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Abstract—Transfer learning is a key component of the 

research on restorative images, but it can be difficult to find 

high-quality training datasets for machine learning methods. 

Despite various research studies in order, there have not been 

many evaluation publications about the application of 

transfer learning in restorative image analysis to this point. 

Furthermore, no research has been done on the potential 

applications of transfer learning to ultrasonic breast imaging. 

This research reviews recent methodologies and highlights 

their advantages and disadvantages by reviewing earlier 

works on transfer learning-based breast cancer detection 

using ultrasound pictures. The future avenues of research for 

the use of transfer learning in ultrasonic imaging for breast 

diagnostic and therapeutic applications are also highlighted in 

this work. Deep learning methods MobileNetV2 and 

InceptionV3 have been applied to the detection of breast 

cancer. MobilenetV2 utilizes depth-wise separable 

convolution, whilst InceptionV3 uses regular convolution, 

which is the main contrast between the two. Therefore, 

MobileNetV2 is less parameterized than InceptionV3. 

However, there is a slight efficiency hit as a byproduct. We 

compared the results and assessed the accuracy of both 

models. 

Keywords: Transfer Learning, Convolutional Neural Networks, 

InceptionV3, MobileNetV2, Deep Learning, and Breast Cancer 

Detection 

I. INTRODUCTION

Currently, breast cancer is the leading cause of mortality of 

women, causing the deaths of 12.5% of all females 

worldwide, regardless of their socioeconomic background 

[1]. Early detection of breast cancer is crucial, according to 

research in the past, since it can reduce mortality rates by 

up to 40% [2, 3]. In the show, ultrasound imaging has 

become a popular imaging technique for detecting breast 

cancer, particularly in young women with dense breasts [4]. 

In order to successfully extract tissue features, ultrasonic 

(US) imaging is frequently performed [5-7]. According to 

studies, utilising a range of modalities, including US 

imaging, decreased the incorrect negative acceptance rate 

in other breast symptomatic techniques, like biopsy and 

mammography (MG) [2]. Using ultrasonic imaging 

techniques to diagnose breast cancer can increase tumor 

finding by up to 17% [6]. Additionally, it is possible to 

reduce the number of unnecessary biopsies by around 40%, 

which would reduce the number of medications consumed 

[5]. Utilizing non-ionizing radiation, which has no adverse 

health consequences and just needs basic equipment, seems 

to be another advantage of ultrasonic imaging [7]. As a 

result, ultrasound scanners are more affordable and flexible 

than mammography machines [5-8]. However, 

mammography and histological analyses are not a stand-

alone approach for the detection of breast cancer [6,7], and 

they are integrated with ultrasound frameworks to 

demonstrate the results [8,]. Many studies have made use 

of modern technology to increase the ultrasonic imaging's 

demonstration power [9]. 

Machine learning, counting false positive rates, failing to 

recognise changes brought on by illness, a diminished 

appropriateness for treatment checking, and subjectivity 

have all been found to be solutions to many of the 

problems with ultrasound's categorization, discovery, and 

division of breast cancer [10–12]. Numerous machine 

learning methods, however, actually perform better when a 

particular presumption is true, i.e., when the training and 

test data sets come from the same feature space and have 

the same distribution. When the distribution changes, the 

bulk of the numerical values within the models must be 

completely rebuilt using fresh data that was gathered 

beforehand. [11–13]. 

It is challenging to push for the load demand information 

and to construct models in this way for therapeutic 

applications, such as breast ultrasound imaging [14].As a 

result, it is wise to lessen the work and requirements 

required to accelerate the processing of information 

[13,14].Details transmission from one task to the next 

would be ideal in these situations [15]. Transfer learning 

permits the use of a previously produced application on 

some other system as the learning target.[16]. In a nutshell, 

it takes less time and effort to acquire and organise learning 

resources [10–16]. 

