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Summary:

We explored three versions of a deep learning solution to computer-aided detection of
ultrasound images of cancerous tumor tissues. Experimentally, our work proved that the

pre-trained VGG16 model has the best outputs in the fine-tuned version. In short, our test

accuracy ranges from 79% to 97%. We employed data augmentation to enlarge the
amount of training data, and avoid overfitting. We have also employed the VGG16 pre-
trained model, and added practical fine tuning to improve precision. This work offers a

path into developing realistic and versatile deep learning frameworks for detecting breast
cancer. The findings suggest that the fine-tuned model with pre-training medical data has

increased the classification accuracy. These frameworks should complement and
provide assistance for approaches of clinical diagnosis and treatment.


mailto:engahmadhijab@gmail.com

Disclaimer

| hereby declare that this thesis is my own original work and that no part of it has
been submitted for a degree qualification at any other university or institute.

| further declare that I have appropriately acknowledged all sources used and
have cited them in the references section.

Name: Ahmed Mostafa Salem Hijab Date:

Signature



Dedication

This thesis is dedicated to my family, Mom, Dad and Eman who always
encourage and support me as | try to get the best out of myself. Thank you for always
being by my side.



Acknowledgments

At the beginning, thanks and praises to Allah for guiding me through accomplishing
my thesis. All the appreciation goes to my advisors, Prof. Dr. Ayman M. Eldeib, and
Dr. Muhammad Rushdi, who were fully supportive and patient. Without their
encouragement, I wouldn’t have gone this far with my thesis.

I would like to thank doctor Mohamed Gomaa who helped me in collecting the data |
used for more than two years in Baheya Foundation for Early Detection and Treatment
of Breast Cancer.

I would like to thank my colleagues, Ahmed Hamdan and Mohamed Harraz, for
encouraging me to start my master’s journey.

The authors of this research wish to express their deep feelings of grace for Baheya
Hospital’s board and thanks them for allowing the usage of the data they granted for
this research purpose.



Table of Contents

DS C L AIME R oo |
DE D I C AT ION ettt 11
ACKNOW LED GMEN T S ..o i
LIST OF TABLES ... .o VI
LIST OF FIGURES. . ... oo VIl
LIST OF ABBREVIATIONS ..o IX
AB S T R A CT oo Xl
CHAPTER 1:INTRODUGCTION ... 1
1.1, ANATOMY OF THE BREAST ..ettetteee et et et e et e e e e e e e e e e e e e e e e eneenns 2
1.2.CANCER CHARACTERIZATION AND STATISTICS . .ceetvteeeeeteeeeeeeeeeeerieneeeennaneens 3
1.3.BREAST CANCER CHARACTERIZATION AND STATISTICS .vuvvivivvieeeeeeeeeeeniaens 4
1.4.BREAST CANCER DIAGNOSIS. .. ettt et e e e e e e e 4
1.5. THESIS GOALS AND CONTRIBUTIONS ....uuttttuieisietsteetseeestsesetsessneesstnressneesenns 5
1.6. THESIS ORGANIZATION ...eeeeeeee e e e e e e ee e e e ee et e eeaaseseaeeenareeeaeretareenaaerenns 5
CHAPTER 2:BACKGROUND AND LITERATURE REVIEW .......ccccccveeiiii 6
2. L. BACKGROUND ...ttt ettt e e e e e e e e e e e eeees 6
2.1.1. Ultrasound 6
2.1.2. Medical Ultrasound 7
2.1.3. Propagation of ultrasound 7
2.1.4. The piezoelectric effect 8
2.1.5. Distance equation 9
2.1.6. Ultrasound modes 9
2.1.7. Ultrasound system components 10
2.1.8. Computer-aided diagnosis 12
2.1.9. An overview of deep learning 12
2.1.10. A brief overview of machine learning 15
2.2 LITERATURE REVIEW ... ettt 17
CHAPTER 3:MATERIALS AND METHODS. ... 23
3. L. DATASET COLLECTION ... ettt eeeeeee e et e e et e e e e e e e e e e e e eeaes 24
3.1.1. Data augmentation 26
3.1.2. Preprocessing 28
3. 2. BASELINE CNN MODEL ... ettt ettt 29
3.3.PRE-TRAINED CNN MODEL ....ceettteee ettt 31
3.4 . FINED-TUNED PRE-TRAINED MODEL.....ccetteuuteaaee et e e 33
3. 5. CONVOLUTIONAL LAYERS ...t e eeeeeee et e et e e e e 35
3.6.RELU ACTIVATION LAYERS ..eeeeetee ettt e 35



