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Abstract

In order to systematically find specific signs of development of the fetus that are
present in ultrasound images, automated picture categorization in large-scale ret-
rospective assessments can be useful for ultrasound image processing and interpre-
tation utilizing machine learning. The advancement of automated diagnosis while
preserving accuracy has greatly benefited from the use of Deep Learning architec-
tures in medical picture analysis. The objective of this work is to precisely identify
fetus planes from ultrasound images. A dataset of 12400 images is used to train the
models. This study showed the effect of enhanced ultrasound image quality using
FUZZY LOGIC in fetal plane detection. A proposed Evidential Dempster-Shafer
Based CNN Architecture is used and the outcome is compared with PReLU-Net,
SqueezeNET, and Swin Transformer. Dempster-Shafer ensures that all the pieces
of evidence are properly analyzed and the classification output can be a range con-
taining belief and plausibility rather than a single probability. Thus it handles the
uncertainty. The results of each classifier were noteworthy with the proposed Eviden-
tial Classifier’s accuracy reaching 83%. The result is evaluated in terms of training
and testing accuracies. Moreover, the Lime Algorithm and the Gram Cam are used
to examine the classifier’s decision-making process to incorporate explainability.

Keywords: Evidential Dempster-Shafer CNN; Swim Transformer; Fuzzy Logic
Contrast Enhancement

iv



Acknowledgement

My deepest gratitude goes out to Professor, Dr. Md. Golam Rabiul Alam who has
been my supervisor throughout this research effort.

v



Table of Contents

Declaration i

Approval ii

Ethics Statement iv

Abstract iv

Dedication v

Acknowledgment v

Table of Contents vi

List of Figures viii

List of Tables x

Nomenclature x

1 Introduction 1
1.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Research Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Paper Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Related Work 4
2.1 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 Background Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.1 Dempster-Shafer Theory And Evidential Classifier . . . . . . . 6
2.2.2 SqueezeNET . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.2.3 Swin Transformer . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.2.4 PreLUNET . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3 Methodology 13
3.1 Image Contrast Enhancement using Fuzzy Logic . . . . . . . . . . . . 13

3.1.1 Method to increase Enhancement using Fuzzy Logic . . . . . . 13
3.1.2 Histogram Equalization . . . . . . . . . . . . . . . . . . . . . 15
3.1.3 DataSet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.2 Proposed CNN+DS Layer Evidential Model . . . . . . . . . . . . . . 17

vi



4 Results and Discussion 19
4.1 Performance Evaluation Measures . . . . . . . . . . . . . . . . . . . . 19
4.2 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4.2.1 Performance evaluation of the proposed model . . . . . . . . . 20
4.2.2 Explaining the Outcomes of the models with LIME Algorithm

and GRAD CAM . . . . . . . . . . . . . . . . . . . . . . . . . 27

5 Conclusion 35

Bibliography 40

vii



List of Figures

1.1 Images from Dataset - (i) Maternal Cervix (ii)Fetal Abdomen (iii)
Fetal Brain (iv)Fetal Femur (v) Fetal Thorax (vi) Others . . . . . . . 2

2.1 The components of the Fire Module of SqueezeNET Model . . . . . . 8
2.2 Architecture of the Swin Transformer . . . . . . . . . . . . . . . . . . 11
2.3 Difference between Relu and PreLU . . . . . . . . . . . . . . . . . . . 12

3.1 Top level layout of the proposed system . . . . . . . . . . . . . . . . . 13
3.2 Image Contrast Enhancement process using Fuzzy Logic . . . . . . . 14
3.3 Function representing Membership of each class . . . . . . . . . . . . 14
3.4 Contrast Enhancement Procedure using Fuzzy Logic. (i) represents

the actual images from the dataset without any Fuzzy Contrast En-
hancement and (ii) shows the image as an outcome of Contrast En-
hancement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.5 Rule Set for transformation. Using the rule set, the output fuzzy set
from the input pixel intensity is determined. . . . . . . . . . . . . . . 15

3.6 Dataset Class Distribution . . . . . . . . . . . . . . . . . . . . . . . . 16
3.7 Evidential CNN+DS Classifier . . . . . . . . . . . . . . . . . . . . . . 17

4.1 Training and Validation curves for Evidential CNN+DS Classifier of
Fuzzy Contrast Enhancement and Histogram Equalization . . . . . . 21

4.2 Confusion Matrix of Evidential CNN+DS Classifier . . . . . . . . . . 21
4.3 Training and validation accuracies of SqueezeNET for Fuzzy Logic

and Histogram Equalization . . . . . . . . . . . . . . . . . . . . . . . 22
4.4 Stacked Bar chart representing predictions of SqueezeNET with test-

ing Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.5 Confusion Matrix of SqueezeNET . . . . . . . . . . . . . . . . . . . . 23
4.6 Maximum Training and Validation accuracy of PreluNET of Fuzzy

Logic Contrast Enhancement and Histogram Equalization . . . . . . 24
4.7 Stacked Bar-chart representing classification performance of PRe-

LUNet with testing data . . . . . . . . . . . . . . . . . . . . . . . . . 24
4.8 Training and validation accuracies of Swin Transformer for Fuzzy

Logic and Histogram Equalization . . . . . . . . . . . . . . . . . . . . 25
4.9 Computation time (25 epochs) for training and validation . . . . . . 27
4.10 Mask representing Super Pixels in Lime Algorithm (i) Actual Test

image that the proposed Evidential CNN+DS will classify. (ii)-(iii)
Super pixels generated keeping the only positives that triggers deci-
sion on and off respectively . . . . . . . . . . . . . . . . . . . . . . . . 28

4.11 Heat Maps from Conv2d 1 layer to Conv2d 22 layer . . . . . . . . . . 29

viii



4.12 Heat Maps from the last convolution layer of each classifier . . . . . . 31

ix



List of Tables

4.1 Maximum Training and Validation Accuracy using Fuzzy Logic Based
Contrast Enhancement . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.2 Maximum Training and Validation Accuracy using Histogram Equal-
ization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.3 Classification Report of Each Classifiers . . . . . . . . . . . . . . . . . 33
4.4 Classification Report of Each Classifiers . . . . . . . . . . . . . . . . . 34

x



Chapter 1

Introduction

1.1 Problem Statement

During pregnancy, women undergo fetal ultrasound testing which provides visual
information about the unborn child (uterus). It is a secure method of determin-
ing a baby’s health. The heart, head, and spine of the unborn child are examined
along with other body parts during a fetal ultrasound [39]. Ultrasound uses a device
known as the transducer for sending out sound waves and receiving them as well.
Sound waves enter through the skin, muscle, bone, and fluids at different speeds as
the transducer is moved around the abdomen. The baby acts as a sound reflector,
reflecting sound waves back to the transducer. An electronic picture that may be
viewed on a computer screen is created from the sound waves by the transducer [39].

