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Abstract: In vitro fertilization (IVF) is an efficacious form of aided reproduction to deal with in-
fertility. Human embryos are taken from the body, and these are kept in a supervised laboratory
atmosphere during the IVF technique until they exhibit blastocyst properties. A human expert
manually analyzes the morphometric properties of the blastocyst and its compartments to predict
viability through manual microscopic evaluation. A few deep learning-based approaches deal with
this task via semantic segmentation, but they are inaccurate and use expensive architecture. To auto-
matically detect the human blastocyst compartments, we propose a parallel stream fusion network
(PSF-Net) that performs the semantic segmentation of embryo microscopic images with inexpensive
shallow architecture. The PSF-Net has a shallow architecture that combines the benefits of feature
aggregation through depth-wise concatenation and element-wise summation, which helps the net-
work to provide accurate detection using 0.7 million trainable parameters only. In addition, we
compute fractal dimension estimation for all compartments of the blastocyst, providing medical
experts with significant information regarding the distributional characteristics of blastocyst com-
partments. An open dataset of microscopic images of the human embryo is used to evaluate the
proposed approach. The proposed method also demonstrates promising segmentation performance
for all compartments of the blastocyst compared with state-of-the-art methods, achieving a mean
Jaccard index (MJI) of 87.69%. The effectiveness of PSF-Net architecture is also confirmed with the
ablation studies.

Keywords: deep learning; semantic segmentation; parallel stream fusion; embryonic analysis; fractal
dimension estimation

1. Introduction

A medical condition known as infertility is characterized by the inability to achieve
a clinical pregnancy after twelve months or more of regular unprotected sexual activity.
This disorder is associated with different clinical factors that are related to problems in
developing a pregnancy [1]. The infertility prevalence is continuously increasing and is
expected to increase by 18.2% by 2023, while it was 16.4% in 2019. Infertility causes serious
and continuous stress in couples, and stigmatic discrimination more broadly [2]. Studies
have shown that about 16% of couples worldwide are facing infertility, which is a serious
concern. Several infertility treatment strategies have been put forth by researchers over
time; these strategies are collectively known as assisted reproductive technologies (ART).
One of the most active ARTs used most frequently to produce assisted reproduction is
in vitro fertilization (IVF). However, although IVF is a successful ART, the success rate
remains low, at approximately 24% in 2011 [3]. IVF is a manual procedure of reproduction
in which embryos in the blastocyst stage are cultivated outside of the female body in a
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monitored laboratory setting. These cultivated blastocysts, based on the specific morpho-
metric properties of their components, are selected by the embryologist to transfer back
to the patient’s uterus [4]. To enhance the chances of a successful gestation, the number
of embryo transfers and quality assessments of these embryos are crucial. Morphological
scoring is used to determine an embryo’s viability prior to transfer into the uterus [5].
Moreover, IVF involves the risk of multiple pregnancies, which is a threat to the mother and
baby and results in several risks. The single-embryo transfer is a scheme that effectively
reduces the chances of multiple pregnancies [6]. Blastocyst assessment is important to
determine the most viable embryo for single embryo transfer for a safe IVF procedure [7].
Conventionally, embryologists assess the morphometric properties of blastocysts using
time-lapse microscopic analysis and use specific criteria to check viability based on different
blastocyst compartments [8].

1.1. Compartments of the Blastocyst

Figure 1a shows the example of a human blastocyst microscopic image, and Figure 1b
visually presents these blastocyst compartment morphologies. Each of these blastocyst com-
partments has a specific contribution to formally creating a viable blastocyst. Considering
each compartment individually, a mammalian blastocyst’s outer layer, or trophectoderm
(TE), is essential for producing the placenta from a certain fluid through coating the cell.
Studies have demonstrated that the clinical implantation rate in IVF is significantly im-
pacted by morphological features and scores of TE [9].
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Figure 1. Example blastocyst image annotation pair: (a) original microscopic image, (b) expert
annotation image.