3. T P OOLING LAYERS. .. etteteet ettt et et et et e et et e et e et e et et et e e e e eenaaens 36

3.8.DROPOUT LAYERS.....cciiiiiieeeeeeeeeeeeeeeeeeeee e 36
3. 9FULLY-CONNECTED LAYERS. .. .ciittttttiiieieeeeeeeettti e s e e e e e eesatttia s s e e e s e e ssnnnnan s 36
3,10 LOSS LAYERS. ...ciiittttiiee i e e e e e e eetttee s e e e e e e ettt e s e e e e e e e e e ettt e e e e e e e e e aarrra s 36
CHAPTER 4:EXPERIMENTAL RESULTS AND DISCUSSION. ........cccccevvnnnnnns 37
4. 1. EXPERIMENTAL SETTINGS ...eevttttiieiieeeeeeeetttiiiasseeeeesesssttsasaseesesssssstinnaeeseess 37
4.2. LEARNING HYPER-PARAMETERS ......ccttttttiiiiiieieereeereeeeeeerssssseesesssssersesrereeee. 37

4.2.1. Batch size 37

4.2.2. Number of iterations 38

4.2.3. Number of epochs 38

4.2.4. Learning rate 39
4.3.PERFORMANCE COMPARISON OF DEEP LEARNING MODELS...........cccvvvveeeeeeen. 40
CHAPTER 5:CONCLUSIONS AND FUTURE WORK ... 47
B5.LLCONCLUSIONS ... 47
5.2, FUTURE WORK ......cciiiiieeeeeeeeeeeeee ettt 47
REFERENGCES ..ottt e e e e 48
APPENDIX: ETHICAL CONSIDERATIONS .....oooiiiiiiiiteeeeeeee e 54



List of Tables

Table 2-1 A comparison between machine learning, deep learning, and artificial
INEEIIIGENCE [A0].... ettt 15
Table 2-2 A summary of all papers discussed as related work including the dataset used,
tools and frameworks applied, as well as, the percentages of accuracies reached if

1000 001 PSSP 21
Table 3-1 BI-RADS grading 18VelS [52]........ccouiiiiiiieiiieie e 26
Table 4-1 Training time consumption for each of the used models...........cc.ccccceevneenn 37
Table 4-2 Processing rate of training images for different batch sizes ............ccccccve.. 38
Table 4-3 Accuracy metrics as functions of the number of training epochs. ................ 39

Table 4-4 A qualitative comparison between the accuracy and AUC measures of our
three ultrasound-based models against other breast cancer classification models based
on MRI and mammography. .....c...ooeeiiii e 46

Vi


file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413190
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413190
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413190

List of Figures

Figure 1-1 Samples of the ultrasound breast lesion images used in this work (a)
Malignant images, (D) BENIgN IMAJES. ......ccueiiiriiieriii it 1
Figure 1-2 Anatomy of a human breast [11]........ccccoiiiiiiiiiieiie e 3
Figure 2-1 A sample ultrasound image (A) and the detected breast lesion (B) [68]........ 6
Figure 2-2 A sound level chart that shows different levels of sound (human hearing,