During the first trimester, an ultrasound is performed to determine the existence and
precise location of the pregnancy, get the number of fetuses and assess the duration
that the mother going to carry the child. Additionally, ultrasonography can be used
to check for uterine or cervix abnormalities during the first trimester of pregnancy
[25].

A standard ultrasound is carried out to evaluate the pregnancy’s numerous charac-
teristics in the second and third trimesters, including the fetal anatomy. On average,
this test is done between weeks 18 and 20. However, the time of this ultrasound
may vary depending on several factors which could make it more difficult to see the
fetus [25]. This accuracy is very important in the diagnosis of fetal planes. Man-
ual diagnosis with the naked eye takes considerable time and is prone to human error.

In particular, with the introduction of Deep Learning (DL) [6] and its amazing
advancements in image recognition tasks using Convolution Neural Networks, arti-
ficial intelligence has had impressive growth over the past ten years [37]. In recent
years, CNN has demonstrated its impact in a variety of medical imaging applica-
tions. We have seen the use of Deep Learning in Pneumonia diagnosis [21] [35], in
the diagnosis of Brain Tumor [16] [17] [30] [14], in the detection of skin cancer [34]
[23] [11] etc.

In this study, the abdomen, brain, femur, thorax, and mother’s cervix (the en-
trance in the lower part of the uterus (the womb) that connects to the top of the
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Figure 1.1: Images from Dataset - (i) Maternal Cervix (ii)Fetal Abdomen (iii) Fetal
Brain (iv)Fetal Femur (v) Fetal Thorax (vi) Others

vagina) are among the anatomical planes of the fetus on which this research has
concentrated (birth canal). Figure 1.1 shows example images from each class of the
dataset that this study is focused upon.

1.2 Research Contributions

In this study, the application of Evidential Dempster Shafer-based classifier is seen
to detect fetal planes from 2D Ultrasound images. The process begins with image
contrast enhancement using Fuzzy Logic based contrast enhancement [12] [4]. The
enhanced contrast images is then given as input to the Evidential CNN+DS Layer
and the output is analysed in the results section. For contrast, we have also en-
hanced the image using traditional Histogram Equalization and the final accuracy
scores are recorded. Along with this pre-processing, we have used Swin Transformer,
SqueezeNET and PreluNet to compare the final accuracies. Finally, the output from
each classifiers are also explained using Explainable AI. The following are the re-
search’s main contributions:

1. In this study, an Evidentiary classifier called the Dempster Shafer Layer is
used in conjunction with a customized designed CNN architecture. In ma-
chine learning, the process of classifying new elements by applying a learning
set of labeled cases is known as classification. Precision classification, when a
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sample is assigned to only one of the five available classes, is a typical classi-
fication problem. Unfortunately, a challenging assignment typically happens
when there is a lot of ambiguity [38]. Set-valued classification is a potential
remedy for this problem. Thus, it can be shown how employing Evidential
CNN can help in cases where fetal planes are being detected in ultrasound
pictures which are rarely used till now.

2. Along with that, the contrast between utilizing Histogram Equalization and
Fuzzy Logic-based contrast enhancement for pre-processing MRI images is
also displayed in the results section. The impact of using Fuzzy Logic Con-
trast Enhancement in ultrasound images as pre-processing is assessed with
metrics such as F1 scores, recall, and precision of each classifier.

3. In addition to that, according to the study of related works, Swin Transformer
is less frequently used in the ultrasound fetal planes analysis. So an effort is
seen in this research to study the impact of the Swin transformer in the detec-
tion of planes - Fetal Thorax, Brain, Abdomen, Femur, and Maternal Cervix.

4. The results section shows the performance of the PreLUNet, SqueezeNET, and
the Swin Transformer architectures as well as the CNN+DS Layer and other
architectures. Due to the Swin Transformer’s recent use in medical image
processing, it has the potential to significantly contribute to the automation
of fetus diagnosis. Understanding the output with the Grad Cam and Lime
Algorithm is also demonstrated.

1.3 Paper Outline

The study is organized as follows: Section II includes a literature overview of previ-
ous studies in this field. Along with that, Section II contains background studies for
each deep learning architecture used in this study and information regarding Demp-
ster Shafer’s Theory. Detailed information on picture contrast enhancement and
customized CNN + Ds Layer-based Evidential architecture may be found in Section
III. Analysis of the models’ outcomes is included in the results section, which is the
last section. The results section had shown a complete analysis of the outcome of
each model in terms of training, validation, and testing accuracy. Additionally, the
prediction of each classifier has been scrutinized using in terms of Explainability
with Lime and GradCam.
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Chapter 2

Related Work

2.1 Literature Review

In the first part of this section, the works related to this research are studied.
The section initially contains the summaries of the related works concentrating on
their contributions, novelty, and achievements in terms of outcomes and limitations
if any. This next subsection of the section provides healthy supporting material
to understand the Dempster Shafer Theory, SqueezeNET Architecture, and Swin
Transformer. The subsections are details of each classifier.