Zona pellucida (ZP) contains a specific nature extracellular glycoprotein pattern that
regulates egg–sperm contact and encases the oocyte [10]. Additionally, ZP morpholog-
ical structure plays a key role in the assortment of feasible blastocysts, and this protein
improves egg–sperm interactions [11]. Moreover, ZP becomes thicker with maturity. A
thin layer of endoderm surrounds the pluripotent epiblast (EPI), which is present in inner
cell mass (ICM). The ICM is the mass of the cluster and is responsible for structuring the
fetus. The ICM is typically located at the corners inside the Blastocoel (BL). Before the
embryo is placed in the uterus, the endoderm with EPI and TE gives the embryo the re-
quired boost [12]. Furthermore, ICM structure creation and morphological growth suggest
solid evidence for an embryo viability test [13]. BL is a critical element of the blastocyst;
it is the cavity that is usually formed on fifth day and it is filled by some specific fluid.
At this fifth-day stage, ICM takes a side inside the embryo, and it is a symbol of blasto-
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cyst creation. Additionally, its morphometric features are crucial for IVF embryological
study [14].

1.2. Motivation and Contribution

While single-embryo transfer can have a lower IVF success rate, it helps to avoid
complexities related to multiple births. Further, it is safe, and the blastocyst viability test
can enhance the chances of pregnancy by IVF. Conventionally, the embryonic analysis is
performed using time-lapse assessments for viability checks. This labor-intensive manual
evaluation requires a steady stream of perceptive observations and topic expertise. Artificial
intelligence and deep-learning-based methodologies assist people with intelligent methods
for embryology and other medical applications [15–21]. To increase the success rate of IVF,
AI can provide sufficient assistance in the field of embryology by automated evaluation of
embryos and oocytes [22].

Therefore, the motivation of the proposed study was driven by the resource-intensive,
less accurate, and subjective nature of the manual methods typically used to assess the
viability of the blastocyst. Moreover, overcoming the problems in the existing deep
learning-based methods, such as compromised segmentation performance, a large num-
ber of trainable parameters, and relying heavily on preprocessing, can also be consid-
ered as a motivation of this study. PSF-Net overcomes the problems of existing meth-
ods using its effective architectural design. The multi-scale mechanism of PSF-Net with
parallel feature stream fusion enables the network to accurately detect the blastocyst
components. Moreover, the transfer and aggregation of low-level features helps the net-
work to enhance segmentation performance for indistinctive boundaries of the blasto-
cyst. Lastly, PSF-Net is a shallow architecture and uses only 0.7 million trainable pa-
rameters which is significantly fewer compared with existing methods. Recently, deep
learning-based computer vision methods have provided a range of solutions [23–25]. Be-
cause the morphological properties of TE, ZP, ICM, and BL play a vital role in the via-
bility judgment of blastocysts, deep learning-based computer vision can help to detect
the important blastocyst compartments via pixel-wise semantic segmentation to provide
insightful embryological analysis. To provide a collective embryological compartment
analysis, this study proposed a parallel stream fusion network (PSF-Net) that combines
two multiscale streams to provide accurate detection of the components whose pixel val-
ues are very close. PSF-Net is utilizing a few convolutional layers with a low number
of filters to limit the network parameters. Overall PSF-Net architecture is consuming
0.7 million trainable parameters only. The proposed method is affirming the following
important contributions:

- We developed PSF-Net to identify the human blastocyst compartments without any
preprocessing requirements of blastocyst images. PSF-Net is a multiscale architecture,
and it is based on the fusion of two parallel feature streams with different scales. PSF-Net
is a computationally efficient network and uses only 0.7 million trainable parameters.

- In PSF-Net, low-level features from multiscale streams are transferred and fused in the
deeper stage of the network using two skip connections. Multiscale feature fusion helps
the network to identify the indistinctive boundaries of the embryo compartments.

- The proposed work also delivers fractal dimension estimation to assist medical experts
by providing significant information of the distributional characteristics of blasto-
cyst compartments.

- The proposed PSF-Net models were made publicly available via Github site [26].