conventional ultrasound, and diagnostic ultrasound) typical use of each [70]. ............... 7
Figure 2-3 The propagation of sound in different media [21]. ......c.cccoeviiiiiiiiiniiennn, 8
Figure 2-4 The piezoelectric effect [20]. .....c.ooiiiiiii i 8
Figure 2-5 Visual representation of the distance equation. ...........ccccccevieiiiiiieniiennn, 9
Figure 2-6 A diagram for the main parts of an Ultrasound System (The picture is
courtesy of Baheya Foundation) [69]........c.coouiiiiiiiiiiie e 11
Figure 2-7 A visual representation for US Transducer types: (a) Linear array probe, (b)
Curved array probe, (c) Phased array probe [27].......ccccoiiiiieiiiiiiiice e 12
Figure 2-8 Scaling performance of deep learning methods against other conventional
TECHNIGUES [S7] ittt et 14
Figure 3-1 The GE Ultrasound machine at Baheya Foundation with its linear probe and
4 0] 8] (o] SRR 23
Figure 3-2 A frequency graph of the ages of breast cancer patients. ...........c..cccccveernnen. 24
Figure 3-3 A pie chart of the proportions of benign and malignant images in the training
0 L O PR PR PR UPPPPROPRUPPIPIN 25
Figure 3-4 A pie chart of the proportions of benign and malignant images in the testing
0 L O PR P R OT R UPOPROPRPPPIS 25
Figure 3-5 Sample image with benign breast 1€SION. ..........ccccoovveiiiii e, 27
Figure 3-6 Sample image with malignant breast 1eSion. ...........c..ccccoveiviive e, 27
Figure 3-7 Samples of US breast images after preprocessing: (a) Benign, (b) Malignant.
................................................................................................................................... 28
Figure 3-8 Folder structure of the data to pass to the Image Data Generator................. 28
Figure 3-9 The baseline CNN model StruCtUre. ...........cceeviieeiiiie e 30
Figure 3-10 The pre-trained CNN Model StruCture ..........ccoceevvvieiiiee e 32
Figure 3-11 The fine-tuned pre-trained CNN model structure. ............cccccevvveevivneennnen. 34
Figure 3-12 ReLLU Layer function graph visualized. .............ccoceoviveiiiie e, 35
Figure 3-13 The max pooling Method. ...........ccceoiiiiiiiii e 36
Figure 4-1 The loss of the transfer-learning model as a function of the learning rate. .. 40
Figure 4-3 Detection accuracy of the baseline method, using 50 epochs...................... 41
Figure 4-2 Detection accuracy of the baseline method, using 40 epochs...................... 41
Figure 4-4 Detection accuracy of the baseline method, using 60 epochs...................... 42
Figure 4-5 Detection accuracy of the transfer-learning method, using 40 epochs......... 42
Figure 4-6 Detection accuracy of the transfer-learning method, using 50 epochs......... 43
Figure 4-7 Detection accuracy of the transfer-learning method, using 60 epochs......... 43
Figure 4-8 Detection accuracy of the fine-tuning method, using 40 epochs. ................ 44

vii


file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413219
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413220
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413220
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413221
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413222
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413224
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413224
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413228
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413229
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413229
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413230
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413230
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413231
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413232
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413233
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413233
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413234
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413235
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413236
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413238
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413239
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413241
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413242
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413243
file:///D:/Master/seminar/last%20update/The%20After%20Edits/Ahmed-Hijab%20Msc%20Thesis_september_After_Edits.docx%23_Toc53413244

Figure 4-9 Detection accuracy of the fine-tuning method, using 50 epochs.................. 44
Figure 4-10 Detection accuracy of the fine-tuning method, using 60 epochs. .............. 45
Figure A-1 Baheya Hospital’s consent for data collection. .............cccccoiiniiiiinnnnn, 54

viii



List of Abbreviations

Al Artificial INtEIlIgENCE ....ooeiii s 19
AUC: Area UNTEr CUMVE ...ttt tee et a e ea et e e nnae e et e e anneee e 4
BCDR: Breast Cancer Digital REPOSITONY .........cccoiuieiiiiiiiiiienie e 27
BI-RADS: Breast Imaging Reporting and Database System SCOre ............cccceevverneene. 23
BPANN: back-propagation artificial neural-network .............ccccooviiiiiniiiiiiiienn, 29
BRCAL: Breast Cancer GENe tYPE L......cooiiiiiiii ettt 8
BRCAZ2: Breast Cancer GENE tYPE 2.....ccouviiiiieeiiiieeeiie ettt 8
CAD: Computer-Aided DIAGNOSIS ........coiuviiiieiiieiiie ettt 5
CNN: Convolutional Neural NetWOrKS ..........ccccveiiiiiiiie e 5
CT: Computed TOMOGraPNY .......coiiieiiieie e 17
DBN: Deep Belief NEtWOIKS .......ccviiiieiiieiee e 22
DCIS: Ductal CarcinOmMa iN STEU ......covveeiiiie e e e e saeeeseeee s 8
DICOM: Digital Imaging and Communications in MediCINe ...........ccccocveriiiiiennnene. 28
DL: DEEP LBAMING....ttiiutieiiiieite ettt ettt ettt ettt et 20
DM: Digital MammoOgraphiy .........c.coouioiiiiiieiie e 5
DPN: deep polynomial NEtWOIK............cooiiiiiiiiii e 30
GLCM: gray level CO-OCCUITENCE MALTIX......vieiiiieiieiiieiie et 30
GPU: Graphics Processing UNit..........cuooiiiiiiiiiieiie i 17
FCM: fuzzy C-means CIUSTENING ......ooiviiiiiiiiiiiee e 29
IDC: Invasive DUCtal CarCiNOMA ..........ueiueriiieiieiiie sttt 8
ILC: Invasive Lobular CarCinOmMa...........cooviiiiiiiiiiie e 8
LCIS: Lobular Carnomia in SItU.........coouiiiieiiie i 8
LR: LEAMMNING FALE ...viieiiiieiiie ettt et e e e e e et e e st e et e e et e e e snaaeeannaneanneeeas 48
MG: MaMMOGIAIM ...ttt e e et e e e e e s s e bbb et e e e e e s s a bbb breeaeeeeenaans 6
MHZ: MEOA HEIZ....co e e e e e e e e e 10
Mini-Mias: The Mammographic Image Analysis Society Digital Mammogram