Using data from both the whole image and the clipped fetal structures, Sridar et
al. developed a system to automatically identify 14 distinct features in 2-D prena-
tal ultrasound pictures [19]. Using the full ultrasound fetal imaging as well as the
discriminant areas of the fetal features included in the entire image, their method
enhances two feature extractors that have already been trained. Their approach
stands out since it incorporates categorization findings from both local and world-
wide data and doesn’t rely on any prior knowledge. Their investigation produced
mean accuracy, precision, and recall scores of 97.05%, 76.47%, and 75.41%, respec-
tively, for a collection of 4074 2-D ultrasound images [19].

In this study, Hong et al. recommended a method of segmentation via the use of
a Fully Connected Convolution Neural Network in the case of Cortical planes [27].
They created a novel loss function which they also as a hybrid to improve accuracy
using 3D information as well as a test-time augmentation method for multi-view
aggregation to improve segmentation accuracy. 52 fetal brain MR images were used
in ten evaluations of their approach.

In the following research article [24], a strong deep learning segmentation approach
has been designed in order to lessen the laborious human segmentation refining pro-
cess. A fully convolutional neural network architecture, deep supervision, residual
connections, and special deep attentive modules with mixed kernel convolutions are
used to demonstrate their methodology. They evaluated their strategy statistically
using a range of performance criteria and professional opinions. They quantitatively
examined their plan based on a range of performance criteria and expert opinions.
The outcomes showed that both a cutting-edge multi-atlas segmentation method
and a number of state-of-the-art deep segmentation models are outperformed by
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their method. Fetuses between the gestational ages of 16 and 39 weeks had their
fetal brain MRI pictures reconstructed.

A deep convolutional neural network for multiple tasks is suggested in this study [18]
for automatically segmenting and estimating HC ellipses. This network minimizes
a compound cost function made up of the MSE of the ellipse parameters and the
segmentation dice score. Using an ultrasound dataset of a fetus at different phases
of pregnancy, experimental results show that the segmentation results and the pro-
duced HC closely match the radiologist annotations. The Link-Net topology, which
was initially created for semantic segmentation, was used to create a multi-task deep
network in this study. According to their research, multi-task learning performs bet-
ter than a single-task network and generates more accurate segmentation results.

Radiological technology and ultrasound expertise were needed for the segmenta-
tion of anatomical features in ultrasound pictures [28]. The manual segmentation
process is time-consuming and frequently depends on the clinician’s clinical exper-
tise. They presented an automated method for segmenting and measuring ultra-
sonic images. For the purpose of fetal biometric information extraction from two-
dimensional ultrasound images, they presented a scale attention feature pyramid
network (SAFNet). For each level, the feature pyramid is generated by controlling
the scale attention module. An auxiliary layer is used to learn how to define object
boundaries under close supervision. Additionally, they offered a two-stage frame-
work known as the automatic categorization measurement system (ACMS), which
initially identifies the picture type with three labels: head, abdomen, and femur.

The goal of this research [32] is to determine whether deep learning algorithms
can be utilized to identify abnormal or unhealthy fetal brain sonographic pictures
in conventional axial planes [32]. Images from 10251 good pregnancies and 2529
problematic pregnancies were used in the study from a huge hospital database. Any
unusual occurrences were supported by autopsy, follow-up, or newborn ultrasound
results. Segmentation accuracy, recall, and DICE scores were 97.9%, 90.9%, and
94.1%, respectively. 96.3% of the categories were correctly categorized overall.

In order to identify structural anomalies and substructures of the heart in fetal
ultrasound recordings, the scholars in [36] suggested an architecture called Super-
vised Object detection with Normal data Only (SONO), based on a convolutional
neural network (CNN). To show the likelihood of detection, we created a timeline
that resembled a barcode, and we assigned each video an irregularity score.
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2.2 Background Studies

Given two functions, f(x) and g(x), the mathematical process known as convolution
generates a third function that represents how the form of one is altered by the other.
Contrary to the cross-correlation operator, the f(x) or g(x) function for real-valued
functions in the convolution is reflected about the y-axis [33].

A convolutional layer is CNN’s primary building block. It requires training to under-
stand the parameters of the many filtration systems (or kernels) it comprises. Often,
the filters are less in size than the original image. By combining with the image,
each filter creates an activation map. For convolution, the filter is stretched across
the image’s height and width, and on each cutover, the quantitative comparison
between each filter element and the feed was taken as shown in Fig. 1. Convolution
layers are frequently used in medical image processing applications [9] [13].

The field of computer vision has seen the substantial application of deep learn-
ing. Using single-shot detectors, squeeze-and-extinction deep convolution neural
networks, augmentations, and multi-task learning, the authors of the study Early
detection of Pneumonia [26] present a computational technique for recognizing pneu-
monia areas. In the next subsection, we have reviewed Dempster-Shafer Theory and
Evidential Classifier,

2.2.1 Dempster-Shafer Theory And Evidential Classifier

The Dempster-Shafer Theory (DST) is an empirical mathematical theory [2]. [Shafer,
1976], an update of [Dempster, 1967], contains ground-breaking research on the
topic. The Dempster-Shafer theory can be thought of as a discrete-space expan-
sion of probability theory because it distributes probabilities to sets rather than to
mutually exclusive singletons. DST evidence can be connected to several potential
events, such as collections of events. The Dempster-Shafer model is replaced with
the conventional probabilistic formulation whenever there is sufficient data to allow
assigning a probability to each specific occurrence.

The task of predicting the class of a new sample using a learning set of labeled
cases is referred to as classification in machine learning. Precision classification,
where a sample is placed into just one of the five potential classes, is the most
typical classification issue [38]. Unfortunately, when there is a lot of uncertainty, a
difficult assignment frequently results in misclassification.

When there is too much uncertainty to establish a precise categorization, set-valued
classification, which is characterized as a potential solution to the issue, is the assign-
ment of a new observation into a non-empty subset of classes. Set-valued classifica-
tion enables classifier caution, a better representation of categorization uncertainty,
and ultimately lower error rates.