The foundation of transfer learning is the notion that, in 

exceptional situations, previously learned knowledge may 

be connected to current challenges to address them more 

quickly and effectively [17,18]. Transfer learning 

ultimately requires tested machine learning techniques that 

can retain and make use of previously acquired data [19–

21]. Exchange learning has most recently been connected 

to breast cancer imaging with the development of a few 

convolutional neural network models to tackle visual 

categorization tasks in image pairs published on shared 

picture datasets like ImageNet [22]. 

The WHO Worldwide Breast Cancer Activity (GBCI) aims 

to prevent 2.5 million breast cancer fatalities between 2020 

and 2040 by reducing the yearly global breast cancer 

mortality rate by 2.5%.In order to prevent the disease from 
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coming back, every breast treatment of cancer should work 

to get rid of as much cancer from your body as feasible. 

We specifically looked for the following things to find: 

• Obtain credit for breast cancer ultrasound images.

• Deploy the MobileNetV2 and InceptionV3 deep

learning algorithms to it.

• Examine the outcomes.

• Find out which deep learning algorithms work

best for identifying and categorizing breast cancer.

(None, 512)

• Analyze the major incidents that led to breast

cancer.

• Create a model that can filter photos according to

the type of breast cancer.

The following describes the structure of this paper: In 

section I, we discussed the aim and objective of breast 

cancer detection. In section II, we did a literacy survey for 

the work. In section III, we have mentioned the 

methodology used. IV mentions the model development. 

Results analysis is provided in Section V. Section VI 

concludes the essay lastly. 

II. LITERATURE REVIEW

Huynh et al. examined the effectiveness of incorporating 

features from pre-trained deep CNNs for computer-aided 

diagnosis (CADx) in their 2016 study on the primary usage 

of exchange learning in breast cancer imaging [23]. Then 

after, Byra et al. released a paper in which they proposed 

using neural exchange learning and ultrasonography to 

classify breast injury[24].The study by Yap et al., which 

supported the use of sophisticated neural learning 

algorithms for breast cancer diagnosis, was published right 

away [25]. Utilizing a pre-trained fully convolutional 

network called AlexNet, they looked into three alternative 

strategies: a patch-based LeNet approach, a U-Net 

demonstration, and an exchange learning technique. A few 

distributions on the usage of exchange learning for breast 

ultrasound imaging have been developed based on the 

distribution of these properties [26–29]. The aim of this 

work is to review papers on breast cancer imaging that 

provide contemporary methodologies and identify their 

benefits and drawbacks using exchange learning. 

Additionally, it provides immediate access to upcoming 

possibilities for ultrasound breast cancer imaging learning 

and sharing. The audit will be crucial in helping researchers 

discover emerging tactics that will advance as well as areas 

that seem to profit from more exchange learning-based 

ultrasound breast imaging study. 

III. METHODOLOGY AND DATA

A. Data Source

● The dataset, which includes 693 ultrasound

images of breast cancer from three distinct

classes—benign, malignant, and normal—was

collected from Kaggle.

● Jupyter Notebook as well as the Python libraries

Numpy, Matplotlib, Pandas, Seaborn, Sklearn,

Tensorflow, and Keras are needed to create 

Python 3 programmes. 

B. Feature Extraction

● The CNN model used in the feature extraction

process has been successfully trained on a sizable

dataset like ImageNet, making it an excellent

extractor for the underserved target space, such as

breast ultrasound imaging [72]. The well-trained

CNN model resolves all of the convolutional

layers, cleaning up the entirely associated layers in

particular [31–39]. For unrelated applications,

including diagnosing breast cancer, the

convolution layers are used as a stable highlight

extractor [41–45]. The classifier that can generate

fully linked layers is then given the derived

features [45]. Finally, though not entirely, the

present classifier is built [51–53]. Instead, it is in

what can be called its incipient stage.

● The feature extractor and fine-tuning are two

transfer learning techniques that have been

identified. They have the benefit of not requiring

neural network preparation, which necessitates

coordination of the eliminated characteristics

when using image analysis forms at this time[72].