The rest of this study is structured as follows. An understanding of the proposed
methodology is provided in Section 2. The experimental environment and results for
the proposed PSF-Net are presented in Section 3. The discussion related to PSF-Net
experimental is presented in Section 3. The research conclusions are presented in Section 4.
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2. Proposed Method
2.1. The Overview of the Proposed Method

The embryonic analysis is an essential part of the IVF procedure to enhance the success
rate, and deep learning-based methods can aid this process. A shallow semantic segmen-
tation architecture is presented in this paper to find different blastocyst compartments
for embryonic assessment. PSF-Net is a parallel stream fusion network that works in a
multiscale way to conclude powerful spatial features that can help in accurate segmen-
tation performance for blastocyst components. As shown in Figure 2 the PSF-Net takes
the original input image without preprocessing and applies the downsampling operation
followed by upsampling operation to detect the embryonic compartments.
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2.2. PSF-Net Architecture and Design Principles

Microscopic blastocyst imaging can be utilized for embryonic analysis. These images
are low contrast and the pixel difference between the classes is minor. This problem
causes problems in segmenting blastocyst components with accuracy. The already available
semantic algorithms [27–29] are designed for general-purpose tasks so these face problems
with detecting the minor classes in the image. Another important aspect is to avoid the
general image processing schemes that are used to enhance the image to increase the
segmentation accuracy. To deal with these issues, this study presents PSF-Net, which is
designed to deal with the mentioned problem by following four design principles. First,
the deep networks face the vanishing gradient problem, and feature reuse policy by feature
addition [30] and concatenation [31] helps much to reduce the feature vanishing problems
and empower the feature. As shown in Figure 3, PSF-Net uses a feature reuse policy
through residual connectivity in both upper and lower streams, and both stream features
are concatenated to utilize the collective benefits. Second, the multiscale networks deal with
image feature learning at different resolutions that enhance the performance for classes of
different sizes. As shown in Figure 3, PSF-Net is dealing with two different scales in upper
and lower streams. Third, the initial layer of the network contains the low-level feature
information, and PSF-Net utilizes these low-level features by providing it at the end of the
network by skip paths. Fourth, the depth of the network is directly proportional to the
number of parameters utilized by the network. PSF-Net uses a few convolutional blocks to
keep the network shallow, which consumes a low number of trainable parameters, and the
shallow upsampling block helps PSF-Net to manage good semantic segmentation with just
0.7 million trainable parameters.
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2.3. Parallel Stream Fusion and Layer-Wise Configuration of PSF-Net

In a multiscale scenario, PSF-Net is based on the parallel stream fusion of two streams
(upper and lower). Figure 4 presents the connectivity pattern of PSF-Net. According to
Figure 4, the input block of the network provides the Ii feature two streams (A-Stream,
and B-Stream). These both streams start with dilated convolutions with stride = 2 and 4,
respectively. Both streams follow the feature empowerment using element-wise feature
addition, and each stream produced FAS and FBS features, respectively. These features are
concatenated to utilize the dense feature concatenation benefits (represented in blue in
Figure 4), this feature aggregation produces empowered feature FC, given by Equation (1)
as follows:

FC = FAS©FBS (1)

Here © shows the depth-wise feature concatenation, and FC is the resultant features of
A-Stream and B-Stream. The FC feature is provided to the intermediate block for further
feature learning by more convolutional layers.
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As explained earlier, the initial layers contain the low-level feature information; the
first feature fusion FF1 (represented in orange color in Figure 4) fuses the feature FC with SBS
(spatial features from B-Stream block), which comes from the initial layers of the B-Stream
block. This combined feature FF1 is given by Equation (2) as follows:
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FF1 = FC ⊕ SBS (2)

Here, ⊕ shows the element-wise feature addition of FC (produced by concatenation of
A-Stream and B-Stream) and SBS (coming from initial layers of B-Stream). To empower the
resultant feature of the first fusion further, the spatial feature SAS from the A-Stream initial
layers is fused with FF1 to produce FF2 feature. The second fusion FF2 (represented in green
color in Figure 4) is given by Equation (3) as follows:

FF2 = FF1 ⊕ SAS (3)

Here, ⊕ shows the element-wise feature addition of FF1 (after the first feature fusion
of FC and SBS) and SAS (spatial features from A-Stream block). Both SBS and SAS are
transferred to deeper stages of the network with the help of skip connections. FF2 is
the final empowered feature that uses both dense and residual connectivity benefits in
combination with rich low-level feature information. The final pixel classification block
takes that FF2 feature for upsampling. The final convolution in the pixel classification block
is always used to represent the class masks by the network. As shown in Table 1, the
final convolution layer is set with five filters to represent each blastocyst compartment. As
shown in Figure 1, each of the blastocyst compartments has a different number of pixels
and this creates a class imbalance. The PSF-Net is using Tversky loss [32], which is famous
for countering the pixel class imbalance. Table 1 represents the configuration and feature
map size information for PSF-Net.