A mass function confirm (∅) = 0 and
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∑
A⊆Ω

m(A) = 1 (2.1)

for a finite set Ω = {ω1, . . . , ωk} Given a specific piece of evidence, for any A, m(A)
might be viewed as the conviction that one is ready to commit to A.

bel(A) =
∑
B⊆A

m(B) (2.2)

pl(A) =
∑

A∩B ̸=∅

m(B) (2.3)

The quantity pl(A) represents the amount of belief that might possibly be expressed
in A, while the bel(A) is taken as a general evaluation of one’s faith that the hy-
pothesis is indeed true [20] [1] [3][27,28,29].

m1⊕m2(A) =

∑
B∩C=A

m1(B)m2(C)∑
B∩C ̸=∅

m1(B)m2(C)
(2.4)

In the publication [38], Tong et al. developed a unique classifier for set-valued clas-
sification by combining a CNN with the Dempster-Shafer (DS) theory. Extraction
of high-dimensional data from the input data is the initial stage in the convolutional
and pooling layers of the evidentiary deep-learning classifier. Dempster’s rule is then
used to convert the features into mass functions, which are then combined in a DS
layer.

Given a specific piece of evidence, for any A, m(A) might be viewed as the con-
viction that one is ready to commit to A. The next step is set-valued classification
using mass functions in a presumptive utility layer. It provides an end-to-end learn-
ing technique for collaborating on network parameter modifications. A method for
choosing incomplete multi-class actions is also offered [38].

7



2.2.2 SqueezeNET

A CNN architecture called SqueezeNET employs 50 times fewer parameters than
AlexNet while still being equally accurate. The following advantages accrue to a
CNN model with fewer parameters: Improved effectiveness of distributed training,
fewer costs associated with distributing new models to customers, and Embedded
and FPGA deployment that is feasible [7].

Certain techniques are used by the Squeeze Net model to reduce the majority of
parameters. Which are: putting 1x1 filters in place of the 3x3 filters and Three-by-
three filters with fewer input channels subsequent downsampling at the network [7].
They reduce the input channel count to 3x3 filters [43]. It is best to downsample
late in the network so that convolution layers have large activation maps in order
to maximize accuracy on a constrained parameter budget [43]. Convolution neural

Figure 2.1: The components of the Fire Module of SqueezeNET Model

networks, most notably SqueezeNET, utilize construction blocks called Fire Mod-
ules as part of their architecture as in Figure 2.1. In order to create a Fire module,
a squeeze convolution layer—which contains only 1x1 filters—feeds into an expand
layer, which combines 1x1 and 3x3 convolution filters [43].

In the design of SqueezeNET, eight Fire modules (fire2-9) are placed before a single
convolution layer (conv1) and a ninth convolution layer is placed after that (conv10).
From the beginning to the end of the network, there are consistently more filters
per fire module. SqueezeNET places its pooling a little later in accordance with
Strategy 3 [7] after layers conv1, fire4, fire8, and conv10.

There are various applications where scholars have shown the use of SqueezeNET
architecture. In automatic vision-based systems, the model recognition (MMR) of
cars is crucial. The SqueezeNET architecture is used in a study [15] to present a
unique deep-learning method for MMR. Vehicle picture frontal views are first ex-
tracted and given as input for training and testing purposes into a deep network.
O MMR system is more effective thanks to the use of the SqueezeNET design, a
variation of the vanilla SqueezeNET, with bypass links between the Fire modules.
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The suggested model achieves a 96.3% recognition rate at the rank-1 level with an
efficient time slice of 108.8 ms, according to testing results using the large-scale ve-
hicle datasets that we have gathered.

The researchers in another study demonstrated how an AI-based framework can
outperform earlier [31]. The SqueezeNet light network design is optimized for the
COVID-19 diagnosis using Bayesian optimization additive. Because of its improved
performance over existing network designs and higher COVID-19 diagnosis accu-
racy, the proposed network makes use of a supplemented dataset and fine-tuned
hyperparameters.

Also, the impact of SqueezeNET is seen in the field of Agriculture where the diseases
of Leaves are detected. This study [10] concentrated on developing a squeeze net-
based model to categorize seven different tomato plant illnesses on leaves, including
healthy leaves using Keras. The Vegetable Crops Research Institute (Balitsa) in
Lembang, West Java provided the tomato plant leaf images that were utilized in
this investigation. This study’s automated disease detection of tomato plants using
images of their leaves has an average identification accuracy of 86.92

Hence it showed the application of SqueezeNET in multiple areas. In our case,
we used SqueezeNET architecture for the detection of Fetal Planes in 2d Ultra-
sound images. The performance is compared with the outcome of the CNN+Ds
Layer.
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2.2.3 Swin Transformer

The common MSA module (multi-head self-attention) is changed to one based on
moveable windows in Swin Transformer, leaving the remaining layers alone. A 2-
layer MLP with GELU nonlinearity and a shifted window-based MSA module make
up a Swin Transformer block. Prior to each MSA module, MLP, and residual con-
nection, the LayerNorm (LN) layer and the module are applied, correspondingly
[37]. The architecture of the Swin Transformer is shown in Figure 2.2.

Due to disparities between language and vision, such as the stark contrasts in visual
element magnitude and the higher clarity of pixels in images compared to words in
the text, Transformer struggles to switch between the two [37]. They proposed a
hierarchical Transformer whose representation is computed using shifted windows
to accommodate for these differences. With cross-window communication still pos-
sible, the shifted windowing strategy increases efficiency by limiting self-attention
computation to non-overlapping local windows. This hierarchical architecture is ca-
pable of representing a range of scales with linear computing costs with respect to
image size.

Due to these features, the Swin Transformer may be applied to a wide range of vi-
sion tasks, such as semantic segmentation, object recognition, and object detection.
All MLP designs also profit from the hierarchical architecture and shifting window
method.