These two methods are popular and frequently

used [73, 74, 75, 76]. To identify the strategy that

yields the most notable results, numerous

academics have carried out in-depth analyses. The

three learning approaches suggested in include a

CNN design created from scratch, a transfer

learning technique using ultrasound images and an

improved VGG16 CNN architecture, and a fine-

tuned learning approach using deep learning

parameters [24].

C. Benign Tumors

● The term "benign tumour" refers to a tumour that

stays put and doesn't spread to other parts of the

body. They don't spread to nearby structures or to

far-off regions of the body. Benign tumours

frequently have clear borders and grow slowly.

● The majority of benign tumours are harmless.

However, they could grow big and put strain on

other structures, resulting in discomfort or other

health issues.As instance, a sizable benign lung

tumour could block the trachea and make

breathing difficult. It would require immediate

surgical removal. After removal, benign tumours

are unlikely to reoccur. Uterine fibroids and

cutaneous lipomas are two examples of benign

tumours.

● Some benign tumours have the capacity to

develop into cancer. These are frequently

observed and could need to be surgically removed.

For illustration, colon polyps, another term for an

abnormal clump of cells, are frequently surgically
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removed since they have the potential to progress 

into cancer. 

D. Malignant Tumors

● Some benign tumours have the capacity to

develop into cancer. These are frequently

observed and could need to be surgically removed.

For instance, colon polyps, another term for an

abnormal clump of cells, are frequently surgically

removed since they have the potential to progress

into cancer.

● Unchecked local or global dispersion of malignant

tumour cell populations. Malignant tumours are

among those that pose a threat (ie, they attack

other destinations). They spread via the lymphatic

or blood systems to distant locations. Metastasis is

the medical term for this dispersion. The liver,

lungs, brain, and bone are the most often affected

organs by metastasis, while it can happen

everywhere in the body.

FIGURE I: Ultrasound Images 

E. Data Augmentation

As fresh tagged data improves the CNN model's

performance, the dataset has expanded. Images can be

altered using techniques including rotation, translation,

scaling, and layout flipping in the augmented process

for visual data. The data augmentation of our dataset

led to the following outcomes:

FIGURE II: Augmented Images 

F. Transfer Learning

A common method for developing machine learning

models without having to be concerned regarding how

much information is presently accessible is transfer

learning[30].Transfer learning may be able to assist

with this issue since creating a thorough example may

require some knowledge and computer abilities. A pre-

made presentation may commonly be applied to

multiple problems via exchange learning [31].For

instance, a system that was created to perform one

thing, like recognise various cell kinds, may be

improved to do another, like classify malignancies.

Transfer learning could be a helpful strategy for

homework in computer vision. According to transfer

learning theories, [31–33] abilities gained from using

enormous image datasets like ImageNet are very

adaptable to various picture identification tasks.

To move data from one show to another, there are two

options. The method that is most usually employed is

to insert a randomly initialized layer over the last one

of the already-produced show [34]. The top-layer

parameters, so to speak, are then prepared for the

contemporary work while all other parameters are

tidied up without being modified. The settled parcel

operates as a highlight extractor, therefore this strategy

might be viewed as the application of the swapping

show as one. In the interim, the top layer maintains its

normal, completely linked neuronal organizing

function, making no special judgments about the

input[34,35].

This kind of exchange learning might be the sole

method for constructing a model without overfitting

when there isn't a lot of data available [36]. Due to the

reduced chance of overfitting when there are fewer

parameters, this happens frequently. It is possible to

unfreeze exchanged parameters and restructure the

entire system [34–37] when actual information is

widely available for scheduling, which is unusual in

therapeutic situations. In this case, the characteristic

values assigned to the parameters are switched [37].

Instead of just initialising the weights arbitrarily, using

a pre-trained demonstration can give the new display a

great start and speed up merging and fine-tuning.

