Sponsor: CCF TCCADCEG;-Organizer. SCNool oflnformatlorfSGech and Er}gmeenng, Central South Unlversrty Co-Grganizer:College of Information’ S epce and Engineering; JiShou University

Hybrid-feature-guided Lung Nodule Type Classification
on CT Images

Jingjing Yuant, Xinglong Liut, Fei Hou®, Hong Qin?, Aimin Hao?!

L : :
@ BERIANG State Key Laboratory of Virtual Reality Technology

/ UNIVERSITY

and Systems, Beihang University, China
yuanjj1992@163.com

STONY 2Stony Brook University, Stony Brook, USA
\
Eﬁﬁg&:}!}i qin@cs.sunysb.edu

3Nanyang Technological University, Singapore

houfei0801@gmail.com

bEIRLIREARE \R EMARAALemaRTESI T

ER S I T Y STATE KEY LABORATORY OF VIRTUAL REALITY TECHNOLOGY AND SYSTEMS



mailto:liu3xing3long@163.com

- CAD/Graphics 2017
Outline Zhangjia/jie , ChiE?a 2017.8.24-27

 Introduction
* Methods
e Results

e Conclusions & Discussion



] AD hics 2017
What Is Lung Nodule? zcr:nangjizgﬂgz?mﬁa 2|0C1§8.24927

| 3D model for nodule

Original pulmonary CT Typical cases for nodule types
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* Enhancement towards original medical images

* [Yao et al. IEEE Trans Biomed Eng(2013)]
 [Song et al. IEEE Trans Med Imag (2013)]
» [Mansoor et al. EMBC (2014)]
 [Gaoetal. ICNC (2007)]

 Feature to describe nodules’ characteristics
* CNNs-based method in the field of medical analysis
 Researches on nodule type classification
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* Enhancement towards original medical images
» Feature to describe nodules’ characteristics

» CNNs-based method in the field of medical analysis
« [Rongjian et al. MICCAI (2014)]
* [Roth et al MICCAI (2014)]
« [Arnaud et al IEEE Trans Med Imag (2016)]

 [Prasoon et al MICCAI (2013)]

» [Dou et al IEEE Trans Med Imag (2016)]

 Researches focus on nodule type classification
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* Enhancement towards original medical images
 Feature to describe nodules’ characteristics
* CNINs-based method in the field of medical analysis

 Researches focus on nodule type classification

* [Farag etal. ISBI (2011)]
« [Zhang et al. IEEE Trans Biomed Eng (2014)]

« [Song et al. ISBI (2012)]
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« How to precisely capture nodules characteristics ?

* How to take both statistical features and geometrical features into

consideration for better classification ?
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« A normalized spherical sampling pattern, a nodule radius estimation

method and a best view selection method

o A multi-view multi-scale CNN to extract the most discriminative

statistical features from original data automatically

* An approach to combine CNN features and FV encoding features into

hybrid features and use to classify nodule types accurately
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e Results

e Conclusions & Discussion
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Preprocessing === Nodule Spherical Sampling ==+ Nodule Radii Estimation === View Sorting

Pixel Slice Linear
Spacing Spacing Resample
0.4-1.0 mm 0.6-3.0 mm > LOmm 1.0 mm

e r i

Filter "7,




: CAD/Graphics 2017
ImageS Generation Zhangjia/jie,ChiEa 2017.8.24-27

Preprocessing s== Nodule Spherical Sampling === Nodule Radii Estimation == View Sorting
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Preprocessing === Nodule Spherical Sampling == Nodule Radii Estimation == View Sorting

Algorithm 2: RADIUS_ESTIMATION

Input: 5, sampled 3-D matrix with size N x M x K for V.
N /M | K, specified parameters.
Output: r,, estimated radius for V. Estimated Radius

1 Counter « ()
2fforn=1—=N.m=1—-Mk=1— Kdo

3 if S, > threshold then

4 L Countery, = Counter,y, + 1;

5 R_Counter « 0;

6lfform=1—-=Mn=1— Ndo

7 R_Counter,, — R_Counter,, + Counter,,,.
§ if R_Counter,, < counter_threshold then
9 ¥y «— m;

10 L break;

11 2 « local_min(R_Counter);
12 Fog = min(ry,r2);
13 return r,:
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Preprocessing === Nodule Spherical Sampling ==+ Nodule Radii Estimation == View Sorting
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 LIDC-IDRI
* Nodule agreement levels > 2

e 1738 nodules, 1000 non-nodules from 744 chest CTs

« W: 905, 52.0%; P: 329, 19%

* V:219,12.5%; G: 82, 6%; J: 203, 11.5%
 Original CT

« 512512 pixels

* In-plane spacing, 0.4-1.0 mm

« Slice thickness, 0.5-3 mm
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« ELCAP
» 46 cases with 421 nodules
« W:92, 21.8%; V: 49, 11.6%;
« P: 155, 36.8%; J: 106, 25.2%, G: 19,4.6%

Distribution of Nodule Types in ELCAP

« Data Augmentation
 Classical methods

12%

* Image rotation, scaling, flipping 375)/0

 Random selection based on the estimated nodule radii and sorted views

"W
"V
P
G

m]



- CAD/Graphics 2017
Outline Zhangjia{ie , ChiEw)a 2017.8.24-27

 Introduction
* Algorithms
* Results

e Conclusions & Discussion



CAD/Graphics 2017
Results Zhangjia{'ie , Chi?a 2017.8.24-27

Classification Results for Typical Cases
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Classification Results for Typical Cases