In the following study, [40], SwinMR, a brand-new Swin transformer-based tech-
nique for quick MRI reconstruction, was introduced. An input module (IM), a
feature extraction module (FEM), and an output module made up the entire net-
work (OM). The FEM was made up of a cascade of residual Swin transformer blocks
(RSTBs) and 2D convolutional layers, while the IM and OM were both 2D convo-
lutional layers. A succession of Swin transformer layers made up the RSTB (STLs).
Instead of performing the multi-head self-attention (MSA) of the original trans-
former in the entire picture space, the shifted windows multi-head self-attention
(W-MSA/SW-MSA) of STL was done in shifted windows.
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Figure 2.2: Architecture of the Swin Transformer
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2.2.4 PreLUNET

PReLUNet has been introduced in the paper [5]. The authors proposed a generalized
version of the conventional rectified unit called the Parametric Rectified Linear Unit
(PReLU). With almost no additional computational effort and no over fitting risk,
PReLU enhances model fitting. The contrast between PreLU and Relu is displayed
in Figure 2.3

Figure 2.3: Difference between Relu and PreLU

They put out a fresh generalization of ReLU that they refer to as the Parametric
Rectified Linear Unit (PReLU). This activation function increases accuracy at a
very low additional computing cost while adaptive learning the rectifier parameters.
Second, they investigate the challenge of training very deep corrected models. The
scholars derived a theoretically valid initialization strategy by explicitly modeling the
nonlinearity of rectifiers (ReLU/PReLU), which aids in the convergence of extremely
deep models that were trained entirely from scratch, such as ones with 30 weight
layers.

f(yi) =

{
yi if yi > 0

yiai if yi >= 0
(2.5)

Here, ai is a coefficient that regulates the slope of the negative component, and
yi is the input of the nonlinear activation function on the ith channel.
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Chapter 3

Methodology

The top-level layout of the proposed Evidential Dempster Shafer-based Fetal Planes
Analysis from 2D ultrasound images (EDS-FPA) system has been presented in Fig-
ure 3.1. The proposed system has 4 prime modules: Dataset collection (2 Dimen-
sional Ultrasound images were used [22], dataset pre-processing using Fuzzy Logic
Contrast Enhancement and Histogram Equalization, formulation of training and
testing dataset to train the proposed Evidential CNN+Ds Layer architecture, Swin
Transformer, PreLUNet, and SqueezeNET and finally visualizing the output in the
results section and incorporating the Explainability with Lime and GradCam.

Figure 3.1: Top level layout of the proposed system

3.1 Image Contrast Enhancement using Fuzzy Logic

Fuzzy Logic Contrast Enhancement [12][4] [29] is used to improve the contrast. In
the following subsection section, we will be discussing the methodology followed to
increase the enhancement using fuzzy Logic.

3.1.1 Method to increase Enhancement using Fuzzy Logic

Figure 3.2 shows the overall process to increase the contrast of an image using Fuzzy
Logic. Initially, there is an RGB to CIELAB transformation of the input image [29]
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[12] [4], with progress on the L channel. Based on pixel intensity and M value, the

Figure 3.2: Image Contrast Enhancement process using Fuzzy Logic

fuzzification step determines the degree of each class membership for each individual
pixel. Gaussian Function is used in the membership functions.

Figure 3.3: Function representing Membership of each class

The papers [12] [4] had shown the use of Fuzzy Logic to improve the contrast of
images. This has a significant positive impact on the accuracy of our deep-learning
algorithms. Defuzzification: Determine the centroid value of each output fuzzy set
for each pixel. Image enhancement is essentially a technique that raises the image’s
quality and perceptibility. It is crucial in areas like remote sensing, surveillance,
and medical imaging, among others [12]. The rule set is applied as shown in Fig-
ure 3.5. Using the rule set, the output fuzzy set from the input pixel intensity is
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Figure 3.4: Contrast Enhancement Procedure using Fuzzy Logic. (i) represents the
actual images from the dataset without any Fuzzy Contrast Enhancement and (ii)
shows the image as an outcome of Contrast Enhancement

determined.Convert the resulting image from CIELAB to RGB, then merge the ad-
justed L channel with the original AB channels. Figure 3.4 shows the outcome of
the enhanced image.

3.1.2 Histogram Equalization

Another approach to enhance the image i.e. Histogram Equalization is also used. To
enhance contrast in photographs, Histogram equalization [HE] is a computer image
processing method. By substantially extending the intensity range of the image, it
achieves this by effectively spreading out the most common intensity values.

When an image’s useful data is represented by close contrast values, this method
typically results in an increase in the image’s overall contrast. This enables re-
gions with low local contrast to acquire a higher contrast [44] [42]. The classifiers

Figure 3.5: Rule Set for transformation. Using the rule set, the output fuzzy set
from the input pixel intensity is determined.

CNN+DST, SqueezeNET, and PreluNET were then fed the resulting images of en-
hanced contrast as an array. In the findings section, the accuracy for training and
validation is shown for each image contrast enhancement technique. Additionally,
test data were used to evaluate the classifiers. The output is also visualized using
Explainable AI methods.
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3.1.3 DataSet

Burgos-Artizz et al [22] developed the open-access dataset which contains 12400 im-
ages of ultrasound. Several operators and ultrasound devices collected ultrasound
images from two different hospitals. A maternal-fetal doctor with extensive expe-
rience manually tagged each photograph. Images are broken down into six classes:
the mother’s cervix (which is frequently used for preterm screening), the four most
popular fetal anatomical planes (the abdomen, brain, femur, and thorax), and a
miscellaneous category that includes any other less common image plane. Figure
3.6 shows the number of images in each of the three main classes - Maternal Cervix,
Fetal Brain, Fetal Thorax, Fetal Abdomen and Fetal Femur.