It is customary to cut back the learning rate by a

significant amount in terms of maintaining the baseline

from pretraining [38, 39]. Using apparently frozen

parameters, it is common practice to construct pretty

randomly starting layers until they combine [40–44],

restart all settings before adjusting the general

configuration (Figure 1). When there is a sizable

amount of data for one activity and only a passing

familiarity with another that is related, or when a show

has already been produced on such information,

exchange learning is quite helpful [45]. Even when the

destinations are disconnected and there is sufficient

data to build a showcase from scratch, using a pre-

trained show to establish the parameters is still

preferable to erratic activation [46].

The key benefits of transfer learning include faster

setup times, enhanced neural network performance,
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and reduced input needs. [47–50]. Regardless of the 

exact job that a neural arrangement has been trained 

on, the fundamental layer parameters of neural systems 

that have been trained on a significant number of 

images remain similar [16, 47]. The most efficient 

CNN layers for recurrence frequently recognise edges, 

surfaces, and designs [31], and these layers catch the 

elements that are typically helpful for comprehending 

the distinctive photos [47]. Edge, corner, form, surface, 

and other feature-specific highlights can be thought of 

as universal highlight extractors and employed in a 

variety of contexts [30–33]. 

The layers tend to recall progressively exact features as 

harvest time approaches [48–50]. For that 

classification task, the final layer of a structure that has 

been prepped for classifying may be especially 

intriguing [49].One unit would have responded as it 

did to photographs of a specific tumour if the show had 

been instructed to exhibit abnormalities [23–28]. The 

most frequent case of transfer learning is when all 

layers excluding the topmost layer are swapped [17–

20]. The first n levels of a pre-trained example may 

frequently be switched to a goal arrangement, with the 

remaining layers being initialized randomly [51]. 

The outermost layers may also undergo swaps 

[33].Contemplate a tumour recognition proof show 

that was created on grayscale photos in order to 

develop a tumour acknowledgment display that accepts 

inputs from both coloured and grayscale photos.It may 

not be possible to properly prepare an unused display 

due to a lack of informational points; in this situation, 

it may be more beneficial to replace the latter layers 

and re-learn the previous ones [52,53]. Exchange 

learning is thus extremely beneficial when a large 

quantity of prior knowledge may be applied to the 

target problem and a neural network cannot handle a 

new domain [47–53]. 

Information annotators are often highly helpful for 

managing medical images because they generally 

provide massive tagged datasets [24–29]. Furthermore, 

preparation time is limited because it could take less 

time to fully construct a modern deep neural network 

in the case of challenging objective problems [48,49]. 

Analysts working in the data-restricted field of 

restorative imaging now have the ability to understand 

the issue of limited test datasets and progress execution 

[13]. Exchange learning can be categorised as cross-

domain or cross-modal if the source and target 

information come from the same field [54,55]. 

In the field of restorative ultrasound imaging study, 

cross-domain transfer learning may be an effective 

strategy for completing a range of tasks [9]. In 

machine learning, large sample datasets are frequently 

employed to pretrain models, and an abundance of 

training data guarantees good result; conversely, in the 

realm of restorative imaging, this is generally not the 

case [56]. When particularly in comparison to 

exchange learning from a neural network that has been 

pre-trained with considerable preparedness tests in 

another area, such as the generic picture database of 

ImageNet, domain-specific models created from 

scratch can perform significantly better in the case of 

small preparation tests [57-60]. 

One of the reasons for this is that, before the progress 

hypothesis test can be performed, it is frequently 

challenging and requires a substantial amount of 

preparation to transform the pre-trained case from the 

raw image to the joint vectors required for a particular 

action, such as classification in the context of medicine 

[58–60]. Furthermore, for the quick-planning datasets 

frequently utilised in medical imaging, a highly well-

organized little arrangement will be helpful [13,58,59]. 

In restorative scenarios, particularly in breast imaging, 

many imaging modalities, including magnetic 

resonance imaging (MRI), mammography, computed 

tomography, and ultrasound (US), are frequently used 

[63–65]. 

