encompassing red, green, and blue channels,
with dimensions of 3x224x224 (Figure 1).

3. Normalization

Data normalization is crucial for network
performance by emphasizing differences in
images rather than common features. This
process involves computing the mean (p) and
standard deviation (o) across all three-color
channels (red, green, and blue) and normal-
izing the images using Equation (1), where
X 1is the original input value and Z is the
normalized output.

z-2H (1)
o

Table 1 shows normalized image examples
using Equation (1) to illustrate the process.
These examples highlight the importance of
normalization in our method. The mean and
standard deviation values for the RGB (Red,
Green and Blue) channels were as follows:
red channel (u=0.406, 6=0.225), green chan-
nel (u=0.456, 0=0.224), and blue channel
(n=0.485, 6=0.229).

Proposed Approach

Our system’s initial architecture is based
on GoogLeNet [26] and a pre-trained version
on the ImageNet dataset. After preliminary

e )

Figure 1: The conversion process from an image to a tensor.
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Table 1: lllustration of the Normalization Process Applied to Embryo Images

Images before normalization

Images after normalization

experiments comparing GoogleNet’s per-
formance with several other popular deep
learning models, such as ResNet50 and
DenseNet121, we decided to use GooglLeNet
as the base architecture. Googl.eNet achieved
superior accuracy and generalization on our
dataset. Additionally, GoogLeNet’s relatively
lightweight structure and Inception modules
allowed for efficient training and reduced
overfitting, which were important consider-
ations given the size of our dataset and the
variability across imaging devices.

Informed by prior work on modifying In-
ception modules [27] and the GoogLeNet
architecture [28], we implemented a series
of adjustments to the pre-trained GoogLeNet
model. To identify the optimal architecture,
we systematically evaluated 35 modifications
to the GoogLeNet model, including the addi-
tion or removal of Inception modules (4B, 4C,
5A) and convolutional layers, as well as com-
binations of these changes. Each modification
was initially tested over 3 epochs, and the top
four performers were trained for 300 epochs.
The final architecture was selected based on
the highest validation and test accuracy among
these top candidates. Detailed results of all 35
modifications, including training, validation,
and test accuracies, are provided in Tables 2
and 3 to ensure reproducibility. As shown in
Figure 2, the GoogLeNet architecture includes

convolutional layers and Inception modules
[26], whose layer names (e.g., 4B, 4C, 5A)
correspond directly to those referenced in the
Tables 2 and 3. For example, modifications
such as “DEL (Deletion) 4B 4C” or “ADD
(Addition) 5SA” indicate experiments, in which
the Inception modules 4B, 4C, or 5A were re-
moved or added, respectively. This alignment
between the architecture diagram and the de-
tailed results Table 2 ensures clarity and repro-
ducibility, allowing readers to trace the struc-
tural changes tested in our study.

Figure 3 illustrates our proposed module,
comprising seven Inception modules. An es-
sential component of GoogLeNet, the Incep-
tion module captures multi-scale features by
processing inputs through parallel convo-
lutional pathways with different filter sizes
(1x1, 3x3, and 5x5). The network can effec-
tively extract both local and global spatial pat-
terns because these pathways are concatenated
along the channel dimension. Larger filters
are preceded by a 1x1 convolution to lower
computational complexity through dimen-
sionality reduction. The three-step process for
each convolutional layer in the architecture is
as follows: employing learned filters for the
convolution operation, batch normalization
to stabilize activations by modifying mean
and variance, and then introducing non-lin-
earity using a ReLU (Rectified Linear Unit)
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Table 2: Performance of 35 architectural modifications of GoogleNet after 3 epochs.