Figure 3.6: Dataset Class Distribution

16



3.2 Proposed CNN+DS Layer Evidential Model

After being improved in terms of contrast, the images were utilized to train the
models. CNN + DS was initially trained using the photos. The training model is
depicted in Figure 3.7. Tong et al. proposed the evidential deep learning classifier for
set-valued classification, a new classifier built on the Dempster-Shafer (DS) theory
and deep CNN. In this classifier, high-order features are extracted from the raw data
using a deep CNN. The features are then loaded into a DS layer that is distance-
based in order to create mass functions [38]. In our study, we used an evidential

Figure 3.7: Evidential CNN+DS Classifier

convolutional neural network (E-CNN) classifier constructed on the DST framework,
in accordance with the research of Tong et al. [38]. However, a customized CNN
architecture was initially used to get features from the Images. Then transformed
into simple mass functions, and then aggregate them using Dempster’s rule with a
specifically created CNN architecture. Given that this is a distance-based classifier,
the E-CNN classifier splits test samples into various groups based on how closely an
input vector resembles the prototypes in the model [38].
75% of the dataset was used for training, and 25% was used for testing. The NumPy
array of image pixels is then utilized as input for the first convolution layer, which
has 2 X 2-dimensional filters. The number of filters is 32. Prior to MaxPooling2D,
the layer is followed by Batch Normalization.

The output is then input into another Convolution layer, which used Batch Normal-
ization and Max Pooling in the same manner. It is followed by three convolution
layers of 10 X A X A each, with A equal to 1 for the first two CNN Layers and 3 for
the third layer and the result is max pooled again before flattening. After flattening,
the output is again given input to DS Layer with prototypes = 20. The necessary
libraries for the DS layer are available online [45]. Finally ds layer.DS3 normalize is
given as input to utility layer train [45].

The model is trained for 25 epochs with Categorical Cross Entropy as the loss
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function. An input sample is propagated through a number of steps, just like in
probabilistic CNN, to extract latent features crucial for classification. According to
[38], the output vector is ready to be given as input to the DS layer. The DS layer
receives the feature vector produced in Step 1 and transforms it using Dempster’s
rule into mass functions.

m = m({ω1}, . . . , {ωm})m(Ω)T (3.1)

For the Swin Transformer, PreLUNet, and the DST layered CNN, all of the photos
were resized to 150*150. Squeeze net’s input size, however, was 32*32. The models
underwent 25 epochs of training. The training images were split into two groups:
70% were utilized for training, and the remaining 30% were used for validation—a
step that is crucial for the analysis. Additionally, a few photos were kept apart for
testing. In the findings section, each model’s outcomes were discussed.
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Chapter 4

Results and Discussion

In this chapter, the effectiveness of the proposed Evidential CNN+DS Layer archi-
tecture is assessed. This chapter compared the proposed architecture’s performance
to those of PreLUNet, SqueezeNET, and Swin Transformer, three other State of
the Art architectures. This section compares the classifier’s performances when
the images are pre-processed using conventional histogram equalization and fuzzy
logic contrast enhancement. Training and Validation Accuracy, Testing Accuracy
in terms of F1 Score, Recall, and Precision are the metrics used to assess the per-
formance of prediction. The classifiers’ computation time contrast is also noted.
GradCam and the Lime Algorithm are then used to observe the explainability of
the classifiers.

4.1 Performance Evaluation Measures

The accuracy, sensitivity, specificity, and F-Measure are examples of well-known
performance measures that have been used to assess the results. The number of
true positives (TP), false positives (FP), true negatives (TN), and false negatives
are used in the calculation of these measures (FN). The number of correctly identi-
fied negative and positive samples are denoted by TN and TP, respectively. FN and
FP represent the proportion of positive and negative samples that were misclassified.

The classification scheme’s overall effectiveness is judged by its accuracy. This is
how it can be calculated:

Accuracy =
TP + TN

TP + TN + FP + FN
(4.1)

A classifier’s sensitivity is its capacity to identify positive class sequences. The
calculation is as follows:

Sensitivity =
TP

TP + FN
(4.2)
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Precision and recall are used by F-Measure to calculate classification accuracy.

Precision =
TP

TP + FP
,Recall =

TP

TP + FN
(4.3)

F −Measure = 2X
PrecisionXRecall

Precision+Recall
(4.4)

4.2 Experimental Results

The proposed Evidential CNN+DS model was trained with ultrasound images en-
hanced with Fuzzy Logic Contrast Enhancement. The performances are evaluated
in this subsection.

4.2.1 Performance evaluation of the proposed model

Figure 4.1 depicts the CNN+DS Evidential Architecture training and validation
accuracy curve for fuzzy logic contrast enhancement and histogram equalization en-
hancement. In the scenario where the visual contrast was raised using fuzzy logic,
training accuracy climbed gradually from 0.3689 to 0.8354 after 35 training epochs.
A similar pattern could be seen in the validation accuracy, which had a maximum
value of 0.8364. In the case of Histogram Equalization, the maximum training ac-
curacy achieved is 0.8723, and the maximum validation accuracy is 0.8714.

Hence a similar outcome is seen in the case of DS layer-based CNN when both
HE and Fuzzy contrast although accuracies are better for HE by a small margin.
The confusion matrix in Figure 4.2 was created based on the results of testing the
model using testing data. The results showed most of the photos in each class were
correctly categorized. The higher density of the diagonal section in the confusion
matrix proved that. However, there were very few images that were wrongly labeled.

For fuzzy logic contrast enhancement and histogram equalization, the SqueezeNET
training and validation accuracy curve is depicted in Figure 4.3. In the situation
where the visual contrast was improved using fuzzy logic, after training for 25 epochs,
the training accuracy climbed gradually from above 0.3527 to 0.9103. With a max-
imum value of 0.8565, the validation accuracy displayed a similar pattern. The
maximum values for training accuracy and validation accuracy in the case of His-
togram Equalization are 0.9515 and 0.8825 respectively.

The confusion matrix in the form of a stacked bar chart in Figure 4.4 was cre-
ated based on the results of testing the model using testing data after 25 epochs of
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Figure 4.1: Training and Validation curves for Evidential CNN+DS Classifier of
Fuzzy Contrast Enhancement and Histogram Equalization

Figure 4.2: Confusion Matrix of Evidential CNN+DS Classifier
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model training. The results showed that while there were a few misclassifications,
most of the photos in each class were correctly categorized. This is indicated by the
large regions of the bar chart with the same color as the color of the particular class
indicating the correct classification for those number of images.

