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The story

MoNuSeg: an official satellite event of
MICCAI 2018

showcase the best nuclei
segmentation techniques that will work
on a diverse set of H&E stained
histology images obtained from
different hospitals spanning multiple
patients and organs.
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X Synthesize more data

x Modified U-Net
X Group-equivariant convolution

Original image New synthetic image
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Benjamin Chidester et.al, Enhanced Rotation -Equivariant U -Net for Nuclear
Segmentation , CVPRWorkshop (2019)

A Multi -Organ Nucleus Segmentation Challenge,
|IEEE Transaction on Medical Imaging ~ 39(5): 1380-1391 (2020
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Retroflex-stomach
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Retroflex rectum

Trung-Hieu Hoang et.al, An Application of Residual Network and Faster - RCNN for
Medico: Multimedia Task at MediaEval 2018. MediaEval (2018)

A comprehensive analysis of classification methods in gastrointestinal end
imaging. Medical Image Analysis 70: 102007 (2021)




Approach

Modified dataset
Instrument augmented dataset

“Instruments” not

found in the image
Faster

R-CNN

Resnet
101_v2

Bounding box
+

scores
16 classes

+
scores

Input images

Y’”
Ml Re-labeled as the class of its
Ml second highest score proposed

<
<

Conclusion




“Instruments” not
found in the image

Re-labeled as the
“Instruments” class of “Instruments”

found in the image

Resnet

16 classes
+
scores

Re-labeled as the class of its
second highest score proposed

Approach

Original dataset
Instrument augmented dataset

second highest s

“Instruments” not
found in the image

Bounding box
+

scores
16 classes

+
scores

Input images

led as the class of its

proposed

Conclusion

Modified dataset

Instrument augmented dataset

(75% per class) “Instruments” not

found in the image

Resnet

101_v2

Bounding box
+

scores

16 classes
+

238 scores
Input images

Conclusion

Re-labeled as the class of its
second highest score proposed

Modified dataset
Instrument augmented dataset

“Instruments” not
found in the image

Bounding box
+

scores

16 classes
+
scores

Input images

Prefers Esophagitis Conclusion

Re-labeled as the class of its

second highest score proposed

to Normal-z-line

Other configurations




Anot her Sstor

https://endoscopy.selab.hcmus.edu.vn/

Bounding boxepf dyedlifted-polyps, dyedesection
margins, instruments, polyp
KVASIHataset {2)




24™ INTERNATIONAL CONFERENCE ON MEDICAL IMAGE
COMPUTING & COMPUTER ASSISTED INTERVENTION
September 27 - October 1, 2021 # Strasbourg, FRANCE ||I|
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CCBANET: Cascading Context and
Balancing Attention for Polyp Segmentation

Tan-Cong Nguyen, Tien-Phat Nguyen, Gia-Han Diep, et.al

CCBANet: Cascading Context and Balancing Attention
for Polyp Segmentation. MICCAI (1) 2021: 633-643
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In memory of Gia-Han Diep




Polyp Segmentation Problem

x Colorectal Cancer: one of the most common causes of human
mortality in the world: 9.4% of worldwide cancer deaths, nearly

1 million cases in 2020.

x Detection systems can save doctors time and help automatic polyp
segmentation to detect all types of polyps

X Challenges: Medico, EndoCV2021
x Datasets: Kvasir-SEG, CVC-ClinicDB and CVC-EndoSceneStill

x Studies: U-net, U-net ++, ResUNet, ResUNet++, U2-Net, PraNet,
ACSNet
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Need a segmentation method for both accuracy and efficien




Key ldeas

Cascading context information Balancing attention for:

Add
Layer L 5 N p
'
A
foregroundTattention boundaryTattention background|attention
Layer L-1 — |

-

Combine regional and global contextual implements the attention mechanism for
information for each layer the three regions separately
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Loss function
E-Block 1 D-Block 1 5 o1
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Cascading Context Module (CCM)

Regional Context Layer L ’
(2Hx2Wx C; ;)

Concatenation
HxWxCp)
Conv (3x3)

+ Upsample x2'

E-Block L feature

(HxWxCp) 1 3*6-L)x3%6-L) _COHV(lxl) &

Adaptive pooling

5%(6-L) x 5*(6-L)
Adaptive pooling

Conv (1x1) g

Regional Context Layer L+1 i
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Method Dicet (J alccz}a,}r d)T Recallt Precisiont Accuracyt F21
U-Net 79.94 69.35 81.51 82.91 82.17  81.79
U-Net’ 84.57 77.21 88.09 86.49 88.78 85.00

U-Net++ 88.10 81.68 91.09 89.30 91.82 90.73
Residual U-Net |72.50 59.84 72.42 79.35 73.12 73.71
ResUnet++ 83.48 75.74 87.69 83.67 88.40 86.86

PralNet 89.84 83.81 92.14 91.12 96.53  91.93

ACSNet 91.38 84.12 90.05 92.74 97.04 90.58
U2-Net 86.88 76.80 84.02 89.94 95.58 85.14

CCBANet (Our) [92.59 86.21 92.21 92.98 97.43 92.36
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Experiment Result on CVC-ClinicDB @§\¥
(CVC-612) i

Method Dicet (J aIcocgr d)T Recallf Precision? Accuracyt F21
U-Net 87.62 79.47 87.32 89.99 87.36  87.84
U-Net 90.38 83.94 90.46 91.45 90.49  90.28