Table 1. PSF-Net layers size and configuration details (Input size 400 × 400) along with param-
eter requirements. (Configurational details are shown using resized image dimension of) (Conv:
Convolution layer; DConv: Dilated Convolution; BN: Batch Normalization; Add: Element-wise
Addition; Concat: Depth-wise concatenation; Pool: Pooling layer; ReLU: Rectified linear unit; Tconv;
Transposed convolution). The layers with * contain BN and ReLU in combination. “#Pram” represents
the number of trainable parameters.

Unit Layer Size Stride Filters Output Size #Param.

Input

Conv-in-1 * 3 × 3 × 1 1 16

400 × 400 × 16

192

Conv-in-2 3 × 3 × 16 1 16 2320

Add-in - - - -

BN+ReLU (Conv-in-2) - - - 32

Pool-in (to A-DConv, B-DConv) 2 × 2 × 16 2 - 200 × 200 × 16 -

Stream-A

A-DConv * (From Pool-in) 3 × 3 × 16 2 32

100 × 100 × 32

4704

A-Conv-2 3 × 3 × 32 32 9248

A-Add-1 (A-Conv-2, A-DConv) 3 × 3 × 16 32 -

BN+ReLU (A-Conv-2) - - 64

A-Conv3 * 3 × 3 × 16 2 32

100 × 100 × 64

18,624

A-Conv-4 3 × 3 × 32 32 36,928

A-Add-2 (A-Conv-4, A-Conv3) 3 × 3 × 16 32 -

BN+ReLU (A-Conv-4) - - 128

A-Pool-1 2 × 2 × 64 64 50 × 50 × 64 -

A-Conv5 * 3 × 3 × 64 1 96

50 × 50 × 96

55,584

A-Conv-6 3 × 3 × 96 96 83,040

A-Add-3 (A-Conv-6, A-Conv5) - - - -

BN+ReLU (A-Conv-6) - - 192

A-Conv-7 * 1 × 1 × 96 1 64 50 × 50 × 64 6336
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Table 1. Cont.

Unit Layer Size Stride Filters Output Size #Param.

