Detecting Thoracic Diseases from Chest X-Ray Images <z

Fall 2017
Binit Topiwala, Mariam Alawadi, Hari Prasad {topbinit, malawadi, hprasad}@stanford.edu

introduction and motivation Y Resuts
-

e \We developed classifiers to find any SIFT
pOtentlaI Iung diseases from chest X'ray Logistic Regression SVM Logistic Regression SVM
e Built independent binary classifiers for —— —— Train Train
. Recelver operating characteristic train dataset Receiver operating characteristic train dataset
eaCh Of the |Ung dlseaSGS il precision recall 1 precision recall 10 = 10
T ] d L ] t R ] d SVM Cardicmegaly 06k 06k 066 Cardiomegaly L) 002 03 e
Edema 0.5 0./3 0./ Edema 1R (.59 091
¢ raine Ogls IC egreSSIOn an Emphysema 054 065 047 Emphysema 0,58 053 (.58 0.8 - 0.8 -
Hemnla 0.f7 &/ 0.b6Y Hernia U85 U85 Uas | o [
models on top of SIFT and HoG features Pheumona 058 053 | 053 Preamonia 061 066 | 056 & __ 5
] Fibrosis 059 062 056 Fibrosis 066 063 069 | ¥ 06 = 7 u 06 -
extra C‘ted from X_ ray |mage Fneumothorax 063 0.0 0.6 3 Fneumothorax 10 14 1d E _ 4 ; :p-f Cardiomegaly {area = 0.73) |2 :,,..:"'Eardmmegaw {area = 0.97)
wosadl . '. — E:'lepmhzs{::r-f:{:rzfzjﬂ 70 'fE 0.4 Edema (area = 0.96)
= — = U — — Emphysema (area = 0.95)
Dataset Test Test = —— Hernia {area = 0.90) = —— Hemnia (area = 0.93)
_ . — Pneumonia (area = 0.69) —_— P ia | = 0.72)
Gl precision | recall | Tl precision | recall 1§ — Fibrosis {area = 0.67) v —_— FEE:._;DT;E: r:an_m;
_ _ _ Cardiomegaly 059 06 058 Eﬂ rdiomegaly DE;E g;g ggé . ' Pneumothorax (area = 0.70) Pneumothaorax (area = 1.00)
Published by National Institutes of Health E;Epmh;mama g;';' g;g I}IE EmEpmhiserna T TET 0T 00 0.2 04 06 0.8 10 %5, 9 i e s o
: - - - - False Positive Rate o
= . Hernia 05 DGk 045 Hernia 059 (b5 055 Test False Positive Rate
(NIH) Clinical Center Preumonia ER 064 [ 049] [ Pneumonia 152 062 | 045 | __Test |
Fibrosis 075 017 048 Fibrosis 0.22 0.14 0.48 Receiver operating characteristic test dataset Receiver operating characteristic test dataset
e 100,000+ frontal-view X-ray images Pnevmothorax | DES[  U67] UeF] [memememel ool "=l =1
J
e 32,717 unique patients, 14 lung diseases — o8 o8
P ' i Cardiomeqaly A578 v 06 - L v 06-
Each image has multi-label el o — I
I I f . 1 24 1 24 Em I:'h'_l||'5E ma HEE 7 i 0.4 - Edema {area = 0.80) % 0.4 4 Edema {area = 0.81)
e |Images are gray scale of size 1024 x 10 e T : — Emphysema (arca = 065) |8 — Empinyzrams e = 0,65
: — Hernia (area = 0.62) = —— Hernia (area = 0.61)
pl'iELI I'I':'Il:lr'II-EI Iglg 07 4 e PriEl..IIT-'II:IFIivEl (area = 0.66) e, — Pneumonia (area = 0.66)
Fibrosis 2475 — Fibrosis (area = 0.64) ’ —— Fibrosis (area = 0.63)
pl'iELI mothorax W . Pneumothorax (area = 0.69) . Pneumothorax (area = 0.67)
. T T T T 0.0 1 : : : :
: 00 0.2 ng:e ocitive Ff'ie 0.8 Y 0.2 0.4 0.6 0.8 10
e Scaled 1024 x 1024 image to 224 x 224 Fale Positive Rate

point_, resglting image siz.e 180 x 200 e Logistic regression seems to be generalizing much
* Applied histogram equalizer to Increase _ | |, |  ictic Regression better than SVM(Kernel) for SIFT. SVM is overfitting

. "a&_ . %éaf;“?-‘ &2 . . .
con.trast of the image o) o o Cost function: ) training data | |
e Derived SIFT and HoG TR e _y(i))ﬂ e SIFT was able to detect various descriptors on the lung
features. Both techniques =R in the image, that proved useful as a features

helps in finding robust
key-points in the image

« SVM with Radial basis function _ Fuue

o Costfunction: | 1 S L0,y + 2aTke | |® Pre-trained CNN models for feature extraction
m 4— ’ 2 : :
e Min-hashing to generate feature
L(Z, y) = max{O, = yZ} .
1 e HoG with PCA

1] http://scikit-learn.org/ Wl o — ( b 2) ) .

2] https://kushalvyas.qgithub.io/BOV.html ( ’ ) 4 27‘2 H HQ o Pre processmg to make Iungs JelE focal

3] https://docs.opencv.org/3.1.0/da/dfS/tutorial_py_sift _intro.html



http://scikit-learn.org/
https://kushalvyas.github.io/BOV.html
https://docs.opencv.org/3.1.0/da/df5/tutorial_py_sift_intro.html