Figure 4.3: Training and validation accuracies of SqueezeNET for Fuzzy Logic and
Histogram Equalization

The PreLUNet’s maximum training and validation accuracy for both Fuzzy Logic
Contrast Enhancement and Histogram Equalization are displayed in Figure 4.6 Af-
ter training for 25 epochs, the training accuracy increased progressively from above
0.6654 to 0.9553 in the scenario when the visual contrast was increased using fuzzy
logic. Despite some dips between the 16th to 18th epochs.

The validation accuracy showed a similar pattern, with a maximum value of 0.8559.
For training accuracy in the case of HE, the maximum training accuracy value
is 0.9521, and the validation accuracy is 0.8768. When the results of Histogram
Equalization and Fuzzy Logic Image Contrast Enhancement are examined, it can
be seen that the classifier worked better when images undergo histogram equaliza-
tion. Figure 4.7 shows the classification accuracy in terms of Stacked Bar chart of
the PreLUNet when tested with testing data.

Figure 4.8 showed the accuracy curves for Swin Transformer. The graphs showed
an increase in the accuracies during both training and validation for HE and Fuzzy
Logic Contrast Enhancement. The training accuracy reached 0.8890 and validation
accuracy 0.8106 in the case of Fuzzy Logic Contrast Enhancement and the training
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Figure 4.4: Stacked Bar chart representing predictions of SqueezeNET with testing
Data

Figure 4.5: Confusion Matrix of SqueezeNET
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Figure 4.6: Maximum Training and Validation accuracy of PreluNET of Fuzzy Logic
Contrast Enhancement and Histogram Equalization

Figure 4.7: Stacked Bar-chart representing classification performance of PReLUNet
with testing data
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Figure 4.8: Training and validation accuracies of Swin Transformer for Fuzzy Logic
and Histogram Equalization

accuracy reached 0.7979 and validation accuracy 0.7471 in the case of Fuzzy Logic
Contrast Enhancement. To summarize the outcome from each classifier is reviewed
in Tables 4.1 and 4.2 that corresponds to the maximum training and validation
accuracy of each classifier contrasting the impact of Fuzzy Logic and Histogram
Equalization based image enhancement.

Table 4.1: Maximum Training and Validation Accuracy using Fuzzy Logic Based
Contrast Enhancement

Category Models Maximum
Training
Accuracy

Maximum
Validation
Accuracy

Evidential CNN+DS Model 0.8354 0.8364
SqueezeNET 0.9103 0.8565

Fuzzy Contrast En-
hancement

PreLUNET 0.9553 0.8559

Swin Transformer 0.88903 0.8106
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Table 4.2: Maximum Training and Validation Accuracy using Histogram Equaliza-
tion

Category Models Maximum
Training
Accuracy

Maximum
Validation
Accuracy

Evidential CNN+DS Model 0.8723 0.8714
SqueezeNET 0.9515 0.8825

Histogram Equaliza-
tion

PreLUNET 0.9553 0.8559

Swin Transformer 0.7979 0.7471

The classification report in Tables 4.3 and 4.4 again proved how the architectures
performed when tested with testing data. A total of 3337 testing images were used.

The F1 scores, precision, and recall values for each classifier were displayed in the
classification report in the figure. When using Fuzzy Logic Contrast Enhancement
on the CNN+DS layer with the Maternal Cervix class, the precision is 0.96, and
when using Histogram Equalizer, it is 0.88.
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The recall for the maternal cervix is 0.99 for CNN+DSLayer Evidential Classifier,
0.99 for fuzzy logic contrast enhancement, and 0.99 for HE. How many test photos
from each class were used as indicated on the support. With precision levels of 0.56
for CNN+DSLayer for Fuzzy Logic Contrast Enhancement and 0.81 for Histogram
Equalizer, the findings for the Fetal Thorax class are a little less impressive. The

Figure 4.9: Computation time (25 epochs) for training and validation

classifiers were also compared by the amount of time consumed to run 25 epochs
while getting trained and validated. To get an idea of training and validating time
for a constant number of epochs, time for 25 epochs of the CNN+DS Layer is
considered. The graph in Figure 4.9 represented that Swin Transformer took the
shortest time i.e. 296.516s. CNN+DS Layer took 334.369s to get trained for 25
epochs. The highest time taken by PreLUNet is 1404.51s.

4.2.2 Explaining the Outcomes of the models with LIME
Algorithm and GRAD CAM

XAI is a general term that refers to methods, equations, and tools that advance
our knowledge of how AI works. Typically, AI solutions are ”black boxes,” which
means the developer is unable to explain the results of the algorithm. As a result
of XAI, developers, decision-makers, customers, and other stakeholders can better
understand an AI forecast [41]. Understanding the behavior of our machine learning
model is more important.

Local Interpretable and Model-independent LIME is referred to as explanations [8].
LIME is capable of detecting text, images, and tabular data using classifiers. The
scholars introduced LIME, a ground-breaking explanation technique that accurately
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Figure 4.10: Mask representing Super Pixels in Lime Algorithm (i) Actual Test
image that the proposed Evidential CNN+DS will classify. (ii)-(iii) Super pixels
generated keeping the only positives that triggers decision on and off respectively
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Figure 4.11: Heat Maps from Conv2d 1 layer to Conv2d 22 layer
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and understandably explains any classifier’s predictions by building an interpretable
model locally around the prediction.
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Initially, a test image is selected to be given as input to the trained Evidential +
CNN Classifier. The prediction is then analyzed using Lime Algorithm. By using
pip install lime, the lime is installed in Google Colab. Using the LimeImageEx-
plainer function, we extracted information from the lime image. All that is needed
is to use the explain instance function on the explainer object we previously built.
The parameters were: images indicates which image LIME should describe, classi-
fier fn indicates which prediction function should be used to classify the image, and
top labels indicates how many labels LIME should display. If it is 3, the remaining
labels will not be displayed and the top three labels with the highest probabilities
will be. Num samples is used to set the number of fictitious data points that LIME
will generate that are similar to our input.