U-Net++ 83.77 81.35 89.08 90.39 89.13 89.34
Residual U-Net |86.73 78.17 &7.44 &88.20 87.48 87.59
ResUnet++ 87.93 81.06 88.23 90.40 88.30 88.66

PraNet 9/.59  90.26  95.00  94.50 99.23  9/.90
ACSNet 94.27  89.15  92.86  95.72 99.03  93.42
U2-Net 92.88  86.70  89.65 96.34 08.82  90.91

CCBANet (Our) [95.43 91.26 94.79 96.08 99.22  95.05

—




Experiment Result on
CVC-EndoSceneStill

Method Dice? (J aIc?:gr d)T Recallf Precision?T Accuracy?T F21
U-Net 65.87 54.08 76.75 69.39 76.75 75.16
U-Net’ 75.53 67.20 84.90 76.02 84.91 78.06

U-Net++ 75.51 67.57 86.87 74.14 86.88  85.99
Residual U-Net |59.98 47.26 68.60 65.80 68.60  68.02
ResUnet++ 51.09 42.74 78.27 47.57 78.28  69.32

PraNet 83.62 76.55 88.33 87.18 96.60 88.10

ACSNet 84.78 73.58 79.37 90.97 97.837  81.45

U2-Net 62.42 45.37 46.97 93.08 94.77  52.13

CCBANet* (Our) |85.79 75.12 79.29 93.45 97.57  81.77
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Ablation Study

Ablation study for CCBANet on the Kvasir-SEG dataset

Settings Dicet (J aIcchr d)T Recallf Precisiont Accuracyt F21
Backbone 89.66 81.27 90.25 89.09 96.37  90.02
Backbone+CCM 91.64 84.56 90.09 93.23 97.13  90.70
Backbone+BAM(fg) 91.69 84.65 89.68 93.79 97.16  90.47
Backbone+BAM(bg) [92.15 85.44 90.52 93.84 97.31  91.17
Backbone+BAM(bo) [91.97 85.13 90.54 93.44 97.24 91.11
Backbone+BAM 92.31 85.71 92.52 92.09 97.31 92.43
Backbone+CCM+BAM|93.04 86.98 92.80 93.28 97.58  92.90




Further Development for Lung Nodule .
Detection and Segmentation

Tan-Cong Nguyen et al. MANet: Multi-branch attention auxiliary
» learning for lung nodule detection and segmentation.

g Computer Methods and Programs in Biomedicine.

& 241: 107748 (2023)
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g Further Development for Lung Nodule
WK s Detection and Segmentation

Tan-Cong Nguyen et al. MANet: Multi-branch attention auxiliary
learning for lung nodule detection and segmentation.
Computer Methods and Programs in Biomedicine.

241: 107748 (2023)

CT image Ground truth MANet MANet (PM) MANet (BEM) MANet (FCM)
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Semi-supervised
Abdominal Organ Segmentation in CT volume

with Active Learning

Minh-Khoi Pham, Thang-Long Nguyen-Ho,
Thao Thi Phuong Dao, Tan-Cong Nguyen,
Minh-Triet Tran:

Semi-supervised Organ Segmentation with
Mask Propagation Refinement and
Uncertainty Estimation for Data Generation.
FLARE@MICCAI 2022: 163-177




Dataset

Fast and Low-resource
semi-supervised Abdominal
oRgan sEgmentation in CT

(FLARE22)

Overview

4 Pancreas

5 Aorta
. 6 Inferior Vena Cava (IVC)

7 Right Adrenal Gland (RAG)
- 8 Left Adrenal Gland (LAG)
. 9 Gallbladder

10 Esophagus

11 Stomach




CT/MRI data?

3D data ?
Sequence of 2D data?
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DAVIS: Densely Annotated A (Backward and Forward) Mask Propagation

: i A Starting Points (Seeds)?
Video Segmentation (2017-2020) A Guided Region-of-Interest (ROI)
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Mask Propagat il

Single-source .
Mask Propagation — Evaluate Reliable
t Reference Frame
(1¢t pass) |

Reliable Reference Frames

SN O
s e

Initial mask of a I
single instance ¥
Multi-source Anomaly
Mask Propagation —>  Detection and
(2" pass) Correction
Reliable Reference Frame 1 Reliable Reference Frame 3 Reliable Reference Frame 5

Initial Mask Reliable Reference Frame 2 Reliable Reference Frame 4. =




Preprocessing

Windowing *

>

Raw slice

abdomen




Method Overview
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Propagation Module

/ Propagation module \
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Propagation module




Propagation module

Predicted slice at Ti Slice T
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Datasets @i@

FLARE 2022 -2R1i:tkidney

Fast andLow-resource

. . . 6 Inferior Vena Cava (IVC)

semtrsupervised T
. . 8 Left Adrenal Gland (LAG)

AbdomlnaIORgan -9Gallbladder

10 Esophagus

seEgmentationin CT

- 12 Duodenum
. 13 Left kidney

90 iabeleda 2000 uniabelled_




Quantitative results

2 X 0.95 0.80 0.91 0.70 0.93 0.80

3 X X 0.96 0.81 0.92 0.73 0.93 0.80 0.66

4 X X X 0.66 0.61

Dice Score evaluation on public FLARE22 test set

*First row, ensemble result of Unet and DeepLabv3+




Qualitative results

PRELIMI
RESULTY

Wellsegmented cases Challenging cases
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a) Inpu b) Prediction c) Ground truth