STATE (EPOCH=3) TRAIN_ACC VAL_ACC TEST_ACC

WITHOUT CHANGE 54.936 55.644 58.92
1) ADD 4B 52.489 52.145 55.22
2) ADD 4C 56.238 53.394 55.13
3) ADD 5A 57.394 55.893 61.392
4) DEL 4B 52.354 52.145 53.398
5) DEL 4C 53.06 55.394 60.593
6) DEL 5A 55.738 57.434 61.59
7) ADD 4B 4C 52.135 50.854 55.33
8) ADD 4B 5A 53.28 49.521 60.293
9) ADD 4C 5A 54.874 55.31 61.392
10) ADD 4B 4C 5A 45,011 44815 47.668
11) DEL 4B 4C 53.156 55.852 61.99
12) DEL 4B 5A 52.979 50.396 55.563
13) DEL 4C 5A 54.29 55.185 58.095
14) DEL 4B 4C 5A 54.003 54.727 56.962
15) ADD TWO MORE 4B 53.270 53.353 57.79
16) ADD TWO MORE 4C 52.364 50.146 58.461
17) ADD TWO MORE 5A 52.416 53.519 55.72
18) ADD TWO MORE 4B 4C 5A 52,645 46.147 52.798
19) ADD 4B DEL 4C 55.686 50.646 57.828
20) ADD 4B DEL 5A 52.489 51.603 56.062
21) ADD 4C DEL 4B 55.905 53.644 60.493
22) ADD 4C DEL 5A 57.05 52.686 56.862
23) ADD 5A DEL 4B 55.030 52.686 49.00
24) ADD 5A DEL 4C 55.582 48.98 58.694
25) ADD 4B 4C DEL 5A 52.812 50.437 53.431
26) ADD 4B 5A DEL 4C 49.74 44.315 46.968
27) ADD 4C 5A DEL 4B 51.156 54.269 59.760
28) DEL 4B CONV2 49 47.730 51.865
29) ADD 4B 4C CONV2 51.468 20.283 19.454
30) ADD 4B DEL CONV2 42.23 45481 51.699
31) DEL 4B 4C CONV2 42.595 41,608 43471
32) DEL 4C CONV2 49.396 49.146 52.665
33) ADD THREE MORE 5A 54.634 49.271 53.231
34) ADD TWO MORE 5A DEL 4B 50.833 49.313 53.231
35) ADD TWO MORE 5A DEL 4B CONV2 45.22 45273 49.434

ACC: Accuracy, VAL: Validation, ADD: Addition, DEL: Deletion
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Table 3: Performance of selected GoogleNet modifications after 300 epochs.

STATE (EPOCH=300) TRAIN_ACC VAL_ACC TEST_ACC

WITHOUT CHANGE 90.033
DEL 4B 4C 91.314
DEL 5A 91.262

ADD 5A 91.314

ADD 4C 5A 89.408
Without pre-training 85.513

90.504 93.471
91.295 97.468
90.92 95.969
90.587 95.436
85.756 92.139
85.423 91.27

ACC: Accuracy, VAL: Validation, DEL: Deletion, ADD: Addition

=

Figure 2: GoogleNet architecture

activation function. This improves gradient
flow and training stability. Table 4 provides
detailed specifications of our proposed archi-
tecture.

Our proposed architecture requires prepro-
cessed images with dimensions of 3x224x224
pixels (channels x height x width). Upon re-
ceiving the input image, we apply a convolu-
tional layer with 64 filters of size 7x7 and a
stride of 2, yielding 64 feature maps of size
112x112. Subsequently, a 3x3 Max-pooling
layer with a stride of 2 is employed to reduce
the feature map size to 56x56.

Following this, a 1x1 convolutional layer
is applied, succeeded by a 3x3 convolution-
al layer with 192 filters and a stride of 2, re-
sulting in 192 feature maps of size 56x56.
Another 3x3 max-pooling layer with a stride
of 2 is utilized to further reduce the feature

Avgpool

map size to 28x28.

Two Inception modules are then employed
to generate 480 feature maps of size 28%28.
Subsequently, a 3x3 max-pooling layer with
a stride of 2 is applied to decrease the feature
map size to 14x14. Three additional Inception
modules are integrated into the network to
produce 832 feature maps of size 14x14.

Next, a 3x3 max-pooling layer with a stride
of 2 is utilized to reduce the feature map size
to 7x7, followed by the incorporation of two
more Inception modules to generate 1024 fea-
ture maps of size 7x7. Subsequently, a 7x7 av-
erage pooling layer with a stride of 1 is applied
to reduce the feature map size to 1x1.