Mammography (i.e., X-rays) and ultrasound are the 

main diagnostic techniques for finding breast cancer, 

and both need far less processing than MRI and CT 

[66-68]. Building datasets and performing ground-truth 

interpretations are challenging with breast MRI due to 

its increased duration, cost, and frequent use to 

evaluate high-risk patients [29]. The best strategy in 

these circumstances is cross-modal transfer learning 

[69, 70]. A few experiments [29] have demonstrated 

the benefit of cross-modal transfer learning over cross-

domain transfer learning for a particular task and in the 

case of smaller training datasets. The two methods of 

feature extraction and fine tuning are frequently used 

for transfer learning [71]. 

IV. MODEL DEVELOPMENT

The creation of models for the detection of breast cancer is 

the subject of this section. We'll create MobilenetV2 first, 

then InceptionV3, and finally. 

A. MobileNetV2

MobilenetV2 is being utilized because of 

its compact design. It uses depth-aware 

independent convolutions, i.e., each color channel 

is subjected to a distinct convolution as opposed to 

being put and together smoothed. Each input route 

for MobileNets receives a single channel thanks to 

creative design. After pointwise convolution, an 

11 convolution is used to merge the results of the 

depth-aware convolution. In a conventional 

convolution, the inputs are filtered and merged in 

one step to produce the outputs. This might be 

split into two layers using depth-aware 

differentiating convolution: a layer for merging 

and a layer for filtering. That both calculations and 

the display constraints are significantly reduced by 

this factorization. 

A popular tool for classifying photos is Imagenet. 

Millions of smartphone photos are used each year 

in a competition with 1000 categories. 

Comparisons are made between the models' 

efficacy in performing imagenet categorization 

tasks. As a result, it offers an assessment of a 

photo classification model's effectiveness that is 
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"standard." Many different exchange learning 

demonstration models employ imagenet weights. 

You can add extra layers to your example to make 

it more applicable to your application if you're 

using exchange learning. Using the ImageNet 

weights is not needed, but it typically offers 

advantages because it expedites show joining. 

Table I below shows the layered architecture of 

the transfer learning model based on 

MobileNetV2.  

TABLE I: Model Architecture based on 

MobileNetV2 

Layer (Type) Output Shape Activation 

Function 

Param # 

Mobilenet_1.00_2

24 (Functional) 

(None, 7, 7, 1024) 3228864 

flatten (Flatten) (None, 50176) 0 

flatten_1 (Flatten) (None, 50176) 0 

batch_normalizatio

n 

(BatchNormalizati

on)  

(None, 50176) 200704 

dense (Dense) (None, 512) ReLU 25690624 

dropout (Dropout) (None, 512) 0 

dense_1 (Dense) (None, 256) ReLU 131328 

dropout_1 

(Dropout) 

(None, 256) 0 

dense_2 (Dense) (None, 128) ReLU 32896 

dropout_2 

(Dropout) 

(None, 128) 0 

dense_3 (Dense) (None, 3) Softmax 387 

The Figure III shows plots between accuracy and 

epochs and between training loss and epochs for 

Model based on MobileNetV2 

FIGURE III: Loss/Epoch Graph for MobileNetV2 

based Model 

After the preparation of the test procedure for the 

display of test results. The test data’s photos were 

categorized into benign, normal, and malignant in 

the results, which are displayed below. 

The Figure IV shows plots between accuracy and 

epochs and between training loss and epochs 

FIGURE IV: Loss/Epoch Graph for 

InceptionV3 based Model 

B. InceptionV3

Following MobileNetV2, we 

implemented the InceptionV3 architecture for the 

identification of breast cancer. 

On the ImageNet dataset, it has been demonstrated 

that the image recognition model Inception v3 can 

attain optimal than 78.1% accuracy. The model is 

the result of numerous theories that various 

academics have created over time. 