Figure 4.12: Heat Maps from the last convolution layer of each classifier

The explanation object provides a get image and mask() method that accepts pre-
dicted labels for the previously parsed 3-d image data and returns a pair of (image,
mask) tuples, where the image is a 3d NumPy array and mask is a 2d NumPy array
that may be used with skimage.segmentation.mark boundaries. The features in the
image that were used to make the prediction are represented in the returned image
using the associated mask. The output is shown in Figure 4.10

In case of explaining the outcome using GradCam, when the classifier is given the
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image of the fetal abdomen as input, Figure
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Table 4.3: Classification Report of Each Classifiers

Category Models Metrics Maternal
Cervix

Fetal
Fe-
mur

Fetal
Ab-
domen

Fetal
Brain

Fetal
Tho-
rax

Other

Precision 0.97 0.79 0.85 0.94 0.60 0.90
PreLUNet Recall 0.99 0.56 0.80 0.92 0.95 0.78

F1 Score 0.99 0.66 0.84 0.93 0.73 0.83
Support 421 271 397 754 436 1058

Precision 0.97 0.81 0.78 0.91 0.89 0.80
SqueezeNET Recall 0.99 0.59 0.81 0.96 0.79 0.84

F1 Score 0.98 0.68 0.80 0.94 0.83 0.82
Fuzzy
Logic
Based
Contrast
Enhance-
ment

Support 421 271 397 754 436 1058

Precision 0.97 0.81 0.78 0.91 0.89 0.80
CNN+DS
Evidential
Classifier

Recall 0.96 0.78 0.78 0.92 0.56 0.89

F1 Score 0.98 0.71 0.49 0.93 0.95 0.78
Support 421 271 397 754 436 1058

Precision 0.99 0.70 0.83 0.70 0.68 0.71
Swin Trans-
former

Recall 0.92 0.49 0.30 0.86 0.75 0.80

F1 Score 0.95 0.58 0.44 0.77 0.71 0.75
Support 421 271 397 754 436 1058
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Table 4.4: Classification Report of Each Classifiers

Category Models Metrics Maternal
Cervix

Fetal
Fe-
mur

Fetal
Ab-
domen

Fetal
Brain

Fetal
Tho-
rax

Other

Precision 0.98 0.78 0.83 0.94 0.59 0.89
PreLUNet Recall 0.99 0.56 0.80 0.92 0.95 0.78

F1 Score 0.99 0.66 0.83 0.92 0.95 0.84
Support 421 271 397 754 436 1058

Precision 0.98 0.77 0.93 0.98 0.90 0.80
SqueezeNET Recall 1.00 0.77 0.84 0.91 0.84 0.88

F1 Score 0.99 0.77 0.88 0.95 0.87 0.84
Histogram
Equaliza-
tion

Support 421 271 397 754 436 1058

Precision 0.88 0.77 0.75 0.98 0.81 0.68
CNN+DS
Evidential
Classifier

Recall 0.83 0.61 0.74 0.69 0.78 0.88

F1 Score 0.89 0.73 0.82 0.79 0.79 0.77
Support 421 271 397 754 436 1058

Precision 0.99 0.73 0.67 0.55 0.77 0.81
Swin Trans-
former

Recall 0.98 0.71 0.49 0.93 0.95 0.78

F1 Score 0.98 0.47 0.50 0.69 0.74 0.74
Support 421 271 397 754 436 1058
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Chapter 5

Conclusion

This study demonstrated how to identify the fetus planes in ultrasound pictures
using a Dempster Shafer-based evidential CNN classifier. This paper also illustrates
the application of the Swin Transformer in the analysis of medical images. Once
the inputs were improved with Histogram Equalization and Fuzzy Logic Contrast,
the classifiers functioned extremely accurately. In the findings section, the outputs
from each enhancement are contrasted. All four of the classifiers—CNN+DS, Swin
Transformer, SqueezeNET, and PreLUNet—performed admirably. The Dempster
Shafer Layer is an Evidentiary classifier that is used in this study together with a
specially created CNN architecture.

In machine learning, classification is the action of applying a learning set of la-
beled cases to a new sample in order to categorize it. Precision classification is a
typical classification problem in which a sample is assigned to just one of the five
potential classes. Unluckily, assignments that are difficult are frequently those that
have a lot of uncertainty.

A possible solution to this issue is set-valued classification. As a result, it can
be seen how using Evidential CNN, which has only recently been utilized to locate
fetal planes in ultrasound images, can be helpful. Second, the comparison between
using Histogram Equalization and contrast enhancement of MRI images based on
fuzzy logic is also shown in the results section. Metrics like F1 scores, recall, and
precision of each classifier are used to evaluate the effects of using fuzzy logic con-
trast enhancement in ultrasound images as pre-processing. The examination of the
ultrasound fetal planes uses the Swin Transformer less frequently.

Therefore, this study makes an effort to investigate the role of the Swin trans-
former in the identification of the fetal thorax, brain, abdomen, femur, and maternal
cervix. The performance of the CNN+DS Layer, PreLUNet, SqueezeNET, and the
Swin Transformer topologies is displayed in the results section together with that
of other architectures. The Swin Transformer has recently been used for medical
image processing and has the potential to dramatically advance fetal diagnosis au-
tomation. Additionally, the Grad Cam and Lime Algorithm is used to explain how
to understand the output.

As fetal brain imaging can be further divided into Trans-thalamic, Trans-cerebellum,
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and Trans-ventricular classes, there are more areas to investigate. Therefore, the
purpose of this study is to continue classifying the images using UNET architecture
segmentation to group the brain images into the aforementioned classes. However,
if we focus on a few limitations, then first of all the dataset was very large and hence
Colab free version was not sufficient. However, the issue was resolved using Google
Colab pro which provided sufficient memory.
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