To prevent overfitting, random dropout is
applied to 20% of the network weights. The
final layer of the network employs a softmax
activation function for multi-class classifica-
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Max Pool
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Conv Conv Max Pool
1X1+1(5) 1X1+1(S) 3X3+1(S)

DepthConcat

3%X3+1(5) 3X3+1(S)
Conv
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Conv Conv Conv
3X3+1(5) 3X3+1(S) 1X1+1(S)

Conv Conv Max Pool Conv
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Conv Conv Conv
3X3+1(5) 3X3+1(S) 1X1+1(S)
Conv
1X1+1(S)
Conv Conv Max Pool
1X1+1(S) 1X1+1(S) 3IX3+1(S)

Conv

1X1+1(V)
DepthConcat

Max Pool
3X3+2(S)

Conv Conwv Conv
3X3+1(S) 3X3+1(S) 1X1+1(S)

Conv
1X1+1(S)
Conv Conv Max Pool
1X1+1(S) 1X1+1(S) IX3+1(S)

Conv
7X7+2(S)

DepthConcat

Conv Conv Conv
3IN3+1(S) 3X3+1(S) 1X1+1(S)
Conv
1X1+1(S)
Conv Conv Max Pool
1X1+1(5) 1X1+1(S) 3X3+1(S)

Input
(a) (b)

Figure 3: The proposed modified GoogleNet architecture, showing (a) the initial layers and
Inception modules and (b) the final layers.
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Table 4: Details of proposed architecture.

Type " stride  OUPU' Depth #1x1 O uaxz PO ygs POO
reduce reduce proj

Convolution %7 2 112x112x64 1

Max Pool 3x3 2 56x56x64 0

Convolution 3x3 1 56x56%192 2 64 192

Max Pool 3x3 2 28x28x192 0

Inception 28x28x256 2 64 96 128 16 32 32

Inception 28x28x480 2 128 128 192 32 96 64

Max Pool 3x3 2 14x14x480 0

Inception 14x14x512 2 192 96 208 16 48 64

Inception 14x14x528 2 112 144 288 32 64 64

Inception 14x14x832 2 256 160 320 32 128 128

Max Pool 3x3 2 7x7x832 0

Inception 7x7x832 2 256 160 320 32 128 128

Inception 7x7x1024 2 384 192 384 48 128 128

Avg. Pool =7 1 1x1x1024 0

Dropout 1x1x1024 0

(20%)

Linear 1x1x5 1

Softmax 1x1x5 0

#: The number of filters used in each convolutional layer within the Inception module

tion, categorizing embryos into five classes of
blastocysts and non-blastocysts

1. Modified Transfer Learning (Third
Approach)

In the third experiment, we proposed a mod-
ified version of the Googl.eNet architecture to
enhance performance. We retained the general
structure of the Inception modules but imple-
mented several key modifications, primarily
in the classification head. The original fully
connected layer was replaced with a new se-
quence: a dense layer (512 units, ReLU acti-
vation), a dropout layer (rate=0.2), and a final
dense layer with 5 output neurons and a soft-
max activation function.

We added batch normalization layers af-
ter each convolutional layer in the modi-
fied Inception modules to improve learning
stability and convergence speed. Some filters

in the Inception modules were modified based
on empirical testing to better capture embryo
features. We tested 35 variations and selected
the most accurate one. These changes helped
improve feature extraction tailored to embryo
morphology.

In summary, our model preprocesses images
before passing them through convolutional
and max-pooling layers, followed by Incep-
tion modules and average pooling. Random
dropout is applied, and a softmax activation
function is used for classification. In the sub-
sequent section, we evaluate the performance
of this proposed model.

Results

Dataset
Our dataset images were acquired 113 hours

J Biomed Phys Eng
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post-insemination from 374 patients at the
fertility center of Massachusetts General Hos-
pital in Boston. Image diversity improves
network robustness. Embryologists classified
these images into five groups based on Gard-
ner’s modified classification system and mor-
phological growth status, with groups 1 and
2 comprising non-blastocysts and groups 3 to
5 comprising blastocysts. Table 5 presents a
sample of each state of imaging systems.

