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Background

Inspired by doctors from Wuhan on TV

Inspired by Johns Hopkins University's (Center for Systems
Science and Engineering (CSSE)) COVID-19 Dashboard
Relevant to previous work on brain tumour boundary

resection for lower grade glioma



Problem Statement

e Hospitals are overwhelmed with COVID-19 patients

o Manpower shortage » Doctors (esp radiologists), etc

o Supplies shortage » ventilators, masks, etc

e Solution: Automate CT diagnosis confirmation with Al

o Determine severity » Triage patients, allocate supplies

o Gauge mortality probability

o (Future) Design personalised treatment




Corona-Net

1. Binary Classification

a. Infected (1) / not-infected (0) with COVID 19

2. Binary Segmentation:

W

a. Predict all infected (symptoms
3. 3-Class Segmentation:

a. Predict all infected pixels & type (1in 3 of symptoms:

|xe|s of COVID-19 in CT

ground glass, consolidation, pleural effusion



Technologies Used

A

e |Language: Python with NumPy library
e Al library: PyTorch — NumPy

e |Image processing libraries: Aloumentations, Torchvision,

Scikit-image, Matplotlib .
matpl - tlib

) scikit-image

O PyTorch & "



Python with NumPy

Speed:. dynamically typed

A

NumPy: parallelism & vectorisation
NumPy: better support for matrices & tensors & operations
Easy to prototype with, elegant syntax

Powerful libraries

NumPy



What to use for Image Processing?

Matplotlib vs. Scikit-image vs. Torchvision vs. Albumentations
Matplotlib: General purpose
Scikit-image: Advanced algorithms

Torchvision: Tight integration with PyTorch

matpl!  tlib

ALe 5(:|k|t image

ng in pytho

Albumentations: Biomedical Imaging



Why PyTorch?

More research / academia support
Better customisation ability
Similar to NumPy

Dynamism e.g. Dynamic computation graphs

O PyTorch



Model Architecture

For multi-label segmentation

Classification vs. detection vs. segmentation
Classification: Input image -» output class label
Detection: Input image -» output bounding box & class label

Segmentation: Input image -» output image mask
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Classification

Input image » output class label (FC layer)

e Can use vanilla Convolutional Neural Networks

Deep CNNs: accuracy saturation & degradation problem

)

O

Residual Networks

Feature Pyramid Networks

OOOOOOOOOOOOOOOOOOOOOOOOOO (CNN)
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Classification

ResNets: Shortcut connections

o Relieves pressure from added deep layers when identity

Ma p pl N g y 1 / ' i : 74 > predict

> predict

#— predict

FPNs: lateral, top-down connections
o Fuses feature maps at different scales

o Each feature map retains local & global information



Efficient-Net

e |Introduce novel Compound Scaling Method

o Joint scaling of network 1) depth, 2) width, 3) input resolution

depth:
width:

resolution:

S.t.

Upscale computational resources & FLOPS by 29
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Segmentation

e |Mmage Segmentation (binary, multi-class), semantic segmentation

Binary Segmentation

Multi-class Segmentation

Algorithm 1 Binary Segmentation

Result: Binary image mask M € R7*W
for pixel in CT _scan_slice do
if pixel == infected with COVID-19 then
| pixel < 1
else
| pixel <~ 0
end

end

Algorithm 1 Multi-Class Segmentation

Result: 3D image mask M € R3*XHxW
for pixel in CT _scan_slice do
if pixel == infected with Ground_glass then
| pixel <1
else if pixel == infected with Consolidation then
pixel «+ 2;
else if pixel == infected with Pleural_effusion then
| pixel < 3;
else
| pixel < 0;
end

end
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Fully Convolutional Networks

Used in Corona-Net
Encoder-decoder network | | |
* 7
-+ | et
il — .- e

¥
> S— = conv 1x1

Learns convolutional filter directly not function
U-Net: FCN for biomedical imaging with symmetrical

upsampling & downsampling paths, SOTA



U-Net

Introduce symmetrical contracting & expansive path

A Fully-Convolutional Network » Computes convolutional
filter instead of function
SOTA in ISBI Challenges

output
segmentation

Tailored to biomedical S

ImMmaging

Successful fusion of local to

global, spatial-semantic bl — t’ l —onsara

copy and crop
¥ max pool 2x2

features =i e,

=» conv 1x1




Data & Augmentation

e COVID-19 CT segamentation dataset

O

http://medicalsegmentation.com/covid19/

e Augmentation for better generalisation to latent data:

@)

Elastic Transformations & Scale Shift » simulate natural
deformations of human biological tissue

Random cropping 2 shift invariance

Normalisation » grey value invariance

Random rotations 3 rotational invariance


http://medicalsegmentation.com/covid19/

Segmentation Evaluation

Evaluation Metrics

Accuracies & Losses (1: binary, 2: multi-class)

1. Dice Coefficient

; Dice Coefficient Rand Loss Optimiser Learning Rate
{[O, 1] with 1 best}
0.5641 0.2167 Adam 1e-02
Dic 2|ANB|}| 07374 0.1031 Adam 1e-03
Ce —
[A| + |B| 7| G7963 0.0766 Adam le-04
0.4745 0.1591 Adam 1e-05
b SRANd Cata [0, 1] Dice Coefficient = Rand Loss = Optimiser  Learning Rate
rro-ocely 0.5160 0.2490 Adam 1e-02
a+d
RI=—7—» RE=1=-RI B/ 05900 0.2114 Adam 1e-03
( 2 J 0.6160 0.1985 Adam 1e-04
0.5001 0.2565 Adam 1e-05




Future Development

e Recommend Personalised Medicine / Treatment

o Based on extent (area) and occurrence of particular
symptoms of each COVID-19 patient
e \Weakly-supervised segmentation
o Using Global Average Pooling & Object Region Mining

o No need for labour-intensive mask annotations
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Al Code-In

e Hong Kong non-profit (registering) co-founded by myself and Minnie Chan
e Founded to enhance the Al literacy of middle/high school students globally
through 2 initiatives: 1) Al Code-In contest & 2) Al lectures/tutorials

o 1) Annual 1.5 months long global competition, where students receive
mentorship from Al organisations & professionals
o 2)In-person (after COVID-19) & remote Al tutorials, webinars and lectures
for students. Our team will tutor students on Al concepts (e.g. CNNs,
LSTMs, attention), while invited speakers (industry professionals,
professors) guest lecture on Al-related topics
e We are currently recruiting organisations, projects & mentors!

o https://aicode-in.github.io/AlCode-In

o aicodein.org@amail.com
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