Stream-B

B-DConv * (From Pool-in) 3 × 3 × 16 4 32

50 × 50 × 32

4704

B-Conv-2 3 × 3 × 32 32 9248

B-Add-1 (A-Conv-2, A-DConv) - - - -

BN+ReLU (A-Conv-2) - - 64

B-Conv3 * 3 × 3 × 32 1 64

50 × 50 × 64

18,624

B-Conv-4 3 × 3 × 32 32 36,928

B-Add-2 (B-Conv-4, B-Conv3) - - - -

BN+ReLU (B-Conv-4) - - 128

B-Pool-1 2 × 2 × 64 2 - 25 × 25 × 64 -

B-Conv5 * 3 × 3 × 64 1 96

25 × 25 × 96

55,584

B-Conv-6 3 × 3 × 96 96 83,040

B-Add-3 (B-Conv-6, B-Conv5) - - - -

BN+ReLU (B-Conv-6) - - 192

B-TConv * 3 × 3 × 96 2 64 50 × 50 × 64 55,488

Concat (B-TConv, A-Conv-7) - - -
50 × 50 × 128

-

Mid-Bloc

M-Conv1 * 3 × 3 × 128 1 128 147,840

M-Conv2 * 3 × 3 × 128 1 64 50 × 50 × 64 73,920

M-Conv3 3 × 3 × 64 1 32

50 × 50 × 32

18,464

M-Add-1 (M-Conv3, B-DConv) - - - -

BN+ReLU (M-Conv3) - - 64

M-TConv 2 × 2 × 32 32

100 × 100 × 32

4128

M-Add-2 (M-TConv, A-DConv) - - - -

Final-bloc

BN+ReLU (M-TConv) - - 64

F-TConv1 * 2 × 2 × 32 2 32 200 × 200 × 32 4192

F-TConv2 * 2 × 2 × 32 2 32 400 × 400 × 32 4192

F-MaskConv * 3 × 3 × 32 1 5 400 × 400 × 5 1455

BN-22 - - 4

3. Experimental Environment, Results, and Discussion
3.1. Blastocyst Image Dataset

In this study, we used a publicly accessible dataset [33] of human blastocyst images for
our study. The collection includes 235 microscopic images that were taken using an inverted
Olympus microscope. Pacific Center for Reproduction Canada gathered these blastocyst
images between the years 2012 and 2016 and made these images publicly available with
expert annotations for academic research purposes. The embryo components were labeled
pixel-wise by an expert embryologist to facilitate the supervised learning and algorithm
evaluations. In our experimental setup, we used 235 photos in total. Out of these 235 images,
we used 200 images (85%) for training and 35 images (15%) for testing. A deep learning
network cannot be adequately trained with the limited quantity of medical images that are
often available. Therefore, to train the proposed network to accurately predict pixel-wise
labels, we used an image augmentation procedure to increase the quantity of labeled data
artificially. In detail, we used vertical, and horizontal filliping in combination with rotations
to increase the training images from 200 to 3200. Figure 5 presents the example image with
its expert pixel-wise labeling for different blastocyst components.



Fractal Fract. 2024, 8, 267 8 of 16

Fractal Fract. 2024, 8, x FOR PEER REVIEW  7  of  16 
 

 

B-Conv-4  3 × 3 × 32    32  36,928 

B-Add-2 (B-Conv-4, B-Conv3)    -  -  -  - 

BN+ReLU (B-Conv-4)  -    -  128 

B-Pool-1  2 × 2 × 64  2  -  25 × 25 × 64  - 

B-Conv5 *  3 × 3 × 64  1  96 

25 × 25 × 96 

55,584 

B-Conv-6  3 × 3 × 96    96  83,040 

B-Add-3 (B-Conv-6, B-Conv5)    -  -  -  - 

BN+ReLU (B-Conv-6)  -    -  192 

B-TConv *  3 × 3 × 96  2  64  50 × 50 × 64  55,488 

Concat (B-TConv, A-Conv-7)  -  -  - 
50 × 50 × 128 

- 

Mid-Bloc 

M-Conv1 *  3 × 3 × 128  1  128  147,840 

M-Conv2 *  3 × 3 × 128  1  64  50 × 50 × 64  73,920 

M-Conv3  3 × 3 × 64  1  32 

50 × 50 × 32 

18,464 

M-Add-1 (M-Conv3, B-DConv)    -  -  -  - 

BN+ReLU (M-Conv3)  -    -  64 

M-TConv  2 × 2 × 32    32 

100 × 100 × 32 

4128 

M-Add-2 (M-TConv, A-DConv)    -  -  -  - 

Final-bloc 

BN+ReLU (M-TConv)  -    -  64 

F-TConv1 *  2 × 2 × 32  2  32  200 × 200 × 32  4192 

F-TConv2 *  2 × 2 × 32  2  32  400 × 400 × 32  4192 

F-MaskConv *  3 × 3 × 32  1  5  400 × 400 × 5  1455 

  BN-22  -    -    4 

3. Experimental Environment, Results, and Discussion 

3.1. Blastocyst Image Dataset 

In this study, we used a publicly accessible dataset [33] of human blastocyst images 

for our study. The collection includes 235 microscopic images that were taken using an 

inverted Olympus microscope. Pacific Center  for Reproduction Canada gathered  these 

blastocyst images between the years 2012 and 2016 and made these images publicly avail-

able with expert annotations for academic research purposes. The embryo components 

were  labeled pixel-wise by an expert embryologist  to  facilitate  the supervised  learning 

and algorithm evaluations. In our experimental setup, we used 235 photos in total. Out of 

these 235 images, we used 200 images (85%) for training and 35 images (15%) for testing. 