The dataset comprised a total of 2805
embryo images captured by three distinct
imaging systems:

* Clinical time-lapse imaging system (2440
images): Class 1 (473 images), Class 2 (411
images), Class 3 (473 images), Class 4 (366
images), Class 5 (717 images).

 Portable 3D-printed imaging system (69
images): Class 1 (10 images), Class 2 (3
images), Class 3 (3 images), Class 4 (9
images), Class 5 (44 images).

» Smartphone-based imaging system (296
images): Class 1 (90 images), Class 2 (9
images), Class 3 (5 images), Class 4 (81

images), Class 5 (111 images).

Across all systems, the total number of
images per class was: Class 1 (573 images),
Class 2 (423 images), Class 3 (481 imag-
es), Class 4 (456 images), and Class 5 (872
images).

Diverse sources enhanced generalizability.
The incorporation of images from different
imaging systems enhances the potential ro-
bustness of the network. However, the data-
set was naturally imbalanced, as the majority
of the images were sourced from the clini-
cal time-lapse system. To solve this, we used
data augmentation techniques such as random
rotations, flips, and Gaussian noise. We also
utilized stratified sampling to ensure that the
training and testing sets had the same class
proportions. The dataset used in this study is
available as supplemental material in the work
of Kanakasabapathy et al. [23] and can be ob-
tained directly from their publication or by
contacting the corresponding authors.

While the inclusion of images from di-
verse imaging systems enhances the potential

Table 5: Sample images from the five classes across different imaging systems

Imaging systems Class 1

Class 2

Class 3 Class 4 Class 5

Clinical time-
lapse imaging
system

Portable 3D-
printed imaging
system

3D-printed
Smartphone-
based imaging
system

J Biomed Phys Eng
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versatility of our model, a key limitation is
the relatively small number of images from
the 3D-printed and smartphone-based systems
compared to the clinical time-lapse system.
This imbalance may have biased the model
toward patterns specific to the clinical im-
ages, potentially affecting its performance on
data from lower-cost or portable devices. To
mitigate this, we employed data augmenta-
tion and stratified sampling. Future work in-
volving a larger, more balanced multi-source
dataset would improve the model’s generaliz-
ability and ensure robust performance across
all device types, particularly in low-resource
settings.

Evaluation Measure

We compute the True Positive (TP) rate,
True Negative (TN) rate, False Positive (FP)
rate, and False Negative (FN) rate for each im-
age. Our evaluation metrics include accuracy,
precision, recall, and F1-score.

Network
tuning

The dataset is randomly partitioned into
three segments: training, validation, and test-
ing, with an 80:20 ratio for training and test-
ing, respectively. Additionally, 20% of the
training data is allocated for validation. Data
augmentation techniques, including resized
cropping, random rotation, random vertical
and horizontal flipping, and adding Gaussian
noise, are applied to enhance model general-
ization. Images were shuffled to preserve class
balance across sets. Training utilizes a batch
size of 128 and 300 epochs, with an Adam op-
timizer employing a learning rate of 0.001 and
a categorical cross-entropy loss function. The
model weights that achieved the best perfor-
mance on the validation set were retained for
final evaluation.

fitting and  parameter

Experimental Methodology
We used Python 3.9 to implement the pro-
posed algorithm, with PyTorch employed for

implementing the convolutional neural net-
work, and the PIL (Python Imaging Library)
library used for image manipulation. The im-
plementation was executed on a system featur-
ing an Intel Core 17 6500U CPU and a NVidia
GeForce 930Mx GPU, leveraging the cuDNN
deep neural network library for parallel
processing on the GPU.

The first experiment presents the results of
the GoogLeNet architecture implementation,
and the second experiment presents the results
of transfer learning in the GoogLeNet archi-
tecture. In the third experiment, we present
the results of modified transfer learning on the
GoogleNet architecture. All statistical com-
parisons between models were conducted us-
ing the Wilcoxon signed-rank test with boot-
strapped 95% confidence intervals.

1. GooglLeNet architecture

In the first experiment, we evaluated the
performance of the GoogleNet architecture.
Figure 4 illustrates the system’s performance
during training and validation epochs. The
final evaluation on the test dataset yielded a
multi-class accuracy of 91.27%, precision
of 91.62%, recall of 91.27%, and F1-score
of 91.23%. Detailed evaluation results for
each class on the test dataset are presented in
Table 6. Figure 5 shows confusion matrices
for classification performance.