Database EXErpta MEUICaA ..........ccouvieiiiiieiiiiee et e e 27
ML: MaChINg LEAINING......cccvieiiiie it eciee et se e e et a e e e e e e e sra e e snnaeeannaeeas 20
MRI: Magnetic reSonance iMagiNG .......cccuveeiureeiiieeeiieeesireessreessreeesae e e srreeesneeesnee e 5
NDE: Nondestructive Evaluation (ultrasound material evaluation) ............c..ccccceeennee. 16
NLP: Natural Language ProCeSSING .......cccvreiiireeiiieeiieeesieeesieeessiie e sive e snvne e seee e e 16
NN NEUral NEIWOTKS.......eiiiiieiei e 22
PCA: principal component analysiS ............ccociuviiiiiieiiie e 31
PGBM: point-wise gated Boltzmann maching ...........ccccoovveiiic i 31
PNG: Portable Network GraphiCs..........cocvveiiiieiiiie s 28
QUS: Quantitative Ultrasound ParametersS.......cc.eeeeiiveeeeiiiiieee et 22
RBM: restricted Boltzmann machine ...........cccooveiiiiiiie e 31
ReLU: Rectified Linear UNIt .........ccooiiiiiioiiiiiesie et 23
RIW-BPNN: randomly initialized weight backward propagation NN ......................... 32
S-DPN: stacked deep polynomial Network............cooovveiiiiiiiii e, 30
SGD: Stochastic Gradient DESCENT ........ccivieriieiiieiieesiee e 34
SVM: Support Vector MAChINE ..........cccuveiiiieiciie et 29
SWE: shear-wave elastography ...........ccoveeiiiiiiie i 31
US: UITASOUND. ...ttt ettt ettt snb e et et e nbeenree s 5
VGG: ViSual GEOMELIY GIOUP ..vveeiiuiiiieeiiiiieeeeeiiie e e e ettt e e e st a e st e e e e st e e e s snbaee e enees 6
WBCD: Wisconsin Breast Cancer Dataset..........c.coovueieiiieeiiiiie e 22



WHO: World Health Organization ............c.cceeiiiieiiiieeiiie e



Abstract

Computer-aided detection of malignant breast tumors in ultrasound images has been
receiving growing attention. The lack of published data of ultrasound in breast cancer
creates an obstacle for researchers and hinders them from achieving accurate conclusion.
Proposed in this thesis is a deep learning methodology to tackle this problem. The training
data, which contains several hundred images of benign and malignant cases, was used to
train a deep convolutional neural network (CNN). Three training approaches are
proposed: a baseline approach where the CNN architecture is trained from scratch, a
transfer-learning approach where the pre-trained VGG16 CNN architecture is further
trained with the ultrasound images, and a fine-tuned learning approach where the deep
learning parameters are fine-tuned to overcome overfitting. The experimental results
demonstrate that the fine-tuned model had the best performance (0.97 accuracy, 0.98
AUC), with pre-training on US images. Creating pre-trained models using medical
imaging data would improve deep learning outcomes in biomedical applications.
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