‘J‘AAAAAQAJ
|




Comparison

CAD/Graphics 2017

Zhangjiajie , China 2017.8.24-27

TYPE/METHOD G w N P V J
G |PFB N/A N/A N/A N/A N/A N/A
The Proposed 0.793 0 0.138 0 0 0.069
W | PB N/A 0.89 N/A 0.06 0.04 0.01
The Proposed 0 0.961 0.039 0 0 0
N |PB N/A N/A N/A N/A N/A N/A
The Proposed 0 0.028  0.972 0 0 0
P PB N/A 0.03 N/A 0.91 0.03 0.03
The Proposed 0 0 0.063 0.938 0 0
YV | PB N/A 0.05 N/A 0.06 0.86 0.03
The Proposed 0 0 0.068 0 0.932 0
J PB N/A 0.03 N/A 0.06 0.04 0.87 . .
Ihe Proposed . . Lo o ) . Overall classification rate

Prop = Proposed method

W = Well-circumscribed

PB = Patch-based [40]

V = Vascularized

P = Pleural-tail

899%(PB)\93.9%(0urs)

J = Juxta-pleural

Confusion matrix for comparison with PB method on ELCAP
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* CNNs
» classical pure CNN + soft-max

* CNNs+Pooling
 with max-pooling layer

e CNNF
 multi-view multi-scale CNN

* CNNF+Pooling
« with max-pooling layer

« FV4SIFT
« BOW+SIFT
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I The Proposed 93.9%, CNNg 80.6%, CNNg+Pooling 68.1%, CNNg 85.9%, CNNg+Pooling 86.8%, FV+SIFT 65.5%, BOW+SIFT 56.6%

TYPE/METHOD G w N P vV ] P CNNs 0.027 0054 0116 | 0705 0027 0071
G C'NNs 0.809 0.045 0.101 0 0.045 0 CNNgs+Pooling 0 0.063 0.089 0.786 0 0.063
CNNs+Pooling | 0.854 | 0.023 0079 0011  0.034 0 CNNr 0.036  0.116  0.107 | 0607 0.009 0.2
CNNi+Pooling | 0.809 | 0.034  0.112 0 0.045 0 EV4+SIFT 0.067 0.044 0081 | 065 | 0015 0.133
EVASIET o6is| 0021 0077 0070 0154  0.063 BOW+SIFT 0.089  0.111  0.126 | 0474] 0030 0170
The P d 0 0018  0.116 | 0.866 0 0
BOW-SIFT 0524 | 0063 0063 0091 0168  0.091 © ~Topose 0.866
The Proposed | 0.899 | 0011  0.079 0 0.011 0 V| CNNe 0.064  0.115 0043 0 0.780 0
CNNs+Pooling  0.028  0.078  0.050  0.028 |0.816 0
W | CNNs 0022 [ogo1]| 0018 0074 0055  0.030
CNN 0.057  0.142  0.064 0043 |0.688 | 0.007
CNNs+Pooling 0011 [0.867 | 0.011  0.066 0033  0.011 f |
CNNe+Pooling  0.007  0.085  0.078 0 0.830 0
CNN 0.052 |0683]| 0041 0074 0125 0.026
' ' FV+SIFT 0.063  0.162 0.035 0077 |o0606 | 0.056
CNNrtPooling  0.0T1 1 0.963  0.015 0 0011 0 BOWHSIFT 0063 0232 0007 0092 0507 | 0.099
FVHSIFT 0022 10735 0.040 0.036  0.157  0.009 The Proposed ~ 0.014  0.035  0.043 0 0.908 0
BOW+SIFT 0.036 |0664| 0027 0054 0206 0013
J | CNNs 0.012 0018 009 0036 0006 |0.831
The Proposed 0 0993] 0.004 0.004 0 0 CNNs+Pooling ~ 0.012 0 0.042  0.042 0 0.904
N | CNNs 0015 0045 |o0865| 0020 0020 0035 NN oo1s 0036 0102 0133 0006 | o70s
CNNstPooling  0.010  0.040 10.885 1 0.010  0.020  0.035 CNNp+Pooling  0.012  0.030  0.066  0.054 0006 | 0.831
CNNg 0.035  0.070 10735 | 0.045 0.030  0.085 FV+SIFT 0.048 0030 0139  0.157 0030 |0.59
CNNr+Pooling 0.005 0.035 0.885 0.010 0.030 0.035 BOW+SIFT 0.048 0.048 0.181 0.108 0.024 0.590
FV+SIFT 0.129 0.041 0.676 0.071 0.006 0.076 The Proposed 0.018 0006  0.048 0 0 0.928
BOW+SIET 0.153 0029 0571 | 0071 0018  0.159 G = Ground glass optic N = Non-nodule P = Pleural-tail
The Proposed 0.010 0035 0915 ] 0005 0025  0.010 W = Well-circumscribed V = Vascularized J = Juxta-pleural
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 Devise a hybrid-feature-based lung nodule type classification method

* The experiments on LIDC-IDRI and ELCAP have shown we achieve
an overall classification rate of 93.1% (911 out of 979) and 93.9%
(647 out of 689) separately

 Limitations
« Complex pipeline

 Low efficiency for the feature extraction and fusion
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« Estimate radius more robustly and scale in-variant towards very tiny

nodules (radius < 3 mm) and juxta-pleural nodules

* L_abel out types, positions and sizes automatically for nodules not

centered In Images with few human interactions

 Design 3D CNNis to effectively reduce error results in lung nodule

classification from volumetric CT scans
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