2. Transfer learning in GoogleNet
architecture

The second experiment involved employ-
ing transfer learning in the GoogLeNet ar-
chitecture using the ImageNet dataset.
Figure 4 showcases the system’s performance
during training and validation epochs. The fi-
nal evaluation on the test dataset resulted in
a multi-class accuracy of 93.47%, precision
of 93.68%, recall of 93.47%., and F1-score
of 93.43%. Evaluation results for each class
on the test dataset are outlined in Table 6.
Figure 5 illustrates the confusion matrix
with correct classifications on the diago-
nal and misclassifications off-diagonal. No-
tably, this architecture outperformed the
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standard GoogLeNetarchitecture when transfer
learning was not employed.

3. Approach architecture

The third experiment involved examining
the model by modifying transfer learning in
the GoogLeNet architecture using the Ima-
geNet dataset. Figure 4 illustrates the system’s

model accuracy
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(e)

performance in each epoch during training
and validation modes. The final evaluation
on the test dataset yielded a multi-class ac-
curacy of 97.47%, precision of 97.47%, recall
of 97.47%, and Fl-score of 97.46%. Evalua-
tion results for each class on the test dataset
are presented in Table 6. The confusion matrix

model loss
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Figure 4: System performance during training and validation. (a, b) Accuracy and loss for the
baseline GoogleNet architecture. (¢, d) Accuracy and loss for the pre-trained GooglLeNet
architecture. (e, f) Accuracy and loss for the proposed modified architecture
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Table 6: Performance Comparison of GooglLeNet Architectures

. GooglLeNet Transfer Learning Modified Transfer
Metric Class .
(Exp 1) (Exp 2) Learning (Exp 3)

Class 1 91.19 92.85 98.14

Class 2 95.12 93.08 97.02

Class 3 83.48 98.14 97.67

Precision (%) Class 4 90.89 87.22 95.82
Class 5 95.55 95.03 97.99

Macro avg. 91.25 93.27 97.33

Weighted avg. 91.62 93.68 97.47

Class 1 95.07 97.11 98.47
Class 2 82.46 94.96 98.59

Class 3 97.54 83.16 95.61

Recall (%) Class 4 82.93 94.09 95.40
Class 5 93.94 96.52 98.43

Macro avg. 90.39 93.17 97.30

Weighted avg. 91.27 9347 97.47
Class 1 93.09 94.93 98.30

Class 2 88.34 94.01 97.80

Class 3 89.97 90.03 96.63

F1-score (%) Class 4 86.73 90.53 95.61
Class 5 94.74 95.77 98.21

Macro avg. 90.57 93.05 97.31

Weighted avg. 91.23 93.43 97.46
Class 1 95.07 97.11 98.47

Class 2 82.46 94.96 98.59

Accuracy (%) Class 3 97.54 83.16 95.61
Class 4 82.93 94.09 95.04

Class 5 93.94 96.52 98.43
Overall accuracy 91.27 93.47 97.47

for our proposed model (Figure 5¢) shows a
strong diagonal, indicating a high number of
correct classifications and minimal confusion
between classes.

Comparatively, our proposed architecture
demonstrated significantly higher accuracy
and performance when compared to previ-
ous methods and other proposed architectures.
Our suggested approach demonstrated excel-
lent performance, achieving 97.47% accuracy,

precision, and recall along with a 97.46% F1-
score. These findings outperform those in [12],
which achieved an accuracy of 91.47% using
the Xception architecture [23] (a precision of
94.14%, recall of 94.88%, and Fl-score of
91.51% using a traditional machine learning
approach). Even our own baseline transfer
learning experiment using GoogLeNet (with-
out architectural modifications) achieved a
slightly lower accuracy of 93.47%. Table 7
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compares the proposed method with previous
studies on embryo classification.