A deep learning network cannot be adequately trained with the limited quantity of med-

ical images that are often available. Therefore, to train the proposed network to accurately 

predict pixel-wise labels, we used an image augmentation procedure to increase the quan-

tity of labeled data artificially. In detail, we used vertical, and horizontal filliping in com-

bination with rotations to increase the training images from 200 to 3200. Figure 5 presents 

the example image with its expert pixel-wise labeling for different blastocyst components. 

 

Figure 5. Example blastocyst image with expert pixel-wise labeling. Blue color presents ICM, yellow 

color presents BL, red color presents TE, green color presents ZP, and black color presents back-

ground. 
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color presents BL, red color presents TE, green color presents ZP, and black color presents background.

3.2. Training Details and Environment for PSF-Net

The suggested PSF-Net is trained using a freely available public blastocyst microscopic
image dataset. As described in Section 2.1, we artificially increase the amount of blastocyst
training data using various image transformations for better training. The PSF-Net does
not take any blocks from other networks, it is trained from scratch using a blastocyst
image dataset without weight sharing, transfer, or fine-tuning. Various loss functions
like weighted cross entropy [34], focal loss [35], Dice loss [36], and Tversky [32] are used
along with Adam [37]. In detail, PSF-Net is trained using an initial learning rate of 0.001,
with a mini-batch size of 30, global-l2 normalization, and epsilon 0.000001. The PSF-Net
is trained on Intel® Core-i7-3770 based desktop computer with 28 GB of system RAM,
NVIDIA RTX-3070, and NVIDIA-GTX 1070 parallel GPU.

3.3. Evaluation of the Proposed PSF-Net

Each of the five filters by PSF-Net offers an individual mask for the desired TE,
ICM, BL, ZP, and Background (BG) class for embryological assessment. To achieve a
fair comparison between PSF-Net and other existing deep learning-based methods, we
evaluated our method using Jaccard index (JI), which is a famous measure to compare the
predicted mask with an annotated image for segmentation accuracy computations. JI, also
known as Intersection-over-Union, is given by Equation (4), computes the segmentation
performance using true positive (TP), false positive (FP), and false negative (FN) pixels. JI
provides a similarity between the predicted image and the ground truth image. PSF-Net
provides a multiclass binary mask with zeros and ones, and JI is computed by comparing
the pixels of the binary mask with the corresponding pixels in the ground truth image.
Many recent studies [38,39] used JI for the pixel-level evaluation of the predicted mask
for the blastocyst image. Where TP is the pixel that belongs to the blastocyst class in both
the predicted mask and expert label mask, FP is the pixel that belongs to the blastocyst
class in the predicted mask image, but it is a non-blastocyst pixel in the expert label mask
image; FN is the pixel that belongs to the non-embryo class in the predicted mask image
and, actually, it is an embryo pixel in the expert label mask image.

JI =
TP

TP + FP + FN
(4)

3.4. The Computation of Fractal Dimension

The fractal dimension (FD) [40] is a mathematical measure that can be used to conclude
the complexity of geometric shapes. In this study, PSF-Net generates a binary mask for
prediction and FD can range between 1 and 2 for these binary prediction images depending
upon the complexity. FD in this range covers a complete spectrum of representations for
binary images. For a binary image, the scale when a pattern shifts from Euclidean to fractal
is associated with an FD of 1, and the maximum size of the bounding box limits the FD
to 2 [41]. The higher value of FD means that the shape has more complexity. The FD
can be used for the morphological analysis with different image modalities [42]. The box
counting-based method is a common type of algorithm for calculating the FD [43–45], and
was implemented by Python (version 3.8). The following is the formula for calculating the
FD using the box-counting method:
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FD = limp→0
log(N(p))
log(1/p)

(5)

where N(p) denotes the total count of boxes with size “p” needed to entirely cover the
curve. The parameter “p” represents the box size, while FD indicates the fractal dimension
that characterizes the examined curve.