Convolutions, average pooling, max pooling, 

concatenations, dropouts, and entirely connected 

layers are a few of the asymmetric and symmetric 

building blocks that make up the model itself. The 

model makes heavy use of batch normalisation, 

which is also applied to the inputs for activation. 

The loss is computed using SoftMax. 

The performance of the network’s computing is 

decreased by this method since it needs fewer 

parameters. It also monitors the effectiveness of 

the network. 

Using fewer, smaller convolutions instead of 

larger ones seems to speed up training. Think 

about a 25 parameter 5 5 filter. It can be replaced 

by two 3 3 filters, but then there are only 18 (3 3 + 

3 3) parameters. 

A 3-3 convolution could follow a 1-3 convolution 

in an uneven convolution, as opposed to the other 

way around. The parameter count would be 

slightly larger than the suggested asymmetric 

convolution if a 3 3 convolution were swapped out 

for a 2 2 convolution. 

During training, a mini-CNN is added as an 

additional classifier. Any loss contributes to the 

overall network loss because of its interlayer 

placement  
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Table II below shows the layered architecture of 

the transfer learning model based on InceptionV3.  

TABLE II: Model Architecture based on 

InceptionV3 

Layer (Type) Output Shape Activation 

Function 

Param # 

inception_v3 

(Functional) 

(None, 5, 5, 

2048) 

21802784 

flatten_9 (Flatten) (None, 51200) 0 

batch_normalization

_210 

(BatchNormalizatio

n)  

(None, 51200) 204800 

dense_31 (Dense) (None, 512) ReLU 26214912 

dropout_21 
(Dropout) 

(None, 512) 0 

batch_normalization

_211 

(BatchNormalizatio

n)  

(None, 512) 2048 

dense_32 (Dense) (None, 256) ReLU 131328 

dropout_22 

(Dropout) 

(None, 256) 0 

batch_normalization

_212 

(BatchNormalizatio

n)  

(None, 256) 1024 

dense_33 (Dense) (None, 128) ReLU 32896 

dropout_23 

(Dropout) 

(None, 128) 0 

dense_34 (Dense) (None, 3) Softmax 387 

Figure V shows the plots between accuracy and 

epochs, training loss and epochs. 

FIGURE V: Loss/Epoch Graph for MobileNetV2 

based Model 

Figure VI shows the visualization of the test 

results using InceptionV3 architecture. 

FIGURE VI: InceptionV3 Architecture Result 

Visualization 

V. RESULT ANALYSIS:

Table III shows the accuracy, according to the techniques 

we used to find breast cancer: 

TABLE III: Accuracy Results 
Architecture Accuracy 

MobilenetV2 82.54% 

InceptionV3 83.84% 

InceptionV3 has the maximum accuracy of all the methods 

and can be used for breast cancer detection in conjunction 

with them, according to the data. 

On the ImageNet dataset, it has been demonstrated that the 

image recognition model Inception v3 can achieve better 

than 78.1% accuracy. The model is the outcome of 

numerous theories that various academics have developed 

over time. 

By lowering the amount of parameters used in a network, 

this technique decreases the network's computational 

performance. It also monitors the effectiveness of the 

network. 

VI. CONCLUSION:

Breast cancer is the most prevalent and fatal disease, 

making detection a challenging endeavor. The condition 

gets worse every year and there is less chance of 

recuperation. To find breast cancer, deep learning and 

machine learning techniques are used. Our work and other 

research have shown that machine learning algorithms are 

more effective in their respective sectors. A variety of 

machine learning techniques were used in the prior work, 

along with some dataset augmentation and optimization for 

better performance. The recently developed deep learning 

technology is frequently employed in data science. The 

categorization of the breast cancer image data is done using 

CNN, a deep learning-based technique. The dataset from 

the image is primarily used by CNN. As a result, we used 

MobilenetV2 and InceptionV3 algorithms based on deep 
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learning for breast cancer screening and obtained useful 

results. 
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