Grad-CAM heatmaps were created for a
single representative embryo from each class
to better understand how our suggested model
makes decisions. Figure 6 shows the model
focuses on biologically relevant areas, such

True Label
w

IS
~

@

as the inner cell mass, consistent with em-
bryologist criteria. These results suggest that
our architecture modifications, combined
with transfer learning and targeted prepro-
cessing, provide a more robust and accurate
solution for embryo classification. This rep-
resents a step forward in automating embryo

3 4
Predicted Label

(b)

True Label
w

N

2 3 4
Predicted Label

Figure 5: Confusion matrix of our methods: (a) GoogleNet architecture, (b) pre-trained
GoogleNet architecture, (c) approach architecture

Table 7: Comparison of proposed method with existing studies on embryo classification

Study / Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
Proposed Method 97.47 97.47 97.47 97.46
GoogLeNet (Our 1st Exp.) 91.27 91.27 91.62 91.23
Transfer Learning (Our 2nd Exp.) 93.47 93.68 93.47 93.43
Xception [1] 90.97 - - -
Xception [12] 91.47 - - -
CNN [8] - 75.62 88.15 81.15
Adaptive adversarial [23] 91.51 94.88 92.14 -
XIv \ J Biomed Phys Eng
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Grad-CAM analysis - Modified Model

Ture: 2
pred: 2

Ture: 3
pred: 3

Ture: 4
pred: 4

Ture: 5
pred: 5

Figure 6: Grad-CAM (Gradient-weighted Class Activation Mapping) heatmap for representative
embryo images from each class, generated using our proposed model.

selection in IVF, offering improved reliability
and consistency over prior approaches, which
is critical for clinical decision-making.

Our model outperformed the standard
GoogLeNet and transfer learning models, ac-
cording to statistical analysis using the Wil-
coxon signed-rank test (P-value<(0.0001).
This was corroborated by bootstrapped 95%
Cls, which showed that our model’s accu-
racy (97.47%, CI=[96.94%, 98.00%]) out-
performed the GoogLeNet baseline (90.24%,
CI=[90.24%, 92.37%]) and the transfer learn-
ing model (93.47%, CI=[92.57%, 94.34%]).

Discussion

This study developed a deep learning-based
technique that significantly improves the ac-
curacy of embryo selection, potentially re-
ducing the risk of IVF failure. Our modified
GoogLeNet architecture achieved a classifica-
tion accuracy of 97.47%, outperforming other
deep learning models and conventional meth-
ods. This result surpasses the performance of
adversarial learning (94.88% precision [23])
and the Xception architecture (91.47% accu-
racy [12]), highlighting the effectiveness of
our architectural modifications. We attribute
this performance improvement to our custom-
ized preprocessing and architectural modifica-
tions, which were designed to enhance feature
extraction specific to blastocyst morphology.

A more accurate and reliable classification
model was produced by combining transfer
learning with batch normalization, dropout,

and customized classifier layers, especially
when applied to a variety of imaging sources.
The accuracy of Al-assisted embryo selection
in IVF is greatly increased by these changes.

Data augmentation and standardized prepro-
cessing (resizing, normalization) were used to
improve data diversity and model consistency
across imaging systems to address data scar-
city, a common limitation in medical imag-
ing. By taking these actions, prediction reli-
ability was improved and false positives were
decreased.

Our ultimate objective was to refine the
GoogLeNet architecture to increase accuracy
and decrease false positive rates in embryo
selection. The findings point to a significant
advancement in the automation and stan-
dardization of IVF decisions. To further im-
prove performance, future research should
investigate the analysis of embryos at earlier
stages (such as pronuclei), evaluate the effects
of laboratory conditions, and look into other
preprocessing techniques.

Conclusion

This study successfully developed a deep
learning framework for automated embryo
selection, demonstrating that a modified
GoogLeNet architecture with targeted prepro-
cessing can achieve high classification accu-
racy (97.47%). By providing a more objective
and reliable alternative to manual morphologi-
cal assessment, our model has the potential to
significantly improve IVF success rates and

J Biomed Phys Eng
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reduce the emotional and financial burden on
patients. Future work should focus on validat-
ing this model with larger, multi-center da-
tasets and exploring its application to earlier
developmental stages, such as the pronuclei
stage, to further enhance its clinical utility.
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