3.5. Experimental Ablation Study for PSF-Net

There are two types of ablations performed for PSF-Net. The first type of ablation includes
experimentation with different loss functions. The blastocyst compartments are of different
sizes (As shown in Figure 1); therefore, due to the difference in the number of pixels, there
exists a class imbalance. Segmentation performance degrades with this class imbalance. Many
loss functions are used to deal with this class imbalance. We performed ablation experiments
using different loss functions such as focal-loss (FL) [35], generalized Dice-loss (GDL) [36], and
Tversky-loss (TL) [32]. In the second type of ablation, PSF-Net experimentation is performed
with and without skip connections. Table 2 presents the ablation results from different loss
functions and skip connections. It can be noticed from Table 2 that TL performs better for
blastocyst compartment detection and the low-level feature transfer through skip connections.

Figure 6 presents the visual ablation for PSF-Net, it can be noticed that the gray levels
or blastocyst images are very close and it is difficult to differentiate the boundary. TL deals
with the class imbalance and, with PSF-Net, provides better segmentation using 0.7 million
trainable parameters.
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Table 2. Experimental ablation study results for PSF-Net. (#Parameters represents the number of
trainable parameters).

Method #Parameters TE ICM BL ZP BG Mean JI

PSF-Net (FL) 0.7 M 72.00 81.38 77.45 82.31 95.40 81.71

PSF-Net (GDL) 0.7 M 78.56 86.31 88.60 84.92 95.58 86.80

PSF-Net (TVL without skip paths) 0.7 M 78.39 85.82 88.92 84.94 95.79 86.77

PSF-Net (TVL with skip paths) 0.7 M 80.00 86.46 90.15 85.77 96.10 87.69

3.6. PSF-Net Comparison with Existing Methods

This section compares the suggested FPS-Net with the most advanced technique
currently available for blastocyst compartment segmentation. The PSF-Net accurately
detects these compartments, such as TE, ICM, BL, and ZP, from the BG. Table 3 provides the
numerical performance insight of PSF-Net in comparison with the existing state-of-the-art
methods, and Figure 7 provides the visual results insight by the proposed method. It
is evident from Table 3 that TL and PSF-Net with skip connections from A-Stream and
B-Stream offer improved segmentation performance.
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Figure 7. Visual results of detection by PSF-Net. (a) Original image. (b) Expert embryologist label.
(c) PSF-Net detected image. In (c), the blue, yellow, red, green, black, and pink colors present ICM,
BL, TE, ZP, FN, and FP, respectively.

Table 3. Performance evaluation of the proposed PSF-Net and the recent advanced techniques available
for segmenting blastocyst components. (#Parameters represents the number of trainable parameters).

Method #Parameters TE ICM BL ZP BG Mean JI

Base-UNet [29] 31.03 M 75.06 79.03 79.41 79.32 94.04 81.37

Ternaus-UNet [46] 10 M 76.16 77.58 78.61 80.24 94.50 81.42

PSP-Net [47] 35 M 74.83 78.28 79.26 80.57 94.60 81.51

DeepLabV3 [28] 40 M 73.98 80.60 78.35 80.84 94.49 81.65
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Table 3. Cont.

Method #Parameters TE ICM BL ZP BG Mean JI

BlastNet [38] 25 M 76.52 81.07 80.79 81.15 94.74 82.85

SSS-Net-R [48] 4.04 M 77.40 84.94 88.39 82.88 96.03 85.93

SSS-Net-D [48] 4.04 M 78.15 84.50 88.68 84.51 95.82 86.34

MASS-Net-Plain [39] 1.63 M 77.25 84.55 87.78 84.76 95.96 86.06

MASS-Net-FBB [39] 2.06 M 79.08 85.88 89.28 84.69 96.07 87.00

PSF-Net (TVL without skip paths) (Proposed) 0.7 M 78.39 85.82 88.92 84.94 95.79 86.77

PSF-Net (TVL with skip paths) (Proposed) 0.7 M 80.00 86.46 90.15 85.77 96.10 87.69

3.7. Fractal Dimension Estimate for Blastocyst Images

We employed the box-counting method to compute the FD for blastocyst components
ICM, BL, TE, and ZP for better morphometric analysis. Table 4 provides the FD for each
blastocyst compartment shown in Figure 7c (from the top to the bottom). For example, the
first row values of Table 4 are calculated from the first row of Figure 7c.

