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Background

e \Why do we use deep learning in medical
imaging?
e \Why do we study mammograms?



Deep learning in Medical Imaging

K-space Signal space

e Accelerate data acquisition process
o use part of k-space data in
MRI image reconstruction
e Enhance image resolution
o low resolution -> high
resolution
e Aid disease diagnosis
O manpower
o time




Mammograms

Breast cancer is the most
common cancer in women
and it is the main cause of
death from cancer among
women in the world.
Mammography is the process
of using low-energy X-rays to
examine the human breast for
diagnosis and screening.

Normal

Malignant



Goals

e Classify mammograms into three classes, normal,
benign and malignant (CNNI-BCC)
e Automatically detect the tumor without prior

information of the presence of a cancerous lesion
(IDBLL)



Convolutional Neural Network Improvement
for Breast Cancer Classification (CNNI-BCC)

Convolution Pooling Fully Connected



Dataset and Data Augmentation

Dataset: mini-MIAS database of mammograms
e 322 images in total
Data Augmentation:

e Rotation (by 90, 180, 270 degrees respectively)
e Flip (vertically)
e Sampling (1024x1024 -> 128x128)



Dataset - mini-MIAS

e Labelled

e Has information about the
coordinates of tumor center

e Has information about the
radius of the tumor

Labelled data : G CIRC B 595 864 68
Data explanation:
G = Fatty - Glandular

CIRC = Well-defined/
circumscribed masses

B= Benign

(595, 864 ) = (X, Y) coordinate

68 pixels = Radius from center




Data Augmentation - Flip/Rotation
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Data Augmentation - Sampling

Cut each image equally
into 64 image patches
Select only the middle 4
columns -> Get 37 image
patches out of 1 image

1024x1024

128

128

32




Experiments

Layer (type) Output Shape Param #

conv2d_1(Conv2D) (None, 64, 64, 32) 320

depthwise_conv2d_1 (DepthwiseConv2D) (None, 64, 64, 32) 32800

conv2d_2 (Conv2D) (None, 64, 64, 64) 2112

depthwise_conv2d_2 (DepthwiseConv2D)  (None, 32, 32, 64) 262208

average_pooling2d_1 (AveragePooling2D) (None, 8, 8, 64) 0
flatten_1 (Flatten) (None, 4096) 0
dense_1 (Dense) (None, 3) 12291

Total params: 309,731
Trainable params: 309,731
Non-trainable params: O



Results
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The loss on the test setis: 0.14544324301610326

The accuracy on the test set is: 0.7324840809888901



Interactive Detection Based Lesion
Locator (IDBLL)




Structure of Single Shot MultiBox
Detector (SSD)

VGG-16

through Conv5_3 layg
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Base Network for classification

+ Multi-scale feature maps for detection

+ Convolutional predictors for detection: multiple classes confidences
+ Default boxes and aspect ratios: localization

| Non-Maximum Suppression |

74.3mAP
59FPS



Objective Loss Function
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(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map
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Discussion
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