Table 4. FD values of ICM, BL, TE, and ZP from 5 images of Figure 7 (from the top to the bottom).

ICM BL TE ZP

1.47 1.73 1.43 1.35

1.52 1.70 1.39 1.40

1.46 1.61 1.48 1.52

1.46 1.68 1.43 1.38

1.39 1.61 1.49 1.58

Higher FD values for blastocyst compartments represent the higher complexities of
their shapes, and they suggest that medical experts pay more attention to analyzing the
morphometric properties of the blastocyst and its compartments to predict viability through
manual microscopic evaluation, ultimately reducing the problems of IVF. Fractal dimension
is a measure of the regularity of a shape: a high-quality TE composed of a large number
of cells produces a more irregular and complex TE thickness, resulting in a higher fractal
dimension [49,50]. Therefore, medical experts generally give more attention to higher FD
values for blastocyst components (more specifically for TE).

In addition, we show the graphs of log(1/p) vs. log (N(p)) with correlation value and
R2 of the first row of Table 4, as shown in Figure 8.
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0.9956, and 0.9952, respectively.

3.8. Discussion

A particular learning-based technique that deals with pixel-by-pixel categorization is
semantic segmentation. In the case of blastocyst compartments, it can be difficult to segment
small classes such as ZP, BL, and ICM with an acceptable segmentation performance.

To improve segmentation performance, conventional networks deepen the network,
which significantly increases the number of trainable parameters. PSF-Net deals with the
task with a few filter-based convolutions in two-stream scenarios. These two multiscale
streams are aggregated to create a valuable feature, and this feature is finally enhanced by
skip connections. This skip connection helps the network to converge faster and conclude
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the fine segmentation using just 0.7 million trainable parameters. TE, ICM, BL, and ZP are
precisely segmented at the pixel level by the proposed PSF-Net.

To maximize the likelihood of pregnancy via in vitro fertilization, it is crucial to
examine the viability of the embryo utilizing all these component morphologies. Each
component’s morphometric characteristics are crucial, and the proposed PSF-Net offers
insightful information about these characteristics. Similarly, Filho et al. [49] reported a
strong association between FD and embryo viability or quality. In this study, the FD of
TE was computed especially to assess the regularity and quality of TE, which can help in
confirming the viability of the embryo. Moreover, the proposed method can also be utilized
to check whether the embryo reached the blastocyst stage by determining the thickness of
ZP. Figure 9 shows the mask images that are available for embryonic analysis.
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FP, respectively.

4. Conclusions

In vitro fertilization is one of the methods that efficiently address infertility. To improve
the likelihood of pregnancy, the viability test of the embryo is crucial. The chances of
multiple pregnancies are thought to be decreased more effectively with a single embryo
transfer with a viability check of embryos. To maximize the probability of pregnancy
by utilizing a single embryo transfer, a viability check is crucial. The viability of the
embryo is decided after the embryologist examines the morphological characteristics of its
constituent parts. The proposed PSF-Net achieves high performance for multiclass semantic
segmentation because of its effective architecture with two multiscale stream aggregations.
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As shown in the ablation studies, the proposed architecture provides improved performance
for pixel-level segmentation of blastocyst components because of the low-level multiscale
feature aggregation mechanism. The PSF-Net is based on a few convolutions that result
in just 0.7 million trainable parameters, achieving superior performance (MJI of 87.69%)
compared with state-of-the-art methods. In addition, we introduce a fractal dimension
estimation method into our system, which is seamlessly fused as an end-to-end task,
providing medical experts with significant information on the distributional characteristics
of blastocyst compartments.

The ICM, BC, TE, and ZP precisely predicted masks from the PSF-Net, providing the
opportunity for analysis to the embryologist. PSF-Net is assessed and found to perform
fine segmentation performance compared to current state-of-the-art approaches. The
quantitative and qualitative results presented in this study confirm that the proposed
PSF-Net can be used to assist the embryologist in predicting the viability of the embryo to
increase the success rate of in vitro fertilization. We will attempt to further enhance PSF-Net
in the next works and apply the same methodology to additional medical image analysis
applications. In addition, we will concentrate on enhancing segmentation efficiency for
medical image analysis.
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